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Abstract
The quality of volunteered geographic information (VGI) is
questionable as it emerges through a diversity of contributors. The reputation of a contributor is increasingly applied
to VGI quality assessment and its assurance. Research on
how to measure and validate reputation, however, is still required. This study proposes an evaluation-based weighted
PageRank (EWPR) algorithm to provide a ranking metric of
reputation. Ranking is established on the basis of the assumptions that: (a) there is an evaluation relationship between VGI contributors; (b) the reputation of a contributor
is movable within the VGI community; and (c) highly active
contributors are more likely to have high reputation. By
means of case studies using OpenStreetMap, two existing
methods are compared with the EWPR algorithm. The results show that the algorithms used for web pages and social
network participants are applicable to understand the reputation of VGI contributors. This study also applies credibility,
based on reputation, as a popular indicator of VGI quality.
The high correlation between credibility and VGI characteristics indicates that reputation is useful for dealing with
quality variability in VGI.

1 | I NTRO D U C TI O N
Volunteered geographic information (VGI) provides platforms with knowledge sharing and collaborative work.
Data sources are provided by the contributing community, which is composed of individuals where everyone is
welcome to participate in a VGI project. However, this raises concerns that VGI quality cannot always be guaranteed because there are no standards and specifications for the contribution process of data providers.
Transactions in GIS. 2021;00:1–21.
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OpenStreetMap (OSM) is one of the most popular VGI communities. A frequently applied method of assessing
OSM data quality is a comparison against reference datasets (Fan, Zipf, Fu, & Neis, 2014; Haklay, 2010; Jackson
et al., 2013; Zhang, Leung, & Ma, 2019). Such a data comparison method, however, is restricted by the inaccessibility of reference datasets of higher quality (Antoniou & Skopeliti, 2015). Flanagin and Metzger (2008) state that
indicators constructed by means of collective or community efforts, such as ratings and reputation systems or
social networking applications, may in many cases serve as assessments of VGI quality. As a consequence, studies
on the intrinsic indicators of VGI quality have increased in recent years, wherein reputation is widely used as a
factor in determining these intrinsic indicators. For instance, Zhou and Zhao (2016) argued that data trustworthiness was related to the reputation of the current contributor and to the reputation of the previous contributor.
The average reputation has been used as the expertise of OSM data (Muttaqien, Ostermann, & Lemmens 2018).
Additionally, Severinsen, de Roiste, Reitsma, and Hartato (2019) measured the trustworthiness of OSM data using
a linear weighting of reputation and spatial and temporal factors. These studies showed that reputation is helpful
in VGI quality assessment.
Reputation is also beneficial when it comes to quality assurance. Goodchild and Li (2012) proposed a social
approach of assuring VGI quality, which refers to the ability of highly reliable contributors as moderators within
a VGI community. In this way, OSM is able to assign high-reputation contributors as gatekeepers and develop a
bunch of administrative records in the future. Hence, the reputation influences the produced data and can be used
as a basis for VGI quality assessment and its assurance (Degrossi, de Albuquerque, Rocha, & Zipf, 2018). Before
this can happen, though, effective methods of measuring reputation are necessary.
Different formulations of reputation have been associated with diverse perspectives. Lodigiani and Melchiori
(2016) modeled contributors as nodes whose reputations have been assessed by a personalization vector according to the contributors’ actions. Fogliaroni, D'Antonio, and Clementini (2018) suggested that the reputation
of a contributor was the average of the trustworthiness of all the contributed data, while Muttaqien et al. (2018)
utilized one characteristics-based method involving mapping days, longevity, number of edits, software skill, and
local knowledge. Other characteristics, such as their preferred subjects and years in school, were used to determine the contributors’ reputation (Severinsen et al., 2019). Nevertheless, the relationships among VGI contributors are rarely investigated for reputation measurement. In practice, reputation can be built on the history of past
interactions between members within a single community (Maué, 2007). Reputation also indicates agreement of
a community on the perception of a person's reliability (Bishr & Janowicz, 2010) and reflects the collective trust
vested in a person by the community (Bishr & Kuhn, 2013). Accordingly, the relationships among the members
within a VGI community are needed for reputation measurement.
VGI contributors have established large communities that allow millions of people to participate in and edit the
existing data. Therefore, there are vast amounts of implicit information available about their relationships because
of successive interactions and collaborations between contributors. Several studies have used graph/network theory to analyze the relationships among contributors (Mooney & Corcoran, 2014; Stein, Kremer, & Schlieder, 2015;
Truong, de Runz, & Touya, 2018). These studies have been devoted to identifying the optimal social networks that
describe the various forms of interactions and collaborations among VGI contributors. However, they have a limited
ability in providing a reputation-related metric based on these interactions. Moreover, the interactions among VGI
contributors indirectly reflect the evaluation relationships (i.e., peer feedback) among the contributors. Particularly,
Zhou and Zhao (2016) concluded that there is an evaluation relationship between the subsequent contributors and
the previous contributors who yielded different versions of the same OSM object. Such a relationship provides useful
information for reflecting on reputation. For example, online shopping sites such as eBay, Amazon, and Newegg have
user reputation systems based on relevant feedback and ratings (Adler, de Alfaro, Kulshreshtha, & Pyeand, 2011),
and various types of peer feedback were aggregated to obtain reputation of OSM contributors (Gusmini et al., 2017).
Network-based technology has been used effectively to capture a range of relationships among VGI contributors, while rarely to address evaluation relationships. It has also rarely been investigated how to incorporate the
characteristics of contributors and their relationships as a reputation measurement. To fill these gaps, this study
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first analyzes contributors' past interactions and extracts contributor-to-contributor (C2C) evaluation relationships between VGI contributors. A contributor network is subsequently built to illustrate the C2C evaluation. We
find that the links among contributors are similar to the links among website pages. Thus, we modify a link-based
ranking algorithm—the weighted PageRank (WPR)—into an evaluation-based weighted PageRank (EWPR) algorithm. WPR distributes the rank score of a page based on the popularity (i.e., weights in WPR) of the page and the
quality of the links to it. In EWPR, the weights reflect the activity levels of VGI contributors, and the links characterize the C2C evaluation. Similarly, EWPR ranks the reputation of a contributor based on the activity level and
the C2C evaluations of the links to the contributor. Based on this, the reputation ranking of VGI contributors is obtained using an iterative calculation. To verify the effectiveness of the EWPR algorithm, EWPR-based reputation
has been obtained using OSM datasets for the cities of Hong Kong and Beijing, and two published methods are
implemented for comparison. The first method is proposed by Muttaqien et al. (2018) (MOL), using the characteristics of VGI contributors, and the second method is by Zhou and Zhao (2016) (ZZ), who also used the evaluation
relationships by means of a similarity-based method. The credibility of OSM data was further explored using these
two methods, which helps us to understand the usefulness of reputation in VGI quality assessment and indirectly
validates the present ranking of reputation.
The remainder of the article is as follows. Section 2 introduces the methodology for the EWPR algorithm to
identify reputation based on C2C evaluation and activity level. Section 3 describes the case studies through the
proposed method and two published methods for comparison using OSM datasets. Section 4 discusses the advantages, limitations, and future research. Finally, Section 5 concludes.

