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Introduction
Quality assessment makes a prominent and well-researched issue within the academic study of VGI (Bégin, Devillers & Roche, 2013). The quality of data is known to be related to factors such as local populations’ and contributors’ characteristics (Antoniou & Skopeliti, 2015), including their motivations (Keßler & de Groot, 2013). However, data quality is also related to access to hardware, software, and to physical and virtual spaces, meaning that the effects of external conditions in physical and virtual spaces cannot be ignored. Moreover, even individual-specific elements are affected by geography, as space-time activity, place attachment, motivations, and the extent of contribution are all linked (Lin, 2011). Reading the production of VGI as a type of space-time behaviour, I strive in the current research towards developing an analytical approach for identifying locational effects on data quality, based on concepts from mobility studies. This paper presents a first step towards this objective in which potential proxies for data quality are identified using empirical evidence.
2 The Space-Times of Data Production: Basic Concepts
VGI contributions can be read as a type of space-time behaviour. Interestingly, this behaviour simultaneously relates to two or more spaces: the space of production, the represented space (if different from the previous one), and the virtual space which connects the two. For example, contributor M2 in Figure 1 contributes to the representation of the area of interest via the virtual connection between user interface and database, while being located in another space. Reading data production as a type of space-time behaviour over multiple spaces suggests that extending approaches from space-time behaviour studies to study virtual-physical interactions could contribute to the study of VGI. 

One such approach is time geography - a conceptual framework that studies behaviour from the perspective of space-time constraints (Hägerstrand, 1970). Time geography introduces several formal concepts for analysing the effects of space on behaviour. One such concept is the space-time domain – the space-time volume within which a specific set of social and organizational rules apply, dictating the set of possible activities. In the case of physio-virtual interactions, these determine which virtual spaces can intersect the physical one and when. For instance, contributions such as M1 (Figure 1) are dependent upon physical accessibility. Limiting mobility in the site would potentially bias the representation towards remote mapping activities (trajectory M2).

Domains define which activities are possible, but not which will be carried. This requires additional space-time conditions, such as the colocation of individuals and infrastructure. When these conditions lead to the intersections of multiple trajectories, a space-time bundle is created. Similarly, when digital and geographical conditions allow, digital and physical spaces intersect to produce VGI. Such events are termed [image: image2.png])
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here physio-virtual bundles (PVBs; Figure 1). The characteristics of data are tightly related to those of PVBs – if PVBs are formed in one place but represent another (i.e. M2, t2), little local knowledge would be integrated into the data. Otherwise (M1, t1), not only more local knowledge would be represented, but the data would be updated upon repeated visits (M1, t3). Given the relations between contributions, place attachment, and physical presence, such updating becomes more probable when spaces are physically accessible. In either case, presence in virtual/physical space is not a sufficient condition for a PVB to materialize into VGI, and a proper motivation is required (M3). Motivational sources may vary, including geographical events or dynamics in virtual spaces (e.g. the availability of a new data source).
PVBs are especially evident when physical and virtual infrastructure intersect with the trajectories of many motivated and engaged individuals. Under such conditions large-scale contributions may emerge (i.e. data production bundles). The possible relations between domains, bundles, and the nature of the produced data suggest that studying and identifying domains could assist in better understanding VGI. To support this argument, a case study of two proximate yet different domains is presented below.
3 Case Studies: Spaces, Data, and Method
The case studies analyzed here relate to the OSM datasets describing the city of Tel-Aviv-Jaffa (TLV) in Israel and its surroundings, and the Gaza Strip in the Palestinian Territories (GS; Figure 2). While both contain large and dense urban areas, the geographical contexts (i.e. domains) they present are very different. TLV is the economic and cultural hub of Israel and is easily accessible. Movement in and out of GS, in contrast, is tightly regulated by the Israeli and Egyptian military forces, with barriers surrounding the entire space. This condition, and its affects on infrastructure’s quality and social welfare, result from the Israeli-Palestinian conflict which erupted into violent clashes between Israeli and Palestinian forces on several occasions since the late 1980’s. The engagement of local Palestinians with OSM is low (Bittner, 2017) meaning that data about GS are produced by Israeli and international mappers whose accessibility to the area is limited.
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This limitation constrains the number of people that regularly access GS and thus should affect the integration of local knowledge. Accordingly, place attachment is not expected to be a probable source of motivation in the area, leaving room for external motivations to play a larger role. The effects of these conditions on data are studied here using a historical database recording OSM contributions in these spaces from October 2007 to July 2017. Several external data sources are also utilized, such as information regarding users’ identities and contributions (collected using the website http://whosthat.osmz.ru) and the interactions between users (collected from the users:Israel forum for TLV - https://forum.openstreetmap.org/viewforum.php?id=33).
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4 Results 
Existance and Characteristics of Bundles
When studying the dynamics of data production (Figure 3) the existence of massive data production bundles becomes instantly evident. One such event is recorded for TLV (Table 1) and is a result of a coordinated effort to integrate a new dataset into OSM, reflected in discussions in the “users:israel” forum (yrtimiD, 2012). The upload of this dataset was followed by a supervised deletion of 1,992 entities that became outdated after the upload, taking place on January 18, 2013. The first of the two bundles identified in GS also marks a batch upload (Table 1), carried via an account maintained by JumpStart International – a NGO which deploys community-based mapping projects in different regions of the world (JumpStart International, 2017). This bundle is thus an aggregation of many indirect contributions by residents of the area. The second bundle however lasts for three consecutive months and includes hundreds of mappers (Table 1). These activities were part of a Humanitarian OSM Team project, initiated in response to violent clashes taking place in GS during July and August 2014 (OpenStreetMap Wiki Contributions, 2018). The first bundle, despite the temporal gap, was also motivated by the effects of a violent outburst occurring during January 2009 (JumpStart Mapping, 2009).
As expected, the GS bundles require special socio-political conditions to materialize while in TLV contribution activities seem to emerge more organically. This is evident in the linear increase in the number of entities in TLV outside of the bundle, in contrast with the steps-like progression in GS (Figure 3).  However, the two bundles in GS differ in the type of communities that were mobilized – in the first one mostly locals collected the data via a land survey (JumpStart Mapping, 2009) but did not join the OSM community, while in the second the international mapping community was mobilized to remotely map the area using an aerial image (OpenStreetMap Wiki Contributions, 2018). This holds implication for the number of active mappers and the share of these which first contributed to the area (‘New Mappers’, Table 2). In that sense, despite of the bundle, September 2009 is not different from a typical month in GS or from the TLV-1 bundle (Table 2). The GS-2 bundle not only included many participants, but also led to a more permanent effect, with 33 of the new mappers continuing to contribute one year after their first contribution (i.e. ‘lasting contributors’; Table 2).

