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Abstract. This research compares expert and non-expert conceptualisations of
land cover data collected through a Google Earth web-based interface. In so
doing it seeks to determine the impacts of varying landscape conceptualisations
held by different groups of VGI contributors on decisions that may be
made using crowdsourced data, in this case to select the best global land
cover dataset in each location. Whilst much other work has considered the
quality of VGI, as yet little research has considered the impact of varying
semantics and conceptualisations on the use of VGI in formal scientific
analyses. This study found that conceptualisation of cropland varies between
experts and non-experts. A number of areas for further research are outlined.
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1 Introduction

The increase in web-based technologies has resulted in many new forms of data
creating and sharing. Individual citizens generate, upload and share a wide range of
different types of data via online databases, much of which increasingly has a spatial
reference. There is the potential of what is referred to as volunteered geographic
information (VGI) [1] to change the nature of scientific investigation as one of its
critical advantages of VGI is the potential increase in the volumes of data describing
spatially referenced phenomena. Such citizen science activities are supported by the
rise of digital, location enabled technologies which offer increased opportunities for
the capture of spatial data and for citizens to share information about all kinds of
processes and features that they observe in their daily lives.

One of the critical issues to be overcome for crowdsourced data to be included in
scientific investigations relates to the quality of the information. In much scientific
research data are collected under a formal experimental design which frequently
includes consideration of sampling frameworks. guality assurance checks etc. Data
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are collected using well-established methods, by particular instruments or by people
with appropriate training and expertise. Thus one of the critical issues in using
crowdsourced data relates to the nature of crowd, their familiarity with the domain
under investigation and consideration of any impacts of a lack of expertise on the
quality of the data that are collected.

This paper generates measures of correspondence between crowdsourced data
about land cover / land use and different global land cover datasets. The
correspondences between locations identified as being ‘cropland’ by volunteers was
statistically related to measures of the proportions of cropland at those locations from
the global datasets. The largest correspondences were used to infer which global
dataset best predicted the cropland identified by the crowd. The variation in these
correspondences and inferences were examined by considering data contributed by
remote sensing experts and by non-experts — ie with contrasting degrees of domain
familiarity. In this way the paper explores the impacts of the differences between
naive and expert contributors of VGI and the conceptualisations of landscape features
that they hold. This study uses data on land cover, collected as part of the Geo-Wiki
project (www.geo-wiki.org), where the registration process captured self-reported
measures of contributor expertise. The crowdsourced land cover data captured in this
way has a number of potential applications and could, for example, be used to train or
to validate statistical classification of remote sensed data. The results of this analysis
will inform future uses of VGI by determining whether the differences in expertise
about the domain under consideration (in this case remote sensing of cropland land
cover) are important and should be considered in such future work.

2 Background

There are many examples of crowdsourced data being exploited that have resulted in
novel scientific discoveries such as unravelling protein structures [2], discovering new
galaxies [3], reporting of illegal deforestation [4]. The use of VGI is now
commonplace in many areas of scientific investigation, from conservation [5] to
urban planning [6], and VGI has been found to be particularly useful in endeavours to
manage and understand important emerging problems such as ash dieback [7] and
post-disaster damage assessments [8, 9]. The latter exemplify the critical advantage of
crowdsourced data: the ability to rapidly collect and share large volumes of data
describing many kinds of phenomena. These activities are facilitated by ubiquitous
ability to capture and share data using many electronic devices (e.g. digital cameras,
smartphones, tablets, etc) that are location-enabled, eg through in-built GPS
capabilities. The result is an increasing amount of spatially referenced or geo-located
data, captured through ubiquitous and low costs citizen owned sensors, that can
directly and instantaneously capture and share data of the immediate environment,
that are available for formal scientific analysis. This presents a number of challenges
associated with use of VGI in formal analyses that relate to questions over data
quality and reliability:



Comparing Expert and Non-expert Conceptualisations 245

* Data are not collected as part of a controlled experiment [10] which may include
experimental design, sampling frameworks, validation and error assessments, etc.

e There is no control over what or how information is recorded [11].

* The nature and ability of volunteers can vary greatly in their expertise in subject
matter being recorded and may even be malicious [12].