2 | M E TH O D O LO G Y
2.1 | C2C evaluation within the OSM community
This section describes a C2C evaluation that characterizes the evaluation relationships among contributors in the
OSM community. OSM uses a data structure with four core objects: nodes, ways, relations, and tags. Here, two
kinds of objects represent geographic features: nodes, which refer to points with geographic locations; and ways,
which are ordered lists of nodes that represent polylines or possibly polygons if they form a closed loop. Relations
and tags represent the attributes attached to the geographic features.
Let there be N objects, { Oi} (1 ≤ i ≤ N), and M contributors, { um} (1 ≤ m ≤ M), at a specific time. The object Oi
has the following characteristics:
• Versions.{ vi,j} (j ≥ 1), where vi,j is the jth version of the object Oi.
{ }
• Object contributors.{ ui,j} (ui,j ∈ um , j ≥ 1), where ui,j is the contributor that generates version vi,j.

• Adjacent contributors. If the object Oi has more than one version, there are adjacent contributors, denoted
{ ui,j, ui,j+1 }; ui,j and ui,j+1 that generate versions vi,j and vi,j+1, respectively. It should be noted that ui,j and ui,j+1 can
be the same user.
An evaluation relationship between contributors can be reflected by the editing process; that is, a contrib-

utor implicitly produces an evaluation of the previous version. For instance, if ui,j generated version vi,j (e.g., one
polyline) for object Oi, as shown in Figure 1, and then ui,j+1 edited the version vi,j by adding more nodes (as shown
in orange), it means that ui,j+1 evaluated the quality of vi,j and indirectly evaluated ui,j's reputation. Similarly, ui,j+2
further modified vi,j+1 to get version vi,j+2 and, therefore, also evaluated ui,j+1's reputation.
Intuitively, vi,j+1 was more similar to vi,j+2 than to vi,j. That is, the change of Oi made by ui,j+2 was small compared
with that by ui,j+1. This implies that ui,j+2 mostly agrees with the quality of vi,j+1 and, thus, implicitly confirmed the
reputation of ui,j+1. However, most of ui,j's edits were modified by ui,j+1 (i.e., a large change from vi,j to vi,j+1), and ui,j's
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FIGURE 1

Example of the evaluation relationship between adjacent contributors

reputation did not receive good feedback from ui,j+1. Hence, the evaluation depends upon the changes made from
one OSM version to the next, where, for example, a minor change from vi,j+1 to vi,j+2 corresponds with a highly rated
reputation for ui,j+1 as evaluated by ui,j+2. This kind of evaluation may exist between any two contributors within the
OSM community, and for the remainder of the current study will be called C2C evaluation.

2.2 | Establishment of a contributor network
For a better illustration of the C2C evaluation, a directed and weighted contributor network G = (U, L, W) is estab{ }
(
)
lished, where U = um i=1,…,M is the set of nodes (contributors), L ⊆ U2 is the set of directed links lp,q = up , uq (the
{
}
evaluation relationship between contributors, from uq to up), and W = wp,q is the set of evaluations wp,q attached
to each link, denoting the evaluation of up by uq.

Traversing historical OSM data, all contributors are depicted as nodes, and the directed links are generated
{ }
between adjacent contributors. Suppose that there are N = 3 objects, Oi i=1,...,3, and M = 6 contributors, then
{ }
um m=1,...,6. The relevant contributions and generated contributor network are illustrated in Figure 2. Adjacent

contributors are linked according to the order of their contributions, which here is shown by the links of u4 to u4, u6

to u4, u2 to u6, and u1 to u2. If two adjacent contributors appear many times for different objects, then only one link
is generated between them (e.g., u2 to u6). When the object has only one version, it is isolated in the network (e.g.,
u5 for O2). For convenience, the links pointing to one node are named the inlinks of the node, and the associated
nodes on the inlinks are called the inlink nodes of the node. For example, l2,1 is the inlink of u2, and u1 is the inlink
node of u2. In turn, regarding the inlink nodes, these links are called outlinks, and the node is the outlink node of
these inlink nodes (e.g., l2,1 is the outlink of u1, and u2 is the outlink node of u1).
The evaluation wp,q is the extent to which contributor uq agrees with contributor up, which is reflected in the
extent of changes made between the corresponding OSM versions. The current study uses the similarity between
two versions to describe the extent of the changes. In addition, ZZ pointed out that a contributor can operate an
object in OSM when one of two cases applies: there is a change in the state of the real-world entity represented
by the object (i.e., whether the entity exists or not); or a modification of the object without a change in the state
of the geographic entity. When the contributors edit the object because of a change of state, there is virtually
no corresponding C2C evaluation for the previous contributor. Thus, we use a time threshold T and a similarity
threshold V to identify the circumstance. If the time interval between two adjacent versions extends T and the
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FIGURE 2

