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1. Background 

The last two decades have witnessed a growing interest in the role of social networks in health research 

(Berkman and Krishna, 2014; Vasylyeva et al., 2016). Methods for collecting and analysing social network 

data have become increasingly sophisticated (Newman, 2018; Scott and Carrington, 2011) opening new 

possibilities for understanding how people’s health may be influenced by the complex web of social 

relationships. Similarly, the role of the geospatial environment has been refined, now accounting for daily 

mobility and exposure to multiple locations, beyond one’s residential neighbourhood (Cetateanu and Jones, 

2016; Chaix et al., 2013; Cummins et al., 2007; Diez Roux and Mair, 2010; Kwan, 2009; Perchoux et al., 2019; 

Smith et al., 2019). However, social and spatial contexts are generally studied separately, using tools 

designed to collect data on social networks (e.g. name generators, RFID sensors) as opposed to those 

capturing mobility and activity spaces (e.g. GPS recorders, map-based questionnaires). The objective of this 

paper is to address this issue by presenting a tool and an analytical framework that jointly collect and analyse 

social networks and activity space data. 

 

1.1. Social networks, activity space and localized face-to-face interactions 

Social relationships have been widely studied in the health sciences, yielding substantial evidence that 

positive aspects of social relationships predict survival (Holt-Lunstad et al., 2010), while lack of social 

relationships and feelings of loneliness are both risk factors for all-cause mortality (Holt-Lunstad et al., 2015). 

The quality of social relationships is also linked to a range of disease-related outcomes (Berkman and Krishna, 

2014), and is increasingly taken into account in health policies and interventions (Umberson and Karas 

Montez, 2010). 

 

The complex system of social relations in which people are embedded can be conceptualized as a social 

network. More generally, a social network refers to a system of relationships between social entities (also 

called actors). These entities can take different forms, ranging from individuals, groups, to larger entities (e.g. 

a network of cities), with various characterizations of their relationships (e.g. the flow of people and goods 

between two cities). In the study of interpersonal relationships, social networks can be used to describe the 

set of social relationships of a single person, generally known as an egocentric social network (Marin and 

Wellman, 2011). In the remainder of the article, the term "social network" will refer to this specific usage.  

 

Social network analysis makes it possible to integrate, within a single model, properties of social relationships 

(e.g. my friend A, whom I see every day, is supportive when needed), characteristics of the alters (e.g. A is a 



 

man in his forties) and relationships between the alters (e.g. my friends A and B are also friends with each 

other).  

 

One aspect of social networks that remains largely overlooked is the interaction with the geospatial 

environment in which they are embedded (Adams et al., 2012; Andris, 2016). While the increased use of 

computer technologies and mobile devices has changed the way people connect with each other (Rainie and 

Wellman, 2012), in-person face-to-face interactions remain central to our social lives (Hampton et al., 2009). 

Furthermore, online relationships largely reflect offline relationships (Dunbar et al., 2015; Requena and 

Ayuso, 2019), and the use of social media does not appear to increase the size of social networks (Dunbar, 

2016; Roberts and Dunbar, 2015). Although in-person interactions imply co-occurrence in both time and 

space with network members, few studies on social networks have considered the geospatial context of face-

to-face social interactions. 

 

Consideration of people’s mobility and exposure to environmental contexts has gained traction in health 

research, through the notion of activity space. Activity spaces represent areas in which people move in their 

everyday lives. They can include the visited locations during a certain period of time (e.g. last week) or at a 

certain frequency (e.g. at least once a month), or the route travelled between these locations and 

surrounding areas (Golledge and Stimson, 1996). Thus, activity space provides information about a person's 

spatial footprint, which facilitates measurement of environmental exposure. In particular, activity space-

based research has for example refined our understanding of environmental influence on physical activity, 

diet, or obesity (Cetateanu and Jones, 2016; Jia et al., 2019; Smith et al., 2019), shifting the focus from the 

residential neighbourhood to the multiple environments to which a person is exposed. 

 

In comparison with other conceptions of human mobility – such as life paths (Hägerstraand, 1970) or anchor 

points (Ahas et al., 2009) – some of which are explicitly employed in conjunction with social network data – 

such as space-time paths (Lee and Kwan, 2011), mobility biography (Axhausen, 2008), or anthropospace 

(Andris, 2016) – activity space accords particular attention to the visited locations in the course of daily 

activities. These locations represent high-resolution spatial contexts in which social interactions may take 

place (e.g. meeting colleagues in the workplace), allowing direct connections between a person's social 

network and her own activity space. Nevertheless, health research that focuses on activity spaces rarely 

includes measures of social networks.  