For these reasons consideration of VGI or crowdsourced data quality has attracted
increasing attention [11, 13-15] because the usefulness of crowdsourced data for
incorporation into scientific analyses depends on its reliability and credibility. In
comparison to the designed experiment there is no control over the information that is
recorded [14, 16-18] and conflicting information make difficult for analysts to use the
information [19] with confidence. One of the frequently employed approaches to
overcome a lack of data quality reporting is to use information from a large number of
contributors and a number of crowdsourcing projects show a positive relationship
between the reliability of contributed data and the number of participants [20],
supporting Linus’ law [14]. However, other work has shown that providing more data
from more contributors may be unhelpful if the volunteers are all similarly confused
[21], or if the feature or process being described is associated with alternative
conceptualisations, in which case additional contributions may dilute the usefulness of
the data. For example, Pal and Foody [22] note that the curse of dimensionality or the
Hughes effect [23] is commonly encountered in remote sensing, where the accuracy
of a mapping project may decline as the volume of data increases. In order to bridge
between these extremes, a number of studies have been undertaken that have sought
to develop measures of contributor reliability. These include approaches based on
rating data [24], quality assurances based on inputs from trusted individuals acting as
gatekeepers [13], random coefficient modeling and bootstrapping approaches to
address irregularities in phenology data [10] and the use of control data, where the
features under investigation was known, to allow measures of contributor reliability to
be generated [11]. More recent research has sought to characterise the reliability of
individual volunteers for example through the application of latency measures [25,
26]. These provide an intrinsic measure of contributor quality derived entirely from
the data itself and without any additional information such as reference data.

The approaches described above all focus on the guality of volunteer and the data
they contribute. As yet little research has considered how the background and
characteristics of the contributor, citizen or volunteer influences their
conceptualisation of landscape features and the impacts of vary conceptualisation on
the data this is contributed. It is well know that many landscape features are
conceptually uncertain, are conceptually vague or indeterininistic in nature, and that
different individuals will conceptualise and describe the landscape in different ways
depending on their background. Vague interpretations of objects and their boundaries
have been considered extensively through the concepts of fiat and bone fide
boundaries, corresponding to fiat and bone fide geographic objects [27-29]. More
recent research has sought to formalize frameworks for describing and managing
alternative conceptualisations of landscape features. These include the use of
similarity measures to describe semantics and meanings associated with geographic
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information retrieval [30] and ontology frameworks [31] for understanding and
grounding constructed or differently conceived objects. The latter include
mechanisms for integrating different landscape conceptualisations and for describing
the associated uncertainty. This research extends consideration of uncertainties
associated with varying conceptualisations of the landscape as recorded in
crowdsourced geographical information and the impacts on decision making.

3 Case Study: Conceptualisations of Land Cover

Land cover and land cover change have been found to be important variables in
understanding land-atmosphere interactions and particularly the impacts of climate
changes [32]. A number of different global datasets describe land cover but with
considerable disagreement between them in the amount and distribution of different
types of land cover features particularly in relation to forest and cropland. This is a
long-standing problem, one that has been recognised since the emergence of different
global datasets in the early 1990s: they describe significantly different amounts of
land cover, for example with differences as great as 20% in the amount of land
classified as arable or cropland [33]. The potential errors and uncertainties associated
with these products mean that their input into applications such climate models is
questionable. They certainly cannot be used to model land cover change. In other
research the VGI on land cover as collected through the Geo-Wiki has been used to
identify and to validate land cover [34] and to determine which global datasets best
correspond to volunteered land cover class labels in different locations — an
illustrative example is given in [11] — using spatially weighted kernels [35, 36].

The VGI on land cover can also be used to explore the varying conceptualisations
of the land held by different groups or subsets of volunteers who contributed data to
the Geo-Wiki project. A recent submission [37] provides a full analysis of the quality
of the expert and non-expert data collected through the Human Impact Geo-Wiki
campaign. Using control data points, where the actual land cover was known, they
analysed the different degrees to which experts and non-expert volunteers correctly
identified the land cover and the degree of human impact using a standard statistical
data analysis. They found little difference between experts and non-experts in
identifying human impact and noted that experts were better than non-experts at
identifying the land cover class [37].

The study presented here extends this analysis. It uses VGI on cropland land cover
to infer the best global land cover datasets at each location in two study areas. The
suggested extension associated with this research, is that it seeks to explore the
relative impacts of different levels of expertise rather than absolute ones which would
require the use of control data (or ground truth) as in the previous work cited above.
The aims of this study were:

¢ To determine whether the analysis of data contributed by expert and non-expert
groups results in different optimal global datasets being selected in different
locations.
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* To examine the degree to which expert and non-expert groups of contributors hold
different conceptualisations of the landscape.
* To explore whether this matters.