5

Example of how complete past edits are turned into a contributor network

version similarity is smaller than V, the change is recognized as a change of state, and the corresponding adjacent
versions are not considered in the C2C evaluation.
In fact, the adjacent versions between two contributors may exist more than once. Thus, the evaluation wp,q
should be rewritten as:
wp,q =

∑
(vi,j ,vi,j+1 )

(
)
VerSim vi,j , vi,j+1 ∕NQp,q

∈ QT,V
p,q

(1)

where wp,q denotes the evaluation of up by uq. QT,V
p,q is the set of adjacent version pairs from uq to up, meeting the
{(
) (
)}
time threshold T and the similarity threshold V (e.g., Q6,2 = v1,3 , v1,4 , v3,1 , v3,2 , and NQp,q is the number of version
(
)
pairs (e.g., NQ6,2 = 2). VerSim vi,j , vi,j+1 represents the similarity between adjacent versions generated by up and uq.
(
)
VerSim vi,j , vi,j+1 may be computed in terms of spatial and thematic similarity of OSM versions.
Similarity measurement of geographical features is another important research topic in GIS. Many scholars

have studied similarity computation methods for polylines and polygons. The current study does not attempt to
suggest a new method of similarity measurement. Instead, the simple characteristics of OSM objects are initially
selected to compute the version similarity to implement a complete methodology. The following describes the
spatial similarity and thematic similarity for a point, polyline, and polygon in OSM.
The spatial similarity of point features is computed from the overlapping rate of the buffer (SimBuff). Length
similarity (SimLen ), the overlapping rate of the buffer, and the distance between turning functions (SimShape) are
used for the spatial similarity of polylines. Likewise, spatial similarity is measured from the area similarity (SimArea )
, the overlapping rate of the buffer, and the distance between the turning functions for polygons.
(
( )
(
))
Intersect Buff vi,j , Buff vi,j+1
SimBuff =
(
( )
(
))
max Buff vi,j , Buff vi,j+1
( )
(
)|
|
|Len vi,j − Len vi,j+1 |
|
|
SimLen = 1 −
(
( )
(
))
max Len vi,j , Len vi,j+1

(2)

(3)
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(
)|
| ( )
|TF vi,j − TF vi,j+1 |
|
SimShape = 1 − |
2π

SimArea = 1 −

( )
(
)|
|
|Area vi,j − Area vi,j+1 |
|
|
(
( )
(
))
max Area vi,j , Area vi,j+1

(4)

(5)

( )
(
( )
(
))
where Buff vi,j denotes the area of the buffer of version vi,j and Intersect Buff vi,j , Buff vi,j+1 denotes the overlap( )
( )
ping area of two buffers. Len vi,j and Area vi,j are, respectively, the length of a polyline and the area of a polygon.
( )
TF vi,j is the turning function introduced by Arkin, Chew, Huttenlocher, Kedem, and Mitchell (1991). Fan et al. (2014)
also used it to measure the shape similarity of two polygons.

The thematic similarity of a point, polyline, and polygon is computed from the tag similarity (SimTag ):
(
( )
(
))
Intersect Tag vi,j , Tag vi,j+1
SimTag =
(
( )
(
))
max Tag vi,j , Tag vi,j+1

(6)

(
( )
(
))
where Intersect Tag vi,j , Tag vi,j+1 is the number of intersections of two tag sets. For example, “railway = rail” is

the tag for one version, and “railway = rail” and “layer = 1” are the tags for the next version. Their intersection is “railway = rail” and tag similarity 1/2 = 0.5.
These metrics of spatial and thematic similarities can be averaged as the similarity of the adjacent versions,
(
)
that is, VerSim vi,j , vi,j+1 in Equation (1).

2.3 | Ranking metric of contributor reputation
The current study applied a modified WPR algorithm to rank contributor reputation. The WPR (Xing &
Ghorbani, 2004) is a page-ranking algorithm to measure the importance of website pages. It distributes the rank
scores of the pages based on the popularity of the pages and the quality of their inlink pages. Different from the
classical PageRank algorithm, each page also receives a weight proportional to its popularity (its number of inlinks
and outlinks). The formula for the WPR is as follows:
∑
( )
( )
1−𝛼
out
PR Ap = 𝛼
PR Aq ⋅ Win
pq ⋅ Wpq +
H
A ∈M
q

(7)

Ap

( )
where PR Ap is the rank score of page Ap; 𝛼 is the damping factor that is generally set at 0.85 (Brin & Page, 1998); H is

out
the total number of the pages; MAp is the set of Ap's inlink pages; and Win
pq ⋅ Wpq represents the popularity from link lp,q.

The popularity from the number of inlinks and outlinks is calculated as follows:
� �
I Ap
� �
At ∈RA I At

(8)

� �
O Ap
� �
At ∈RA O At

(9)

Win
pq = ∑
Wout
pq = ∑

q

q

( )
( )
where I Ap and I At represent the number of inlinks of Ap and At, respectively; RAq denotes the set of Aq's outlink
( )
( )
pages; and O Ap and O At represent the number of outlinks of Ap and At, respectively.
Based on Equation (7), the WPR was modified into the EWPR for the reputation ranking of VGI contributors:
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∑
( )
( )
1−𝛼
out
R up = 𝛼
wp,q ⋅ R uq ⋅ Win
pq ⋅ Wpq +
H
u ∈M
q

7

(10)

up

( )
[
]
where R up is the EWPR score of contributor up and wp,q ∈ 0, 1 is the C2C evaluation of up by uq. The other parameters have the same meanings as Equations (7)–(9).

The WPR is used to give each page a relative score of importance by evaluating the popularity and quality of its
( )
out
links. That is, the rank score of a page, PR Ap , is positively correlated with the popularity (Win
pq ⋅ Wpq ) and the rank
( )
scores of their inlink pages, PR Aq . Highly active contributors within the OSM community are supposed to gen-

erate more edits (outlinks), and the edits are more likely to be modified by other contributors (inlinks) over time.
out
Thus, Win
pq ⋅ Wpq in the contributor network can represent the activity level of a contributor within the community.
( )
As in Equation (7), the contributor up will receive a higher EWPR score (i.e., R up ) when the activity level is higher.
( )
( )
Moreover, R up is positively correlated with the weighted EWPR scores of the inlink pages, meaning wp,q ⋅ R uq

. This means that a contributor who receives higher C2C evaluations from the contributors with higher EWPR
scores is assumed to have a higher EWPR score.

