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ABSTRACT 

The COVID-19 pandemic caused significant changes in day-to-day mobility patterns. Much 

research has revealed the socioeconomic disparities in travel behavior during the pandemic, 

focusing on the differences between different socioeconomic groups. By contrast, relatively 

little research has been done to explore the potentially different responses to the pandemic 

even within the same socioeconomic group. Based on data collected from a map-based online 

survey conducted in Sweden from 2020 to 2021, we applied multivariate clustering to identify 

distinct types of travel behavior for people with different income levels and from different 

geographic areas in the City of Stockholm. Our results show that seven distinct clusters can be 

identified by simultaneously taking into account income, accessibility, and travel distance. These 

distinct clusters may speak of distinct modes of living during the pandemic. By acknowledging 

and recognizing the heterogeneity within the high-income or low-income population group, this 

study provides more angles and adds more depth to discussions of equal and resilient cities. 
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1 INTRODUCTION 

The COVID-19 pandemic disrupted many aspects of urban life, including how people move 

around the city to meet their daily and weekly needs. During the peak of the pandemic, to 

prevent the spread of the virus, many countries and local governments around the world urged 

their residents to stay at home and avoid unnecessary travel as much as possible. Such kind of 

measures, together with the often-reduced public transit service levels and concerns about 
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infection risk, contributed to the change in everyday mobility and travel patterns, some of 

which have had a lasting impact that is still experienced today. 

Existing literature on the impact of COVID-19 on daily mobility patterns has focused on travel 

mode choice, trip purpose, distance traveled, trip frequency, and how the changes in travel 

behavior are related to sociodemographic, socioeconomic, and personal characteristics (Lee & 

Eom, 2023; Paul et al., 2022). For example, based on data collected through an online survey 

that was distributed globally, Abdullah et al. (2020) found that there was a significant modal 

shift from public transport and paratransit to private transport, including the use of private cars 

and active transport modes such as walking and biking, and the mode choice was related to 

gender, car ownership, employment status, travel distance and purpose. They also found that 

the majority of trips during the pandemic were made for shopping (Abdullah et al., 2020). 

Sevtsuk et al. (2021), on the other hand, studied the impacts of COVID-19 on visits to urban 

amenities. Using mobile phone data, they examined travel behavior changes in Somerville, 

Massachusetts, and found that during the first few months of the pandemic, amenity-visiting 

preferences significantly changed: people were less sensitive to travel distance and more willing 

to travel longer distances to larger amenity clusters with essential stores (Sevtsuk et al., 2021). 

In addition to the changes in mobility patterns and travel behaviors, researchers have also 

studied and discussed the associated environmental, social, and health consequences, 

concerning issues such as air quality, urban segregation, social inequality, infection rates, and 

subjective wellbeing (Hong et al., 2021; Kolkowski et al., 2023; Legeby et al., 2022; Li & Wei, 

2023; Müürisepp et al., 2023; Samuelsson et al., 2021; Sevtsuk et al., 2022; Warthon et al., 

2024). 

Existing studies on everyday mobility and travel patterns during the pandemic have largely 

relied on mobile phone data, geotagged social media data (such as geotagged tweets), or 

surveys. Mobile phone data, although often come in large volumes, typically do not contain 

important individual-level sociodemographic information, such as gender and age. Moreover, 

while mobile phone data can provide accurate GPS trajectories for individual trips, trip purposes 

can only be inferred. By contrast, surveys can provide rich contextual information about the 

respondents and their travel behavior. 

This study uses data collected from a map-based survey to understand the mobility pattern of 

people living in Stockholm during the COVID-19 pandemic. Unlike many other countries in the 

world, Sweden took a relatively liberal approach to curbing the pandemic by using social-

distancing measures in the form of recommendations rather than strict lockdowns. Although the 

recommendations were in some sense voluntary, they were still expected to be adhered to 

subject to individual judgment: everyone should abstain from going to work as much as 

possible, but it was for the individual and employer to weigh the need to go to the workplace 
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against the rule to stay at home (Björkman et al., 2023; Ludvigsson, 2023). Despite the relatively 

liberal approach, the mobility patterns in Swedish cities changed significantly during the 

pandemic according to previous studies. Based on a map-based online survey, Bohman et al. 

(2021) studied the changes in everyday mobility in Malmö, Sweden, and found that the 

pandemic effects on mobility, such as the possibility to work from home, tended to exacerbate 

social inequality. Based on mobile phone data, Toger et al. (2021) found that the change in 

mobility varied between geographical areas of the greater Stockholm region, which is connected 

to the sociodemographic profiles of the different areas. Using the same data set, Shuttleworth 

et al. (2023) further considered the localized patterns of service, access to amenities, and 

population densities, and studied how these influenced the need for travel.  

While many of the existing studies have pointed out the socioeconomic disparities in mobility 

during the pandemic, few have recognized and explicitly discussed the potential variations of 

travel behavior even within the same socioeconomic group. To address this gap, we take a 

multivariate clustering approach to distinguishing between the mobility patterns in Stockholm 

during the pandemic. Specifically, we ask: how to classify service-related travel behaviors by 

taking into account travel distance, spatial accessibility to services, and socioeconomic status? 