 

1.2. Relevance for health research 



 

Considering the localization of social interactions has significant implications for health research. First, 

studies that integrate activity space measures to assess environmental impacts on health mostly ignore the 

social drivers that explain a person’s spatial behaviour (Kestens et al., 2017).  For example, being physically 

active in one location (e.g. a sports club) may depend on having friends to exercise with, while eating 

regularly at fast food restaurants may result from a group routine with work colleagues. Various 

characteristics of social networks have been empirically linked to people's mobility. The time spent on 

activities depends on the people with whom the activity is conducted (Srinivasan and Bhat, 2008) and 

increases with the number of people involved (Habib and Carrasco, 2011). The distance travelled also 

depends on who a person is travelling with (Srinivasan and Bhat, 2008) and long-distance travel is more likely 

to occur when accompanied (Cho et al., 2011; Phithakkitnukoon et al., 2012). Visited locations and mobility 

patterns are more similar between connected individuals than between randomly selected individuals 

(Pelechrinis and Krishnamurthy, 2016; Toole et al., 2015; Wang et al., 2011). Nonetheless, the influence of 

social networks on activity and travel behaviour remains unclear (Kim et al., 2018).  

 

Second, studies on the role of social networks in health rarely take into account the broader context in which 

social relationships are experienced (Berkman and Krishna, 2014). Social interactions frequently occur outside 

the home or workplace (Picornell et al., 2015) in a range of locations that are important to social life within 

communities (Oldenburg, 1999). Public space is seen as a social space in urban design (Gehl, 2011), while 

commercial spaces, such as cafes, restaurants and bars, have a fundamental social function by allowing 

people to meet and exchange support and companionship (Rosenbaum, 2006). In addition, the way the 

environment is constructed and perceived plays a role in socialization. The presence and amount of 

vegetation in common outdoor public spaces (Coley et al., 1997; Kweon et al., 1998), neighbourhood 

walkability (Leyden, 2003) and urban density have been positively related to social interactions, while 

environments that inspire fear of crime (e.g. dark alleys, abandoned infrastructures) discourage people from 

interacting with each other (Palmer et al., 2005). 

 

Third, studying the geolocation of social interactions allows us to examine the collective patterns in which 

individuals interact in space. Subgroups of individuals sharing similar social attributes may interact in 

common places. In the Netherlands, people with a higher level of education are more likely to interact at 

work, while those with higher incomes appear to interact more in outdoor public spaces (van den Berg et al., 

2010). In deprived neighbourhoods in the UK, people who are unemployed, retired, in poor health or with a 

child at home are more likely to have social interactions in third places (i.e. outside the home and workplace) 

(Hickman, 2013). In the United States, fast food restaurants are important locations in which older people 



 

build and conduct their social lives (Cheang, 2002). In Amsterdam, local pubs may serve as an “inclusive 

space” by allowing interactions between different populations in neighbourhoods undergoing gentrification 

(Ernst and Doucet, 2014). Understanding these differences can help identify places that are socially relevant 

to vulnerable populations and understand the impact of urban transformation on social cohesion among 

different populations. 

 

1.3. Existing methods for localizing social interactions 

Modern large-scale communication databases (e.g. mobile phone records, Foursquare) have provided 

substantial information on the interrelations between social networks and geospatial environments (e.g. 

(Crandall et al., 2010; Hristova et al., 2016; Pelechrinis and Krishnamurthy, 2016; Phithakkitnukoon et al., 

2012; Toole et al., 2015)). These databases provide solid information on the organisation and dynamics of 

people's social and spatial behaviour, allowing the characterisation of large social network structures and 

detailed mobility patterns. They provide, however, no direct information on localized face-to-face 

interactions. While information on co-presence has been used to infer social contacts (e.g. (Crandall et al., 

2010)), it remains a proxy to face-to-face social interaction. These secondary databases also limit possibilities 

for collecting additional individual-level information that may be useful for health research. Finally, some 

populations that are less likely to use the technologies may be under-represented. 

 

A second approach is to measure localized social interactions using activity diaries—a survey in the form of a 

logbook in which individuals report and document all activities performed during the day (Stopher, 1992). 

