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Assessing the internal quality of PPGIS data: development and testing of 
a quality assessment framework
Anni Simola a, Nora Fagerholm a, Carolin Klonner a and Anna Kajosaari b

aDepartment of Geography and Geology, University of Turku, Finland; bInstitute for Urban and Regional Research, Austrian Academy of 
Sciences, Vienna, Austria

ABSTRACT
Participatory mapping allows citizens to share place-based values with researchers and planning 
authorities. Public participation GIS (PPGIS), a common approach of participatory mapping, is used 
in land use planning to engage citizens via online map-based surveys. Despite known quality 
issues, the quality of PPGIS data is rarely systematically assessed. Since no guideline exists for 
assessing PPGIS data quality, we produced a quality assessment framework based on a review of 
academic literature, focusing on internal data quality. We propose key data quality criteria and 
measures for spatial PPGIS data. We tested the framework with three PPGIS datasets, finding that 
some criteria, such as geometric precision and spatial autocorrelation, are straightforward to 
assess, while others, for example thematic accuracy, could not be assessed due to the subjective 
nature of PPGIS data. Additionally, the selected PPGIS datasets lacked required information for 
assessing some criteria, for example mapping effort. Conventional geospatial data quality criteria 
were particularly challenging to assess, highlighting the need for PPGIS-specific alternative criteria. 
The proposed framework provides an important basis for establishing systematic quality assess
ment practices in the PPGIS field and increasing trust in PPGIS data. However, further testing of the 
framework with diverse PPGIS data is needed.
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1. Introduction

Geospatial data and maps are valuable for understand
ing the world and sparking discussion about the past, 
present and future of places. An enormous amount of 
data is produced in today’s society, the majority of 
which is place-based due to advancing geospatial tech
nologies. Data actively produced by the lay public is 
a growing source of information (Grêt-Regamey et al.,  
2021). Approaches by which citizens generate place- 
based data either digitally or with analogue methods, 
both individually and collectively, are referred to as 
“participatory mapping” (Brown & Kyttä, 2014). 
Participatory mapping is seen as a bridge between 
expert and citizen knowledge. It can help understand 
the world in ways that are not possible with traditional 
geospatial methods (Miller, 2020). In the field of parti
cipatory mapping, volunteered geographic information 
(VGI) refers to citizens collecting data based on con
tribution and communication of information, whereas 
public participation GIS (PPGIS) and participatory GIS 
(PGIS) are based on participation and refer to actively 

engaging citizens in research and spatial planning 
(Fagerholm et al., 2021). In this paper, we focus on 
PPGIS and define it according to Fagerholm et al. 
(2021) as an approach to understand place-based values, 
perceptions, behavior, and preferences for land use 
development, with online map-based surveys being the 
most common data collection method.

PPGIS methodologies have raised interest widely 
over the past two decades among research community 
and spatial planners interested in people’s values and 
experiences linked to their everyday environments, as 
well as in mapping land use preferences in diverse con
texts from urban to rural (Mohamed, 2025). To name 
a few examples, studies have investigated nature con
servation values as input for land use planning (Brown 
& Reed, 2009; Solé et al., 2025), cultural ecosystem 
services (Rall et al., 2017; Ridding et al., 2018), and 
perceived accessibility and safety in the city 
(Laatikainen et al., 2017; Pánek et al., 2017). 
Additionally, researchers have developed ways to 
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analyze PPGIS data by exploring, explaining, and pre
dicting (Fagerholm et al., 2021). Online map-based sur
veys are a widely used platform for PPGIS, as online 
surveys are easy to implement and can reach a large 
audience relatively quickly (Afzalan & Muller, 2018). 
Furthermore, a benefit of PPGIS is that citizens do not 
have to be in a certain place at a certain time to parti
cipate (Kantola et al., 2023). Popularity of digital parti
cipation platforms has increased, advancing the 
digitalization of participatory research and planning 
(Arku & Buttazzoni, 2025; Staffans et al., 2020). For 
example, a survey conducted in 2023 studied the use 
of digital participatory tools among Finnish municipa
lities (Kaskela, 2024). Two-thirds of the respondents 
reported having implemented online surveys for spatial 
planning, and PPGIS surveys are used in 43% of the 
responding municipalities. Recently, research has 
addressed the effective utilization of PPGIS methods, 
such as the usability of PPGIS tools (Ballatore et al.,  
2020), requirements for implementing PPGIS methods 
(Babelon et al., 2017), as well as the quality of participa
tion processes (Hofmann et al., 2020). However, to date 
there are no established ways of systematically assessing 
the quality of PPGIS data mapped by participants to 
ensure that the data is a good fit for the intended use. 
This is a considerable restriction in the field.

PPGIS data typically consists of both spatial and non- 
spatial data collected through self-administered online 
surveys (Fagerholm et al., 2021). Spatial features may 
represent participants’ place-based values, perceptions, 
behavior, or preferences. Non-spatial data is collected 
via open or structured survey questions and can include, 
for example, socio-economic-demographic characteris
tics or statements about well-being, value orientations 
or everyday life. Although digital tools allow effective 
data collection, sufficient data quality cannot be guar
anteed, as the quality of the spatial features is often 
dependent on the skills, knowledge, and motivation of 
participants, as well as the survey design (e.g. Brown,  
2012; Fagerholm et al., 2021; Ramírez Aranda et al.,  
2021). Traditional bio-physical geospatial data objec
tively representing the physical environment also con
tains uncertainties, but shortcomings in quality are 
often more obvious in citizen-based data and can 
weaken its reliability (Brown, 2012).

