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ABSTRACT

The mapping of cultural ecosystem services through online public participation GIS (PPGIS) has
predominantly relied on geographic entities, such as points and polygons, to collect spatial data,
regardless of their limitations. As the potential of online PPGIS to support planning and design
keeps growing, so does the need for more knowledge about data quality and suitable geographic
entities to collect data. Using the online PPGIS tool, “My Green Place,” 449 respondents mapped
cultural ecosystem services in Ghent by using all three geographic entities: point, polygon, and the services (CES); green open
novel “marker.” The three geographic entities’ accuracy was analyzed through a quadrat analysis, spaces; geographic entity
regressions against the collective truth, the Akaike information criterion, and a preference test (GE)

based on the survey’s outcomes. The results show that the point reflects the weakest the collective

truth, especially for mapping dynamic cultural practices, and the marker reflects it the strongest.

The polygon’s performance compares to that of the marker’s, albeit slightly weaker. The marker

delivers a more nuanced image of the respondents’ input, is simpler to use, and has less risk of

spatial errors. Therefore, we suggest using the marker instead of the point and the polygon when

collecting spatial data in future cultural ecosystem services research.
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Introduction Throughout its constitution, PPGIS has gone

Schroeder (1996, p. 28) defines public participation
geographic information systems (PPGIS) as “a variety
of approaches to make GIS and other spatial decision-
making tools available and accessible to all those with
a stake in official decisions.” Since its establishment,
PPGIS has metamorphosed into a multi-disciplinary
concept involving multiple stakeholders and goals
(Sieber, 2006). Much of the early PPGIS research col-
lected spatial data through physical, low-tech methods,
relying on printed maps or physical models; these are
straightforward and do not require any IT skills
(Brown & Reed, 2000; Poole, 1995; Rambaldi, 2010).
However, such methods are more expensive, have
a higher turnaround time and engaging with large
groups of individuals can be more challenging than
digital methods. Moreover, there is a higher probabil-
ity of operational spatial error when digitizing the data
(Brown & Reed, 2009).

through five waves of changes regarding how people
use and understand it (Panek, 2016). Recent technolo-
gical advancements have enabled the so-called “fifth
wave” (Panek, 2016), which has shifted the field of
participatory mapping toward digital approaches for
data collection. Moreover, PPGIS tools tapping into
various geoweb platforms and social media have turned
PPGIS into a cost-effective approach that offers the
general public the possibility to co-create and analyze
spatial data (Chilton, 2020; McCall et al., 2015; Pének,
2016). This synergy between PPGIS and social media
(e.g. Facebook, Instagram, and Twitter) has created
a positive feedback loop, whereby they maximize the
channels in which neocartographers can create content
(Atzmanstorfer et al., 2014). Consequently, in the last
15 years, awareness of the potential spatial data holds
has grown, and with it, the generation of new tools to
collect and visualize it (Corbett & Cochrane, 2020).
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Cultural ecosystem services (CES) is one field that has
harnessed geoweb tools, such as PPGIS, for mapping and
assessment (Brown & Fagerholm, 2015). CES are “all the
ways that living systems contribute to or enable cultural
benefits to be realized” (Haines-Young & Potschin, 2018,
p. 18). This classification allows to distinguish between
what people do and feel (“cultural practices”) from the
ecosystem that enables, facilitates, or supports those
activities or feelings (“environmental spaces”)(Church
etal., 2014, p. 5). Hence, this study will focus on mapping
cultural practices in environmental spaces that fall under
the definition of “green open spaces” rather than all types
of environmental spaces. In line with Bundesministerium
far Umwelt Naturschutz Bau und Reaktorsicherheit
(BMUB) (2015), p. 7), we define green open spaces as
“all forms of vegetated areas such as parks, cemeteries,
allotments, brownfields, areas for sports and playing,
street vegetation and street trees, vegetation around pub-
lic buildings, areas of nature protection, woodlands and
forests, private gardens, agricultural areas, green roofs,
and green walls as well as other open spaces.” Due to the
strong presence of water in the case study, our definition
also includes water bodies and their nearshore environ-
ments such as streams, lakes, ponds, artificial swales, and
stormwater retention ponds.

In this study, we concentrate on mapping CES, the
most anthropogenic and challenging ecosystem service
type (Gliozzo, 2018). CES depend on the human and
socio-cultural values that people attach to spaces in
contrast to other ecosystem services that rely on mone-
tary or biophysical metrics (Kelemen et al., 2016). As
a result, they are extremely complex to research and are
often part of a broader analysis rather than the main
focus (Milcu et al., 2013). However, PPGIS tools that
rely on deliberate and analytic components offer possi-
bilities for deeper insights into human-nature relation-
ships, making them suitable for assessing CES (Kelemen
et al., 2016).

The growing use of online PPGIS in planning and
design (McCall & Dunn, 2012) has drawn attention to
the methodological and cartographical challenges in
data quality (e.g. respondents’ capabilities to use GIS
tools and create accurate, high-quality data). Positional
accuracy is a commonly used technique to assess map
quality, which has shown “collective intelligence.”
Collective intelligence relies on the premise that collec-
tions of individual contributions are better than existing
spatial data resources (Spielman, 2014). However,
designing participatory mapping tools with a focus on
data quality and accuracy is a complex endeavor since
“quality data” is difficult to determine.

Spielman (2014) suggests a better way to achieve
data quality is to ensure that the tools and systems

are “well-designed.” Based on his premise, a well-
designed tool allows a large group of respondents to
easily provide input, thereby ensuring the end pro-
duct’s quality: the collective dataset. This premise
implies that a geographic entity (GE) in the tool must
be user-friendly enough for neocartographers to foster
high-quality input while equally providing accurate
and detailed information up to practitioners’ stan-
dards. (Panek, 2016). However, in pursuit of data qual-
ity, the relation between the mapping of subjective
attributes and accuracy must not be forgotten, and
neither the extent to which respondents’ input accu-
racy can or needs to be measured. McCall and Dunn
(2012, p. 87) pointed out that neocartographers’ input
“cannot be directly compared with spatially precise
lines from technical surveys.” Moreover, they argued
that “high spatial accuracy does not necessarily mean
alignment between local perceptions or problems in
the use of resources.” Their remarks bring to light
that, in some instances, like creating mental maps or
mapping cultural values, accuracy is not as critical as
other factors.