This method is mainly used in transportation research to collect data on travel behaviour. People with whom 

activities are undertaken can also be collected, providing measures of geolocalised face-to-face social 

interactions (e.g. (Farber et al., 2014; van den Berg et al., 2010). Measures of social networks can further be 

collected from daily social interactions (e.g. (Doherty et al., 2004; Lee and Kwan, 2011)) in an approach 

similar to a contact diary (i.e. which people are seen during each identified activity) (Fu, 2005). Since data are 

collected over time, the strength of this method is that it can assess detailed temporal information such as 

the length and time of day when face-to-face social interactions occurred. Nevertheless, the data are 

collected for short periods of time, between one and several days, resulting in only a partial representation 

of a person's activity space and social network, constrained by the duration of the survey.  

 

A third approach to collecting social and spatial information is to use recall-based questionnaires. A strength 

of this approach is that the reported information does not need to be restricted to recent, within-day, 

events. Social network information is often collected in this way by asking respondents to name the people 



 

with whom they are in contact in some way (i.e. the people with whom the respondent likes to socialize). 

This approach, called a name generator, can be easily adapted to collect localized face-to-face interactions. 

One application is the study by Carrasco and colleagues (2008). Social relationships are first collected by a 

name generator, and the locations of social episodes, defined as "visiting, receiving visitors or meeting in 

restaurants, pubs or similar places" (Carrasco et al., 2008, p.12) are then measured for a subset of close and 

frequent relationships. Visited locations can also be recalled independently. This was applied in the study by 

Mason and colleagues (2010) on adolescent substance use. Using a name generator and an activity space 

questionnaire, respondents identify up to five close relationships, and document all visited locations in their 

weekly routine. Social networks and activity spaces are then linked a posteriori by asking “who in your 

network is with you at each location?” Compared to the approach used by Carrasco and colleagues (2008), 

this approach provides a broader assessment of activity spaces, since visited locations are not limited to 

social episodes. However, social networks are likewise limited to a few close relationships, and the 

assessment of weekly routine locations limits the scope of measured activity spaces. 

 

The main drawback of existing questionnaires and diaries is that they generally provide selected assessments 

of respondents' social networks and activity spaces. While specific dimensions of social and spatial contexts 

may be relevant to specific health issues, we argue that assessing a broader spectrum of social relationships 

and visited locations provides a more comprehensive picture that is useful for health research. Second, 

several data collection tools have been designed for a pen-and-paper format, which increases the burden of 

the interview process and the transfer of collected information to digital databases, which is a challenge, 

given the complexity of the data collected. In addition, pen-and-paper surveys tend to contain more errors 

than computer-assisted surveys (Caeyers et al., 2010). 

 

The following section presents a novel interactive questionnaire that combines a name generator with an 

existing map-based questionnaire, permitting the joint collection of detailed information on social networks 

and activity spaces. 

  



 

2. VERITAS-Social : A socio-spatial questionnaire  

 

2.1. The questionnaire 

VERITAS-Social is an adaptation of VERITAS (Visualization and Evaluation of Route Itineraries, Travel 

destinations, and Activity Spaces), a map-based questionnaire allowing respondents to easily locate places, 

routes, and other areas of interest on an interactive map, either as points, lines or polygons (Chaix et al., 

2012). For each reported element, additional information can be reported, such as frequency of visits, level 

of place attachment, transport modes used, etc. This questionnaire has been used in a variety of settings to 

study various populations and health outcomes for which daily mobility and multiple exposures to the built 

environment can play a role (Hinckson et al., 2014; Perchoux et al., 2015; Schmidt et al., 2018; Stewart et al., 

2015). Because the collected data includes geographic coordinates, they can be easily linked to other spatial 

databases describing the geospatial environment. 

 

In its original version, VERITAS respondents were asked to locate a list of predefined activities on a map (e.g. 

do you go to a park at least once a month, if yes, please locate). We added to this module a name generator 

to assess respondents’ interactions with other people at that location. Name generators are commonly used 

to assess social networks by asking respondents to list their social relationships according to one or more 

criteria, such as the type of relationships (e.g. listing friends) or behavioural exchange (e.g. listing who 

provides support) (Marsden, 2005). The composition of social networks measured with a name generator will 

depend on the specific prompt used to obtain network members (Milardo, 1992), although there are 

similarities between networks measured using different ones (Shakya et al., 2017). In our questionnaire, 

respondents are asked whether the reported activities are carried out alone or with someone else. When 

selecting the latter, they may identify one or more individuals, or groups of individuals (e.g. the community 

centre choir). Due to the interactive format of the questionnaire, respondents can identify new or previously 

reported network members when documenting an additional location, thus reducing redundant information 

collection. For each person and group added, follow-up questions can provide additional information, such as 

role relationships (e.g. friends, family), frequency of interaction, people's socio-demographic attributes, or 

number of people in groups (Figure 1). Compared to other name generators, the particularity of our 

approach is that relationships are identified based on visited locations, which means that reported social 

networks are initially prompted by in-person interactions occurring in people’s activity spaces. 

