
DOI: 10.4018/IJAGR.316770

International Journal of Applied Geospatial Research
Volume 14 • Issue 1 

This article published as an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, distribution, and production in any medium,

provided the author of the original work and original publication source are properly credited.

*Corresponding Author

1

Evaluating the VGI Users’ 
Level of Expertise:
An Application of Statistical and Artificial 
Neural Network Approaches
Elaheh Azariasgari, Islamic Azad University, South Tehran, Iran

Farhad Hosseinali, Shahid Rajaee Teacher Training University, Iran*

ABSTRACT

Currently, online maps are of the most innovative and significant sources of information in people’s 
daily life. However, quality assessment of volunteered geographic information (VGI) data raises some 
challenges. This research aims to analyze the VGI participants’ level of expertise through evaluation of 
their background information. Towards this goal, an android application was developed to test users’ 
knowledge and cognition about some selected regions of city as well as their background information. 
In order to evaluate the quality of information expressed by participants, some changes were made in 
Tehran’s online map, and users were asked to identify the changes and to guess the vanished attributes. 
Statistical and ANN approaches were applied for analysis. The results demonstrated that the ANN 
was able to predict the percentage of correct answers of a new volunteer with mean squared error 
of 0.2. This research suggests that users’ age and familiarity with the specific region in the city play 
more significant roles in their expertise in using online maps and in probable participating in VGI.
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Introduction

In recent years, there has been a tendency to use the Web to create, assemble, and disseminate 
geographic information provided voluntarily by individuals. The users are also interested in 
contributing to the field of geographic information called volunteered geographic information (VGI) 
(Goodchild, 2007). VGI has the potential to be a significant source of geographic information at 
the Earth’s surface. However, there are many challenges with VGI (Kessler, 2011). VGI is based 
on geographic maps and also is a progressive field of study in the former science and technology 
of geographic information systems (GIS) (Gómez-Barrón et al., 2019). Urban rapid expansion and 
changes also make it difficult to provide formal up to date maps for everyday works (Hosseinali et al., 
2014; Lin, 2018). Websites such as Wikimapia and OpenStreetMap are samples of VGI-based systems 
that often provide the cheapest source and sometimes the only source of geographic information (Ali 
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& Schmid, 2014; Da Costa, 2016). However, VGI data can be even obtained from the websites whose 
activities are in other areas and allow users to add geographic information as well (Astaburuaga et 
al., 2022; Feng & Sester, 2018).

Nevertheless, integration of VGI with valid data, Spatial Data Infrastructure (SDI), and other 
data has emerged as an issue, which is due to the fact that it is difficult to accurately determine the 
quality of VGI (Fogliaroni et al., 2018; Severinsen et al., 2019). There are two main methods to assess 
VGI data quality. In the first approach, it is assumed that formal authoritative data is quality data 
and can be used for VGI data validation. The most important disadvantage of this method is that it 
requires access to formal authoritative data, which might not be always possible. Also, correctness 
and consistency of authoritative data cannot be guaranteed, which is due to the slow update rate of 
authoritative data-sets, resulting in discrepancies between data and reality that arise over time. In 
the second approach, the evolution of data, namely its history or progress is analysed. The advantage 
of this approach compared with the first one is that it does not require external data sources and 
considers the timeliness dimension of data. However, this method does not measure data quality 
accurately, but instead provides an approximation (Antoniou & Skopeliti, 2015; Dai et al., 2008; 
Severinsen et al., 2019).

Research has shown that three indicators of practice, skill and motivation can affect the quality of 
the data produced (Yang et al., 2016). Also, the concept of informational trust has been introduced to 
the established notion of interpersonal trust, and it has been suggested to use informational trust and 
reputation as proxy measures for information quality. The question that is raised here is that whether 
users’ background information including occupation, age, etc. can be an indicator of people’s level 
of expertise in producing volunteered geographic information? And if this information plays a role 
in validity of produced data? Therefore, in this paper, we aim to evaluate the quality of information 
expressed by VGI participants (in an urban environment) based on their background information, by 
using Artificial Neural Network (ANN) as well as statistical approaches. The next section discusses 
related work and illustrates the necessity of our work. Then, the methodology is explained, and 
the results are expressed and briefly discussed. Finally, the last section summarizes the article and 
provides recommendations for future works.