The EWPR can also address special contributors based on some assumptions. When calculating the EWPR, the
pages with no outlinks are assumed to link out to all other pages. Therefore, their rank scores are divided evenly
among all other pages. As an example, in Figure 2, u5, which never modified the edits in OSM, is seen as the inlink
page of all pages. This indicates that u5 may at any time randomly modify an OSM object. Additionally, PageRank
uses a damping factor, namely 𝛼 in Equation (10), to deal with the ranks for self-link nodes (e.g., u4) and interlink
nodes (e.g., u1 and u3). u4’s reputation depends not only on itself, but also on the average reputation of other contributors. Essentially, there is a certain probability that any contributor will modify u4’ s edits.
The above describes the proposed ranking metric for reputation. To validate the metric, two existing methods were selected to compare with our method. In the works of MOL, mapping days, longevity, number of edits,
software skill, and local knowledge were combined in a weighted sum as the integrated expertise score of VGI
contributors. These are described as characteristics-based reputation in the current study. In addition, ZZ calculated reputation using the average of the evaluations from the contributors that co-edited the same OSM objects.
These evaluations were also calculated by the similarity degree among multiple versions. We describe their results
as similarity-based reputation.
MOL and ZZ also proposed methods for calculating the indicators of VGI quality. The former employed the
weighted sum of characteristics-based reputation of corresponding contributors as the expertise of OSM data.
The latter suggested the trustworthiness of the current version (e.g., vi,j) for an OSM object through the composition of the trustworthiness of the previous version (vi,j−1) and the reputation of the current contributor (ui,j). That
is, the trustworthiness of the modification proportion of vi,j−1 to vi,j was equal to ui,j’s reputation, and the trustworthiness of the remainder proportion was the max value between the trustworthiness of vi,j−1 and ui,j’s reputation.
Using the above methods, the expertise and trustworthiness of OSM data can be obtained based on EWPR-based
reputation. The credibility of OSM data can be understood in general as a perceived quality that comprises trustworthiness and expertise (Hovland, Janis, & Kelley, 1953). Thus, the average of expertise and trustworthiness was
used as the credibility of OSM data.

3 | CASE STUDIES
To show the general principles, feasibility, and transferability of our methodology, three different methods were
implemented using real OSM datasets for Hong Kong (HK) and Beijing (BJ), China. Section 3.2 details the reputation ranking from the proposed EWPR (denoted as the R-level) and explores data credibility in respect to the
R-level. The comparisons among the R-level, characteristics-based reputation (E-level), and similarity-based reputation (S-level) are examined in Section 3.3.
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3.1 | Study areas and data
Historical data for OSM are available on the Geofabrik server (download.geofabrik.de/), which is the provider of
region-wise extracts of OSM data with up-to-date worldwide coverage. The historical OSM data for China were
downloaded and last modified on Geofabrik on May 19, 2020. The original data containing the full OSM history
for China were downloaded in PBF format, and experimental data in HK and BJ were extracted from it using data
processing.
The contributors active in an area may also contribute data in the vicinity of the area they are active in, and
may even contribute data globally. That is, the contributor network should be established based on the past
edits of OSM data on a global scale. Considering the large amount of data, the case defined a bounding box of
112.5°E, 21.5°N to 115.5°E, 24°N (WGS 84) for extracting data that contained every version of all objects in HK
and a bounding box of 114°E, 38°N to 119°E, 43°N to extract the data covering past edits in BJ. After that, we
projected these data onto the Krasovsky_1940_Albers coordinate system (see Figure 3). Using Python scripts, the
experimental data provided a series of tables for the objects of the nodes and ways. Each object had the attributes
of OSM ID, user ID, username, timestamp, version, changeset, and visible. In addition, the characteristics of geographical features, including point, polyline, and polygon, were extracted.

3.2 | EWPR-based reputation
3.2.1 | C2C evaluation and activity level
To obtain the C2C evaluation in Equation (1), we initially set the time threshold T to 365 days (used by ZZ) and
the similarity threshold V to 0.2, here using the 80/20 rule (Box & Meyer, 1986). Figure 4 shows the adjacent versions of a point, polyline, and polygon feature in HK, and their version similarities are calculated in Table 1. As
shown in Figure 4a, spatial location and the attributes of the point were modified from version 5 to version 6. The
corresponding spatial and thematic similarity were 0.80 and 0.78, respectively, and they were averaged into the
version similarity equal to 0.79. The polyline in Figure 4b and the polygon in Figure 4c only changed in space, not
in attributes; thus, their thematic similarities were equal to 1.00. Meanwhile, the spatial change of the polyline

FIGURE 3

Study areas and bounding boxes for China
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FIGURE 4
TA B L E 1

9

Changes on adjacent versions of a point, polyline, and polygon feature in Hong Kong
Similarity metrics and version similarity for the geographical features in Figure 5
Feature type

Metrics

Point

Polyline

Polygon

SimBuff

0.80

0.99

0.63

SimLen

–

0.99

–

SimShape

–

0.99

0.99

SimArea

–

–

0.97

SimTag

0.78

1.00

1.00

VerSim

0.79

0.99

0.89

was small in terms of the whole feature, and its version similarity was close to 1.00. For the polygon, its similarity
was equal to the average of the area similarity (0.97), the overlapping rate of the buffer (0.63), and the distance
between turning functions (0.99).
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The contributors who generated six versions in Figure 4 are introduced in Table 2. Contributor ID 1,724,771
generated the fifth version of the point feature, and contributor 10,130,685 modified it to generate the sixth version. A corresponding link was established for contributor 10,130,685 to point to contributor 1,724,771, denoted
as 10,130,685 → 1,724,771. The version similarity of the point feature was 0.79, which represented a single evaluation of contributor 1,724,771 by 10,130,685. In the contributor network for HK, however, 10,130,685 modified
the edits of 1,724,771 much more than once: 7,561 times (see the frequency in Table 2). According to Equation
(1), the evaluation wp,q (p = 1,724,771, q = 10,130,685) was the average of multiple evaluations equal to 0.72. In
out
× 10 − 6 in terms of Equations (8) and
addition, the activity level from 10,130,685 → 1,724,771 (Win
pq ⋅ Wpq ) was 7.97

(9). The evaluations and activity levels of the links for involved contributors in Figures 4b and c are also shown
in Table 2. The single evaluation of 1,787,380 → 3,691,120 through the polyline was close to 1.00, whereas the
average evaluation in HK was 0.56. Moreover, contributor 2,620,510 presented a higher activity level through the
evaluation of 8,162,358 → 2,620,510.