 

Once all the visited locations have been mapped and the corresponding names have been generated, the 

respondents review the complete list of documented people. To more accurately assess the nature of the 

relationships, respondents can characterise relational properties, identifying those who provide support and 



 

companionship. During this phase, other network members can be added, thus extending the social network 

description beyond people regularly met in one’s activity space. In health research, considering close 

relationships with people who are not regularly seen in person may be particularly important for analysing 

social support (e.g. a child living away from home who is usually contacted by telephone). Finally, the 

respondent is presented with a visual representation of reported individuals and group, on which she can 

draw lines to indicate interpersonal relationships between individuals (e.g. friends A and B know each other), 

and whether individuals are also part of a reported group (e.g. my sister is part of the community centre 

choir).  

 

The questionnaire was built as a secure online application by Polygon Research Inc. It integrates the Google 

Application Programming Interface (API) to display maps on which the respondent can report spatial 

information. It also allows respondents to search for addresses or location names inside the Google 

database. The questionnaire can either be administered or self-administered if respondents have some level 

of familiarity with the use of the online user interface.  

 

 

Figure 1: Diagram of the questionnaire flow chart. The left side represents the original VERITAS interface where the 
respondent can report and comment on the location of the activities. The right side represents the name generator used 
to assess the respondent's social network based on geolocalized activities. 

 



 

2.2. Validity and reliability of VERITAS-Social 

Information collected through VERITAS-Social relies on respondents’ ability to self-report visited locations 

and alters. A validation study comparing 7-day GPS tracking and reported visited locations through VERITAS 

conducted with 234 participants showed 85.5% of GPS points were located within 500 m of a reported 

VERITAS location (Kestens et al., 2018). Test-retest reliability of the original VERITAS questionnaire was also 

conducted with 31 adults over a two-week interval and reported an agreement for 86.5% of collected 

locations between the test and the retest (Shareck, Kestens, & Gauvin, 2013). 

 

When assessing the validity of social network measures, name generators tend to provide more simplified 

networks than wearable proximity sensors, as the former tend to under-report interactions of short duration 

(Mastrandrea et al., 2015; Smieszek et al., 2014). Friendship surveys also provide less alters compared to 

Facebook data (Mastrandrea et al., 2015), likely because online contacts are easier to document, and include 

a wider range of relationships (e.g. family, acquaintance, co-worker). In a review of the reliability of name 

generators, the average test-retest agreement of reported alters ranged between 78% and 92% (Brewer, 

2000). People were also better able to recall strong, rather than weak, emotional ties (Brewer, 2000; Brewer 

and Webster, 2000). In conclusion, recall-based self-reported methods seem to over-represent contacts of 

longer cumulative duration and closer emotional ties.  

 

The reported characteristics of alters, which constitute most of the social network data, may also raise 

validity issues. Previous studies have shown that the respondent can provide several of these characteristics 

with reasonable accuracy (Marsden, 1990). Reported information is more valid for close relationships than 

for distant ones, and people are relatively good at reporting what they can observe directly about their alters 

(Marsden 2000). Caution should, however, be exercised in the choice of data to be collected, as the 

respondent may lack some information on her alters (e.g. political orientation, health status). Information 

that is directly experienced by the respondent (e.g. length of relationships) is likely to be more valid.  

 

Structure of collected data 

The data collected with VERITAS-Social covers social network information, activity space information and 

socio-spatial relations between alters and visited locations. The term "alters" here refers both to people 

declared individually (e.g. the neighbour) or as groups (e.g. the choir members).  

 

Properties of social networks can be described using social network analysis (Scott and Carrington, 2011), 

while indicators of spatial behaviour can be derived from activity space data (Chaix et al., 2012). Such 



 

individual-level descriptors can then be linked to health outcomes. Activity space data can be further 

integrated into a geographic information system, and linked to environmental conditions to which the 

respondent is exposed. The novelty of VERITAS-Social is that social network data and activity space 

information are directly linked. This means that social relationships can be geo-referenced in accordance 

with the locations of social interactions, and visited locations can be characterized by the face-to-face 

interactions they host. In the next section, we discuss how these complex relational data can be effectively 

analysed using network theory. 