Geospatial data quality assessment is often anything 
but straightforward. According to Veregin (2005), qual
ity assessment is conducted by evaluating the data 
against quality criteria; the most common criteria 
being accuracy, precision, consistency, and complete
ness. However, traditional quality criteria cannot always 
be applied to PPGIS data (Ramírez Aranda et al., 2021). 
Still, quality assessment is a key step in analyzing PPGIS 

data (Fagerholm et al., 2021). As the digitalization of 
participatory planning progresses and PPGIS methods 
have become more established, there is a need for 
a more effective utilization of PPGIS data, which can 
be promoted by systematic quality assessment. 
Assessing the quality of the spatial component of 
PPGIS data would help understand the uncertainties 
and characteristics of collected PPGIS datasets and 
thus increase trust in their use.

Currently, no comprehensive understanding exists of 
suitable criteria for the quality assessment of PPGIS 
data. A systematic guideline of quality assessment has 
been developed for crowdsourced geospatial data 
(Degrossi et al., 2018), but such a framework does not 
yet exist for PPGIS data. Some quality-related issues and 
quality indicators have been identified in the literature 
(e.g. Hosseini et al., 2024; Mohamed, 2025; Salminen 
et al., 2025), but the practices of quality assessment are 
still fragmented and lack standardized quality criteria, 
including established definitions and measures for 
them. To fill this knowledge gap, the main objective of 
this study is to produce a quality assessment framework, 
based on a literature review, which can be applied to 
assessing the internal quality of diverse PPGIS datasets 
after data collection and before data analysis. Internal 
quality refers to quality aspects independent of the con
text where data is used (Devillers et al., 2005). The main 
objective is divided into two sub-objectives:

(1) to identify key criteria defining the internal qual
ity of PPGIS data and measures for assessing 
these criteria, and

(2) to test the applicability of the produced quality 
assessment framework with selected PPGIS 
datasets.

Based on the results, we discuss the applicability of the 
criteria as well as the potential and challenges of the 
framework, and consider how it can be further 
improved in future research.

2. Geospatial data quality

Quality of geospatial data refers to characteristics that 
describe the state of the dataset and allow users to 
evaluate its suitability for the desired purpose 
(Veregin, 2005). It also describes compliance with cer
tain quality requirements. Imperfect representation of 
the real world is inherent to all geospatial data (Lush 
et al., 2012), so data quality assessment focuses on sup
porting data utilization despite uncertainties and short
comings in quality (Devillers et al., 2007).
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Data quality consists of internal and external qual
ity. Internal quality refers to quality aspects indepen
dent of the use context of the data and is a result of 
data production methods (Devillers et al., 2005). The 
most common internal quality criteria applied to geos
patial data include accuracy, precision, consistency, 
and completeness (de Smith et al., 2024; Veregin,  
2005). According to Veregin (2005), accuracy denotes 
the lack of discrepancy between features in the data 
and the features’ true values, and precision represents 
the level of detail that can be discerned in the data. 
Consistency represents the absence of contradictions, 
and completeness measures how well the data corre
sponds with all true features in terms of errors of 
omission (missing features) and commission (redun
dant features). Each can be assessed through the geo
metric, temporal, and thematic dimension, which refer 
to the location, recorded time, and attribute data, 
respectively. In the context of PPGIS data, we focus 
on assessing the internal quality based on how well the 
spatial data has been produced, that is, how well the 
spatial features have been mapped by participants. 
External quality refers to how well data meets user’s 
needs in its specific context of use, referred to as 
fitness for use (Devillers et al., 2005). Understanding 
internal quality is necessary to examine external qual
ity, so that users can evaluate if data quality is suffi
cient for desired use. Therefore, the concepts of 
internal and external quality are strongly interlinked, 
and external quality is considered broader than the 
internal one in terms of its scope.

To ensure the quality of geospatial data, international 
standards like the ISO 19157 have been developed by 
ISO, the International Organization for Standardization 
(ISO, 2013). The ISO 19157 standard defines six quality 
components: completeness, thematic accuracy, posi
tional accuracy, logical consistency and temporal quality 
(internal quality) as well as usability (external quality). 
Internal quality components include measures for qual
ity assessment, usually by comparison to ground truth 
(Mocnik et al., 2018). For example, completeness can be 
measured as the number of missing features and the
matic accuracy as the number of incorrectly classified 
features (ISO, 2013). Usability does not have specific 
measures, as this component depends on the intended 
use of the data (Vullings et al., 2015).

As geospatial datasets are increasingly shared and 
repurposed, criteria included in the quality standards 
can help compare datasets and determine which one 
best meets quality requirements (ISO, 2013). Using 
high-quality input data makes geospatial analyses 
more reliable. In evidence-based decision-making, low- 
quality data can have negative impacts and even lead to 

unwanted social or economic consequences (Devillers 
et al., 2005). Awareness of shortcomings in data quality 
is therefore essential.

Some quality indicators have been applied to PPGIS 
data, although no quality standards have been adopted. 
One external quality aspect of PPGIS data that is often 
assessed is representativeness compared to target popula
tion (Brown & Kyttä, 2014). The population engaged in 
a PPGIS process can also affect internal data quality, 
specifically accuracy. A study by Brown (2012) showed 
a relationship between representativeness and geometric 
accuracy, where knowledgeable, voluntary participants 
map PPGIS features more accurately than the randomly 
selected public. This trade-off should be considered when 
choosing the sampling method for PPGIS data collection.

Another consideration before collecting PPGIS data 
is the type of information primarily needed, a large 
quantity of mapped features or qualitative descriptions 
of mapped places, since participants are often willing to 
provide one or the other (Fagerholm et al., 2021). Thus, 
the survey can be designed accordingly. Further, clear 
and intuitive survey structure and content are essential, 
as the mapping experience influences the mapping out
come and data quality. Mapping experience is also 
affected by choices related to scale, such as technical 
settings and cartographic representations in the survey 
(Kajosaari, 2024). Scale-related issues are reflected in 
internal data quality, especially accuracy and precision. 
Data quality and analysis possibilities can therefore be 
controlled already before data collection.