Background

This part of the study reviews different methods and approaches that have been used by previous 
researchers to assess the VGI data quality.

Goodchild and Li (2012) described three approaches to quality assurance, which were termed 
the crowd-sourcing, social, and geographic approaches. Crowd-sourcing approaches “refers to the 
ability of a group to validate and correct the errors that an individual might make” while social 
approaches “relies on a hierarchy of trusted individuals who act as moderators or gate-keepers”. The 
geographic approach is powered by certain rules of syntax that reveals what can and cannot occur at 
a given location (Goodchild & Li, 2012). In another work, Antoniou and Skopeliti (2015) addressed 
the various aspects of measuring VGI’s quality (Antoniou & Skopeliti, 2015). Senaratne et al. (2017) 
reviewed the literature of VGI data quality assessment and classified them into three categories of: 
map-based, image-based and text-based (Senaratne et al., 2017). Bordogna et al. (2014) addressed 
the ways of increasing VGI data quality (Bordogna et al., 2014). Moreri et al. (2018) proposed a 
Trust and Reputation Modelling (TRM) methodology to measure the quality of VGI data in Mochudi, 
Botswana without the typical reference to ground truth. TRM measurements involved: Thematic 
accuracy measure, Semantic accuracy measure, Volunteer credibility determination and Positional 
accuracy determination. They underlined that “metadata about contributed data sets can be created by 
the development of rating applications for the public to police themselves in assessing and subjectively 
rating the accuracy of other volunteer contributions” (Moreri et al., 2018).
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If formal data is available in a region, an appropriate approach for data evaluation is to compare 
formal data and collected data through VGI. This approach was applied by Forghani and Delavar 
in Tehran (Forghani & Delavar, 2014). Also, Teimoory et al. used the formal data to evaluate the 
reliability of OSM data regarding their history (Teimoory et al., 2021). However, the problem is that 
in many cases, appropriate and updated formal data is not available. In these cases, one of the most 
effective ways to evaluate the validity of data is to rely on the quality of data producers; therefore, 
some researchers used this approach. For instance, Coleman et al. (2009) discussed that contributors 
of volunteered information can be divided into five categories of “Neophyte”, “Interested Amateur”, 
“Expert Amateur”, “Expert Professional” and “Expert Authority”, based on their characteristics and 
motivations (Coleman et al., 2009). Yang et al. (2016) assessed the contributors of OSM in Germany, 
France and U.K. by investigating whether the contributors were professional. They concluded that 
the most contributors of OSM “are hardly amateurs, but are professionals instead” (Yang et al., 
2016). Rajaram and Manjula (2019) focused on determining user proficiency on OSM data based on 
contribution behaviour of users. They approximated that in India 17% of users were key contributors 
and 27% were inexperienced local users (Rajaram & Manjula, 2019). Zhang et al. (2021) exploited 
evaluation-based weighted PageRank on OSM data for ranking of VGI contributor reputation. The 
study revealed that more active VGI contributors are more reputed (Zhang et al., 2021). Mohammadi 
and Sedaghat applied an ANN approach to achieve a quality index of data from VGI users’ need 
(Mohammadi & Sedaghat, 2021). Severinsen et al. (2019) developed a model called VGTrust, which 
“assesses information about a data author, and the spatial and temporal trust associated with the data 
they create to produce an overall VGTrust rating metric”. VGTrust was a weighted linear combination 
of six criteria. The authors assumed determining the quality of data author as a major principle of 
determining the quality of VGI data (Severinsen et al., 2019).

Another issue is that collecting VGI data from sources other than famous VGI sources such 
as OSM is a difficult task. But, when specific information is needed, collecting this kind of data 
becomes necessary. For example, Can et al. (2019) used VGI to extract landslides from the photos 
taken by the volunteers. They developed a convolutional ANN for this purpose and found VGI a 
good resource for collecting this type of data (Can et al., 2019). Martella et al. (2019) developed an 
android application to collect spatial information via gaming. People participated in the study used 
the gaming application whose environment was based on the target map. People (especially students 
of the university) were gathering information of the target (University of Münster, Germany). The 
efficiency of the method was verified by the questionnaires filled by the users (Martella et al., 2019).