These were explored by comparing the data contributed by experts and non-experts
and through analysis of cropland land cover and land use relating to agricultural
activities as collected by the Geo-Wiki and as recorded in global land cover datasets.

4 Methods

VGI on land cover were collected through the Geo-Wiki project which incorporates a
web-based interface that uses Google Earth [38]. Volunteers are invited to record the
land cover at different locations. A screen grab is shown in Figure 1 by way of
example. The Geo-Wiki project is a directed form of VGI creation in that volunteers
are steered towards a structured reporting / scoring environment, they score the land
cover in randomly selected global locations and their scores are stored in a databases.
This is contrast to other activities such as OpenStreetMap, which provides a direct
experiential link between the volunteer and the data being recorded such that a typical
Open Street Map volunteer knows the place that is being updated.

Fig. 1. An illustration of the Geo-Wiki interface

A number of Geo-Wiki campaigns have been initiated to gather different types of
information related to specific objectives including agriculture (agriculture.geo-
wiki.org), urban areas (urban.geo-wiki.org) and biomass (biomass.geo-wiki.org). The
data used in this analysis were collected in the autumn of 2011 in a campaign to
collect measures of Human Impact (http://humanimpact.geo-wiki.org). This was
developed as a crowdsourcing competition with the aim of collecting sufficient data
to validate a spatial dataset of land availability for biofuel production, which was
released without any measures of data quality or error and was perceived to
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misrepresent land availability and thus would implicitly support land grabs in the
Global South. As part of their registration, volunteers were asked to provide some
background information. Critical for this analysis was, this information included
questions about the volunteer’s experience, profession and expertise.

Each volunteer was asked to complete an online tutorial in order to demonstrate
the process and to provide basic training with explanations of the issues and
concepts associated with land cover and land use mapping. The contributors
completed as much or as little of the training that they wished to complete. As part
of the competition, the top ten participants were offered co-authorship on a paper
[39] and Amazon vouchers as incentives [38]. Volunteers were provided with a
series of random locations and asked to record what they observed at each location
and based on their interpretation of the landscape they assigned each location to one
of 10 predefined land cover classes, including a cropland class of Cultivated and
managed.

These data are considered here for two study areas: South America and Africa.
Volunteered information on land cover was captured globally and 17,371 and 6888
data points were recorded in Africa and South America respectively as shown in
Figure 2 and Figure 3. Of the data points in Africa, 4562 were recorded as Cultivated
and managed and 1390 were similarly recorded in South America. At each location
the proportions of cropland land cover as recorded in 5 global land cover datasets
were extracted. The global land cover datasets were GlobCover, GLC, MODIS,
GeoCover and Hansen and, although other datasets exist (e.g JRC), these datasets
were selected to illustrate the analysis this variation in VGI contributed by different
groups.

All VG| Data VG| Crop Data

Fig. 2. VGI data in Africa and the Cultivated and managed class used in this study
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All VG| Data VGI Crop Data

Fig. 3. VGI data in South America and the Cultivated and managed class used in this study

Measures of spatially distributed correspondence between VGI cropland and
cropland data from the global datasets were generated using the methods described in
detail elsewhere [11, 35, 36]. In brief, these approaches use a geographically weighted
kernel to generate local correspondence measures calculated at discrete locations on
grid covering the study area. This allows local measures of the spatial variations in
relationships between the data inputs to be determined. In this case, the analysis
considered the presence / absence of VGI cropland against the proportions of
cropland cover in the global datasets, when considered simultaneously.

A logistic regression of the binary presence of the VGI cropland class against the
proportions of cropland indicated by the global datasets was used to determine which
of the different global datasets best predicted the VGI data, using the following
calculations.

A logit function was defined by:

logit(Q) = L(Q)

1+exp(Q)

The logistic geographically weighted regression was then calculated as follows the
global land cover datasets:

P(y, = 1) =logit(b,

(1)

(14;,;) +b]'x](ul-,v,-)"‘ +bnxn(ui,vl-)) (2)

where P(y; = 1) is the probability that the VGI cropland cover class, y at location i
is correctly predicted, b, is the intercept term, x; , are the proportions of cropland
indicated by the 6 global datasets under consideration, b;_, are the slopes and (u;, v;) is
a vector of two dimensional co-ordinates describing the location of i over which the
coefficient estimates are assumed to vary.
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The basic idea here is that all of the global dataset proportions are considered as a
series of independent variables in the logistic regression. The analyses returns a
coefficient for each global dataset, the highest of which indicates the strongest effect
in predicting the presence of the VGI data for cropland cover.