 

3. Investigating linked socio-spatial data using network theory 

Network theory is used to describe the relationships between real world entities. By providing a 

comprehensive set of mathematical and computational techniques mostly founded on graph theory, it 

captures properties that emerge from the pattern of connections between its constitutive elements (see 

(Newman, 2018) for comprehensive introduction on network science). 

  

Network theory has previously been used to analyse comparable socio-spatial data obtained from large-scale 

communication databases (e.g. (Hristova et al., 2016; Pelechrinis and Krishnamurthy, 2016)). The difference 

is that these studies focus on sociocentric social networks (i.e. a set of interconnected people), and that 

socio-spatial relationships define the locations visited by people. As a result, they do not assess face-to-face 

social interactions from an egocentric perspective but reflect the extent to which people visit common 

locations. 

 

In its simplest form, a network is composed of a set of elements, called nodes, connected to each other by 

edges. Many types of systems can be described as networks, such as airport-to-airport flights (Guimera and 

Amaral, 2005) or scientific collaborations (Barabasi et al., 2002). Modern social network analysis is mainly 

based on network theory (Scott and Carrington, 2011), although it is not simply an application of the latter, 

as its roots go back a long way in sociological research (see Freeman (2004) for an historical review). The 

information collected with VERITAS-Social can also be represented in the form of a network, with the 

particularity that the nodes are made up of two distinct sets of elements, namely alters and visited locations. 

 

The relationships between visited locations and alters depend on “with whom activities are conducted.” This 

constitutes a bipartite network composed of two disjoint sets of nodes with edges defined between the 

nodes of the different sets only (Latapy et al., 2008). This type of network captures the patterns that 

characterize a person’s interactions with the members of her social network in her activity space (see Figure 



 

2). The limitation of bipartite networks is that they do not include connections between alters or between 

locations. Adding these relationships to the bipartite network results in a system of interconnected networks 

consisting of two sub-networks with connections within and between them (Donges et al., 2011). The two 

sub-networks — the social network and the activity space represented as a spatial network – are linked by 

face-to-face interactions (i.e. the edges previously defined in the bipartite network) (see Figure 2). 

Relationships between alters (i.e. within the social network) are directly identified when answering the "who 

knows whom" question. While links between locations are not directly assessed in VERITAS-Social, they can 

be characterized in different ways, for example using the distance between locations — close locations being 

more strongly linked than distant ones. Other types of links could be considered, such as location of origin 

when reaching a given destination — the relationships could in that case be a function of the frequency of 

travel between locations. In both the bipartite and interconnected models, the respondent is not a node 

within her network. Since the respondent is, by default, connected to all alters and all locations, this 

information is irrelevant.  Furthermore, the edges between the respondent and visited locations are not 

comparable to those between alters and visited locations, as the former represent visited locations by the 

respondent and the latter represent activities conducted with alters. 

 

Network theory provides useful analytical tools for studying the patterns of connection that occur within and 

between a person's social network and her activity space. A range of measures and algorithms have been 

developed to describe networks, from local node characteristics to global network structures. In the 

following section, we present some key measures we consider relevant to the characterization of these 

socio-spatial relationships. A detailed discussion of network measures and algorithms is beyond the scope of 

this paper; we refer the reader to (Latapy et al., 2008) for a review of basic bipartite network measures, and 

(Donges et al., 2011) for an introduction to interconnected networks. We also refer the reader to (Kivelä et 

al., 2014), who review the more general models of multilayer networks, of which bipartite and 

interconnected networks are specific instances. Networks can also be visualized in a two-dimensional space, 

which is an effective way of exploring relational data and communicating results. The position, size, shape 

and colour of nodes and edges can reflect various dimensions of the system. The use of visual 

representations allows multiple pieces of information to be communicated simultaneously, providing a 

comprehensive and multivariate view of such socio-spatial relationships (Krempel et al., 2011). The following 

section presents a case study illustrating the application of network analysis to joint social network and 

activity space data. 