The preliminary findings show a more refined picture of mobility changes and travel behavior 

during the pandemic. These findings can help us recognize the distinct needs and living 

conditions associated with different people and different locations, which are important for 

developing tailored policies and solutions during an urban crisis. They also reveal the unequal 

living conditions that are less exposed during normal times—for instance, the possibility to work 

from home and get basic services within a short walking distance. 

2 DATA AND METHODS 

2.1 Data 

The primary data set used for this study was collected through a map-based online survey, 

which was launched in April 2020 and ended in April 2021. The survey asked respondents to 

mark the places they (a) abstained from visiting (whether they actively avoided or simply visited 

less), (b) still visited, or (c) visited more often (including places not visited before). For each 

marked place, respondents were prompted to select one or more prespecified reasons for using 

that place: (1) functions on the site (playground, bus stop, etc.), (2) work, study/training, or 

equivalent, (3) service or supply (care, shops, restaurants, etc.), (4) seclusion, (5) liveliness, (6) 

organized activity (sport, culture, interest organization, etc.), (7) meet friends, family etc., and 

(8) easy place to get to. It was also possible for the respondents to add further comments 

regarding the visit to the place. Respondents were asked to mark their home location, with a 

tolerance of 100 m to preserve privacy. Basic demographic information, such as age and gender, 
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was also collected. The survey was developed using Maptionnaire—a Public Participation 

Geographic Information System (PPGIS) platform—to facilitate map-based questions (Kyttä et 

al., 2023; Renee, 2006). The survey questions were written in Swedish, targeting citizens aged 

15 and above. The survey was spread primarily in four cities, including Stockholm, Gothenburg, 

Gävle, and Uppsala, using a convenience sampling approach. To facilitate participation, 

information about the survey was published as news items on the municipal websites, through 

social media including groups that follow news about urban development, at the website of KTH 

Royal Institute of Technology, and in the newsletter of the KTH School of Architecture and the 

Built Environment. 

For this study, we only used the responses from the respondents whose reported home 

locations were inside the boundary of the City of Stockholm. We excluded the responses 

submitted by respondents from the surrounding areas because the response rates were much 

more uneven geographically and it posed a challenge for statistical analysis. We performed a 

data-cleaning process and eventually included responses from 1,777 respondents for the 

subsequent analysis. In total, there are 2,698 places marked as being visited less, 2,748 still 

visited, and 995 visited even more often. In the following sections, we will simply refer to this 

set of data as the PPGIS data. 

Apart from the PPGIS data, we also used several GIS data sets shared by the City of Stockholm 

and Region Stockholm, which contain information about the location of urban amenities and 

services, public transit, administrative boundaries, as well as residential and working 

population. Information about building footprints, height, and floor area was shared by the 

Spatial Morphology Group (SMoG) at Chalmers University of Technology. Socioeconomic data 

such as the mean annual income per capita aggregated at the demographic statistical areas 

(DeSO) level were downloaded from Statistics Sweden (SCB). We also prepared an axial map 

that covers the city of Stockholm and the immediate surrounding areas. The axial map includes 

streets that can be used by pedestrians and excludes roads that are designed only for motor 

vehicles. Figure 1 shows a sample of the respondents’ home locations, the axial lines, and the 

residential population density in and near the inner city of Stockholm. 

1380



 

Proceedings of the 14th International Space Syntax Symposium 

 

Sorting pandemic habits  4 

was also collected. The survey was developed using Maptionnaire—a Public Participation 

Geographic Information System (PPGIS) platform—to facilitate map-based questions (Kyttä et 

al., 2023; Renee, 2006). The survey questions were written in Swedish, targeting citizens aged 

15 and above. The survey was spread primarily in four cities, including Stockholm, Gothenburg, 

Gävle, and Uppsala, using a convenience sampling approach. To facilitate participation, 

information about the survey was published as news items on the municipal websites, through 

social media including groups that follow news about urban development, at the website of KTH 

Royal Institute of Technology, and in the newsletter of the KTH School of Architecture and the 

Built Environment. 

For this study, we only used the responses from the respondents whose reported home 

locations were inside the boundary of the City of Stockholm. We excluded the responses 

submitted by respondents from the surrounding areas because the response rates were much 

more uneven geographically and it posed a challenge for statistical analysis. We performed a 

data-cleaning process and eventually included responses from 1,777 respondents for the 

subsequent analysis. In total, there are 2,698 places marked as being visited less, 2,748 still 

visited, and 995 visited even more often. In the following sections, we will simply refer to this 

set of data as the PPGIS data. 

Apart from the PPGIS data, we also used several GIS data sets shared by the City of Stockholm 

and Region Stockholm, which contain information about the location of urban amenities and 

services, public transit, administrative boundaries, as well as residential and working 

population. Information about building footprints, height, and floor area was shared by the 

Spatial Morphology Group (SMoG) at Chalmers University of Technology. Socioeconomic data 

such as the mean annual income per capita aggregated at the demographic statistical areas 

(DeSO) level were downloaded from Statistics Sweden (SCB). We also prepared an axial map 

that covers the city of Stockholm and the immediate surrounding areas. The axial map includes 

streets that can be used by pedestrians and excludes roads that are designed only for motor 

vehicles. Figure 1 shows a sample of the respondents’ home locations, the axial lines, and the 

residential population density in and near the inner city of Stockholm. 