In addition to the factors mentioned above, the concept of spatial (locational/geographical) 
knowledge of participants may affect the quality of VGI. Spatial knowledge is a fundamental factor for 
a VGI contributor’s level of expertise. The level of people’s spatial knowledge varies from individual 
to individual and depends on many variables such as people’s experiences, age, job, etc (van der Ham 
& Claessen, 2020). Mullen et al (2015) argued that the quality of data obtained from the participants 
have a complex relationship with the demographic properties (Mullen et al., 2015). However, some 
studies aimed to investigate the spatial knowledge of people. Klonner et al (2021) established a field-
based study to collect data about the opinion of people about the risk of flood in Eberbach, Germany. 
Half of the participants of that study were residents of that area and the other half were passengers. 
The results showed that the residents believe a greater area is disposed to flood (Klonner et al., 2021). 
Xu et al (2013) evaluated geographic awareness of people based on exploratory analysis of Twitter 
data. They demonstrated how it is possible to use social media to evaluate the spatial knowledge of a 
society (Xu et al., 2013). Olszewski and Wendland (2021) developed a platform called Digital Agora 
which enables the acquisition of spatial knowledge in order to develop a geoinformation society. 
Digital Agora may be used to collect spatial data and transform them into useful spatial knowledge. 
The platform allows to understand different attitudes of various groups of participants (such as people 
of different genders and age groups) toward studied locations (Olszewski & Wendland, 2021).
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The review on literatures showed that validating VGI data is an extensive and still novel field of 
study. In this research, the level of expertise and spatial knowledge of volunteers is assessed through 
evaluation of participants’ background information. The results may be interpreted as a combination 
of participants’ spatial knowledge and participants’ trustworthiness. In order to do so, some predefined 
information of users is entered into a developed VGI application as input data. Therefore, based on the 
accuracy of geographic information assessed by users, the background information of participants is 
analysed through statistical and ANN approaches. Finally, the quality (reliability) of the information 
provided by the users in VGI application can be predicted using their background information. The 
method proposed in this research can be used to evaluate the VGI users, and it may be applied as an 
index for the reliability of participants’ contribution.

Materials and Methods

In this study, ANN and statistical approaches are applied as tools to determine the VGI users’ level 
of expertise by taking into account the participants’ background information. In this method, users 
enter the requested information in VGI app upon registration and start answering predefined tests 
extracted from the maps. The percentage of users’ true answers may indicate their level of expertise. 
After participation of hundreds of users, the answers are analysed. As a result, immediately after a 
user enter a VGI app, the level of his/her expertise can be investigated by the system which may be 
interpreted as the trustworthiness of his/her participation.

In this method, it is required to have primary information about VGI users’ background. 
Since this information is not available, first, it is needed to design an app that has features of a 
VGI app to provide volunteered geographic information and receive users’ primary information. 
In order to do so, an android application is designed including a questionnaire on primary 
information of users as well as the map of Tehran (the capital of Iran). It is provided for users 
through designed app to voluntarily respond the questions. The collected information of users is 
then analysed through both ANN and statistical approaches. In this research, the App Inventor 
tool has been used to create an android-based application. Also, statistical analysis and Neural 
Network programming have been performed using SPSS and MATLAB software, respectively. 
Figure 1 shows the algorithm considered in this research.

Questionnaire Design
A group of multiple-choice questions was designed to provide participants with multiple answer 
options, which provide this opportunity to compare the participants’ response with each other and 
prevent from producing wrong and incomplete information. The questionnaire includes 10 variables 
summarized in Table 1.