Bundles and Community Structures 
Such an addition could serve to restructure the community. To test this argument, a network analysis was carried in which a graph was defined, consisting of edges connecting pairs of mappers working on the same entity, directed from the later contribution to the earlier one (as suggested by Stein, Kermer & Schlieder, 2015). This representation facilitates the computation of graph-based measures that characterize the network structure. Here I use out-degree centrality, the normalized number of edges going out from a node, as a measure for connectivity and (perhaps unconscious) collaboration, and the degree assortativity coefficient as a measure for the network’s hierarchical structure. This Pearson-coefficient-like measure assesses relations between nodes’ degree centrality values and those of their neighbors. Values close to 1 point to communications carried mostly between nodes of the same degree, while -1 represents a hierarchal structure in which a layer of highly connected nodes affects mostly low-degree ones (0 indicates no association). This could be interpreted as the extent to which highly active mappers supervise the production of data by occasional contributors. To follow the development of networks after bundles, these measures were calculated for four time-periods between bundles – (I) up to 21/09/2009, (II) 24/09/2009-21/12/2012, (III) 19/01/2013-30/06/2014, (IV) 01/11/2014 and after. In such a manner, each area, when not affected by a bundle, acts as a control for the affected area.

This analysis (Figure 4) shows that TLV always remains more centralized than GS, evident in larger maximal centrality values, and is less affected by the growth of network, ending up with higher mean centrality values. The structure in TLV is more hierarchical where highly active mappers engage with the work of low-degree ones, as evident in the negative assortativity coefficient’s values. In GS however, relations become increasingly random over time. A second finding is that the GS-2 bundle affects the structure of the network in the area, with mean centrality values decreasing during time-period IV. This points to lower levels of supervision on new contributions. While a recency bias applies here, the finding that this trend is stronger in GS points to a restructuring of the community.
Effects on Data Quality 
The above-mentioned patterns can affect the nature of the data produced. Here effects on data quality are studied in terms of its semantic richness, represented by the tagging of entities with a-spatial information, and its stability, i.e. the duration until a change is made to a newly-created entity.
Indeed, the quality of the data is affected by the conditions in the domain. The GS-1 bundle, being based on a field survey and local knowledge, adds much semantic richness to the data, reaching almost 11 tags per entity. However, after GS-2 the value plummets to about 3 and continues to decrease ever since (Figure 5). In TLV, where accessibility levels are high, tagging increases almost linearly, with TLV-1 marking just a small interference which is quickly absorbed (Figure 5). Community structures seem to affect the updating of the data. In TLV, where a core community exists, median durations are generally shorter than in GS, where contributions are more event-driven (Figure 5). This is especially evident for the data added during GS-1 – the median stable duration for these contributions is 1779 days, translating into a period ending in July 2014 – exactly when GS-2 emerged. In other words, half of the entities created during the first data production event in GS were not updated in any way at least until the next bundle. For the sake of illustration, entities created during the TLV-1 bundle registered a median ‘stable’ duration value of 53 days, a value which is low also in relation to those recorded before and after it.
5 Conclusions