 

Proceedings of the 14th International Space Syntax Symposium 

 

Sorting pandemic habits  5 

 

2.2 Methods 

To classify service-related travel behaviors based on travel distance, spatial accessibility to 

services, and socioeconomic status, we conducted (1) network analysis to estimate the average 

distance a respondent traveled to get services, (2) accessibility analysis to derive a composite 

accessibility score associated with a location, and (3) multivariate clustering analysis to identify 

different kinds of travel behavior in relation to different socioeconomic and spatial conditions. 

Network analysis 

The average distance traveled by a respondent to get services was estimated in the following 

manner. First, the places marked as being still visited or visited even more often for the reason 

“service or supply (care, shops, restaurants, etc.)” were selected. Second, the walking distance 

between each place and the corresponding respondent’s home location was calculated based 

on the axial map of Stockholm using the Place Syntax Tool1 (PST) (Ståhle et al., 2005; Stavroulaki 

et al., 2023). Finally, in cases where a respondent marked multiple places, the median value was 

taken to represent the typical distance traveled by that respondent to get services. Note that 

some respondents had no places marked as being still visited or visited more often for services. 

Among the 1,777 respondents, 789 (44.4%) marked at least one place as being still visited or 

visited more often for services.  

 
1 PST is an open-source plugin for QGIS. The code is available at GitHub 
(https://github.com/SMoG-Chalmers/PST). 

Figure 1. City of Stockholm: Map shows the inner city of Stockholm with respondents' home locations. The 
axial lines and residential population density are shown in the background. 
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Accessibility analysis 

A composite accessibility score was calculated for each respondent’s home location to indicate 

the spatial accessibility to (1) grocery stores, (2) restaurants, (3) pharmacies, (4) gyms, and (5) 

libraries. These were chosen because they were still open and used by people during the 

pandemic, and some of them, such as grocery stores, restaurants, and gyms, were mentioned by 

multiple respondents in their responses to the PPGIS survey.  

The accessibility scores were derived based on the following procedure. First, we used PST to 

calculate the walking distance between each respondent’s home location and the closest 

grocery store, restaurant, pharmacy, gym, and library, respectively. Second, we assigned a 

subscore for each category based on a distance threshold. For example, if there was a grocery 

store within 500 m walking distance from the respondent’s home location, we gave it a subscore 

of one, otherwise zero. The distance threshold used for restaurants, pharmacies, gyms, and 

libraries are 500 m, 1 km, 1 km, and 1.5 km, respectively. Lastly, the subscores were summed to 

a composite accessibility score for each home location. 

Since there are five categories and each can be given a subscore of zero or one, the accessibility 

score (which is the sum of the subscores) associated with a location can range from zero to five 

(Figure 3). 

Clustering analysis 

Based on travel distance, accessibility score, and income, several clusters were identified using 

the k-means clustering algorithm (Lloyd, 1982). K-means clustering is a classic and frequently 

used algorithm, which assigns each data point to one of the k predefined clusters. And it does so 

by seeking to minimize the difference between the data points within a cluster. 

We performed k-means clustering analysis using the built-in tool “Multivariate Clustering” in 

ArcGIS Pro 3.1.0. Since k-means clustering is sensitive to outliers, we removed a data point that 

had a median travel distance greater than 200 km, thus reducing our sample size to 788 for the 

clustering analysis. We did not prespecify the number of clusters, but instead asked the 

program to try k = 2, 3, 4, …, 30, and then compute a pseudo F-statistic for each clustering 

solution. The clustering solution with the largest pseudo F-statistic value was then treated as 

the optimal solution because it suggests that the solution performed best in both minimizing 

within-cluster similarities and maximizing between-clustering differences (ESRI, n.d.-b). The 

optimal clustering solution found in this manner will be presented in the Results section. 

3 RESULTS 

3.1 Distance, accessibility, and income distribution 

Figure 2 shows the median distance between a respondent’s home location and the places 

marked as still visited or visited more often for services. There is considerable variation: the 
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median distance ranges from 3 m to 15 km. However, for over 60% of the respondents, the 

median distance traveled to get services is less than 1 km. In the inner city, the median distance 

traveled to services is typically short. However, there are clusters of locations outside the inner 

city where respondents traveled far (from the perspective of walking) to get services. 

 

Figure 3 shows the accessibility score associated with each respondent’s home location. Over 

80% of the locations have an accessibility score greater than or equal to three. Most locations in 

the inner city have a very high accessibility score. Outside the inner city, locations with high 

accessibility mostly gather around local centers. While the majority of the locations have 

relatively good accessibility, there are areas lacking accessibility to basic services. Two such 

areas are highlighted in Figure 3. They are dominated by single-family houses. (The highlighted 

area in the north includes Sundby, Flysta, Beckomberga, Eneby, Bromma kyrka, Norra Ängby, 

Södra Ängby, and Nockebyhov; the highlighted area in the south includes Långbro, Herrängen, 

and Långsjö.) 