The questions about the map of Tehran were designed based on the map provided at https://
map.tehran.ir/ by the municipality of Tehran. This map is a formal data. The questions are 
related to 17 different busy regions scattered all around the city. In each selected region, three 
changes were made including removing the street or highway names, creating new streets, 
removing the name of parks or hospitals, etc. The changes were labelled with the question 
number on the map so that the users can make a relationship between the questions and the 
map and respond the questions. Three answer options were considered for each question; one 
correct option, one incorrect option, and one “Don’t know” option. To have consistency among 
users’ answers, they were asked to choose their answer from options provided. For instance, 
three changes were made in Vanak Square according to Figure 2. In the first and third change, 
the street names were removed, and in the second change, a new street was added to the map, 
and the users were asked whether this street really exists. They were also asked about the way 
of acquaintance with that region of the city.

https://map.tehran.ir/
https://map.tehran.ir/


International Journal of Applied Geospatial Research
Volume 14 • Issue 1

5

Figure 1. Proposed Research Method Flowchart

Table 1. The background questions asked from the contributors

Number Question Options

1 Age Less than 18, Between 18 and 30, Between 30 and 40, Between 
40 and 50, More than 50

2 Gender Male/Female

3 Occupation
University professor, teacher, self-employed, retired, un-
employed, physician, nurse, housewife, student, university 
student, legal jobs, employee, engineer, taxi driver, etc.

4 Education Less than diploma, diploma, associate’s degree, bachelor’s 
degree, Master’s degree, PhD

5 Major Engineering, humanities, agricultural sciences, basic science, 
medicine, literature and language, and art

6 Familiarity with mapping Yes/No

7 Being a mapping engineer Yes/No

8 Familiarity with GIS Yes/No

9 Familiarity with GPS Yes/No

10 The way of acquaintance Residential neighborhood, workplace neighborhood, coming 
and going route, other cases
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Developing Android Application
App Inventor is an open-source web-based programming environment that can be installed and run 
independent from other programs. In order to use App Inventor programming environment, only a 
Google account is needed. So, App Inventor was used to develop the android application in this study. 
The developed app first receives a username from each user that is designed to be unique and avoid 
saving repetitive usernames. The username does not impose any limitations and allows differentiating 
between users when data is stored. After the username is set, users are asked to respond questions in 
the questionnaire by choosing their answers from options provided (completing their profile). The 
users are then asked to select a region they are more familiar with to answer the relevant questions of 
that region. Once the questions are answered, the users are again asked to select another region. Each 
user is required to respond the questions of at least three regions. After the questions of each region 
are responded, the application removes the name of that region from the list. When users answer the 
questions of at least three regions, the exit button becomes active, and the users are allowed whether 
to exit from the application or to continue answering questions of more regions. Figures 3 and 4, 
respectively, illustrate the question page and answer sheet for Vanak region.

The users’ answers must be stored in a virtual database. To store data in a virtual database in 
the App Inventor, a web-based virtual database must be created in Google Cloud Platform whose 
address can be used in the application. The created database and the procedure of storing data are 
demonstrated in Figure 5. Figure 6 presents the overall scheme of the application.

As mentioned before, collecting VGI data through ways other than famous websites such as 
OSM is difficult. Also, in this research we need the reliable information of participants. Therefore, 
the application designers asked the people they know to install and run it. It is worth mentioning that 
all of the participants are the residents of Tehran. Also, they had an option to choose the region they 
wanted to answer questions about, and they were not given the regions randomly. Thus, the study 
aims to evaluate their spatial knowledge not the level of their familiarity with Tehran. Although by 
this approach the volume and variety of data might not be too large, the most important advantage 
of it is that the background information collected from those individuals are trustworthy because 
they are known.

Figure 2. Modified Map of Vanak Square
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Figure 3. (a) Questionnaire answer page, (b) Selecting an option in registration page

Figure 4. Answer Sheet for Vanak Region
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Data Preparation
After being collected, the data must be prepared to be used in SPSS software and MATLAB Neural 
Network Toolbox. Therefore, data was first entered in Excel software, and sorted based on the 
usernames and selected regions. The users were then scored according to the number of questions 
they answered correctly. A correct answer was scored 1, an incorrect answer was scored -1, and the 
answer of “Don’t know” received the score of zero. The average of the scores were calculated and 
stored as the percentage of correct answers in a new column. Therefore, the scores could range from 
-100% to 100%, with 100% indicating the highest possible score, and -100% indicating the lowest 
possible score.