3.2.2 | Ranking of reputation
There were 5,767 contributors extracted in HK and 4,291 in BJ. The EWPR scores of the contributors were obtained through the proposed method and were divided into 10 classes, 1–10, by the classification of natural breaks
(Jenks), giving an R-level that could indicate a ranking from low to high ratings of reputation. The proportion of
each class is shown in Figure 5. In both HK and BJ, contributors providing less than 60% were estimated as 1 R-
level, showing that most contributors create few edits and are rarely active in the OSM. We observed that the
proportion of contributors in each class from 4 to 10 was similar, about 2 or 3%, and the sum of 7–10 R-levels in HK
and BJ was about 11%, meaning that a few contributors had high-level reputations in VGI projects.
TA B L E 2

C2C evaluations and activity levels among the involved contributors in Figure 5

Feature type

Link of contributors

Frequency

wp,q

Point

10130685

7,561

0.72

7.97

Polyline

1787380

3691120

24

0.56

9.19

Polygon

8162358

2620510

154

0.84

151.76

FIGURE 5

1724771

(× 10 − 6 )
Win
⋅ Wout
pq
pq

The proportion of contributors at the different R-levels
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Two study areas were selected to establish two respective networks such that the local reputations of the
contributors in HK and BJ were evaluated. There were 785 contributors involved in both HK and BJ. To determine
whether the reputation results for the same contributor were the same in different regions, the differences (absolute value) of their corresponding R-levels were computed; the results are shown in Table 3. It was discovered
that 335 contributors (43%) were estimated to have the same R-level in both locations, and 60% of contributors
had an R-level difference of less than 3. The number of contributors with R-level differences of more than 4 was
167, and among those, 21 contributors reached the largest difference of 9. We found that these large differences
were mainly caused by the number of contributors’ edits and C2C evaluations in the regions. Table 4 details the
information for five contributors whose R-level differences were more than 4. Contributor ID 13,721 had a 3 R-
level in HK and 10 in BJ because the contributor was highly active in BJ (18,012 edits) but had only 686 edits in
HK. Similarly, the contributors could be evaluated as having a highly rated reputation when they were extremely
active in a certain region, such as contributor 2,237,091 with a 10 R-level in HK and contributor 6,149,968 with
a 9 R-level in BJ. Conversely, contributor 22,998 participated in only a few edits in HK and BJ but was assigned,
respectively, a 10 R-level and a 3 R-level, and contributor 1,666,292 had more edits but a lower R-level in BJ.
These demonstrate that when the activity level of a contributor has no obvious advantage, their R-level was more
affected by the C2C evaluation. Contributor 22,998’s edits were modified by one contributor with 10 R-level in
HK and by three contributors with an average R-level of 10 in BJ. The corresponding C2C evaluations were 0.95
and 0.78, respectively. Similarly, contributor 1,666,292’s edits in HK were modified by only one contributor whose
reputation was assigned a 10 R-level. Meanwhile, contributor 1,666,292 received a high C2C evaluation equal to
0.96. The edits of contributor 1,666,292 in BJ, however, were modified by 15 contributors, with their average R-
level equal to 7 and average C2C evaluation equal to 0.84.

3.2.3 | Credibility of OSM data
Based on the R-level, we obtained the expertise and trustworthiness of OSM features using the methods mentioned in Section 2.3. There were 426,401 OSM polylines in HK and 321,335 in BJ. Figure 6 illustrates the correlation between the two kinds of indicators. Here, expertise was highly correlated with trustworthiness, with a
Pearson correlation coefficient equal to 0.92 in HK and 0.93 in BJ.
TA B L E 3 The proportion of the difference (0, …, 9) between R-levels in Hong Kong (HK) and Beijing (BJ) for
the same contributors
Difference in R-levels

0

1

2

3

4

5

6

7

8

9

Total

Quantity

335

134

65

48

36

44

37

37

28

21

785

Proportion (%)

42.68

17.07

8.28

6.11

4.59

5.61

4.71

4.71

3.57

2.68

100

TA B L E 4

Examples of the R-levels and the number of edits for five contributors

User ID

R-level in HK

R-level in BJ

Number of edits in HK

Number of edits in BJ

13721

3

10

686

18,012

22998

10

3

32

15

2237091

10

1

24,608

316

6149968

1

9

1,018

412,911

1666292

10

5

12

203

Abbreviations: BJ, Beijing; HK, Hong Kong.
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F I G U R E 6 A scatterplot of the comparison between expertise and trustworthiness of the polyline features
in: (a) HK; and (b) BJ
TA B L E 5

The comparison between credibility and quality level for the random samples in HK and BJ
HK

Credibility

Low

BJ
Medium

High

Total

Low

Medium

High

Total

1–5

30

2

0

32

62

20

3

85

5–7

7

16

2

25

5

25

2

32

7–9

8

68

35

111

10

88

30

128

9–10

15

170

190

375

26

140

268

434

Total

60

256

227

543

103

273

303

679

Abbreviations: BJ, Beijing; HK, Hong Kong.