Figure 2. City of Stockholm: Map shows the median distance between the respondent's home location and 
the places visited for getting services. 
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Figure 4 shows the spatial distribution of income at the DeSO level. There is a continuous band 

of high-income areas stretching from the inner city towards the suburban areas lying in the 

west. There are large swaths of low-income areas outside the inner city, especially the 

neighborhoods in the northwestern and southwestern parts of the city and the areas near the 

southern border of the city. 

In addition, Figure 4 shows the home locations that have an accessibility score of less than or 

equal to two—that is, significantly below average—as well as the median distance these 

respondents traveled for services during the pandemic. Based on the PPGIS data, in these low-

accessibility areas, 65% of respondents typically traveled more than 1 km to get services 

(whereas in the full sample, only less than 40% typically traveled more than 1 km for services). 

As shown in Figure 4, many of the locations with poor access to services are located in high-

income areas, especially the areas dominated by single-family houses. The distance between 

those locations and the places used for services is usually more than 2 km, suggesting a 

common combination of high income, poor accessibility, and long travel distances. On the other 

hand, most respondents living in the inner city (also high-income areas) are close to services 

(Figure 3) and typically took short service-related trips during the pandemic (Figure 2), which 

represents another common combination of values. The different combinations of travel 

Figure 3. City of Stockholm: Map shows the accessibility score associated with each respondent's home 
location. 
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distance, accessibility, and income speak of the different modes of living during the pandemic 

and will be the subject of the next section. 

 

 

3.2 Multivariate clustering based on distance, accessibility, and income  

Figure 5 shows the results of multivariate clustering based on income, accessibility score, and 

distance traveled to services. The optimal clustering solution consists of seven clusters, with 

65% of the observations belonging to the two biggest clusters (Figure 6). Although we did not 

require the observations in a cluster to be spatially connected (as a spatially constrained 

clustering algorithm would require), Figure 5 shows that nevertheless there is some degree of 

regionalization because of spatial autocorrelation—a commonly observed phenomenon in 

dealing with spatial data (Haining & Li, 2020; Rey et al., 2023). This kind of regionalization is 

most evident in the inner city, where Cluster 1 predominantly occupies (Figure 5). 

 

Figure 4. City of Stockholm: Map shows the mean annual personal net income for each DeSO area and the 
median distance between the respondent’s home location and the places visited for getting services. 
(Only the home locations with an accessibility score of less than or equal to two are shown here.) 
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Figure 7 shows the statistical profiles for each cluster. The colored lines are “mean lines”, 

representing each cluster’s average value for each variable considered in the clustering process 

(ESRI, n.d.-a). The different clusters are characterized by distinct combinations of income, 

accessibility, and distance traveled to services during the pandemic.  

Figure 5. The spatial distribution of the clusters identified by the k-means clustering algorithm. 

Figure 6. Number of features per cluster. 
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Cluster 1 is characterized by people who have an above-average income, live in areas with the 

highest accessibility to services, and travel very short distances to get services. As shown in 

Figure 5, most respondents living in the inner city (especially Vasastan, Kungsholmen, the 

northern part of Södermalm, and Hammarby Sjöstad) fall into this category. Very few 

observations belonging to Cluster 1 are located outside the inner city, suggesting that the inner 

city of Stockholm is unique and different from the rest of the city—but within itself, there is a 

relatively high degree of homogeneity in terms of the urban form, the socioeconomic status of 

the residents, and the residents’ service-related travel behavior. 

Cluster 2 is characterized by people who have a below-average income, live in areas with high 

accessibility to services, and travel very short distances to get services. In other words, it is very 

similar to Cluster 1 in terms of accessibility and distance traveled for services, except that 

people belonging to this cluster have lower incomes. Observations belonging to Cluster 2 are 

scattered across different parts of the city, including the outskirts of the inner city and areas 

around local centers outside the inner city. 

Cluster 3 is characterized by people who have an average income, live in areas with poor 

accessibility to services, and travel very far to get services. There are only a small number of 

observations falling into this category, all of which are located outside the inner city without 

any particular spatial pattern. 

Cluster 4 is characterized by people who have an above-average income, live in areas with very 

poor accessibility to services, and travel relatively long distances to get services. In Figure 5, one 

area is highlighted where observations belonging to this cluster concentrate (highlighted by the 

ellipse drawn near the southwestern border of the city, which includes Långbro, Herrängen, and 

Långsjö). Respondents falling into this cluster typically live in single-family houses. 

Cluster 5 is characterized by people who have a below-average income, live in areas with poor 

accessibility to services, and travel short distances to get services. These observations are 

mostly found in suburban neighborhoods and tend to be located in interstices between local 

centers. Cluster 5 is similar to Cluster 2, except that it has lower accessibility. This is 

understandable because observations from Cluster 2 usually gather around local centers while 

those from Cluster 5 are often farther away from the local centers and thus have poorer 

accessibility. Unlike Cluster 4, respondents in this cluster typically live in apartment buildings. 