5 Results

5.1 VGI to Evaluate Global Datasets

As an initial investigation the relationship between crowdsourced data indicating the
presence of the Managed and cultivated class were compared with the proportions of
cropland as recorded at those locations in five global land cover datasets. The results
of standard logistic regressions for the African and South American data are shown in
Table 1 and Table 2.

Table 1. Coefficients of the logistic regression of African crowdsourced cropland data against
measures derived from global land cover data

Term Estimate Std. Error z value Pr(>lIzl)
(Intercept) -1.745 0.025 -69.426 0
GLC 1.807 0.098 18.462 0
GlobCover 0.211 0.074 2.845 0.004
MODIS 1.593 0.103 15.444 0
GeoCover 2.139 0.223 9.578 0
Hansen 1.055 0.07 15.087 0

Table 2. Coefficients of the logistic regression of South American crowdsourced cropland data
against measures derived from global land cover data

Estimate Std. Error z value Pr(>lIzl)
(Intercept) 2711 0.062 -43.501 0
GLC 1.536 0.161 9.561 0
GlobCover 0.69 0.13 5.294 0
MODIS 1.573 0.176 8.927 0
GeoCover 1.762 0.126 13.954 0
Hansen 0.635 0.152 4.172 0

These show that for both Africa and South America the proportions of cropland
recorded by each of the different global land cover datasets are highly significant
(<0.01) predictors of volunteered data on cropland (Cultivated and managed). Of
interest are the varying degrees to which the different datasets correspond to the VGI:
in both cases GeoCover has the strongest relationship. In Africa GlobCover has the
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weakest relationship and in South America is with the Hansen data and if we were to
chose one dataset that best reflects the actual land cover on the ground, then
GeoCover would be selected from this set of five global datasets.

However it is also possible to examine how these relationships vary spatially. A
geographically weighted logistic regression was used to model the variation in the
degree to which the individual global datasets best predicted the VGI data (ie had the
highest coefficient) at different locations. In the geographically weighted approach
[40], local regression models are estimated at discrete locations throughout the study
area, in this case defined on 100km grid. At each location the local model is
calculated from the data points under a kernel and their distance from the location
under consideration weights their individual contribution to the model. The size of
kernel can be predefined or can be automatically determined. In this case kernel sizes
were specified to incorporate 0.01 (all cropland data) and 0.02 (expert and non-expert
groups) of the data points. The application of these techniques in the context of the
VGI on land cover is described in detail elsewhere [11].

The results of using a geographically weighted approach, i.e. extending the
ordinary and stationary logistic regression, are shown in Figure 4. These show which
of the global datasets best reflect the conceptualisation of the volunteers in each
location (100km grid cell). By examining the maps in Figure 4, it is evident that the
GLC data is best predicts cropland in areas with little cropland — the absence of
cropland — and that the results in areas of cropland indicate that other datasets more
closely correspond to the conceptualisations of the land held by volunteers.

Cropland, all Volunteers Cropland, all Voluntears

Fig. 4. The global datasets that most strongly correspond to the landscape conceptualisations
held by all volunteers in different locations
5.2  Comparing Expert and Non-expert Evaluations of Global Datasets

The analyses described above were rerun, but this time after subsetting the data in
order to compare Experts with Non-experts. The results are shown in Figures 5 and 6.
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Cropland, Experts Cropland, Non-Exparts

Fig. 5. The global datasets that most strongly correspond to the landscape conceptualisations
held by experts and non-experts in Africa

Cropland, Experts Cropland, Non-Experts

"
w

Fig. 6. The global datasets that most strongly correspond to the landscape conceptualisations
held by experts and non-experts in South America

These show distinguishable differences in the spatial distribution of the global land
cover datasets that most strongly corresponded with the crowdsourced data cropland /
Cultivated and managed. The locations of difference are mapped in Figure 7 and it is
noticeable there are much greater differences between expert and non-experts and the
global land cover datasets they infer in South America than in Africa. This may be
due to a number of factors:
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e The nature of the land cover. The cropland and cultivated land cover may be more
confusing or more difficult to discern in South America.