Authors such as Brown and Fagerholm (2015),
Gomez-Baggethun et al. (2018), and Cheng et al.
(2019) have argued that the potential for uniqueness
and fuzziness among respondents’ input is what makes
PPGIS such a suitable tool for mapping the subjective
and abstract. Thus, any application of GIS tools should
recognize that “different information needs correspond
to different degrees of locational ambiguity or certitude”
(McCall & Dunn, 2012, p. 87). In the case of CES,
“fuzziness, ambiguity, and lesser certitude” are not
only expected but sometimes encouraged since these
factors can also become valuable data when mapping
abstract constructs (McCall & Dunn, 2012, p. 87).

It is essential to highlight that even a well-designed
digital PPGIS tool can complicate the data collection
process. Respondents can be prevented from sharing
their knowledge due to the “digital divide” (Corbett &
Cochrane, 2020, p. 134) and unfamiliarity with the
mapping mechanisms (ICT Update, 2005). Factors
that influence this complexity include, but are not lim-
ited to, the nature of the mapped attribute, the quality of
the mapping environment, and the respondents’ map
literacy (Brown & Pullar, 2012). It could be argued that
the quality of the mapping environment, which is
directly connected to user-friendliness, has an inverse
relation to respondents’ map literacy. If PPGIS is to
succeed in bridging GIS between professionals and the
general public, it has to be easy, efficient, and enjoyable
to work with, and there is no doubt that a suitable GE is
crucial, especially when map/computer literacy is low
(Nielsen, 2003).



Literature has over-relied on the point and the polygon
as the preferred GEs for mapping a diversity of attributes
in the past 20 years, both in physical and digital means
(Brown & Fagerholm, 2015; Corbett & Cochrane, 2020;
Jaligot et al., 2018). However, these geographic primitives
come with tradeoffs that have not been widely discussed.
Their perpetuation by authors like Brown, Fagerholm,
and others as defaults without further questioning their
suitability to map specific attributes fosters the negative
attitude toward the quality of content created through
these tools. Thus, data collection alternatives are required
that allow to “build confidence among academics and
decision-makers alike, promoting the adoption of such
tools as an improvement to the decision-making process
in a multitude of research areas” (Huck et al,, 2014, p. 8)

The spraycan is a rare GE alternative that indicates
fuzzy areas and hot spots through density variation
(Evans & Waters, 2003; Huck et al., 2014). While the
respondents’ opportunity to vary their spray density is
an asset, it does come with some downsides. Evans and
Waters (2003) have discussed how the processing of
density surfaces (rasters) is demanding in regards to
data storage, transfer, and analysis. The tool simulta-
neously collates multiple user entries over the web,
making the process lagged, creating frustration for
respondents, and discouraging use of the tool (Darejeh
& Singh, 2013). Huck et al. (2014) addressed this pro-
cessing issue by using a spraycan with a “multi-point-
and-attribute” data structure that is vector-based, mak-
ing it lighter to input and process.

Although several graphic software packages include
airbrush-like tools, people with low computer literacy or
motorial limitations, such as the elderly, novices, or
people with mental or physical disorders, may find it
unfamiliar and complex (Gottwald et al, 2016).
Moreover, the density variation of the spraycan pro-
vides a greater level of input customization that may
be only seized by those who are more map/computer
literate, while in those who are not, it can play a critical
role in preventing them from even using the tool.

Following Evans and Waters (2003), this paper inves-
tigates a fourth option, namely, the marker: a GE that is
a free - hand drawing polyline. When processing the
data, this polyline with a certain width is transformed
into a polygon, which allows for easy analysis, manip-
ulation, and storage (Jensen & Jensen, 2013).

The marker in our online PPGIS aims to mimic the
smooth drawing of a real marker on a paper surface. Such
smooth drawing fits in with the well-established and evolu-
tionary human preference for smooth curvatures instead of
the sharp angular lines, two-dimensional shapes, and com-
plex objects produced by the polygon (Bertamini et al., 2016;
Cotter et al., 2017). Furthermore, the rise in mobile device
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touchscreen usage has provided respondents with limited
computer literacy or motorial impairments to be both faster
and more accurate than they would with a mouse (Hussain
et al,, 2017; Statista, 2020). Dragging motions like the one
used by the marker are smoother and more intuitive on
a touchscreen than the polygon’s segmented style (Findlater
et al., 2013). This means it provides a similar level of infor-
mation to that of the polygon while been easier to handle.

Aim of the study and research questions

This study’s main research question is which GE
(point, polygon, or marker) is the most suitable to
map CES in green open spaces. Therefore, this paper
compares the three GEs to gain insights into their
strengths and weaknesses concerning their accuracy
when mapping cultural practices in Ghent’s green
open spaces. Ghent has a population of 263,927, is
the third largest city in Belgium and the capital of the
East Flanders province (STATBEL, 2021). Thus, the
following five sub-questions were formulated: 1) How
accurately do point, polygon, and marker map aggre-
gated cultural practices across the city? 2) How does
the nature of the cultural practices (static versus
dynamic activities) affect the accuracy of these
GEs? 3) How accurately do point, polygon, and marker
map cultural practices at the park scale 4) Which GE
has the highest spatial error? 5) Which GE do respon-
dents believe provides the most accurate representa-
tion of their input?

The aforementioned research questions are part of
a broader research project that seeks to improve PPGIS
practices and to better incorporate them in the planning
and management of green open spaces. This study is
one of its components (see Figure 1).

To address research questions 1 to 4 this paper draws
on the overlap counts of each GE through
a combination of quadrat analysis, linear regressions,
and the Akaike information criterion for each GE. For
research question 5 the paper builds on the survey
results and the confidence interval method to test the
statistical preference of each GE by the respondents.

Methods
Data collection

For this study, the online PPGIS tool “My Green Place”
was used from July 2019 to January 2020 to collect data
about cultural practices in green open spaces within
Ghent, a city located in the north of Belgium. To do
so, a local campaign called “We Love Gent” was
launched. The campaign shared a link to the tool



494 N. RAMIREZ ARANDA ET AL.

The context

As part of a broader research project, it
was required to map effectively Cultural
Ecosystem Services through a digital PPGIS
tool in Ghent, Belgium.

The problem

Current geographical entities to map
certain attributes proved unsuitable and
complicated given the digital nature of the
tool and the research target groups.

which geographical entity (point, polygon,
marker) is the most suitable to map
Cultural Ecosystem Services in green open
spaces?

@ The study

A digital PPGIS tool
was built to allow
participants to map
their favorite green open
spaces using three GEs:
point, polygon, marker.

The final
version (third
iteration) was

called “My
Green Place”.

The tool required
two iterations and
adaptations to
fit the research
questions needs.