Cluster 6 is characterized by people who have a very low income, live in areas with average 

accessibility, and travel very long distances to get services. They are located outside the inner 

city, and notably concentrate around Österberga, as highlighted by the smallest ellipse in Figure 

5. Interestingly, Österberga has also quite a few observations classified as Cluster 2, which is 

characterized by slightly better accessibility yet much shorter distance traveled for getting 

services.  
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Cluster 7 is characterized by people who have a very high income, live in areas with above-

average accessibility to services, and travel very short distances to get services. There are only a 

small number of observations falling into this cluster, and they are mostly located in Östermalm, 

the most affluent part of the inner city of Stockholm (highlighted by the ellipse drawn inside the 

inner city in Figure 5). 

 

 

4 DISCUSSION AND CONCLUSIONS 

Our analyses show that the spatial distributions of income, accessibility, and distance of service-

related trips are uneven across the city of Stockholm. Moreover, seven distinct clusters emerge 

by simultaneously taking into account those three variables, characterizing different modes of 

living during the pandemic. For the three clusters characterized by high-income populations, 

two opposite patterns could be observed: one is characterized by (1) living in areas with very 

high accessibility to services and (2) typically traveling short distances to get services; the other 

is characterized by (1) poor accessibility and (2) long service-related trips. These can be linked 

to two types of spatial capital and their interrelation: the former represents the affluent class’s 

investment in position (“contextual”) capital, while the latter represents their investment in 

situation (“personal”) capital (Koch, 2024; Lévy, 2014; Marcus, 2010). The spatial capital of the 

surroundings (position), as elaborated by Marcus (2010), can have a very different impact, 

depending on the spatial capital understood as the capacity to overcome local shortcomings 

(Lévy, 2014). While some are unable to invest in either, some can invest in both. For instance, in 

the latter case, the lack of services nearby can be overcome by owning private cars—an option 

Figure 7. Multivariate clustering box plots. The mean value of each cluster for each variable is indicated by 
the colored lines. The size of each cluster is indicated by the number in parentheses. 
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more readily available to the wealthy than to the poor. For the three clusters characterized by 

below-average income populations, three unique patterns could be observed: the first one is 

characterized by (1) living in areas with very good accessibility and (2) typically traveling short 

distances to get services; the second is characterized by (1) slightly worse—but still above-

average—accessibility and (2) long service-related trips; the third is characterized by (1) poor 

accessibility and (2) short service-related trips. Except for the first one which depicts an 

auspicious situation, the latter two both suggest potentially unfavorable conditions. For the 

low-income people who traveled long distances to get services during the pandemic, chances 

are that they still had to travel long distances to work and perhaps combined work- and service-

related trips and that they were very much dependent on public transportation for long-

distance travel which would unfortunately increase their exposure to the virus. On the other 

hand, the low-income people who only traveled short distances to get services despite the lack 

of services nearby might have suffered much more limited service options and thus overall 

worse living conditions caused by the pandemic. This is a population group that may have been 

especially negatively affected by the pandemic due to the double disadvantage of spatial 

inequality (in terms of accessibility) and social inequality (in terms of income)—that is, people 

with less spatial capital in both meanings as discussed above. Moreover, the unfavorable local 

conditions not only risk exacerbating existing inequalities but can also reduce the overall 

resilience of cities. While neighborhoods with easy access to urban amenities and services (e.g., 

the inner city of Stockholm) tend to be less affected by travel restrictions and their residents 

better able to maintain their life quality without traveling far from home, the neighborhoods 

with poor local conditions (e.g., lacking basic services nearby) are likely to be more reliant on—

and thus tend to be more affected by disruptions in—public transport networks, which are 

often subjected to severe disturbances during a crisis. 

Sweden’s soft-touch approach to curbing the pandemic allowed for diverse behaviors in 

response to the pandemic, as confirmed by our analyses based on the PPGIS survey. 

Understanding the nature of the distinct behaviors and needs of different population groups 

can help us evaluate the effectiveness of the measures taken by the government and develop 

more tailored policies and solutions for future crises. Our findings are aligned with some of the 

previous findings on pandemic-induced changes in mobility patterns in Sweden. For example, 

our study demonstrates that both socioeconomic factors (such as income level) and properties 

of the local environment surrounding one’s home location (such as access to amenities) played 

an important role in shaping distinct travel behaviors during the pandemic, which is consistent 

with the findings in Toger et al. (2021) and Shuttleworth et al. (2023). However, instead of only 

focusing on the difference between high- and low-income groups and ignoring the potential 

internal variation within each group, our study highlights the fact that there were different 
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modes of living even among members belonging to the same socioeconomic group and that 

such differentiation is related to spatial properties of the local environment where one lives. In 

doing so, our study goes beyond general discussions on socioeconomic disparities but pushes it 

further and suggests how urban design and planning could help reduce inequality and enhance 

urban resilience.  