The most significant difference between PPGIS data 
and bio-physical geospatial data that affects quality 
assessment is the nature of the phenomena being 
mapped. Most PPGIS datasets represent subjective phe
nomena based on people’s values and experiences. Due 
to the subjective nature of such data, internal quality 
criteria of bio-physical geospatial data cannot always be 
applied (Ramírez Aranda et al., 2021). Assessing the 
internal quality of intangible PPGIS features is particu
larly difficult. For example, determining the exact loca
tion of a peaceful landscape and the correctness of its 
placement may not be possible.

High-quality PPGIS data requires adequate partici
pant knowledge of the mapped area (Brown & Kyttä,  
2014). Additionally, map literacy and digital skills are 
found to influence internal quality (Brown & Kyttä,  
2018; Ramírez Aranda et al., 2021). Low-quality PPGIS 
data consists of features mapped without enough time 
and effort, reflecting participants’ low motivation 
(Brown & Kyttä, 2014). Generally, participants are 
more willing to put effort into mapping if they have 
a personal connection to the study area (Brown, 2012) 
or a strong opinion on the survey topic.
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Although several factors affecting PPGIS data quality 
have been identified, as showcased above, quality assess
ment has not been systematic or followed specific cri
teria, similar to those of ISO standards. A framework of 
quality criteria and measures would assist in evaluating 
collected PPGIS datasets and support their use and 
analysis.

3. Data and methods

3.1. Literature review for the quality assessment 
framework

A literature review was conducted to identify key quality 
criteria, their dimensions when applicable, and their 
measures to represent internal quality of PPGIS data. 
For a comprehensive view of the research topic, three 
databases – Web of Science, Scopus and Google 
Scholar – were reviewed. Search terms were chosen to 
cover five key themes: sub-terms of participatory map
ping, participatory processes, map surveys, geospatial 
data quality, and digitality (Table S1). The selection of 
these themes was based on the theoretical- 
methodological background of the topic, and the themes 
were decided among the authors. Alternative search 
terms were identified from keywords of participatory 
mapping literature. Although the focus was on PPGIS 
data, other sub-terms of participatory mapping were 
included, as different terms are occasionally associated 
with online map surveys.

Search queries were formed using Boolean operators 
(Table S2). The first query was used in all databases 
without specifying a temporal range. All results were 
reviewed, as they were few. The query was then 
extended with more keywords, yielding more results. 
A temporal range of 2010–2024 was applied for this 
search in Scopus and Google Scholar to identify the 
most relevant publications, as the number of results 
was large in these databases. No temporal range was 
applied in Web of Science, and all results were reviewed. 
In Scopus the first 100 and in Google Scholar the first 
350 results were reviewed, after which no relevant 
results were found. Web of Science returned fewer but 
more relevant results, so one more search was con
ducted in this database, but only previously reviewed 
or irrelevant publications were found. All queries were 
conducted as All fields searches in April and May 2024.

The literature screening was done by the correspond
ing author. Screening began by reviewing titles and key
words and skimming through more ambiguous 
publications (Figure 1). The review was partly guided 
by the four previously introduced quality criteria – accu
racy, precision, consistency and completeness. 

Publications addressing these criteria, including their 
dimensions, were broadly searched from participatory 
mapping literature. Further, criteria specific for PPGIS 
data were searched to make the framework better suited 
for PPGIS data. In the first screening, publications were 
selected if they addressed the internal quality of any 
participatory mapping data to some extent. Research on 
participatory mapping data quality is relatively limited, so 
publications were selected inclusively. Only English- 
language publications that had open access or could be 
accessed through the University of Turku library were 
included. Although Google Scholar also contains gray 
literature, the reviewed publications only include peer- 
reviewed literature.

In the first screening, 120 publications were selected 
and reviewed again in the second screening. Abstracts 
were read and full texts were examined, focusing on data 
and methods, results, and discussions. First, mentions of 
the four previously introduced quality criteria and their 
dimensions were searched. Second, other criteria 
describing the internal quality of PPGIS data were iden
tified. In addition to the criteria and dimensions, pub
lications were reviewed to identify measures for the 
addressed criteria and dimensions. Publications were 
selected if they focused on internal data quality, describ
ing factors affecting it or conducting quality assessment. 

Figure 1. Flow chart of the literature review.
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Publications that only briefly mentioned data quality 
and did not allow for specific quality criteria to be 
deduced were excluded.

After the second screening, 79 publications remained. 
These were reviewed a third time to form a clear picture 
of the quality criteria and dimensions as well as their 
definitions and measures. Sections addressing data qual
ity were read more thoroughly with the help of notes 
taken during the previous screening. Publications were 
selected if they clearly expressed internal data quality 
criteria and dimensions applicable for PPGIS data. 
Information was systematically recorded about the 
addressed quality criteria, dimensions, and measures. 
After the screenings, 52 publications remained.

Based on the reviewed publications, quality criteria 
and dimensions for the framework were identified. The 
framework includes mainly one quality measure per 
criterion or dimension, but the number of measures 
was not restricted, in case a criterion or its dimension 
has several equally important measures. Quality mea
sures were primarily identified from the publications. In 

case a measure could not be identified from the pub
lications, the measure was chosen based on well-known 
GIS methodology (e.g. de Smith et al., 2024) and applied 
for PPGIS data. While 52 publications were selected, 44 
were used to compile the framework, as some did not 
ultimately add to the framework.