275 individuals participated in this project. Considering that each individual answered the 
questions of three regions on average, and since they had different reasons for being familiar with 
that region, which could affect users’ answers, the answers to the questions of each region can be 
considered as a separated sample. As a result, 1102 samples were collected, sorted, and processed.

Statistical Analyses
Once being prepared, the data entered into SPSS software. Before entering data into the software, 
the variables must be defined as well. Ten independent variables and one dependent variable of 

Figure 5. Database of storing application data
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“the percentage of correct answers’ were defined. After the data was analysed by SPSS software, 
the skewness and kurtosis values of the dependent variable were calculated to be -0.646 and -0.278, 
respectively, which fall within the range from -1 to 1, indicating that the data has normal distribution.

Internal consistency and reliability of the questions about “users” background in mapping” must 
be checked. Therefore, Cronbach’s alpha test (de Vet et al., 2017) was performed for the following 
questions, “familiarity with mapping”, “being a surveying Engineer”, “familiarity with GIS”, and 
“familiarity with GPS”. The value of Cronbach’s alpha coefficient for these four questions was 0.799, 
which is more than 0.7, indicating the reliability of the questions about “familiarity of users with 
mapping”. Since the data is parametric and normally distributed, the Pearson correlation coefficients 
(Afyouni et al., 2019) between the dependent variable of “the percentage of correct answers” and 
other variables were calculated. Table 2 summarizes the results of Pearson correlation coefficients 
calculation. The Pearson correlation test shows that there is a relationship between “the percentage of 
correct answers” and “age” (p=0.03, n=1102, r=0.1), and the direction of the relationship is positive. 
Also, there is a relationship between “the percentage of correct answers” and “way of acquaintance 
with the region” (p=0.00, n=1102, r=0.2), and the direction of the relationship is negative. The 
relationship between these two variables is stronger.

In order to analyse the effect of “users’ background in mapping” on “the percentage of correct 
answers”, an independent t-test (Fişek & Barlas, 2013) was performed on the following variables, 
“familiarity with mapping”, “being a surveying Engineer”, “familiarity with GIS”, and “familiarity 
with GPS”. According to the results, the significance level for the relationship between “familiarity 
with mapping” and “the percentage of correct answers”, the relationship between “being a surveying 
Engineer” and “the percentage of correct answers”, the relationship between “familiarity with GIS” 
and “the percentage of correct answers”, and the relationship between “familiarity with GPS” and 
“the percentage of correct answers” were 0.275, 0.141, 0.847 and 0.179, respectively, which are more 
than 0.05. As a result, it can be said that there is no significant relationship between these variables, 

Figure 6. Outline of the program
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and the hypothesis of relationship between “users’ background in mapping” and “the percentage of 
correct answers” is rejected.

In addition, a multi-variable regression was conducted for research data, and the linear regression 
assumptions were taken into account. By using enter method, a significant model was obtained that 
can predict “the percentage of correct answers” with variance of 35%. Two variables of “age” and 
“way of acquaintance with the region” significantly predict “the percentage of correct answers”, 
and other variables do not have any significant effects on “the percentage of correct answers”. The 
regression model can be described by Equation 1 as follows:

The percentage of correct answers = 49.516 + 17.758 (Age)-0.644 (Gender)	  
-2.748 (Occupation)-2.236 (Education) + 11.909 (Major)-0.888 (Familiarity with mapping)	   
+ 0.759 (Being a surveying engineer) + 3.065 (Familiarity with GIS) 	  
+ 2.516 (Familiarity with GPS)-30.145 (The way of acquaintance)	 (1)

The graph of probability-probability of normal distribution of standard error is presented in 
Figure 7. As can be seen, the distribution of error is normal.

Implementation of ANN
Considering the type of data and previous researches, multi-layered feed-forward back-propagation 
Neural Networks were designed for this study. In these networks, in the first phase of training, the 
information moves forward. Then, the output values of the network are compared with real values to 
calculate the value of error and bias. In the next phase, the movement is backward in the network to 
updates weights and biases. This process is repeated until the errors are minimized and an optimized 
network is created. Once the network is trained, it can estimate the output value of new data.