This study, however, is subject to several limitations. First, the PPGIS survey was conducted 

using a convenience sampling approach, therefore, there could be selection bias and the sample 

may not fully represent the entire population of residents in Stockholm. For instance, people 

who do not understand Swedish were probably not represented in this sample because the 

survey was presented in Swedish. Certain population groups (e.g., in terms of age and gender) 

were more represented than others, and the response rate also varied among different 

geographic areas of the city. The common concerns related to survey-based research in general, 

such as recall bias and misinterpretation of questions (for instance, different respondents may 

occasionally disagree on what counts as “services”), also apply here. Second, the income 

associated with each respondent was inferred from the average income of the DeSO area where 

he or she resides, which could misrepresent the actual income for certain respondents. Third, 

the way accessibility scores are calculated could influence our results to some degree. For 

example, if we adopted lower distance thresholds in determining the subscores (say, using 800 

m instead of 1.5 km for evaluating the accessibility to libraries), then it would probably make 

the suburban neighborhoods look even worse in comparison to the inner city. Whether and to 

what extent it would lead to different results is a topic that merits further study2. Finally, the k-

means clustering algorithm tends to work best when clusters have similar sizes, densities, and 

spherical shapes (Géron, 2019). Since the variables used in this study are all skewed to some 

degree, the input data do not meet the ideal condition of the algorithm. While our clustering 

results should not be taken as the absolute truth, they do make intuitive sense and serve as 

important initial evidence for robust confirmatory analysis in the future.  

Despite the limitations outlined above, the PPGIS survey offers rich information that is typically 

unavailable in mobile phone or social media data sets, such as demographic information and 

travel purposes. The network distance used in this study is also a more accurate measure than 

the straight-line distance which is often used in studies of mobility patterns. Most importantly, 

by using k-means multivariate clustering, we were able to identify distinct mobility patterns, or 

modes of living, as an outcome of the negotiation between one’s socioeconomic conditions and 

 
2 We tested an alternative way of calculating accessibility scores by applying a distance decay 
factor so that the scores are weighted by the distance from the amenity to the residence 
instead of being a binary variable simply indicating the presence or absence of the amenity 
within a specified walking distance. Using the accessibility scores calculated in this way yielded 
similar clustering results, suggesting that the results reported in this paper are relatively robust. 
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spatial conditions. These findings can provide more angles and add more depth to discussions 

on equal urban living conditions and resilient cities in the future. 

REFERENCES 

Abdullah, M., Dias, C., Muley, D., & Shahin, M. (2020). Exploring the impacts of COVID-19 on 

travel behavior and mode preferences. Transportation Research Interdisciplinary 

Perspectives, 8, 100255. https://doi.org/https://doi.org/10.1016/j.trip.2020.100255  

Björkman, A., Gisslén, M., Gullberg, M., & Ludvigsson, J. (2023). The Swedish COVID-19 

approach: A scientific dialogue on mitigation policies. Frontiers in Public Health, 11. 

https://doi.org/10.3389/fpubh.2023.1206732  

Bohman, H., Ryan, J., Stjernborg, V., & Nilsson, D. (2021). A study of changes in everyday 

mobility during the Covid-19 pandemic: As perceived by people living in Malmö, 

Sweden. Transport Policy, 106, 109-119. 

https://doi.org/https://doi.org/10.1016/j.tranpol.2021.03.013  

ESRI. (n.d.-a). How Multivariate Clustering works. Retrieved February 16, 2024 from 

https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/how-

multivariate-clustering-works.htm 

ESRI. (n.d.-b). Multivariate clustering (spatial statistics). Retrieved February 15, 2024 from 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/spatial-statistics/multivariate-

clustering.htm 

Géron, A. (2019). Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow. O'Reilly.  

Haining, R., & Li, G. (2020). Modelling spatial and spatial-temporal data: A Bayesian approach. 

CRC Press.  

Hong, B., Bonczak, B. J., Gupta, A., Thorpe, L. E., & Kontokosta, C. E. (2021). Exposure density 

and neighborhood disparities in COVID-19 infection risk. Proceedings of the National 

Academy of Sciences, 118(13), e2021258118. 

https://doi.org/doi:10.1073/pnas.2021258118  

Koch, D. (2024). The smart city in the smaller context: Digital subjectivities and smart city 

development in rural conditions. In S. Carta (Ed.), The physical and the digital city: 

Invisible forces, data and manifestations (pp. 268–283). Intellect.  

Kolkowski, L., Cats, O., Dixit, M., Verma, T., Jenelius, E., Cebecauer, M., & Rubensson, I. J. 