Expertise and trustworthiness were averaged as the evaluation of data credibility. To validate the credibility,
we randomly selected 1% of OSM roads in HK and BJ, respectively, as the samples. These samples were assigned a
quality level that included three categories: low, medium, and high. The quality was mainly judged according to the
consistency of the location and the shape of the sample with Google images. Whether the sample had a road name
was also considered. A small number of samples were removed because they were difficult to recognize from the
images. The comparison between credibility and quality level is summarized in Table 5, where the larger numerical
number denotes the higher credibility. Here, 94% (HK) and 73% (BJ) of the roads has less than a 5 in credibility
and were evaluated as low quality, and the rest were mainly assigned a ranking of medium quality. Most of the
roads that had a credibility between 5 and 9 were in the category of medium quality. The roads with greater than
9 credibility were mainly evaluated as medium or high quality. Generally, the proportion of high-quality roads was
increasing as the increase of credibility and corresponding proportion of low-quality roads decreased.
The spatial distribution of the credibility of OSM roads was shown to further validate the credibility. As shown
in Figure 7, the study areas were clipped into 1 × 1 km2 grids. Based on the roads intersecting with each grid, the
credibility and reputation attached to the roads were averaged for each grid. A few grids in HK were colored red,
showing that most of the roads in HK were credible. We labeled five regions with clustered red grids representing the low-credible regions [see labels (1)–(5) in Figure 7a]. It was observed that the reputation in these regions
was also on the low side (grids in red color; see Figure 7b). In addition, we found some red grids for reputation to
appear near the boundaries of the districts in HK, and the districts located in the central areas of HK had positive credibility and reputation. Under the larger regional scope of BJ, there were more low-credibility grids and
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F I G U R E 7 The spatial distribution of the average credibility assigned to the contributed roads for the grids in
(a) HK, (c) BJ and the spatial distribution of average reputation of the contributors of the roads for the grids in (b)
HK, and (d) BJ

more roads that were contributed by low-reputation contributors. Five regions [(1)–(5) in Figure 7c] that had low
credibility were also focused on, and the corresponding grids in these regions were evaluated as having a low reputation (less than 6). In addition, the five regions in Figure 7c were located in the suburbs, and the credibility and
reputation were generally positive in the northeast of BJ. However, we found some regions, such as regions (6)–(8)
in Figure 7d, to have clustered low reputation but acceptable credibility.
To find out what causes the heterogeneity of credibility, we also explored some characteristics of OSM roads.
OSM applies a classification system for all roads, and Figure 8 summarizes the average credibility of the different
types of roads with an ordered list from the most important (motorway) to the least important (cycleway). Except
for the bridleway, the credibility of the other roads in HK is greater than 9.00. With the reduced importance of
roads, the corresponding credibility tended to decline (see the blue trend line in Figure 8a). In BJ, there was a
greater difference in the credibility of the different types of roads than in HK. Trunk, link, primary, secondary, and
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The average credibility of the roads for: (a) different road types; and (b) different version numbers

tertiary roads were assigned greater than a 9.00 credibility, and the remainder had a credibility less than 9.00. It
was a downward trend for credibility as the importance of roads decreased (see the orange line). The association
between credibility and the version number was also analyzed (see Figure 8b). We calculated the average credibility of the roads with the same version number. In HK, credibility enhancement emerged with an increase in the
version number when the version number was smaller than about 20. Also, a rough improvement of credibility
from version number 20 to 40 was found. Similarly, there was increased credibility from version 1 to about 28 and
from 28 to 40 in BJ. However, the rise in the credibility of the roads might disappear when the version number was
larger, such as over 40. Another characteristic involved was the road's name. We observed that many OSM roads
were not provided with their name. The average credibility of the roads without names in HK was 9.23, and those
with names 9.38. Moreover, the roads with names in BJ were assigned an average credibility equal to 9.06, and
the rest without names were assigned 8.51 trustworthiness. That is, the credibility of the roads with road names
attached was higher than for those with no name.

3.3 | Comparisons with existing methods
3.3.1 | Characteristics-based reputation
The characteristics of 5,688 contributors in HK and 4,219 contributors in BJ were extracted from the following
website: https://hdyc.neis-one.org. The corresponding characteristics are outlined in Table 6 in terms of practice,
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Descriptive statistics of contributors’ characteristics in Hong Kong

Characteristics

Min

Q1

Median

Mean

Q3

Max

Number of mapping days

1

1

3

156.63

51

4,433

Longevity of activity (days)

0

209

382

1,054.19

1,422

5,746

Number of edits

1

6

51.5

268,881

6,642.5

185,176,420

Software skill (level)

0

1

1

1.9

3

8

Local knowledge (ratio)

0

0.01

0.91

0.57

1

1.45

F I G U R E 9 The proportion of the difference (0, …, 9) between the R-level and the E-level for the same
contributor. BJ, Beijing; HK, Hong Kong
skill, and local knowledge. For all characteristics, the median and mean values differed considerably, indicating
that the data were unevenly distributed. These characteristics were normalized and combined in a weighted sum
as the characteristics-based reputation of VGI contributors, wherein the derived weights were calculated based
on the correlation between the characteristics and OSM quality (shown by MOL).
The characteristics-based reputation was similarly classified into 10 classes (E-level). The differences between
the R-levels and the E-levels were determined for individual contributors (i.e., 0, …, 9), and their frequency distribution is provided in Figure 9. We hypothesized that the R-level would be consistent with the E-level if their
difference were 0 or 1, and 28% of 5,688 contributors in HK and 51% of 4,219 contributors in BJ met this criterion.
In addition, a difference greater than 4 was considered inconsistent between the R-level and the E-level, and the
contributors of about 18% in both HK and BJ had this result. This suggests there were more contributors rated
with consistent ranking for the R-level and the E-level. The contributors in HK and BJ with a 2–4 difference between the R-level and the E-level accounted for a proportion of 54% and 31%, respectively.
To further explore their consistency, we computed the average R-level for the average E-level in each class (see
Figure 10). Overall, the R-level and the E-level showed a highly positive correlation, and the R-squared was about
0.86 in both HK and BJ under a linear regression.
As shown in Table 6, there was one contributor with approximately 200 million edits (contributor 7,168). To
demonstrate the difference between his evaluations at the E-level and the R-level, we summarize the characteristics of this contributor (Table 7). He registered in 2007 and mainly contributed to OSM in the USA. Owing to the
large number of edits, he had a high E-level equal to 9, though other characteristics like poor local knowledge gave
no obvious advantages. Using the EWPR algorithm in HK, he had an acceptable activity level equal to 0.75 and
received a medium-level C2C evaluation (0.56) from two contributors at the 1 R-level. In EWPR, the evaluations
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FIGURE 10
TA B L E 7