449

participants mapped their
favorite green open spaces
in Ghent (three times) using
the point, polygon and
marker. This study is built
on their input.

The tool was
promoted through
the “we Love Gent”

campaign. Data
collection ran from
July 2019 - January
2020.

Figure 1. Infographic describing the research design.

(http://cartogis.ugent.be/mimi/welove/) with Ghent’s
inhabitants via social media and e-mails. Anyone with
a link could access the tool via smartphone, tablet, or
computer.

Although several channels were used to approach
the three target groups (teenagers, migrants, and the
elderly), the university delivered most of the 449
respondents, hence the high number of teenagers and
young adults in the sample (see Table 1). Likewise, the
sample also shows a majority of Belgian respondents
(89%), as opposed to expat respondents (see Annex 1

Table 1. Sample distribution by age group.

Age group Respondents
Kids (11-12) 47
Teenagers (13-19) 194
Young adults (20-39) 157
Middle adults (40-59) 42
Old adults (60+) 7
Unspecified 2

in Supplementary Materials). These target groups were
chosen based on discussions with local and regional
planning agencies, which agreed that these were the
most common groups their participation methods did
not reach.

“My Green Place” is a web-based PPGIS tool created
with PHP that uses Leaflet ]S for the maps, open street
map as a background layer, and Postgres/PostGIS as
a database. It runs on a virtual server in Apache, hosted
by Ghent University. The layout was made using boot-
strap CSS, and data can be examined via PgAdmin or
QGIS.

Respondents using “My Green Place” were asked to
indicate one favorite green open space at a time using all
three GEs, namely, point, polygon, and marker. The
order in which respondents used the three GEs was
randomized to prevent any bias toward a particular
GE. Once they used all three GEs to draw their one
favorite place, they could move on to the second section
about their activities. Respondents could select from
a list of 18 different cultural practices based on the
classification presented by Church et al. (2014; see
Table 2).

After indicating the activities, respondents were
asked about the attributes of the place they had marked
via sliders that included, for example, pleasant view,
tranquility, safety, and cleanliness. To triangulate the

Table 2. Distribution of the respondents’ selection of cultural
practices categorized according to Church et al. (2014).

Category Cultural practices Respondents
Playing and excersising Biking 121
Listening 84
Meditation 35
Paddling 13
Running 130
Sitting 224
Sporting (football,petanque) 125
Swimming 38
Walking the dog 70
Walking 279
Creating and expressing Fotography 108
Painting/drawing 14
Producing and caring Fishing 7
Gardening 10
Gathering and consuming Camping 6
Meeting with friends 162
Picnic/BBQ 159
Other (open field) 1
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accuracy, respondents were asked which GE they believe
to provide the most accurate representation of their
input. Finally, the tool collected basic information on
the respondents’ age, gender, nationality, and
neighborhood.
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The three GEs are dependent on the zoom the
respondent uses when drawing (see Figure 2). The size
of points, as well as the width of the polygons’ and
markers’ lines, adjust automatically based on the open
streets map zoom levels and the default zooming

¢) GE: point, zoom level #6

b) GE: point, zoom level #13
LIz

a) GE: point, zoom level #18

a

il u -

f) GE: polygon, zoom level #6

d) GE: polygon, zoom level #18 d) GE: polygon, zoom level #13
)& [ J2]E]?)

B8 [ Jols]2)

—" B

Draw a polygon

g) GE: marker, zoom level #18 h) GE: marker, zoom level #13 i) GE: marker, zoom level #6

8EE00 8EE00 8EE08
Y W 0
N g
e & ‘/ ;n f
_— » -

", - Neor i
Marker freestyle n Marker freestyle m

Figure 2. Comparison of the dynamic adjustment and zoom levels in “My Green Place” tool of the point, polygon, and marker at
different scales. Figures a)-c), d)-f), and g)-i) display each GE at a park, city, and global scale, respectively. Figures g)-i) compare the
dynamic width for the marker. Figure g) shows an urban park view with great detail at zoom level #18. Figure h) shows the city scale at
zoom level #13, while Figure i) shows a part of Europe at zoom level #6. In all images, the marker’s width drawn in yellow appears to
be the same size regardless of the map’s scale, demonstrating the tool’s automatic adjustment.

Marker freestyle
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capabilities of Leaflet. Therefore, points and lines always
appear at the same size on a respondent’s screen. When
retrieved from the database, the widthless marker lines
must be buffered to their respective width - to reflect
what each participant drew — which turns them into

polygons.

Data analysis

To test each GE suitability for mapping CES, we com-
pared the three data sets, namely, the aggregation of
points, polygons, and markers, to a “true” representa-
tion of respondents’ favorite green open spaces per type
of cultural practices. We measured each GE’s accuracy,
that is, the closeness of each observation to a true value
(or one accepted as true; DCDSTF, 1988, p. 28). Ideally,
this measure of the truth would be exogenous to our
measurements. However, in CES’s particular case, and
considering our measurements’ localized nature, we had
to rely on user-generated data. Therefore, an estimation
of that “true” representation, denoted as the “collective
truth,” was built using our data (Brown & Pullar, 2012).
This collective truth approach is unlike the one used by
Brown and Pullar (2012) which compared points and
polygons from different respondents against each other,
rotating them as “the truth,” whereas our approach
builds on the three GEs’ inputs, provided by each of
the 449 respondents.

We built our spatial “collective truth” by aggregat-
ing the average of points, polygons, and markers
drawn by all 449 respondents using the quadrat analy-
sis method (QA). QA examines the spatial arrange-
ment of point locations through a grid, counting the
points occurring in various parts of an area (McGrew
& Monroe, 2009). The procedure was relatively simple;
each QA has three grids, one for each GE. When the
overlap counts of each GE were obtained, they were
compiled in one single spreadsheet file. The specific
overlap counts for each GE per quadrat cell were
averaged, providing a “collective truth” value for that
particular quadrat cell (see Figure 3). Finally, QA with
quantile maps and regression analyses were used to
measure spatial differences between each GE’s data
set and the collective truth. As all GEs contributed to
our collective truth, they all demonstrated some degree
of association with it. Therefore, we assessed accuracy
by focusing on the differences in this association’s
quality and strength.

In what follows, we explain the methodology used to
answer questions 1-4 in more detail. First, we defined
the analysis area, followed by a calculation of the quad-
rat cells’ dimensions, the aggregation of the point, poly-
gon, and marker counts, and our approach to dealing

with quadrats without any input. Subsequently, quad-
rats with counts in clusters were grouped onto quantile
maps. Next, we measured accuracy using a simple linear
regression, the Akaike information criterion (AIC), and
global surface comparison.