(2023). Measuring activity-based social segregation using public transport smart card 

data. Journal of Transport Geography, 110, 103642. 

https://doi.org/https://doi.org/10.1016/j.jtrangeo.2023.103642  

1391



 

Proceedings of the 14th International Space Syntax Symposium 

 

Sorting pandemic habits  16 

Kyttä, M., Fagerholm, N., Hausner, V. H., & Broberg, A. (2023). Maptionnaire. In C. M. Burnett 

(Ed.), Evaluating participatory mapping software (pp. 71-91). Springer International 

Publishing. https://doi.org/10.1007/978-3-031-19594-5_4  

Lee, K. S., & Eom, J. K. (2023). Systematic literature review on impacts of COVID-19 pandemic 

and corresponding measures on mobility. Transportation. 

https://doi.org/10.1007/s11116-023-10392-2  

Legeby, A., Koch, D., Duarte, F., Heine, C., Benson, T., Fugiglando, U., & Ratti, C. (2022). New 

urban habits in Stockholm following COVID-19. Urban Studies, 00420980211070677. 

https://doi.org/10.1177/00420980211070677  

Lévy, J. (2014). Inhabiting. In R. Lee, N. Castree, R. Kitchin, V. Lawson, A. Paasi, C. Philo, S. 

Radcliffe, S. M. Roberts, & C. Withers (Eds.), The SAGE handbook of human geography, 

2v. SAGE Publications.  

Li, H., & Wei, Y. D. (2023). COVID-19, cities and inequality. Applied Geography, 160, 103059. 

https://doi.org/https://doi.org/10.1016/j.apgeog.2023.103059  

Lloyd, S. (1982). Least squares quantization in PCM. IEEE Transactions on Information Theory, 

28(2), 129-137. https://doi.org/10.1109/TIT.1982.1056489  

Ludvigsson, J. F. (2023). How Sweden approached the COVID-19 pandemic: Summary and 

commentary on the National Commission Inquiry. Acta Paediatrica, 112(1), 19-33. 

https://doi.org/https://doi.org/10.1111/apa.16535  

Marcus, L. (2010). Spatial capital: A proposal for an extension of space syntax into a more 

general urban morphology. The Journal of Space Syntax, 1(1), 30–40.  

Müürisepp, K., Järv, O., Sjöblom, F., Toger, M., & Östh, J. (2023). Segregation and the pandemic: 

The dynamics of daytime social diversity during COVID-19 in Greater Stockholm. Applied 

Geography, 154, 102926. 

https://doi.org/https://doi.org/10.1016/j.apgeog.2023.102926  

Paul, T., Chakraborty, R., & Anwari, N. (2022). Impact of COVID-19 on daily travel behaviour: A 

literature review. Transportation Safety and Environment, 4(2), tdac013. 

https://doi.org/10.1093/tse/tdac013  

Renee, S. (2006). Public participation geographic information systems: A literature review and 

framework. Annals of the Association of American Geographers, 96(3), 491-507. 

http://www.jstor.org/stable/4124429  

Rey, S., Arribas-Bel, D., & Wolf, L. J. (2023). Geographic data science with Python. Chapman and 

Hall/CRC.  

Samuelsson, K., Barthel, S., Giusti, M., & Hartig, T. (2021). Visiting nearby natural settings 

supported wellbeing during Sweden’s “soft-touch” pandemic restrictions. Landscape 

1392



 

Proceedings of the 14th International Space Syntax Symposium 

 

Sorting pandemic habits  16 

Kyttä, M., Fagerholm, N., Hausner, V. H., & Broberg, A. (2023). Maptionnaire. In C. M. Burnett 

(Ed.), Evaluating participatory mapping software (pp. 71-91). Springer International 

Publishing. https://doi.org/10.1007/978-3-031-19594-5_4  

Lee, K. S., & Eom, J. K. (2023). Systematic literature review on impacts of COVID-19 pandemic 

and corresponding measures on mobility. Transportation. 

https://doi.org/10.1007/s11116-023-10392-2  

Legeby, A., Koch, D., Duarte, F., Heine, C., Benson, T., Fugiglando, U., & Ratti, C. (2022). New 

urban habits in Stockholm following COVID-19. Urban Studies, 00420980211070677. 

https://doi.org/10.1177/00420980211070677  

Lévy, J. (2014). Inhabiting. In R. Lee, N. Castree, R. Kitchin, V. Lawson, A. Paasi, C. Philo, S. 

Radcliffe, S. M. Roberts, & C. Withers (Eds.), The SAGE handbook of human geography, 

2v. SAGE Publications.  

Li, H., & Wei, Y. D. (2023). COVID-19, cities and inequality. Applied Geography, 160, 103059. 

https://doi.org/https://doi.org/10.1016/j.apgeog.2023.103059  

Lloyd, S. (1982). Least squares quantization in PCM. IEEE Transactions on Information Theory, 

28(2), 129-137. https://doi.org/10.1109/TIT.1982.1056489  

Ludvigsson, J. F. (2023). How Sweden approached the COVID-19 pandemic: Summary and 

commentary on the National Commission Inquiry. Acta Paediatrica, 112(1), 19-33. 

https://doi.org/https://doi.org/10.1111/apa.16535  

Marcus, L. (2010). Spatial capital: A proposal for an extension of space syntax into a more 

general urban morphology. The Journal of Space Syntax, 1(1), 30–40.  