* The quality of the global land cover data in those areas. There are well known and
large variations in the amounts of land cover features reported in different global
datasets.

Or, the observed differences may be due to alternative landscape conceptualisations

held by the 2 groups. The differences between them can be more formally

investigated by considering the sample locations for which land cover was recorded
by an expert and a non-expert: 1165 data locations in Africa and 494 in South

America.

Expert & Non-Expert Differences Expert & Non-Expert Differences

Fig. 7. Differences between the global datasets that best match crowdsourced data on cropland
contributed by experts and non-experts

Tables 3 and 4 show correspondence matrices and the per class measures that can
be derived from them for the case study areas. If the assumption is that the experts are
correct then the equivalent of Type I and Type II error rates can be calculated on a per
class basis.

In this context, Type I errors relate to errors of omission (exclusion) for cropland
by the non-experts relative to the experts. These indicate the relative probabilities of
areas being identified as cropland by experts and not being identified as such by non-
experts. These are low (~25%) for Africa and high (~45%) for South America.
Considering the Type II errors, the errors of commission (inclusion) by the experts, it
is evident that there are similar levels for cropland in both the study areas (~25-30%)
which indicates that the experts are including many false positives in their scoring. Of
course, it is important to remember that these are comparative statements in the way
that ‘error’ is being interpreted, rather than absolute statements about error.
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Table 3. Correspondence between experts and non-experts in South Africa with the cropland
class highlighted

Expert
1 2 3 4 5 6 7 8§ 9 10 Typell

1 111 50 26 2 29 2 0 0 0 0 0.505

2 25 75 22 6 14 1 0 0 10 O 0.490

3 6 9 28 3 9 3 0 0 9 0 0418
E 4 0 4 4 215 71 0 0 0 3 0 0.724
E 5 4 8 5 69 168 0 0 1 2 1 0.651
£ 6 0 0 0 0 0 0 0 0 1 2 0
“ 7 0 0 0 0 0 0 1 0 0 0 1.000

8 1 0 0 0 0 0 0 0o 3 0 0

9 1 6 11 4 1 0 0 1 138 0 0

10 0 0 0 0 0 0 0 0 0 0 0
Typel 0.750 0.493 0.292 0.719 0575 0 1.000 0 O 0

Table 4. Correspondence between experts and non-experts in South Africa with the cropland
class highlighted

Expert
1 2 3 4 5 6 17 8 9 10 Typell
1 128 19 12 4 19 3 0 1 0 0 0688
2 3 12 12 2 3 0 0 0 2 0 0353
301 8 5 12 2 0 0 8 1 0327
£4 2 0 3 5 19 0 0 1 0 0 0702
s 7 1 2 3 59 1 0 0 2 0 0573
£6 2 0 1 0 0 1 0 0 0 0 020
“92 0 0o 0 0 1 0 2 0 0 0 0667
8 1 1 1 0 0 0 0 2 0 0 0400
9 0 13 0 1 0 0o 1 8 0 0
0 1 o o o o0 o 0 0 o 5 0
Typel 0883 0286 0346 0.584 0518 0.143 1 0400 0 0

5.3  Volunteer Confidence

The Geo-Wiki on Human Impact also asked volunteers to record their confidence in
the land cover class that they allocated to each sample location. Four levels of
confidence were available, Sure, Quite sure, Less sure and Unsure, and the analysis

described below examines whether the differences between experts and non-experts
Ahocarirad warctotad vwhoan flhate ~anfidanca vxraoc Qiivra AlthAarsalh Athhoar sxrael T2771 lhao
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shown that experts to be better than non-experts in identifying land cover particularly
herbaceous, cropland and mosaic classes, the confidence associated with those class
allocations has not been considered. The expert and non-expert data described above
were further subsetted to extract the data points that were allocated a Sure confidence
attribute. These were then analysed in the same way as above to determine which
global dataset best matched the certain VGI cropland data in the two study areas, and
maps of difference were created.