 



 

 

Figure 2: Hypothetical examples of a bipartite network and a system of interconnected networks modelling the 
relationships between social networks and activity spaces. Alters are represented by blue circles. Individuals and groups 
are distinguished by the number of people represented in the circle. Places are represented by green rectangles. In 
bipartite networks, socio-spatial relationships are represented as dotted lines. These relations identify who is seen in 
which location. It shows, for example, that Child is only seen at Home, while Friend 1 is seen both at the Gym and at 
Work. It also shows that the Pharmacy is disconnected from the rest of the network, which means that the respondent 
does not see anyone from her network at that location. In interconnected networks, the relationships between people 
and visited locations are added: the social network (blue circles) is connected to the spatial network (green polygons) by 
who is seen at a given location (dotted lines). The edges between alters represent "who knows whom.” For example, 
Neighbour knows Child and Spouse. In comparison, Friend 2 is not connected, meaning he does not know any other alter. 
The edges between locations could represent different relationships (e.g. distance), but these are not defined by the 
respondent in VERITAS-Social. The respondent is not represented in either the bipartite or interconnected network, 
knowing that by definition, she is connected both to all people (she knows everyone in her network) and to all locations 
(she visits all locations). The length of the lines is not informative in these examples. 

  



 

4. Case study 

4.1. Sample source 

Source data for the case study comes from the CURHA (Contrasted Urban settings for Healthy Aging) study, 

an international research project on healthy aging involving two samples of populations living in Canada and 

Luxembourg (see Kestens and colleagues (2016) for more information on the CURHA project). We used data 

from the Canadian study sample composed of 183 people aged from 80 to 95 years living in the community 

in different regions of the province of Quebec. To illustrate the information captured by VERITAS-Social and 

the type of measures network analysis can provide, we extracted data from two participants—an 83-year-old 

woman (participant A) and a 90-year-old man (participant B) living in urban and rural areas respectively. 

 

4.2. Network analysis 

We computed the bipartite networks of participants A and B. People and locations are represented by single 

nodes. Groups are represented as √� nodes, where n is the number of people in the group who were not 

also identified individually (e.g. my friend is also in the volunteer group). We used the square root of the 

group size to minimize the influence of large groups on the total size of the network (see further details in 

section S4 of supplementary materials). 

 

We computed size, density, degree and community structures. The size of the network refers to the number 

of nodes, in this case, both the number of alters and locations. The density is the ratio between the number 

of edges and the maximum possible number of edges in the network and provides a measure of the overall 

connectivity of the network. This ranges from 0 to 1, with 0 meaning that no alters are seen at any locations, 

and 1 meaning that all alters are seen at every location. The degree of a node is defined by the number of 

connections it has to other nodes. In our case, the degree of an alter is the number of locations where he is 

seen, and the degree of a location is the number of alters seen there. We further separated the bipartite 

networks into communities, namely groups of nodes that have a greater likelihood of being connected to 

each other than to the rest of the network. We have identified communities that do not overlap (i.e. each 

node belongs to a single community), including both alters and places. These communities reflect alters 

commonly observed in shared places. Communities were calculated using the Liu and Murrata (2009) 

algorithm. To further evaluate the position of nodes according to identified communities, we calculated the 

within-module degree, a measure of the quality of connection of a node to other nodes in its own 

community, and the participation index, which indicates the extent to which a node is connected to other 

communities in the network. The first index is a z-score of the relation between a node degree and the 

community average degree, the second index takes a value of 0 if all its connections are within its own 



 

community, and tends towards 1 if its connections are evenly distributed in all communities of the network 

(Guimerà and Amaral, 2005). 

 

We computed the interconnected networks by adding the relationships between the alters, defined by "who 

knows whom.” Interpersonal relationships were only defined between individually reported people. 

Although people generated from a same group could be considered all related to each other, we had no 

information on inter-group relationships (e.g., do people in group A and B know each other?) or between 

groups and individually identified people (e.g., does the spouse know people in group A?).   

 

We then calculated the cross-clustering coefficient. This measure evaluates, for any node in a given sub-

network, the proportion of its neighbours (i.e. the nodes directly connected to it) in the other sub-network 

that are directly connected to each other (Donges et al., 2011). Therefore, the cross-clustering coefficient for 

a location assesses the extent to which people seen at that location know each other. The cross-clustering 

coefficient was not calculated for the alters in this case study since relationships between locations were not 

defined. 

 

We provide a detailed description of these measures and algorithms in section S1 of the supplementary 

materials. All network analyses were performed in R 3.5.1 (R Core Team, 2013) using igraph 1.2.1. (Csardi and 

Nepusz, 2006). Visual representations of the bipartite networks were generated using Gephi 0.9.2. (Bastian 

et al., 2009). Characteristics of alters and locations were also measured – see Section S3 of the 

supplementary materials for a detailed description of these variables.  