The QA procedure overlays a regular square grid
over the analysis area, counting the number of points,
overlapping polygons, and markers that fall within each
cell or quadrat (see Annex 2 in Supplementary
Materials). Since points may denote an area beyond its
x, y coordinates, authors like Brown and Pullar (2012)
have used a kernel density approach to analyze them.
This study, however, does not make such assumptions
about a point’s outer reach as they seem riskier than
simply accepting the point’s limitations. Especially so
since there was no direct reference from the respon-
dent’s intent. This missing confirmation, plus the
impossibility of excluding fixed attributes (e.g. bench,
statue, tree), is why we limited the points’ reach to their
x,y coordinates, and quadrat cells. Thus, by using the
QA, the variation in the positional uncertainty of the
three GEs was removed allowing a more homogeneous
comparison regardless of the GEs’ variable properties
and without having to recur to kernel calculations.
Moreover, QA provides frequency distribution maps
that can be compared to our collective truth pattern
(Lee et al., 2001; De Smith et al., 2007). To obtain the
optimal quadrat size, we used Griffith et al.’s (1991,
p. 131) formula:

2xA
Quadrat size : ——
n

where A is the surface of the study area, and # is the
number of points in the distribution; this leads to an T
appropriate square size width:

2-A
n

I =

The three layers containing respondents’ points,
polygons, and markers were merged into one single
polygon to refine the city’s analysis area without poten-
tial bias caused by spaces with no input. This provided
an analysis area of 82.44 km® with a quadrat size of
605 m for research question 1 and 697 m for research
question 2, ensuring the inclusion of each input (see
Figure 4). To answer research question 3, the parks’
polygons were used as analysis areas, resulting in quad-
rat cell sizes of 176 m and 73 m for Blaarmeersen and
Citadelpark, respectively. For research question 4,
Blaarmeersen B25, and L1 pseudo-QAs, we used the
park’s and lake’s polygon, respectively, as analysis area.
Once each quadrat cell was calculated, and the grid was
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Figure 3. Figures a)-f) show the progression of calculating the collective truth at a park scale, which is replicable in the other scales
across the study. Figures a)-b) show the overlaps per quadrat cells of points and polygons (outline) within Citadelpark. Figure c) shows
the marker input without width, as it comes from the database. Figure d) shows the marker input after buffering to its respective width
and overlap counts per quadrat cell. Figures e)—f) show the collective truth value per quadrat cell by averaging the overlap counts of
Figures a), b), and d). Figure e) shows the average number without standardization, and f) shows the standardized version.

in place, each GE was spatially joined to its quadrat grid,
providing its respective frequency distribution map.
The three frequency distribution maps were consoli-
dated into one layer, providing an overlap count per
column for each GE. At this stage, quadrats with “abso-
lute zeros” (AZ) were removed from subsequent analy-
sis. AZ quadrats were never selected by any respondent
using any of the GEs and are typically areas without or
very little CES. To distinguish between selected and
unselected quadrats, the three GEs will perform simi-
larly for reasons that have nothing to do with their ease
of use or their suitability for mapping cultural practices;
rather, it is for reasons that are closely related to the
nature of the area (e.g. an industrial zone is hardly
marked). Therefore, to avoid such a distortion in our
analysis and evaluation of the three GEs, we dropped all

quadrats with AZ and focused on those marked at least
once. Within this set of quadrats, we investigated
whether the same or different quadrats have significant
counts between the three GEs. After eliminating AZ, the
collective truth was calculated through the average of
each quadrat for the number of points, polygons, and
markers in the analysis areas.

The GEs and collective truth scores were rescaled to
lie between 0 and 1 to improve the interpretation of the
consolidated frequency distribution map. The typical
min-max normalization formula was used for this pur-
pose, which kept the shape of the underlying distribu-
tion unaffected. Once the data was rescaled, we followed
INSEE’s guidelines to set the quantile maps’ classes and
groups (INSEE - National Institute of Statistics and
Economic Studies, 2018). This method provides easy-
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to-read maps, which groups the quadrats in equal num-
bers per class while equally distributing the colors in the
key. Moreover, it allows for the easy identification of the
quadrats in the highest and lowest-rated categories. This
method facilitates a direct comparison of the relative
hierarchy between the quadrats produced by the three
GEs. The disadvantage of using quantiles is that quad-
rats with the same scores for the GE and collective truth
could end up in different classes. Given the variation of
scores between the quadrats in our dataset, this is
a minor concern (see Annex 3 in Supplementary
Materials).

We kept the frequency distribution maps on the same
scale with clear classes and grouping methods, which
allowed us to compare each GE against the collective
truth at the same level and for quadrats of the same size.
This approach provided a graphical visualization of the
degree of accuracy to which the points represent the
collective truth per quadrat cell. The resulting table with
all frequency distribution maps was then statistically
analyzed.

Using simple linear regression, we determined
which of the three GEs had the strongest association
with the collective truth. By using the collective truth
as our best estimate of the latent “true” suitability of
the quadrat for CES, we were able to use the collective
truth’s latent value as a benchmark to evaluate the
points, polygons, and markers. In doing so, we must
keep in mind there are general differences between the
parks as well as differences in quadrat size when ana-
lyzing these different parks. Larger quadrats typically
lead to a stronger match between the GE. Even though
the quadrat size was set exogenously to the compara-
tive analysis, such differences prevent us from running
a pooled analysis on all parks combined. Therefore, for
each park separately, we ran three regressions (see
below), each with collective truth as the dependent
variable and one of three GEs as the independent vari-
able. We expected strong and positive correlations
between collective truth and all separate GEs.
Therefore, we additionally compared their relative per-
formance by looking at each model AIC. The AIC is
a scale-free indicator of the amount of information in
the outcome that is lost by modeling it in different
ways. Between models estimated for the same park,
lower values of the AIC indicate a better fit (less infor-
mation lost). Instead of looking at the R-squared values
(percent variance explained), per park we thus used the
AIC to develop an immediate sense of how the three
GEs rank among each other in their relationship to the
collective truth. If the AIC of any two models, esti-
mated for the same park, differed by more than 10
points, the model with the lower AIC was considered
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significantly better (Burnham & Anderson, 2004).
Thus, QAs’ results are only valid compared to the sets
of regressions with the same quadrat size.