Cropland, Confident Experts Cropland, Confident Non-Experts

Fig. 8. The global datasets that most strongly correspond to the landscape conceptualisations
held by Confident experts and non-experts in Africa

Cropland, Confident Exparts Cropland, Confident Non-Exports

o
13 2
=
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2. GiobCover .
3. MODIS a
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5. Hansen LE-§

Fig. 9. The global datasets that most strongly correspond to the landscape conceptualisations
held by Confident experts and non-experts in South America
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Figures 8 and 9 show the mappings of the global datasets that most strongly
corresponded to the different subsets of VGI data and Figure 10 shows the differences
between the expert and non-expert groups. Different levels of confidence were not
considered. Interestingly, when these results and figures are compared with Figures 5-
7 it is evident that, for Africa, extracting the crowdsourced data where the volunteers
were confident (sure) resulted different global datasets being selected by experts and
non-experts. In South America it did not.

Confident Expert & Non-Expert Differences [ Expert & Non-Expert DI

Fig. 10. Differences between the global datasets that best match crowdsourced data on cropland
contributed by Confident experts and non-experts

5.4  Summary of Results

The aim of this analysis was to explore the varying conceptualisations of cropland
land cover held volunteers. The example application was the use of VGI to select
from a range of different global land cover datasets, whose quality is known to vary.

Evaluating Global Datasets

For both study areas, the proportions of cropland recorded by each of the global land
cover datasets were found to be significant predictors of the presence of
crowdsourced data of Cultivated and managed.

GeoCover was found to have the strongest relationship with volunteer
conceptualisation of cropland with the GlobCover and Hansen datasets having the
weakest relationships in Africa and South America respectively.

The GLC data was found to best predict the absence of cropland being recorded by
volunteers.

Comparing Expert and Non-Expert Conceptualisation of Global Datasets
The differences between expert and non-experts conceptualisations of land cover and
global datasets measures of cropland were much greater in South America than in
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Africa, potentially indicating the impacts of different conceptualisations (eg for data
selection) of this feature in these areas.

If the expert data are considered as the referent then low (~25%) errors omission
(exclusion) occurred in Africa with high levels (~45%) for South America. Errors of
commission (inclusion) were similar in both the study areas (~25-30%).

Volunteer Confidence

The impacts of considering only Sure / certain crowdsourced data on cropland were
much greater for the selection of the best global dataset in Africa than in South
America.

6 Discussion

There is much interest in methods and applications to take advantage of the large
volumes of crowdsourced data that are potentially available to scientific research. The
ubiquity of location-enabled devices that attach a geographic reference or geo-tag to
such information that is easily shared via various portals and networks provides
spatial information scientists with a number of challenges. Not least of these is the
need to understand how the concepts embedded in the data that are contributed relate
to the intended use of that data. This research has shown that conceptualisations
between expert and non-expert groups vary and that decisions made using
crowdsourced data (in this global dataset selection) will also vary.

There has been much recent research to understand the quality and reliability of
crowdsourced geographical data particularly in relation to the data collected by the
Geo-Wick project and methods have been developed for generating error and
uncertainty measures [11, 14, 15, 25, 26]. However, as yet little consideration has
been given to different conceptualisations of landscape features held by different
contributors and the impacts of those. This research has highlighted those differences
and their impacts on decisions and the need for further investigation into formal
structures to allow such differences to be modelled and reasoned with.

Participation in VGlI-related activities may empower citizens to create spatial
information and to represent their world [41, 42], but may also enhance social
disparities across the digital divide as “the favored few “(with digital access) are
allowed to exploit “the mediocre many” (without) (quotes from [43]). As spatial data
creating and mapping is an inherently politically and socially mediated activity [44],
the digital divide results in disparities in the opportunity to create information.
Globally, a narrow subset of the world’s population has the opportunity to describe
what is there. For instance 6.2% of total internet use in 2011 was in Africa despite it
accounting for 14.7% of the global population', and within developed countries the
digital divide reflect an urban bias in access to broadband technologies [45].

! http://www.newmediatrendwatch.com/world-overview/
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This suggests a number of areas appropriate for further research that are being

developed in on-going research by the authors:

Analysis of the impacts of volunteer characteristics such as their background,
training and socio-economic contexts on their perceptions and what they record.
Consideration of the digital context within which information is volunteered, the
impacts of the digital divide on participation, both in terms of contribution and the
extent to which participation has the unintended effect of increasing the digital
divide.

Analysis of the degree to which spatial knowledge is shaped by identity, power,
and socioeconomic status and the extent to which is spatial data handling through
VGl is socially and politically mediated.
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