Müürisepp, K., Järv, O., Sjöblom, F., Toger, M., & Östh, J. (2023). Segregation and the pandemic: 

The dynamics of daytime social diversity during COVID-19 in Greater Stockholm. Applied 

Geography, 154, 102926. 

https://doi.org/https://doi.org/10.1016/j.apgeog.2023.102926  

Paul, T., Chakraborty, R., & Anwari, N. (2022). Impact of COVID-19 on daily travel behaviour: A 

literature review. Transportation Safety and Environment, 4(2), tdac013. 

https://doi.org/10.1093/tse/tdac013  

Renee, S. (2006). Public participation geographic information systems: A literature review and 

framework. Annals of the Association of American Geographers, 96(3), 491-507. 

http://www.jstor.org/stable/4124429  

Rey, S., Arribas-Bel, D., & Wolf, L. J. (2023). Geographic data science with Python. Chapman and 

Hall/CRC.  

Samuelsson, K., Barthel, S., Giusti, M., & Hartig, T. (2021). Visiting nearby natural settings 

supported wellbeing during Sweden’s “soft-touch” pandemic restrictions. Landscape 

 

Proceedings of the 14th International Space Syntax Symposium 

 

Sorting pandemic habits  17 

and Urban Planning, 214, 104176. 

https://doi.org/https://doi.org/10.1016/j.landurbplan.2021.104176  

Sevtsuk, A., Basu, R., Halpern, D., Hudson, A., Ng, K., & de Jong, J. (2022). A tale of two 

Americas: Socio-economic mobility gaps within and across American cities before and 

during the pandemic. Cities, 131, 104006. 

https://doi.org/https://doi.org/10.1016/j.cities.2022.104006  

Sevtsuk, A., Hudson, A., Halpern, D., Basu, R., Ng, K., & de Jong, J. (2021). The impact of COVID-

19 on trips to urban amenities: Examining travel behavior changes in Somerville, MA. 

PLOS ONE, 16(9), e0252794. https://doi.org/10.1371/journal.pone.0252794  

Shuttleworth, I., Toger, M., Türk, U., & Östh, J. (2023). Did liberal lockdown policies change 

spatial behaviour in Sweden? Mapping daily mobilities in Stockholm using mobile 

phone data during COVID-19. Applied Spatial Analysis and Policy. 

https://doi.org/10.1007/s12061-023-09543-w  

Ståhle, A., Marcus, L., & Karlström, A. (2005). Place Syntax: Geographic accessibility with axial 

lines in GIS. The 5th International Space Syntax Symposium, Delft University of 

Technology, Delft, Netherlands. 

Stavroulaki, G., Berghauser Pont, M., Fitger, M., Koch, D., Legeby, A., & Marcus, L. (2023). PST 

Documentation (Version 3.2.5 - 20231128).  

Toger, M., Kourtit, K., Nijkamp, P., & Östh, J. (2021). Mobility during the COVID-19 pandemic: A 

data-driven time-geographic analysis of health-induced mobility changes. Sustainability, 

13(7).  

Warthon, J., Alvarez, M., Olarte, A., Quispe, Y., Jalixto, V., Valencia, N., Mio-Diaz, M., Zamalloa, 

A., & Warthon, B. (2024). Reduction of the concentration of particulate material at a 

sampling point in Cusco city at the beginning of the pandemic. Scientific Reports, 14(1), 

849. https://doi.org/10.1038/s41598-023-50955-y  

 

1393



tab edizioni

© 2024 Gruppo editoriale Tab s.r.l.  
viale Manzoni 24/c 
00185 Roma 
www.tabedizioni.it

Opera pubblicata con licenza CC BY-NC-ND

Prima edizione dicembre 2024
ISBN versione digitale 979-12-5669-032-9



Space Syntax Symposium 14

edited by NADIA CHARALAMBOUS,  
CHRYSTALLA PSATHITI, ILARIA GEDDES

UNIVERSITÀ


	Copertina
	Frontespizio
	Colophon
	Table of Contents
	Interdisciplinary Pathways in Space Syntax
	Plenary I
	Plenary II
	Plenary IV
	Plenary V
	Theme 1. Architecture and Complex Buildings
	Architecture and Complex Building I
	Architecture and Complex Building II
	Architecture and Complex Building III
	Architecture and Complex Building IV
	Architecture and Complex Building V
	Architecture and Complex Building VI
	Architecture and Complex Building VII

	Theme 2. Urban Design and Planning
	Urban Design and Planning I
	Urban Design and Planning II
	Urban Design and Planning III
	Urban Design and Planning IV
	Urban Design and Planning V
	Urban Design and Planning VI

	Theme 3. Methodological Developments
	Methodological Developments I
	Methodological Developments II
	Methodological Developments III
	Methodological Developments IV
	Methodological Developments V

	Theme 4. History and Urban Morphology
	History and Urban Morphology I
	History and Urban Morphology II
	History and Urban Morphology III

	Theme 5. Evidence-Based Design
	Theme 6. Space and Society
	Space and Society I
	Space and Society II
	Space and Society III

	Theme 7. Spatial Cognition
	Spatial Cognition I
	Spatial Cognition II
	Spatial Cognition III

	Theme 8. Urban Economics and Land Use
	Urban Economics and Land Use I
	Urban Economics and Land Use II

	Theme 9. Urban Design and Planning and Teaching and Pedagogy