To address questions 2 and 4, the sample was divided
into groups depending on the selected cultural practices
respondents. The first group was dynamic cultural prac-
tices (D1) and included those respondents who selected
one or more of the following dynamic cultural practices:
biking, running, walking, and walking the dog.
The second group, static cultural practices (S1),
included those respondents who selected one or more
of the following cultural practices: sitting, reading,
relaxing, meeting with friends, picnic/BBQ, meditation,
and fishing; they did not select any of cultural practices
mentioned in D1. The third group, water (W1), refers to
those respondents who selected one or more of the
following water-related cultural practices: fishing, pad-
dling, and swimming.

W1 was used to address question 4, and it is limited
to Blaarmeersen, which was the only place in the sample
with a water section and a relatively “high” point count.
However, it is essential to remark that data inputs
obtained in this model were limited, making them
unsuitable for statistical estimations of “accuracy” or
generalization to larger populations (Brown et al,
2014; Brown & Kyttd, 2014). Therefore, the analysis
was of a more qualitative, explorative nature. The quad-
rat size in these pseudo-QAs (25x25 m) was calculated
not following Griffith’s formula but a heuristic judg-
ment based on the quantity of mapped data and
a spatial scale that visually provided more nuanced
frequency distribution maps. Two sets of three fre-
quency distribution maps were created. The first was
based on Blaarmeersen and its 56 respondents (B25),
and the second was based only on the lake section (L1).

For the lake analysis (L1), from Blaarmeersen’s
respondents (56), we removed those who were not in
the lake area and those in the W1 group. Thus, the
remaining respondents (27) did not select any water-
related cultural practices, yet their input was within the
lake boundaries. Subsequently, their polygon and mar-
ker inputs were clipped using the lake’s polygon. The
outcome was then spatially joined to the grid, providing
two frequency distribution maps for visual analysis. As
for their tables, a segregated comparison per respondent
was carried out between the polygon and marker area
that fell within the lake versus the original surface. By
subtracting these 29 respondents, only those who did
not intend to mark the water parts remained; in so
doing, we could check if their inputs fell in the water
section and their surface within it (spatial error).

The fifth research question focuses on triangulating
GEs’ accuracy via the respondents’ inquiry." We used the
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survey’s qualitative results to address it, in which respon-
dents were asked which of the three GEs they believed to
provide the most accurate representation of their input.
We statistically tested the respondents’ preference for
a particular GE through the confidence interval method.

Results

Figures 5-8 show the results of the QA. The color-
coded frequency distribution maps illustrate the
spatial overlap per quadrat cell for points, polygons,
markers, and the collective truth. These frequency
distribution maps visualize the distribution of CES
across the city of Ghent according to the three
different GEs. Regression tables are also provided
to compare each of the GE’s R-square scores and
performances versus the collective truth.

RQ1: how accurately do the point, polygon, and
marker map aggregated cultural practices across
the city?

The 605 m QA shows a clear spatial convergence along
the west (at Bourgoyen-Ossemeersen and Blaarmeersen),
the center (at Citadelpark and Zuidpark), and the east
(Gentbrugse Meersen) of Ghent; it highlights the main
CES clusters and provides a panoramic view of the dif-
ference between each GE’s frequency distribution map
(see Figure 5). Visually and statistically comparing each
GE against the collective truth allowed us to figure out
how accurately each of them reflects it.

At this scale, points cover the main CES’ clusters
to a limited extent. This can also be verified when
comparing points statistically against the collective
truth. Table 3 shows the results of the linear regres-
sions of points, polygons, and markers count per
quadrat on collective truth.” First, the results show
a highly significant and positive relation between
collective truth and points count. The R-square
indicates that points count explains 84.5% of the
variation in collective truth. The results also show
that between polygons and markers, the marker best
captures the collective truth. These models, too, are
highly significant, with substantially higher R-square
values than the point count model (96.3% and
97.9% of variance explained, respectively). These
models are strong since points, polygons, and mar-
kers counts were used to generate the collective
truth. Therefore, we compared the models using
the AIC rather than R-square (Burnham &
Anderson, 2004). The AIC for the marker count

model is the lowest, by a significant margin, com-
pared to the polygon count model, which performs
significantly better than the point count model.

RQ2: how do the nature of the cultural practices
(static versus dynamic activities) affect the accuracy
of these GEs?

Mapping dynamic cultural practices that entail constant
displacement across green open spaces, such as running,
walking, and biking, reveal the limitations of points. In
such situations, two-dimensional GEs, such as the polygon
or the marker, can clarify for what and how the space is
used.

The second QA, Ghent 697 m, addressed this hypoth-
esis by dividing respondents’ inputs into two categories:
dynamic (D1) and static (S1). Of the 449 respondents,
339 were in the D1 group and 97 in the S1 group. Similar
to the Ghent 605 m QA, the points’ frequency distribu-
tion map differ considerably from the collective truth
(see Figure 5). A linear regression (see Table 4) showed
that the capability of points to reflect the collective truth
for the dynamic case is slightly lower than the 605 m QA.
The R-square in the dynamic case, using points, is 81.7%
compared to 84.5% from the Ghent 605 m QA (see
Table 5).

Similarly, polygons and markers also exhibit lower
performance in the dynamic variety than the 605 m QA
scores, looking at the R-square values. Marker perfor-
mance in the dynamic case comes closest to its perfor-
mance for the sample as a whole. For the models on the
dynamic cultural practices, we found the same hierarchy
between points, polygons, and markers as noted above;
looking at AIC, the marker outperforms them all (see
Table 6).

When comparing both QA regressions, points exhi-
bit the weakest performance, and markers show the
strongest performance. Since 75% of the sample is in
the dynamic group, the point would score lower
R-square values than the polygon and the marker.

However, if a sample was mainly composed of static
cultural practices, the frequency distribution map of
points, polygons, and markers should look fairly similar
due to the focalization of cultural practices. This would
yield smaller drawings that fall under the same quadrat
cell and are not scattered across several ones, as seen with
dynamic cultural practices. A QA was conducted that
included the 97 respondents whose input was in the static
group to provide a better understanding. Unfortunately,
the amount of information was insufficient to produce an
ideal quadrat size that would allow drawing any concrete
inferences. Hence, the static frequency distribution maps
from S1 were omitted from this study.
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Table 3. Ghent 605 m QA regressions results.

Count regressions R-square Std err AIC Obs
Ghent 605 m points 0.845 0.026 855.77 160
Ghent 605 m polygons 0.963 0.018 628.99 160
Ghent 605 m markers 0.979 0.013 539.97 160

Table 4. Ghent 697 m QA regressions results.