In order to train the network, Batch Gradient Descent with Momentum training method was 
applied. Levenberg-Marquardt (LM) algorithm, Mean Squared Error (MSE), and Tangent Sigmoid 
function were chosen for training function, performance function, and activation function, respectively. 
Neural networks were designed for two cases: with one hidden layer and with two hidden layers. The 
number of neurons for each layer was 2 to 9, and the number of training cycles was set to 10. In other 
words, 80 and 640 training cycles were considered for the first (with one hidden layer) and second 

Table 2. Pearson correlation coefficient and significance level of the variable of correct answers percentage with 
other variables

Variable
The percentage of correct answers

Significance level Pearson correlation coefficient

Age 0.03 0.1

Gender 0.45 0.02

Occupation 0.3 -0.03

Education 0.83 0.01

Major 0.13 0.05

Familiarity with mapping 0.04 0.03

Being a mapping engineer 0.54 0.02

Familiarity with GIS 0.19 0.04

Familiarity with GPS 0.54 0.02

The way of acquaintance 0.00 -0.2
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(with two hidden layers) cases, respectively, which means the total number of training cycles were 
720. Also, 70% of data were randomly used for network training, 15% for network validation, and 
15% for network testing. In every training cycle, the composition of data used for network training, 
validation and testing is changed randomly. Also, the data was categorized in two groups of input 
data (10 variables of age, gender, etc) and target data (Percentage of correct answers).

In each training cycle for the network with specific architecture, the mean squared error (MSE) 
of the best validation performance was stored, and the average value of MSE was calculated for 2700 
training cycles to find the best network architecture. Figure 8 shows the best validation performance 
graph for MSE calculation in one of the network training cases.

After 720 training cycles for different cases, the average value of MSE of the best validation 
performance was listed in Table 3. Then, according to the results, the best network architecture 
was selected.

Results and Discussion

Once the best network architecture was obtained, a matrix with 322560 rows containing all possible 
permutations of input data were formed, and introduced to the best network architecture as an input. 
and the target output was obtained. Finally, the output and input data were sorted in order of the highest 
percentage of correct answers, and unreasonable cases were eliminated. For example, a mapping 
engineer aged less than 18 who has a diploma was considered an unreasonable case and eliminated. 
The best predicted case by the network is presented in Table 4.

Having these tools (trained ANN and statistical equation), when a new user wants to start entering 
or correcting/validating geographic information, if the background information of the user is available, 
the quality (mostly attribute quality) of his/her volunteered information can be estimated.

One of the important achievements of this research is discovering the relationships between the 
percent of the correct answers of the contributors and their specific backgrounds. The use of a mobile 
software in this study resulted in evaluating not only people’s spatial knowledge but also their level of 

Figure 7. The graph of probability-probability of normal distribution of standard error for the percentage of correct answers
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Figure 8. The best validation performance graph for MSE calculation in one of the network training cases

Table 3. The average value of MSE of the best validation in two different performance network architecture

Network architecture One hidden layer Two hidden layers

Number of neurons 8 7 - 4

Average network MSE in 10 training cycles 0.20932 0.19980

Table 4. The best predicted case by the best network and with the generated data

Variable The best Value

Age 40-50 years old

Gender Men

Occupation Teacher

Education Undergraduate

Major Technical and engineering group

Familiarity whit mapping Yes

Mapping engineer No

Familiarity whit GIS Yes

Familiarity whit GPS No

The way of acquaintance Workplace area

The percentage of correct answers 99.79%
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expertise in applying online maps (both of which are essential skills for VGI contributors). Two of ten 
background factors showed to have major effects on contributors’ correctness of answers, which are 
age and the way of acquaintance. Ages between 40-50 seems to be an appropriate age to be informed 
of the geographical information of surrounding environment. In addition, according to the results of 
the best predicted case of ANN, people who participated in this study paid the most attention to the 
geography of their workplace rather than even their place of residence. This may be odd; however, 
complimentary information could be useful such as how long they have lived or worked in a certain 
region. This should be investigated in further studies. The homogeneous frequency of the statistical 
society is another issue. In this study around 14%, 14%, 58% and 14% of contributors stated that 
the selected region was their workplace neighborhood, residential neighborhood, coming and going 
route and other cases, respectively. The equality between frequency of workplace neighborhood and 
frequency of residential neighborhood strengthens the reliability of the results in this case. Another 
discovery could be about the coming and going route. The results reveal that the coming and going 
route adds less information to the locational knowledge of people.