A scatterplot of the comparison of the average R-level and average E-level in: (a) HK; and (b) BJ

The characteristics of the contributor who contributed approximately 200 million edits

Characteristic

Value

Number of mapping days

240

Longevity of activity (days)

999

Number of edits

185,176,420

Software skill (level)

5

Local knowledge (ratio)

1.62 × 10 −8

E-level

9

Average activity level

0.56

Average C2C evaluation

0.75

R-level

7

from low-reputation contributors have little impact on reputation ranking. Thus, his reputation mainly depended
on activity level and was equal to 7 R-level.

3.3.2 | Similarity-based reputation
There were 3,228 contributors who were assigned similarity-based reputations in HK and 2,254 contributors in
BJ. Their reputations were divided into 10 classes, labeled as the S-level. The differences among R-level, E-level,
and S-level for the contributors are shown in Figure 11. In HK, 6% of contributors were rated as having the same
R-level and S-level (blue segment), and 11% of contributors’ R-levels and S-levels differed by 1 (see orange). There
were consistent evaluations of the R-level and the E-level for 22% of contributors, and of the R-level and the
S-level for 31% of contributors. In BJ, 18% of contributors were rated as having R-level and S-level with a 0 or 1
difference, whereas 41% of contributors’ R-levels and S-levels differed by more than 4. The difference between
the E-level and the S-level for 30% of contributors was also greater than 4. This means that the comparisons of the
E-level and the S-level as evaluated by published methods showed certain inconsistencies.
The scatterplots of the comparisons among the average S-, R-, and E-levels are similarly drawn in Figure 12.
Although their evaluations in each class did not show strong consistency, the R-level showed a highly positive
correlation with the S-level on the whole, and the R 2 was 0.90 in HK and 0.81 in BJ. Conversely, it is unexpected
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F I G U R E 1 1 The proportion distribution of the differences between the E-level and the S-level, the R-level
and the E-level, and the R-level and the S-level in (a) HK and (b) BJ; different color segments represent each
difference (0, …, 9), and the numbers on them represent the corresponding proportion (%) of each difference

FIGURE 12
(b) BJ

A scatterplot of the comparisons among the average S-level, R-level, and E-level in: (a) HK; and

for the E-level and the S-level to be inversely correlated. That is, the average E-level presented the opposite trend,
with an increase in the average S-level of each class.

4 | D I S CU S S I O N
4.1 | Measurement of reputation
The novelty of our study is that it adopted a computer algorithm to deal with the activity level of OSM contributors and their evaluation relationships such that a ranking metric for contributor reputation is presented.
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Two published methods (the E-level and the S-level) were realized to compare with our results (the R-level),
and there are certain consistencies and differences among them. Various methods cannot replace each other;
indeed, each has its own advantages and limitations. There are several possibilities for the inconsistencies among
the evaluations of the R-, E-, and S-levels. First, reputation is a qualitative indicator without a numerical definition.
Accordingly, the three types of levels have uncertainties as the proxy of reputation, and they differ in calculation
errors. Moreover, the E-level is computed using the characteristics on a global scale, whereas the R-level and the
S-level are on a local scale in the case studies. The S-level only employs the evaluation relationship, and the R-level
also uses the activity level. Despite all this, the R-level shows a high degree of consistency and correlation with the
E-level and the S-level, confirming that the evaluation of the R-level tends to be credible.
The E-level is obtained based on the characteristics of VGI contributors. It is a reasonable way to measure
contributor reputation, because a contributor's characteristics can help in understanding the contributor's behavior and further indicate reputation. However, the kind of method cannot be implemented without available
data about the contributor's characteristics. For example, there are 5,767 total contributors in HK, whereas 5,688
contributors have access to characteristics information. Likewise, the distribution of these characteristics is uneven, as shown by the number of edits in Table 6, where the minimum is 1, the maximum is 185,176,420, and the
median is 51.5. In this case, data normalization and weight setting are sensitive when various characteristics are
incorporated into the reputation.
The S-level can be extracted for fewer contributors (3,228 in HK) and is not applicable to contributors who
are less active in the community. In our study, the C2C evaluation describes the evaluation relationship between
adjacent contributors who co-edit an OSM object. When calculating the S-level, however, there is an evaluation
relationship between multiple continuous contributors co-editing an object. For instance, in addition to the C2C
evaluation among the three contributors in Figure 1, the S-level also involves the evaluation of ui,j by ui,j+2. In
essence, the evaluation of ui,j by ui,j+2 partially contains the evaluation of ui,j by ui,j+1. This reuses the information.
Furthermore, the model for calculating the S-level failed to consider contributors’ activity level.
The EWPR algorithm has four advantages in measuring reputation. First, it can deal with all contributors within
the OSM community, including the contributors who have only edited once. Second, the evaluation relationship and
the activity level can simultaneously be used to understand contributor reputation. Within the community, the contributors with a higher activity level tend to have more practice and skills. Third, as of July 31, 2020, the number of
OSM-registered users has exceeded seven million, and the number of changesets in 2013 has exceeded five million. A
computer algorithm is automatic and efficient in dealing with a large number of contributors within a VGI community.
Finally, although the proposed method was validated using case studies in two metropolises—HK and BJ—PageRank
also works for the contributors in other areas, even rural regions. The algorithm was mainly achieved using the co-
edits between VGI contributors; this means that it can work when there are collaborations among the contributors
in a region. It is essential for VGI contributors to correct and complete data together, even in rural regions. Thus, the
proposed method can be transferred to other projects maintained through the collaborative editing of the public.
The works on reputation measurement are beneficial to the assurance and assessment of VGI quality, and they
mainly include the following points. (a) If the evaluations (feedbacks) from others are exposed to the VGI community, it is useful for the contributors to raise awareness of quality assurance to receive more positive feedbacks.
(b) Reputation ranking helps pick out the reliable contributors and the questionable contributors, such that the
former can be the moderators or gatekeepers within the community and the latter will attract more attention and
corrections. These also help promote the quality and development of VGI projects. (c) Contributors with high-level
reputations are believed to contribute more reliable data. Thus, reputation is helpful in identifying data quality and
can be used as a factor to assess VGI quality.
The EWPR algorithm is based on an indirect evaluation relationship between contributors and activity level.
This helps to distinguish different types of contributors. For instance, corporate editors are more likely to have a
high activity level and to receive positive evaluations within a VGI community than novices. Novices, in contrast,
are less active and may receive less positive evaluations owing to limited practice and skills. Hobbyists may also
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be active but they will receive middle-level evaluations. The users who have similar activity levels and conduct
similar evaluations to others may be the bots. Nevertheless, the contributors edit OSM data in complex ways
and for various reasons (Rehrl et al., 2013). Our contributor network was established based on the change of
adjacent edits and has a limited ability in classifying the different types of editing. Therefore, the network is not
able to distinguish whether a change belongs to completing, correcting, or reusing a contribution. Several studies
mentioned in the Introduction have established the networks depicting different types of editing. Our study aims
to explore efficient, network-based algorithms to address the assessments of the users within a VGI community.
The PageRank algorithm—as one of the most popular node-ranking algorithms—is used for this. Future work will
apply other, optimized node-ranking algorithms, and focus on the networks that consist of various editing types
or multiple relationships between VGI contributors.
Future research may also find a more comprehensive method to visualize the evaluation relationship between
VGI contributors. In our study, this relationship is quantified by the version similarity of geographical features,
using two thresholds. There may be better ways to measure this relationship. For example, it may be affected by a
calculation error in the spatial similarity measure if adjacent versions suffer image registration problems; also, use
of similarity and temporal thresholds may miss some state changes of geographical features. As different contributor networks are established in different areas, reputation rankings may be diverse within those networks: a local
network emphasizes local knowledge and experience. For instance, contributor 13,721, mentioned in Section 4.2,
may be more reliable in BJ than in HK. Future studies will create a network of VGI contributors in China or globally
to yield a contributor reputation database for real-time updating.