Count regressions R-square Std err AlC Obs
D1_Ghent 697 m points 0.817 0.032 668.13 128
D1_Ghent 697 m polygon 0.954 0.023 492,51 128
D1_Ghent 697 m marker 0.978 0.015 394.71 128

Table 5. Park scale QAs regressions results.

Count regressions R-square  Std err AlC Obs
Blaarmeersen 176 m points 0.599 0.036 262.71 45
Blaarmeersen 176 m polygons 0.977 0.035 133.80 45
Blaarmeersen 176 m marker 0.983 0.025 121.36 45
Citadelpark 73 m points 0.403 0.061 245.23 50
Citadelpark 73 m polygon 0.877 0.065 166.27 50
Citadelpark 73 m marker 0.903 0.069 154.20 50

Both QA analyses identify CES’s main clusters and the
respondents’ preference for dynamic or static cultural
practices at the city scale. Nevertheless, the quadrat size is
so large that it fails to provide a clearer visualization of the
respondents’ input in relatively small green open spaces.
This finding reveals the importance of critical sample size
and scale when choosing a suitable GE for a specific CES.

RQ3: how accurately do the point, polygon, and

marker map cultural practices at the park scale?

To address research question 3, we downsized the QA to
the park scale, focusing on Ghent’s two parks with the
highest input count, Blaarmeersen and Citadelpark (see
Figure 6). Compared to the city level results (where
R-square = 84.5%), the point count model for
Blaarmeersen 176 m QA shows a considerably lower
R-square value of 59.9%. Conversely, the polygon and

the marker models continue to have high R-square values
(97.7% and 98.3%, respectively), comparable to the city’s
level performance. The AIC for the Blaarmeersen marker
count model is the lowest, by a small but significant
margin, compared to the polygon model.

The point model AIC is substantially larger, indicat-
ing a lower quality of fit. Citadelpark 73 m QA showed
a similar pattern compared to the city level models as
the R-square values for the points are substantially
lower. In contrast, the R-square values for the polygon
and marker models are also lower but by a much smaller
extent (87.7% and 90.3%). Likewise, in a previous QA,
the marker’s AIC was again the lowest, followed closely
by the polygons’ AIC and with the points’ AIC, the
highest loss of information. Thus, we can conclude
that the marker best captures the collective truth.

Based on these results, it can be argued that the
marker best captures the collective truth at both the
city (see RQ1) and the park scale (see RQ3), even though
at the park level, the polygon performance is quite close.
Conversely, the point model exhibits the most substan-
tial information loss out of the three, particularly at the
park level. Therefore, we may also conclude that the
relative ranking of point, polygon, and marker, as
reported in this analysis, does not depend on whether
we consider the whole of Ghent or these specific parks
and whether we specifically focus on dynamic cultural
practices.

RQ4: which GE has the highest spatial error?

A smaller quadrat cell provides detail on the differences
and similarities between polygons and markers that the
larger quadrat cells did not capture due to the sample
size limitations. Blaarmeersen B25 shows that when
respondents use the polygon, the drawn area tends to
be more extensive and less defined than with the marker

Table 6. Segregated comparison of each respondent’s polygon and markers surface in and out of the water section.

User W_Marker m? Marker m? mk% in water W_Polygon m? Polygon m? pl*% in water

13 427.29 5,15,936.91 0.08% 1,54,108.08 3,84,225.75 40.11%
41 29,019.27 53,432.07 54.31% 27,743.55 30,607.37 90.64%
80 2,763.54 1,01,532.70 2.72% 56,222.09 1,63,373.83 34.41%
150 6,912.27 95,296.48 7.25% 185.76 73,928.53 0.25%
191 1,052.17 3,846.27 27.36% 3,800.68 14,339.27 26.51%
219 1,630.90 68,898.76 2.37% 95,857.06 2,96,719.85 32.31%
231 1,74,627.71 4,69,749.05 37.17% 1,73,942.46 3,44,597.89 50.48%
291 10,987.77 41,468.43 26.50% 1,71,088.52 3,86,428.90 44.27%
313 27,653.89 68,582.51 40.32% 17,492.25 20,313.09 86.11%
378 15,559.93 90,913.47 17.12% 1,73,495.87 4,46,711.65 38.84%
414 55,695.23 5,06,362.47 11.00% 1,74,627.69 9,72,134.56 17.96%
462 1,70,267.55 2,96,646.42 57.40% 1,69,722.05 2,61,693.40 64.86%
438 10,298.36 70,642.35 14.58% 1,74,178.91 2,80,966.37 61.99%
489 1,57,196.82 4,62,193.19 34.01% 1,71,775.86 3,61,466.13 47.52%
551 58,644.34 2,20,704.96 26.57% 1,53,183.83 1,79,270.99 85.45%
588 41.56 27,075.19 0.15% 1,529.84 34,923.33 4.38%
Totals 7,22,778.62 30,93,281.22 17,18,954.49 42,51,700.89

Average 45,173.66 1,93,330.08 22.43% 1,07,434.66 2,65,731.31 45.38%
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(see Figure 7). Although the polygon’s frequency dis-
tribution map shows that the lake is an important clus-
ter of cultural practices, the coarse image it delivers
makes it impossible to determine if these cultural prac-
tices happen within the lake (water-related cultural
practices) or around the lake (dynamic or static inland
cultural practices).

However, when looking at the marker frequency dis-
tribution map, there are three clear areas where respon-
dents’ cultural practices take place: north of the water
body (1), east of the water (2), and south of the water
body (3); it does not show that they take place within the
water, as suggested by the polygon frequency distribu-
tion map. These frequency distribution maps show that
the marker provides a more nuanced image of the
responses than the polygon. Additionally, it draws
attention to the high flux of cultural practices around
the body of water, which presents a unique opportunity
to check the spatial error through the L1 model.

Blaarmeersen L1 (see Figure 8) contains input from
27 respondents whose polygons and marker drawings
covered different water surface areas despite having not
selected any direct water-related cultural practices.
These potential activities are the remaining 15 in Table
2, once fishing, paddling, and swimming are removed.
Both polygon and marker drawings from 16 out of the
27 respondents covered water sections. Four out of the
27 covered water sections with markers only, and one
with the polygon. From those who marked the water
section with both GEs, 14 out of 16 times, the polygon
surface was larger than the marker. Globally, the total
surface of polygon and markers on the water section was
1.72 km? and 0.72 km?, respectively.