3.2. Testing the quality assessment framework

The framework was tested with selected existing 
PPGIS datasets to evaluate the suitability of the 
identified criteria for internal quality assessment of 
PPGIS data. Three datasets were chosen, and one 
geospatial data layer was selected from each 
(Table 1). All datasets have been collected in recent 
research projects applying PPGIS methods. The data
sets were selected based on their geometry type 
(point, line, and polygon), as we aimed to test the 
applicability of the framework with diverse datasets 
with different types of features. Another criterion for 
selecting the datasets was that they cover different 

Table 1. Background information on the selected datasets.

Dataset 1 (Laatikainen & Kyttä, 2020) Dataset 2 (Fagerholm, 2020)
Dataset 3 (Ramírez Aranda et al.,  

2020)

Survey name Me and my everyday environment Outdoor recreation in Turku My Green Place
Research project ActiveAge GreenPlace RECOMS
University  

and department
Aalto University, Department of Built 

Environment
University of Turku, Department of 

Geography and Geology
Ghent University, Department of 

Geography
Year of collection 2015 2020 2019–2020
Number of participants 1139 730 449
Phenomenon represented 

in the selected layer
Places frequently visited by older adults 

living in the Helsinki metropolitan area
Outdoor recreation routes of Turku residents 

and associated values and activities
Ghent residents’ favorite green 

spaces and associated activities
Classification of the 

phenomenon
● Leisure and recreational places
● Offices, bureaus, businesses
● Outdoor and sports facilities
● Shopping

● Beautiful place or scenery
● Being outside
● Biodiversity
● Closeness to nature or nature itself
● Closeness to water
● Cultural or historical significance
● Emotions, ideas and experiences trig

gered by the route
● Enjoyable sounds or silence
● Everyday connection
● Hiking
● Observing nature
● Playing with children
● Pleasant smells
● Possibility to relax or freshen up
● Religious or spiritual experience
● Spending time with family or other 

people
● Sports/Exercising
● Walking
● Walking a pet
● Other

● Biking
● Camping
● Fishing
● Gardening
● Listening
● Meditation
● Meeting with friends
● Paddling
● Painting/drawing
● Photography
● Picnic/BBQ
● Running
● Sitting
● Sporting
● Swimming
● Walking
● Walking the dog
● Other

Geometry of the selected 
layer

Point Line Polygon

Number of mapped 
features in the selected 
layer

5005 417 449

Geographical area Helsinki metropolitan area, Finland (cities 
of Helsinki, Espoo and Vantaa)

City of Turku, Finland City of Ghent, Belgium

Survey platform Maptionnaire Maptionnaire PPGIS platform developed by 
Ghent University

Availability Open access (Zenodo) Open access (University of Turku Geospatial 
Data Service)

Open access (Zenodo)
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thematic topics and geographical contexts. We aimed 
to assess typical PPGIS datasets collected to support 
planning, so a common trait of the datasets is that 
they represent subjective phenomena. All datasets 
have been published with open access.

The first dataset was collected in 2015 in the Helsinki 
metropolitan area, Finland, with a map survey called “Me 
and my everyday environment” (Laatikainen & Kyttä,  
2020). It contains three point-data layers representing 
places that participants frequently visit, places where they 
feel happy, and locations of their residence. The layer of 
frequently visited places was selected for the quality assess
ment, since it has enough attribute data for evaluating the 
thematic quality dimension. The second dataset was col
lected in 2020 with a map survey called “Outdoor recrea
tion in Turku” (Fagerholm, 2020). This survey gathered 
information on where and how residents of Turku, 
Finland, engaged in outdoor activities during and before 
the COVID-19 pandemic and how they perceive nature to 
impact their well-being. The two layers of the dataset 
represent participants’ outdoor recreation places as points 
and routes as lines, along with values and activities asso
ciated with them. For the quality assessment, the linear 
layer was selected. The third dataset was collected in 
2019–2020 in the city of Ghent, Belgium, with a map 
survey called “My Green Place” (Ramírez Aranda et al.,  
2020). This survey studied the favorite green spaces of 
Ghent residents as well as characteristics and cultural 
ecosystem services associated with them. The study pro
duced point, line and polygon data, and the polygon layer 
was selected.

Quality assessment was conducted using QGIS 
and ArcGIS software as well as Excel spreadsheet 
program. In addition to the three PPGIS datasets, 
other geospatial data was used as reference data 
(Table S3). The exact assessment methods were 
selected case by case according to the criterion and 
data (see Tables S4-S6).

4. Results

4.1. The quality assessment framework and 
assessment workflow

The quality assessment framework was developed by 
identifying the quality criteria, some of which include 

quality dimensions, as well as the quality measures from 
literature. These form the core components of the fra
mework. Additionally, we included example questions 
for each quality criterion or its dimension to guide the 
assessment. Example methods for assessing the criteria 
were also included. The terminology of the framework is 
explained in Table 2. In this section, we describe the 
identified quality criteria and dimensions and introduce 
a quality assessment workflow we propose for applying 
the framework.

Eleven criteria for internal quality of PPGIS data 
were identified from the literature to form the basis of 
the framework (Table 3). These include accuracy, pre
cision, consistency and completeness and their dimen
sions. The definitions of these four criteria used in the 
framework were formulated based on common defini
tions used in GIScience (Veregin, 2005), and we 
ensured, based on the reviewed literature, that they 
align with how these terms have been used in the con
text of PPGIS and participatory mapping. One addi
tional criterion was incorporated after reviewing the 
identified criteria among the authors, namely self- 
efficacy. This criterion was not identified from the lit
erature, but authors have considered it important in 
their own empirical research, and therefore considered 
it a necessary addition to the framework. Three of the 
identified criteria – mapping effort, extreme mappers, 
and self-efficacy – are connected to participants’ beha
vior during the mapping, so these were grouped as 
quality dimensions under one criterion, referred to as 
variation in mapping behavior. Ultimately, the frame
work includes 10 criteria, but 18 different quality 
aspects, meaning either criteria or their dimensions, 
can be assessed (Figure 2).