4.2 | Use of reputation to assess VGI quality
In previous studies, reputation has been used to obtain the indicators of VGI quality, such as expertise, trustworthiness, and credibility. This shows that reputation is highly correlated with VGI quality. Using two published
methods, we also explored the credibility of OSM data based on the proposed reputation, and validated the credibility through visual judgment and analyses of the characteristics of OSM data. The results show that our ranking
metric can successfully be used to assess VGI quality.
The poor-credibility regions tend to have low reputation (see Figure 7), whereas VGI quality was not entirely
dependent on reputation [see regions (6)–(8) in Figure 7d]. In other words, VGI quality is also related to other
factors. As Figure 8a shows, the credibility showed a slight correlation with road type, that is, the main roads had
higher credibility than the minor roads. In addition, credibility increased with the increase of the version number
in a certain range (see Figure 8b), and the roads assigned their names were more credible than those without
names. Another related characteristic was the type of land crossed by the roads; here, the roads in regions (1)–(5)
in Figure 7c mainly passed through the areas of mountains, forests, and arable land.
Based upon the above characteristics, we next discuss the possibility of inconsistency between reputation and
credibility. In central districts in BJ, there may be a larger variety of contributors to edit OSM data; thus, there is
likely to be more heterogeneity in their reputations (see Figure 7d). Covering more main roads, data in the central
districts attracted more attention and had greater version numbers, such that their credibility becomes acceptable
or high. In rural areas [see regions (1)–(5) in Figure 7c], there is a body of mixed use of arable land, woodland, and
built-up land, meaning that a road may pass through mountains, forests, arable land, and buildings at the same
time. This increased the difficulty in mapping the road in OSM. In addition, fewer contributors were dedicated to
editing the roads in rural areas, and some roads may have been contributed several years ago and may come with
less attribute information (e.g., road type and name). These indicate that the roads in rural areas are more likely to
be of a low quality than those in urban areas. In some rural areas, however, the roads were mainly contributed by
a few high-reputation contributors; that is, the high-reputation contributors generated the roads without messy
contributors to edit. Thus, the roads in these areas had high credibility (see the northeast of BJ).
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VGI quality is related to a range of factors in addition to reputation, and how to combine reputation and other
characteristics for quality assessment remains challenging. Some studies have proposed various mathematical relations between the indicators of VGI quality and reputation. In addition (see Table 5), the visual quality was mainly
evaluated based on positional accuracy and shape accuracy, whereas the quantitative relationships between the
two extrinsic indicators and credibility/reputation are unknown. Hence, future studies need to figure out more
definite relationships between reputation and quality. The methods for reputation measurement are worth studying before this research on VGI quality can take place.

5 | CO N C LU S I O N S
In this study, we established a network that depicts evaluation relationships among VGI contributors. It includes
past edits and the activity levels of the contributors through the number of produced edits. Based on this network,
we developed an evaluation-based weighted PageRank (EWPR) algorithm to measure reputation, with the aim of
providing an available indicator of VGI quality assessment or assurance. Comparing our algorithm with two existing methods on two OSM datasets, we show that the algorithm is effective. Based on reputation, we obtained
the credibility of OSM data, demonstrating the successful implementation of using reputation to assess aspects
of VGI quality. The analyses on data credibility also indirectly validate the proposed reputation and show that
reputation is useful for dealing with quality variability in VGI.
Reputation is a qualitative indicator of VGI quality and in principle can be used widely as a tool to ensure the
validity of VGI providers. Before doing so, the study shows that it is useful to develop an algorithm like in our
study. Its effectiveness may indicate several new perspectives on measuring reputation. Such an algorithm, often
used for understanding relationships between web pages and social network participants, has the potential for
reputation ranking among VGI contributors. This study therefore fills the gap that network-based technology
rarely addresses evaluation relationships and contributor characteristics at the same time.
ORCID
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