Likewise, the average percentage of the entire surface
of polygons and markers on the water section is 45.38%
and 22.43%, respectively. This result indicates an almost
50% reduction in spatial error when mapping with the
marker rather than the polygon (see Table 6).

The quality of the mapping environment, which in
the case of online PPGIS tools can be translated to the
used device, in addition to the respondents’ map lit-
eracy, directly affects the respondent’s preference and
handling of different GEs. A GE that is easier to use can
make respondents feel more comfortable while drawing,
thereby providing more accurate mapping. Conversely,
a less intuitive and more difficult GE might cause
respondents to draw less accurately and yield different
spatial results across GEs.

Based on this assumption, we not only compared
respondents’ input in the L1 model against a physical
element, such as the lake, but we also compared the
aggregated polygon and marker surfaces from the Ghent,
Blaarmeersen, and Citadelpark QA (see Table 7). Through
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Table 7. Comparison of aggregated areas of polygons and
markers at different scales.

Scale Polygon km? Marker km? Area difference %
Ghent 76.98 48.02 37.62%
Blaarmeersen 10.52 8.13 22.70%
Citadelpark 2.63 2.03 22.82%

Table 8. Survey results per age group to the question “Which GE
allowed you to best represent the input of your favorite green
open space?.”

Age range N  Points Polygon Marker Grand Total
Kids (0-12) 47  1.11%  4.23% 5.12% 10.47%
Teenagers (13-19) 194 579% 15.14% 22.27% 43.21%
Young adults (20-39) 157 6.68% 14.70% 13.59% 34.97%
Middle adults (40-59) 42 290% 2.67% 3.79% 9.35%
Old adults (60 - -) 7 045%  0.45% 0.67% 1.56%
Undefined (x) 2 0.45% 0.45%
Grand Total 449  17% 37% 46% 100%

the three scales, the polygons’ surfaces are consistently
larger than the markers, with a difference ranging from
22% to 37%.

RQ5: which GE do respondents believe provides the
most accurate representation of their input?

The tool asked respondents which GE allowed them to
best represent the input of their favorite green open
space. The results are summarized according to age
group in Table 8 and through the confidence interval
method in Figure 9. Figure 9 shows that even though
points are the easiest GE for respondents to use, they
were the least popular for all ages (N =76, 17%). Overall,
the marker was the preferred GE (N = 206, or 46%),
followed by the polygon (N = 167, or 37%). The differ-
ence between the three GEs is significant at the 90%
confidence level.

Discussion

This study found that the marker is a more suitable GE
for mapping CES than the point and the polygon. It
systematically compared and analyzed three GEs (point,
polygon, and marker), two types of cultural practices
(static versus dynamic), and two scales of analysis (city
and park) using QA, regressions, and a confidence inter-
val method. The study improves our understanding of
geographic information analysis and the use of maps
that were created through online PPGIS tools such as
“My Green Place.”

In the QA analysis, points exhibit the weakest per-
formance for reflecting the collective truth, especially
for dynamic cultural practices (low R-square and high
AIC values). Although they are generally easy for
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Survey: respondent preferred GE
in % and with 90% C.I.
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Figure 9. Respondents’ preferred GE, in percentages of the total
response. Error bars represent a 90% confidence interval.

respondents to use, they were the least preferred GE
across all age groups. Nonetheless, points might be
suitable if they are meant to provide a general identifi-
cation of clusters or if the focus is on static cultural
practices. If research focuses on analyzing static cultural
practices, the sample size may need to be relatively
larger to achieve “spatial convergence” compared to
one based on polygons (Brown & Pullar, 2012). This
need for a larger sample aligns with the collective intel-
ligence concept (and collective truth), in which the
quality of the end map is related to the number of
respondents; the more respondents and contributors,
the better the product (Haklay et al., 2010; Lévy, 1997;
O’Reilly, 2005). This sample aspect is particularly rele-
vant for the QA and quadrat size calculation (Griffith
et al,, 1991, p. 131). If the relation between the number
of points and the analysis area is disproportionate in the
formula, it can lead to the modifiable area unit problem
(MAUP) (Mitchell, 2005). Fewer points equal large
quadrat sizes, and thus many cells can result with

equal or similar counts, whereas many points equal
small cells leading to many cells containing no points
(see Figure 10).

The sample’s constitution and size are critical for the
QA but also for the overall results of the study, given its
digital nature. Its distribution across age groups is
strongly linked to aspects like computer literacy and
dexterity. Especially since one could argue that the pre-
dominance of teenagers and young adults in the sample
could skew the GEs’ preference results because they are
more computer literate than the other groups (Roman,
2017).

Our findings also suggest that if the goal is to analyze
how that hotspot is being used comprehensively, the
polygon and the marker are better suited and provide
a more fine-scale analysis of CES, especially with
dynamic cultural practices. While it is evident that the
polygon and marker yield similar frequency distribution
maps, the marker’s frequency distribution maps provide
a more nuanced image than the polygon’s. In contrast,
the polygon’s bulkiness produces coarse features that
are less accurate and more extensive than the marker’s.
This contrast may depend more on respondents’ skills
to use the tool and its interface (thus their accuracy and
ability to represent what they mean) instead of the
polygon’s inherent properties. For example, one could
argue that a map and computer literate respondent
could provide highly detailed input with the polygon
and the marker. However, based on our sample and the
tool’s user-friendliness, we argue that the marker is an
easier GE for mapping CES across all age groups, lead-
ing to a more homogeneous data quality.

This study showed that when zooming into the park
scale, the respondents’ polygons repeatedly included
water sections, even when their cultural practices were
not water-related. This explorative section, although
limited, offers insight into the potential of analyzing

a) b)

c)

Figure 10. a) Many quadrats contain no points. b) Quadrats have close to the same number of points. c) Quadrats are large enough, so
many contain at least one point but small enough to provide a range in the number of points per quadrat cell.



a) X b)

d) e)
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c)

f)

Figure 11. Figures a)-c) and d)-f) show the input of the point, polygons, and markers of respondents ID_282 and ID_390, respectively.
In both series, respondents’ marker input (Figures ¢) and f)) was drawn with a perimeter and its respective fill. The black lines in both
figures show the motion that resulted in the red marker drawing. Figure g) shows the marker input of several respondents and an
example of a participant who only drew a circumference (orange) without fill. Figure h) shows the point, polygon, and marker input
provided by the same participant in Figure g) to contrast how they covered the whole park surface with the polygon instead of only

the circumference with the marker.

spatial error against landscape features as means of
positional accuracy in online PPGIS tools such as “My
Green Place.” Unfortunately, this deeper test of posi-
tional accuracy could not be covered in this study due to
limited data at the park scale, but it certainly deserves
further examination.