The framework includes a total of 20 quality mea
sures, as geometric accuracy has three alternative mea
sures (Table 3). When no quality measure was presented 
for a criterion in the publications found, the selected 
measure is based on common GIS methodology (e.g. de 
Smith et al., 2024) and applied for PPGIS data. If 
a criterion does not have quality dimensions, 
a measure directly for that criterion is presented. If 
a criterion has quality dimensions, measures are only 
presented for each dimension, not for the criterion. 
Assessment methods are based on the quality measures, 
and should be selected case by case depending on the 

Table 2. Definitions for the terms used in the PPGIS data quality assessment framework.
Term used in the framework Definition

Quality criterion A criterion by which the quality of a dataset is judged.
Quality dimension A sub-component of a quality criterion; a component of geospatial data quality that is assessed against the criterion.
Quality measure An indicator for judging how well a dataset meets the quality criterion or its dimension.
Assessment method GIS tool, analysis, calculation, or other means of assessing how well a dataset meets the quality criterion or its dimension.
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Table 3. Produced PPGIS quality assessment framework. Criteria are presented in rows as headings. Under each criterion, the columns 
describe the quality dimensions (if applicable), definitions and example questions, quality measures, and example assessment 
methods.

Quality 
dimension

Definition with references + example of 
a question to be answered in the assessment Quality measure(s) with references Example assessment method

Accuracy
Geometric Discrepancy between the PPGIS feature and 

the true location of the feature being 
mapped (Brown & Pullar, 2012; Jankowski 
et al., 2016; Ramírez Aranda et al., 2021; 
Veregin, 2005) 

How closely are the mapped places/routes/ 
areas placed in relation to their true 
location?

● Distance between the PPGIS feature 
and the true feature based on the 
place name given to the PPGIS feature 
(Aminpour et al., 2023; Bressan, 2021; 
Escobedo et al., 2022; Fatehian et al.,  
2018; Huck et al., 2014; Jankowski et al.,  
2016; Mahmoody-Vanolya & Jelokhani- 
Niaraki, 2023; Ricker et al., 2013)

● Overlap with reference data (Brown,  
2012; Cox et al., 2014; Haklay, 2010; 
Kulawiak et al., 2023)

● Difference between PPGIS points and 
randomly placed points with statistical 
tests (Brown, 2012; Brown et al., 2015)

Calculating the average distance from 
vertices of a linear PPGIS feature to 
a reference feature

Temporal Discrepancy between temporal information 
of the PPGIS feature and the true temporal 
value (Senaratne et al., 2017; Veregin,  
2005) 

Do the mapped land use changes have correct 
information of their time of occurrence?

Difference between the recorded occurrence 
time for a PPGIS feature and the true 
occurrence time of the phenomenon

Calculating the time lag between the 
recorded time of the PPGIS feature and the 
true time

Thematic Discrepancy between the PPGIS feature’s 
attribute data and the feature’s true 
attributes (Brown et al., 2015; Jankowski 
et al., 2016; McCall, 2006; Veregin, 2005) 

Have participants given correct thematic 
attributes to the places/routes/areas they 
mapped?

Proportion of PPGIS features with correct 
attribute values (Antoniou & Skopeliti,  
2015)

Calculating agreement rate between the 
thematic attributes of PPGIS features and 
their true thematic attributes

Precision
Geometric Level of detail in placing a PPGIS feature 

(Brown & Pullar, 2012; Veregin, 2005) 
Have participants zoomed in close enough 

when mapping the places/routes/areas for 
the features to be placed correctly?

Proportion of PPGIS features with a sufficient 
zoom level, i.e. a sufficiently precise 
mapping scale (Brown et al., 2018; Brown, 
Kelly, et al., 2014; Brown, Schebella, et al.,  
2014; Brown & Brabyn, 2012; Brown & 
Fagerholm, 2015; Garcia-Martin et al., 2017; 
Pietilä & Fagerholm, 2016)

Calculating the proportion of PPGIS features 
in the data with a sufficient zoom level

Thematic Level of detail in the categories of the PPGIS 
features (Brown & Fagerholm, 2015; 
Veregin, 2005) 

How comprehensive and distinct are the 
thematic categories in the data?

Difference between the classification of the 
PPGIS features and the true classification of 
the phenomenon in the study area

Identifying missing categories based on open 
responses of the PPGIS data

Consistency
Geometric Absence of contradictions between mutually 

exclusive PPGIS features (e.g. land use 
classes) (Antoniou & Skopeliti, 2015; 
Brown, 2013; Czepkiewicz et al., 2017; 
Veregin, 2005) 

Do the mapped land use types contradictorily 
overlap with each other or real-world land 
use?

Proportion of PPGIS features that do not 
conflict with each other or with reference 
data (Czepkiewicz et al., 2017; Jankowski 
et al., 2016)

Overlay analysis to identify PPGIS features 
that overlap with the real-world features

Temporal Absence of contradictions in the recorded 
temporal data of PPGIS features (Brown 
et al., 2018; Veregin, 2005) 

Does the time of occurrence of the mapped 
land use change contradict with the 
temporal range of the land use changes 
being studied?

Difference between recorded temporal data 
and the true temporal range of the 
phenomenon according to reference data 
or expert knowledge

Calculating the proportion of features that 
fall within the valid temporal range

Thematic Absence of contradictions and similarity in 
the attributes between PPGIS features 
(Antoniou & Skopeliti, 2015; Veregin, 2005) 

Are the places/routes/areas mapped closely 
together similar in terms of their thematic 
attributes?