 

4.3. Results 

The map of the reported visited locations and the visual representations of the bipartite networks are shown 

in Figures 3 and 4, respectively. Node-level measurements for the bipartite and interconnected networks are 

presented in Tables S1 and S2 in Section S2 of the supplementary materials. The characteristics of the alters 

and locations are presented in Tables S3 to S6 in Section S3 of the supplementary material. 

 

Participant A's bipartite network consists of 12 alters and 12 locations. Among alters, 4 were reported 

individually (A1 to A4) and 8 were generated from two groups (A5 and A6; A7 to A12). Participant B's 

network is larger, with 19 alters and 11 visited locations—there are no groups in this network. Both networks 

have a relatively low density, with 13% and 16% of the maximum possible number of edges for participants A 

and B, respectively. The degree distribution follows a similar pattern in both networks, consisting mainly of 



 

low degree nodes with a few high degree nodes. These degree distributions are partly explained by the 

observed community structures, which consist of multiple star-shaped communities, characterized by one 

high degree node connected to several low degree nodes. This is indicative of a person with whom multiple 

activities are carried out or a location where several alters are seen. 

 

An in-depth analysis that takes into account the attributes of the nodes permits a better understanding of 

these relational patterns. Participant A's activity space is primarily concentrated in her residential 

neighbourhood (see Figure 3), where she walks to many locations. It includes the church (L9) where she sees 

most of her alters, in her volunteer group and choir. All these nodes form the largest community in its 

network (purple). In her residential neighbourhood, we find her home (L6), the residence of two alters (L7, 

L8) where she sees four people (A1 to A4), as well as other functional locations (L10 to L12) that she visits 

alone. She visits all the locations outside her residential neighbourhood (L1 to L5) with her child (A1), forming 

the second largest community in her network (green). She reported she is driven there, suggesting that A1 

accompanies the participant for these functional activities (i.e. shopping and medical appointments). 

 

Participant B's activity space is more dispersed, with a median distance of 11.39 km between home and 

visited locations, compared to 1.1 km for Participant A. This is probably linked to the fact that Participant B 

lives in a rural area while Participant A lives in a peri-urban area. Only one location—the residence of an alter 

(L14) where family visits take place (A13 and A14)—is within walking distance. These family members are 

also seen at his home (L13), all of these nodes forming a community (orange). The three other communities 

are centred on the spouse (A19; green), the church (L23; purple) and a restaurant (L15; blue), which are also 

the most connected nodes in the entire network. In addition, 89% of face-to-face interactions are linked to 

the church and the restaurant. It is interesting to note that the spouse is the most intermediate node in the 

network (participation index = 0.68), having connections to all four communities. The spouse likely drives the 

participant to 81% of the visited locations, which suggests the importance of this node in the network. 

 

There are five additional edges in Participant A’s interconnected networks. The cross-clustering coefficient 

was only calculated for the main residence (L6)—this is the only location where the participant sees multiple 

people reported individually (i.e., A1 to A3). This location has a coefficient of 0.67, which means that there is 

67% of the maximum number of interpersonal connections between the people seen there (i.e. who knows 

whom). There are 98 additional edges in Participant B's interconnected networks. Most locations have a 

value of 1 for the cross-clustering coefficient. Only the restaurant (L15) has an intermediate value, with a 



 

coefficient of 0.4, which means that there is 40% of the maximum number of interpersonal connections 

between the people seen there. 

 

 

Figure 3: Spatial distribution of participants A and B visited locations. The polygons represent Sherbrooke boroughs (a = 
Brompton–Rock Forest–Saint-Élie–Deauville, b = Jacques-Cartier, c = Fleurimont, d= Mont-Bellevue, e = Lennoxville) and 
Quebec municipalities (f = Cookshire-Eaton, g = Newport, h = East Angus). The primary residence has been removed and 
geographical coordinates of displayed locations have been randomly modified by a factor of 0.02 to ensure 
confidentiality. Overlapping locations were moved further apart manually to improve visualization. The different areas 
contain the following locations: (a contains L6 to L12), (b contains L2, L4, and L5), (c contains L3), (d contains L1), (e 
contains L17), (f contains L18, L20, L21, L22 and L25), (g contains L16, L23 and L24), (h contains L19). The map is 
projected in WGS 84 / Pseudo-Mercator at 1:325 000 scale. Basemap layer is from the OpenStreetMap database 
(OpenStreetMap Contributors, 2012). 