However, these are the results of a mixed process of the responses obtained from ANN rather than 
the direct observation of the statistics. The statistics of each input variable may also be considered 
separately but it is not a better criterion for evaluating the spatial knowledge of a single person. In 
other word, to estimate the spatial knowledge of an individual, his/her background data should be 
checked together.

According to the results, it can be argued that users’ background played an important role in 
the percentage of correct answers given by the users to the questions related to the changes made 
in the map. What distinguishes this research from other similar researches is that in this study, the 
following items were considered simultaneously: developing an application to simulate VGI conditions; 
collecting different valid data about users’ background; having correct answers to the map questions 
and comparing the participants’ answers with them in order to obtain the percentage of correct answers; 
estimating the reliability of users’ answers using both statistical and ANN approaches. The aim of 
this estimation is to have an evaluation of the reliability (quality) of the geographic data created by 
the volunteers. As a result, the map obtained from VGI will be more reliable or at least it may have 
one estimated index of reliability. In other words, through evaluation of VGI users, the obtained map 
can be validated. However, acquiring the trustable background information of participants is still a 
challenge. Although one cannot say that the ability to identify locations on a map with no labels 
means a person is a more accurate VGI contributor, it can be claimed that lack of this ability means 
that the person is likely an inappropriate contributor of VGI.

Conclusion and Recommendations

In this research, level of expertise of VGI participants was evaluated through assessment of VGI 
participants’ background information. Since the background information of users was not available, 
an android application was designed. To provide the geographic information of the application, 
some changes were made to the map of 17 regions of Tehran, and the users were asked to answer 
the questions about these changes. The application was installed by known participants and they 
respond the questions. In addition to these questions, users were asked to provide information about 
their background by answering ten questions about their age, gender, occupation, education, major, 
familiarity with mapping, being a surveying Engineer, familiarity with GIS, familiarity with GPS, 
and way of acquaintance with that region of the city. To have consistency among users’ answers, 
multiple choice questions were designed. After being collected, the data was sorted and scored, and the 
percentage of correct answers to the map questions were calculated for each user. Overall, 1102 rows 
of data were formed. Ten background questions were considered as independent or input variables and 
“the percentage of correct answers’ was set as dependent variable. Statistical and ANN approaches 
were applied to examine the correctness of answers based on the users’ background information. 
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According to the findings of the statistical approach, there is a relationship between “the percentage of 
correct answers” and variables of “age” and “way of acquaintance with the region”. Also, the results 
of t-test showed that there is no significant relationship between “the percentage of correct answers” 
and “users’ background in mapping”. In addition, by performing a multi-variable regression for all 
the data, a significant model was obtained that can predict “the percentage of correct answers” with 
variance of 35%. In the ANN approach, the collected data were used to train the multi-layered feed-
forward back-propagation Artificial Neural Networks and to determine the best network architecture. 
Then, a matrix containing all possible permutations of input data were formed, and introduced to the 
best network architecture as an input. The input and output data were sorted in order of the highest 
percentage of correct answers, and unreasonable cases were eliminated.

Therefore, when a new user wants to start entering or correcting/validating geographic 
information, an estimation of the correctness of his/her volunteered information will be available. This 
research revealed the impact of VGI user’s background information on the quality of their expressed 
information and as a result, their trustworthiness. Therefore, it is a good idea for VGI websites to capture 
background information of participants (if possible) before allowing them to enter/change any data.

Considering the previous studies and the methodology applied in this research as well as the 
obtained results, it is suggested that other variables including users’ level of familiarity with the 
region, duration of familiarity and visit frequency to the region be taken into account in the future 
works. For questionnaire design, it is also recommended that answers be provided in the form of 
fuzzy membership.
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