Inconsistently classified PPGIS features 
compared to other features (Antoniou & 
Skopeliti, 2015)

Hot spot analysis + identifying PPGIS features 
that are classified differently than most 
features in clusters

(Continued)
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Table 3. (Continued).
Quality 
dimension

Definition with references + example of 
a question to be answered in the assessment Quality measure(s) with references Example assessment method

Completeness
Geometric Relationship between PPGIS features and all 

true features, including both errors of 
omission (missing features) and errors of 
commission (redundant features) (Brown 
et al., 2015; Jackson et al., 2013; Senaratne 
et al., 2017; Veregin, 2005) 

Are there any existing real-world green spaces 
missing from the PPGIS data, or any mapped 
green spaces that should not be in the data?

Number of PPGIS features (Bayazidy et al.,  
2024; Brown et al., 2015; Levin et al., 2017; 
Rohrbach et al., 2016) or geometric 
properties, such as length or area 
(Antoniou & Skopeliti, 2015; Haklay, 2010), 
compared to reference data

Overlay analysis to compare the area covered 
by PPGIS features to the area covered by 
the real-world features

Thematic Degree to which all required attributes are 
included in the data (Bijker & Sijtsma, 2017; 
Laatikainen et al., 2017; Veregin, 2005) 

Has the participant answered to all questions in 
the survey regarding the mapped place/ 
route/area?

Proportion of PPGIS features that include all 
attribute data

Calculating the proportion of PPGIS features 
that do not have any missing attribute 
values

Construct validity
– How well the PPGIS features represent the 

phenomenon that is studied (Czepkiewicz 
et al., 2017, 2018; Jankowski et al., 2016) 

Has the desired green space been mapped in 
a place where it can truly be located?

Proportion of PPGIS features that meet the 
needs of the study, e.g. a mapped future 
land use is not in an area where it already 
exists (Czepkiewicz et al., 2017; Jankowski 
et al., 2016)

Overlay analysis to identify PPGIS features 
that overlap with the real-world features

Variation in mapping behavior
Mapping 

effort
The amount of physical and mental effort 

used for mapping, which is connected to 
mapping errors (Brown & Fagerholm, 2015; 
Brown et al., 2012) 

Have participants spent enough time in 
mapping to produce reliable data?

Elapsed time between placing the first and 
last PPGIS feature for each participant to 
determine the proportion of participants 
with enough time spent on mapping 
(Brown, 2017; Brown et al., 2012; 
Rzeszewski & Kotus, 2019; Wolf et al., 2018; 
Zolkafli et al., 2017)

Calculating the difference in time between 
placing the first and last PPGIS feature, and 
calculating the proportion of participants 
who spent enough time on mapping

Extreme 
mappers

One participant has mapped the same feature 
multiple times (Griffin & Jiao, 2019) 

Are there multiple mapped parks in the data 
that represent the same real-world park and 
have been mapped by the same participant?

Subjective evaluation of features mapped by 
potentially extreme mappers to detect 
outliers, based on features’ placement and 
attribute data (Griffin & Jiao, 2019)

Reviewing the attribute data and placement 
of multiple features mapped by one 
participant to determine whether they 
overrepresent the same real-world feature

Self-efficacy The participant’s self-assessed probability 
that the PPGIS feature is mapped in the 
correct location 

How reliable are the mapped places/routes/ 
areas in terms of the correctness of their 
location?

Proportion of PPGIS features that are likely 
mapped correctly

Calculating the proportion of PPGIS features 
for which the probability of being mapped 
in the correct location is sufficiently high

Spatial autocorrelation
– Spatial distribution of the PPGIS features 

(Garcia-Martin et al., 2017; Pietilä & 
Fagerholm, 2016; Van Riper & Kyle, 2014) 

Are the mapped outdoor recreation places 
clustered to identify patterns of outdoor 
recreation, or is their distribution random?

Nearest neighbor index: if value is less than 1, 
the features are clustered, if value is more 
than 1, the features are randomly 
dispersed; clustering indicates good 
quality, as the features are not mapped 
randomly and patterns can be identified in 
the data (Pietilä & Fagerholm, 2016; Van 
Riper & Kyle, 2014)

Average nearest neighbor tool

Data quantity
– Sufficient number of PPGIS features to ensure 

the reliability of findings (Aminpour et al.,  
2023; Brown & Pullar, 2012; Brown et al.,  
2020) 

Are there enough mapped green spaces to 
make reliable conclusions about which green 
spaces are important to residents?

Number of PPGIS features in relation to the 
study area size

Calculating the density of PPGIS features in 
the study area

Mapped features in the study area
– Placement of PPGIS features in relation to the 

study area (Brown et al., 2012; Brown, Kelly, 
et al., 2014) 

Are the mapped places/routes/areas located 
within the study area, so that they can be 
used for data analysis?

Proportion of PPGIS features located within 
the study area (Brown et al., 2012; Brown, 
Kelly, et al., 2014; Johnson et al., 2024)

Overlay analysis with reference data 
representing the study area

Uniformity
– Similarity of geometry of linear or polygonal 

PPGIS features (Johnson et al., 2024) 
Are there illogically mapped routes or areas in 

the data that are possibly erroneous?

Proportion of linear or polygonal PPGIS 
features with abnormal geometric shapes 
(Hansen et al., 2021; Johnson et al., 2024)

Visual assessment of abnormal geometric 
shape or position of PPGIS features and 
calculating the proportion of abnormal 
features
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data type. The methods we applied when testing the 
framework are included in Table 3 as examples of 
ways to assess the criteria. Assessment methods are 
either quantitative or subjective, the latter applying 
when no quantitative measure exists.