 

  

Figure 1: Visual representation of participants A and B's bipartite networks. Locations (Lx) are represented as squares and alters (Ax) as circles. Light grey polygons surround 
alters generated from groups. Edges represent “with whom activities are conducted.” For example, participant A sees three alters (i.e. A1 to A3) in location L6. The colours of the 
nodes represent the communities to which they belong. The size of the nodes is proportional to their within-module degree.  A default minimal size was attributed to 
unconnected nodes, although their within-module degree is undefined. Node sizes therefore emphasize their connectivity with their own community. For example, L9 is the most 
connected node in its community, and therefore the largest. The position of each node in a two-dimensional space was calculated with the Force Atlas layout algorithm. Both the 
length and width of the edges are derived from the layout algorithm and do not represent any attribute.  



 

5. Discussion 

VERITAS-Social is a novel online tool for collecting data on people's activity spaces and social networks. 

VERITAS-Social integrates a map-based questionnaire with a name generator, permitting in-depth 

evaluation of socio-spatial information in terms of the number and type of visited locations and people 

met in person. The particularity of this tool is that social and spatial data are further linked by the 

location of face-to-face social interactions. It therefore offers a means of assessing how spatial and 

social environments interact at the individual level, which can improve our understanding of how spatial 

and social contexts influence health. 

 

This proposed online application offers several benefits, given the inherent complexity of the data 

collected. The visited locations can be directly identified on an interactive map while the social networks 

are progressively documented in a recursive process. The data collected can be easily transferred into 

formats suitable for geospatial and social network analysis. The questionnaire can also be easily adapted 

to a variety of research topics, and can be used in combination with other instruments such as GPS 

devices and smartphone-based surveys (e.g., ecological momentary assessment of localized social 

interactions) to arrive at more accurate estimates of people's activity spaces and social networks. These 

data can also easily be connected to other geospatial information, to improve contextual exposure 

estimates. 

 

One limitation of the current VERITAS-Social is that its validity and reliability are evaluated on the basis 

of studies conducted on each component separately. Validity studies of name generators suggest that 

typical close social relationships are possibly over-represented. The activity space module may also be 

less suitable for episodic destinations than for habitual destinations. Further investigation on the validity 

and reliability of the combined use of spatial and social data collection is needed. In the version of 

VERITAS-Social that was used in the CURHA study, there was no assessment of socialization through 

modern communication technologies, because the main goal was to understand the spatialization of 

social interactions. However, other more recent deployments have also included questions on phone, 

online, or text-message interactions (e.g. the COHESION Study (www.cohesionstudy.ca)). In a COVID-19 

context in which numerous interactions have gone online, VERITAS-Social could possibly include 

questions aimed at discriminating between online interactions that replace real-world social life from 

those that maintain pre-existing geographically distant relationships (Liu et al., 2016).  

 



 

One challenge with VERITAS-Social is the complexity of the data collected. We have shown that network 

theory provides a useful framework for studying these socio-spatial data, providing mathematical and 

computational methods for describing relationships between and within social relationships and visited 

locations. These systems can be modelled as multilayered networks, either bipartite networks or 

systems of interconnected networks. Bipartite networks remain easier to analyze and interpret because 

they include only one type of edge. In interconnected networks, three types of edges can be defined, 

which means that every node can be connected to all other nodes of the system. Since network 

properties are based on connectivity patterns, the interpretation of interconnected network measures 

becomes more complex. In addition, since relationships between locations can be defined in various 

ways, so can the interpretation of their properties. Overall, we believe that both bipartite and 

interconnected networks are complementary as they provide information on different aspects of these 

systems. 

 

The case analysis using data from the CURHA study illustrated the possibilities of modelling VERITAS-

Social data as a complex network. It revealed, among other things, the presence of star-shaped 

communities composed of multiple low-degree nodes connected to a central high-degree node. It 

showed how certain people appeared to play a particularly important role in these seniors' mobility, and 

how certain locations act as key settings for social interactions. These high-degree nodes can potentially 

influence exposure to health-relevant resources (e.g. a location where the senior experiences 

companionship, or a close relationship who accompanies the senior to her medical appointment) which 

raises questions about the capacity to reorganize the network following the potential loss of one of 

these central nodes.  

 

By collecting comprehensive data on people's social relationships in combination with localized 

information on their regular activities, VERITAS-Social combined with network theory offers new 

possibilities for understanding the complex interaction between health-relevant social and spatial 

exposures. As the case study shows, exploring the relationships between social networks and activity 

spaces reveals patterns that could not be observed by studying these contextual datasets in isolation. By 

directly examining the links between social and spatial contexts, we may obtain a better understanding 

of the processes by which environments influence health.  
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