Though the marker compensates for certain limita-
tions of the polygon, there are still some tradeoffs. While
the polygon is at risk of spatial error due to coarser
shapes that extend beyond the respondents’ intent, the
marker faces the opposite issue. The way respondents
draw can lead to incorrect assumptions when they mark
the entire area by drawing a perimeter without filling it
in. In the previous iterations of “My Green Place,” we

identified this problem and tried to address it in the
Ghent version by providing additional instructions to
the respondents. Before they started mapping, we asked
them (through an instructional video) to paint all the
areas they visited or liked. We also added a message on
the screen while people were using the marker, remind-
ing them that they should leave paint voids only if they
intended to. However, even with these precautions and
reminders, some people only drew a circumference. In
these cases, we had to assume that the voids were inten-
tional (see Figure 11).

Figure 12 shows a close-up example, and while the
data was insufficient to draw any conclusions, their
mapped attributes were consistent with running and
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Figure 12. Marker input of three different respondents (purple, orange, green) in a perimeter-like fashion around the Watersportbaan.
Watersportsbaan is a rowing lane in the west of Ghent, indicated with a black dashed line and a blue fill. [two-column].

walking activities. This case would benefit from further
research that uses the collective truth and swarm intelli-
gence to compare perimeter doodles vs. filled doodles.

Regarding data collection efforts across GEs, they vary.
With polygons, fewer are needed to draw conclusions;
however, they entail a considerable data collection effort
(Brown & Pullar, 2012). In addition, using polygons tends
to be more complicated for respondents with limited
computer/map literacy. In such scenarios, it is common
that sessions include “face-to-face” interactions, such as
structured interviews, group-administered surveys, or
workshops, where the researcher helps the respondent
maintain inherent spatial errors to a minimum (Brown
& Pullar, 2012; Gottwald et al., 2016).

Until recently, data collection has mostly relied on
points and, to a lesser extent, polygons (Brown &
Fagerholm, 2015). Brown and Pullar argued that “points
and polygons will necessarily be the two primary GEs
for collecting PPGIS attributes” (Brown & Pullar, 2012,
p. 13). Based on our results, however, we identified
a third practical GE alternative: the marker. While all
GEs exhibit tradeoffs between user-friendliness and
mapping accuracy, the marker offers a middle ground
between the point’s and polygon’s capabilities and lim-
itations, making it a solid GE alternative for mapping
CES. It appears to be relatively user-friendly. It is not as
simple as dropping a point, but it is far less complex
than drawing a polygon. It offers an easier and more
intuitive alternative for abstract and simplified

attributes that conveys cultural practices’ essential qua-
lities more effectively than a point. Furthermore, the
marker was overall the GE chosen by most respondents
as the one that best represented their input.

In contrast to the nonlinear relationship between the
number of contributors and the quality of data found by
Brown (2012, p. 15) and Haklay et al. (2010), our
exploratory research on the water section suggests
a positive relationship between marker observations
and more nuanced images of mapped spaces and attri-
butes. However, our data is limited; therefore, further
research with a larger sample is required to clarify these
two factors’ relationship. Conversely to Brown’s (2012)
alternation of truth between points and polygons, in this
study, we built a baseline truth (collective truth) drawn
from the triple input of each of the 449 respondents.
This allowed us to compare the variations in accuracy
and representation of the three GEs with a higher degree
of confidence than Brown’s Montecarlo simulation
which drew on GEs provided by different respondents.

We acknowledge that the concept of collective truth
is far from perfect, especially since there is the risk of
correlation among its components. An ideal way to
compensate for this risk would be to have a collective
truth based entirely on exogenous information.
However, given the available data within this study,
this was not possible. Therefore, we suggest further
research to focus on gathering data to create
a collective truth based on exogenous information.



While the truth itself is a critical element in mapping
and cartographic representation, Godfrey and Mackaness
(2017) has argued that recognition and meaning can have
a greater influence on spatial representations’ effectiveness
than factors like distortion and accuracy. Researchers that
focus on mapping human or societal values like CES
through PPGIS should not seek an absolute objective
truth since CES are “a collection of human cultural percep-
tions,” and as such, they are inherently subjective.

Brown (2012), Spielman (2014), Brown et al. (2015),
and Czepkiewicz et al. (2017) agreed that for certain
spatial attributes collected with PPGIS, such as environ-
mental quality perceptions, positional accuracy might
not be critical for integrating the outcomes within plan-
ning processes. This suggested subordination of posi-
tional accuracy is also in line with McCall and Dunn
(2012), who argue that holding inherently subjective
data to quality standards used for traditional spatial
data might not be beneficial.

Conclusions

In this study, we examined the suitability of GEs to
map CES. We compared the point, polygon, and
marker in terms of accuracy and respondents’ pre-
ference. After examining the input of 449 respon-
dents in Ghent’s green open spaces, our quadrat
and statistical analyses concluded that the point in
our tool performed the weakest in reflecting the
collective truth while the polygon and the marker
did so better. The marker always showed consistent
advantage across all models, especially when map-
ping dynamic cultural practices. Although previous
literature suggested the point and, to a lesser
degree, the polygon as preferred GEs to map CES,
our study demonstrates that the marker is a suitable
candidate - even preferable - to map CES with the
potential to compensate the gaps points and poly-
gons face. The marker may not be as easy as
a point, but it is easier than a polygon while retain-
ing a richer level of information that the point
cannot provide. Moreover, further research should
consider more extensive and more representative
samples across all age groups to test all three GEs’
performance better, explore methodologies beyond
the QA, and the possibility of a collective truth
based on exogenous information. Lastly, we suggest
future studies explore the marker’s filled doodles
versus only perimeters dilemma to better under-
stand the maker’s behavior.

As technological developments keep making GIS
more accessible to the masses, the potential for
online PPGIS continues to grow, and with it, the
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need for better options to collect spatial informa-
tion. The marker in this study offers an alternative
to the current options but is not a panacea for
PPGIS or CES mapping, and its selection as a GE
should always be at the researcher’s discretion.
Selecting a GE will always come with trade-offs,
and it is the researcher’s task to choose the most
acceptable one within the research context.

Notes

1. In the social sciences, triangulation refers to the appli-
cation and combination of several research methods in
the study of the same phenomenon; do not confuse it
with GIS triangulation.

2. Note that in this regression, the original scores rather
than the rescaled ones were applied. This did not affect
the results for the R-square and AIC.
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