Some criteria appeared more frequently in the litera
ture than others, the most common being geometric 
accuracy, which is mentioned in 52% of the identified 
publications. Less frequently mentioned criteria include 
temporal accuracy, thematic precision, and temporal 
and thematic consistency, each appearing in one identi
fied publication. Assessing accuracy, precision, consis
tency, and completeness through different dimensions 
was not always directly implied, but the assessed dimen
sion could be inferred from the context of the study, 
definition of the criterion, or the quality measure. In our 

review, we did not identify studies addressing precision 
and completeness in the temporal dimension, and thus 
the temporal dimension of these criteria is not included 
in the framework.

Accuracy and precision are terms that are close to 
one another. In the context of PPGIS, mapping scale has 
occasionally been used as a measure for both. In the 
framework, these are separated so that accuracy assesses 
the correctness of location, attribute, and temporal data, 
while geometric precision refers to the exactness of 
feature placement, indicated by mapping scale. 
Thematic precision refers to the exactness of the the
matic classification. Comparing the thematic classifica
tion to another known classification of the phenomenon 
helps identify themes that might be missing from the 
data to understand its potential thematic limitations. 

Figure 2. Internal quality criteria for PPGIS data and their dimensions, if applicable.
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Two other criteria that are similar to one another are 
consistency and construct validity, as both describe the 
absence of contradictions or illogicalities. Geometric 
consistency can be assessed either internally within the 
data or externally using reference data. When internal 
assessment is not possible, meaning when features of the 
dataset can overlap and would not contradict with each 
other, for example outdoor recreation routes of different 
participants, reference data might be the same as for 
construct validity.

For completeness, similar definitions and measures 
have been used for PPGIS as for other geospatial data. 
However, finding appropriate reference data for subjec
tive PPGIS data is not always possible. Criteria assessing 
the variation in mapping behavior can be an alterna
tive for such data. Mapping effort, assessed as time 
spent in mapping, indicates the carefulness of mapping, 
since features mapped quickly are more likely to contain 
errors. Extreme mappers refer to participants who have 
mapped the same feature multiple times to emphasize 
that feature, which can distort the data analysis as out
liers. Such behavior may be related to participants’ 
strong motivation to influence the planning outcome. 
Mapping multiple features in the same location but with 
different thematic attributes would not be interpreted as 
an extreme mapper, as one place may have multiple 
subjective meanings that the participant wants to 
express. Self-efficacy refers to the participants’ self- 
estimated probability of the correctness of features 
they mapped. It indicates the participants’ mapping 
skills as well as knowledge of the phenomenon and 
area being mapped.

PPGIS-specific quality criteria also include data 
quantity and uniformity. Data should contain enough 
mapped features to make reliable conclusions about the 
phenomenon being studied. This can be assessed in 
relation to the size of the study area. However, no 
reference value for a sufficient number or density of 
features was presented in the literature. This can com
plicate the interpretation of the assessment result, as 
there is no benchmark to compare the result to. In 
future studies, further testing of the framework would 
allow developing such assessment benchmarks. 
Uniformity indicates the similarity in the geometry of 
mapped features and helps identify features that notably 
differ from other features and may have been mapped 
incorrectly.

Quality of PPGIS data can be assessed based on 
feature placement. Identifying mapped features located 
in the study area is a quick way to point out features 
that are suitable for analysis. Spatial autocorrelation 
describes the spatial distribution of features in relation 
to each other. It is a common spatial statistic in GIS 

assessed with indices such as Moran’s I (de Smith et al.,  
2024). In PPGIS studies, mapped features are often 
found to form clusters, because many phenomena stu
died with PPGIS surveys concentrate in certain areas. 
Thus, the nearest neighbor index can be used to deter
mine whether clustering is observed or if the placement 
of features is randomly dispersed. A random dispersion 
would suggest that more PPGIS features are needed to 
identify patterns of the phenomenon being mapped. 
However, data users should be aware that clustering of 
features can also be connected to the applied sampling 
method and might reflect a bias toward a certain area or 
a group of respondents. Information on the study con
text and data collection would help users interpret this 
criterion.

We propose a quality assessment workflow for per
forming PPGIS data quality assessment with the quality 
aspects outlined above (Figure 3). The workflow consists 
of seven consecutive steps, all of which are applied after 
data collection and before its analysis. Quality assessment 
starts by identifying knowledge needs to guide the assess
ment, for example how the user wants to analyze the data. 
Second, the user identifies what kind of data is being 
assessed, such as the geometry type and the type of 
phenomenon represented in the data. Third, the user 
selects the relevant quality criteria and dimensions for 
their study context. Fourth, reference data needs to be 

Figure 3. Quality assessment workflow for PPGIS data.
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identified for those criteria that require it. Fifth, specific 
assessment methods and tools are selected, depending on 
the characteristics of the data. Sixth, quality assessment is 
performed using the selected methods, and finally, an 
understanding of data quality is obtained by examining 
and reporting the assessment results.

4.2. Quality assessment of selected PPGIS data

4.2.1. “Me and my everyday environment” point data
In the quality assessment of the “Me and my everyday 
environment” point data, 9 out of 18 quality aspects 
were assessed (Table S4). The geometric dimension of 
quality was only assessed with consistency, through 
overlay analysis with reference data representing build
ings and market squares. The same method indicated 
construct validity, showing overlap on 83–84% of the 
features. However, not all types of mapped points could 
be assessed due to the lack of suitable reference data. 
Geometric accuracy and precision could not be assessed 
due to the ambiguity of features and the lack of required 
information. Assessing geometric completeness was not 
possible, as no appropriate reference data exists for the 
corresponding real-world features. Uniformity could 
not be assessed as points are always geometrically 
uniform.

Thematically, a rather large share of features (87%) is 
complete, containing all attribute data, considering that 
additional questions regarding the mapped features 
were not mandatory in the survey. Thematic precision 
was assessed by examining how the studied phenom
enon is classified, that is, what types of everyday places 
the data represents. Based on a subjective evaluation, the 
categories of the data (presented in Table 1) are broad, 
so more precise categories might clarify the classifica
tion and help specify the mapped places.