The premise upon which the current research is based is that the conditions within space-time domains affect digital representations. Comparing two case studies within proximate yet different spaces exposed effects on data updating, richness, and community structures. These effects were especially accentuated during events where the conditions within virtual and physical spaces led to the creation of massive amounts of data (physio-virtual bundles). The patterns in the case of GS replicate previous findings that data collection initiatives are effective in creating rich (via in-situ mapping) or extensive (via remote mapping) data, yet ineffective in encouraging long term engagement (Mooney et al., 2015, Juhász & Hochmair, 2018). Most contributors in GS ended their engagement with the area when the conditions (i.e. the motivating factor) changed, in accordance with the model proposed by Bégin, Devillers & Roche (2017). TLV however shows another model in which, when an external event (availability of data) is coupled with internal motivation (place attachment), massive data additions are carried in a controlled and regulated manner. This model could also explain why some experienced mappers remained active in GS after the second bundle. To these findings, this paper also adds the implications of data events for data quality – external interventions and their inefficiency to enlarge an otherwise small community in GS (Bittner, 2017) make data rather static, thus fossilizing inaccuracies and gaps in coverage and richness. 
Hence, analyzing physio-virtual bundles and space-time domains can be of value for studies utilizing VGI. In the absence of ‘ground-truth’ datasets which are as rich as those produced by volunteers, identifying bundles could help in uncovering deficiencies in the data. The effort presented here marks only a first step towards an analytical approach for identifying space-time domains and assessing their effects on data. The results here point to bundles as key elements within this approach and direct towards several types of indices that could be used to assess the nature of domains: patterns of data production before and after bundles, the mobilization of communities during bundles, and bundle-related changes to community structures. To carry on this endeavor, it is first required to test these measures over other case studies, identify additional measures, and better assess effects on data. Only then, the approach could be formalized in a general manner and applied globally to uncover and characterize domains and identify pockets where issues with OSM-based representations exist.
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Abstract


The production of Volunteered Geographic Information (VGI) is a type of human behaviour which emerges via interactions with physical and virtual environments. The nature of these interactions may affect the quality of the resulting digital representation, as well as the structure of volunteer communities. Hence, employing a space-time-behaviour-based perspective for studying VGI may prove to be beneficial for understanding the characteristics of the data. In this paper, time geographic concepts are reformulated for studying data quality. As a first step towards formalizing a broader analytical approach, these concepts are applied within the analysis of two case studies of OpenStreetMap (OSM) data. The empirical findings point towards possible indices for identifying behavioural effects on data quality and assessing their implications for information completeness, coverage, and richness.
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Figure 1: Relations between physical and virtual spaces in the production of VGI
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Source: The author, this paper








Figure 2: Case study areas
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Source: OpenStreetMap





Figure 3: Number of entities over time, by study area
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Source: Data analysis, this paper





Table 1: Bundles’ Characteristics


Bundle�
�
TLV-1�
GS-1�
GS-2�
�
Time-period�
�
22/12/2012�
22/09/2009�
08-11/2014�
�
Entities added (% of increase)�
�
53,124 (265.12%)�
16,427 (443.44%)�
215,626 (972.98%)�
�
Active users�
�
1�
1�
449�
�
Source: Data analysis, this paper








Table 2: Mappers and contributions by bundle


Measure�
�
TLV-1�
GS-1�
GS-2�
�
Total active mappers�
�
22 (21.61)�
14 (20.68)�
449 (20.68)�
�
New mappers�
�
9 (8.08)�
10 (9.64)�
333 (9.64)�
�
Lasting contributors�
�
1 (1.21)�
3 (1.29)�
33 (1.29)�
�
Source: Data analysis. Values in parenthesis represent the monthly average value in the area over the entire time-period captured by the data (i.e. 10/2007-06/2017)





Figure 4: Network-based measures’ values and network size by time-period and study area


�


Source: Data analysis, this paper





Figure 5: Number of tags per entity and median stable durations over time, by study area
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Source: Data analysis, this paper