Spatial autocorrelation showed clustering of features, 
indicating that features are not placed randomly. When 
visually examining the most notable clusters, it was 
found that features are thematically consistent in many 
areas, meaning that features of the same category are 
often mapped in a clustered manner (Figure 4), which is 
expected in a dataset that represents places inherently 
connected to the physical environment. Most features 
(97%) are placed within the study area, with a density of 
3.4 features per square kilometer.

Quality related to mapping behavior was assessed 
with extreme mappers. 36 participants were identified 
to have mapped one or two same features more than 
once, usually two or three times. However, assessing this 
criterion was somewhat ambiguous, as it was difficult to 
determine whether the mapped features represent the 
same real-world features. Considering the total number 

of participants (n = 1139), this number of extreme map
pers is unlikely to create a bias.

To summarize the assessment results, no clear errors 
were observed in the “Me and my everyday environ
ment” data, and features do not appear to be mapped 
randomly, so analysis results of the data could be con
sidered rather reliable. There is no notable lack in the 
attribute data, and the features are well located within 
the study area. On the other hand, interpreting the data 
was challenging due to the broad thematic classification 
and the lack of required information, which may intro
duce uncertainty into data analysis, when it is not 
known how accurate and precise the data is, for 
example.

4.2.2. “Outdoor recreation in Turku” line data
Quality of the “Outdoor recreation in Turku” line data 
was assessed using 11 out of 18 quality aspects (Table 
S5). Geometric accuracy was assessed with proximity 
analysis based on place names or descriptions written 
by participants to the mapped features (Figure 5), with 
accuracy varying between two and 860 meters, which 
indicates considerable variation in quality with this cri
terion. However, only 8% of features had adequate 
descriptions for assessing geometric accuracy. 
Geometric precision was assessed based on mapping 
scale, with 48% of features mapped at a sufficient 
zoom level, which indicates that only half of the features 
have been mapped precisely enough. Sufficient zoom 

Figure 4. Example of thematic consistency in the “Me and my 
everyday environment” data: features categorized as “Offices, 
bureaus, businesses” and “Shopping” are clustered near 
a shopping center, and features categorized as “Outdoor and 
sports facilities” are clustered near a park. Background map: 
OpenStreetMap.
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level was defined based on commonly used mapping 
scales in previous studies (e.g. Brown & Brabyn, 2012; 
Brown & Fagerholm, 2015; Brown et al., 2018) and by 
visually evaluating the data. Sufficient zoom level indi
cates that the feature has been mapped with enough 
detail, in relation to the studied phenomenon, to ensure 
that the placement of the feature is correct. In this data, 
features mapped at higher zoom levels appear more 

natural and resemble routes, whereas features mapped 
at lower zoom levels have sharp edges and seem to be 
mapped with less effort (Figure 6). Geometric consis
tency and construct validity were assessed similarly as 
with the previous data, with 21% of features aligned with 
reference data, which suggests poor quality. Geometric 
completeness could not be assessed due to the lack of 
reference data.

Thematically, 27% of features are complete, which 
also is a low result. Thematic precision was evaluated 
based on responses to two open-ended questions 
regarding other meanings of the mapped places than 
those listed in the survey to identify themes missing 
from the thematic classification of the data, revealing 
seven themes of outdoor recreation activities and values 
that could complement the used classification, for 
example unique natural environment, picnicking, and 
proximity to home. Spatial autocorrelation showed clus
tering of features. However, examining the thematic 
consistency in clusters was not reasonable with this 
data. Although there are thematically different features 
in clusters, deviant features do not indicate low data 
quality, as the features of different categories can be 
located in the same cluster. For example, a feature clas
sified as “observing nature” located in a cluster of fea
tures classified as “walking” cannot be interpreted as an 
error, as features of both classes can realistically be 
located in the same place.

Most features (94%) are placed at least partially 
within the study area, with a density of 1.4 features per 

Figure 5. Example of assessing geometric accuracy with the 
“Outdoor recreation in Turku” data: a mapped route and its 
vertices, and a reference feature (OpenStreetMap) to which the 
distance from the vertices was calculated. Background map: 
World Topographic Map, Esri.

Figure 6. Example of geometric precision in the “Outdoor recreation in Turku” data: a) a route mapped at zoom level 19, allowing 
a detailed mapping scale, and b) a route mapped at zoom level 12, allowing a coarse mapping scale. Background map: 
OpenStreetMap.
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square kilometer. 21 participants mapped five or more 
features, which was considered unusual based on the 
average and standard deviation of the number of fea
tures per participant, but none of them were identified 
to have mapped the same feature multiple times. 
Therefore, the data does not contain extreme mappers. 
Uniformity was assessed by visually comparing particu
larly long routes to other mapped routes as well as the 
base map. A route was interpreted as abnormal if it has 
illogical geometric shapes and is not in line with other 
routes. 87% of routes are mapped uniformly. The least 
uniform features, such as long straight lines and features 
with sharp angles, were clearly identifiable (Figure 7).

In conclusion, precision of mapping and geometric 
accuracy of features vary in the “Outdoor recreation in 
Turku” data, and some illogical routes were identified. 
According to overlay analysis, a lot of routes were 
mapped partly in areas where routes cannot realistically 
be located. There is also room for improvement in the 
completeness of attribute data. However, according to 
the assessment of spatial autocorrelation, routes were 
not mapped randomly, and some of the most common 
recreational places can clearly be identified in the data.

4.2.3. “My Green Place” polygon data
Quality of the “My Green Place” polygon data was 
assessed with 12 out of 18 quality aspects (Table S6). 
Geometric accuracy could be assessed with overlay ana
lysis, showing sufficient overlap with green spaces of the 
reference data on 88% of the features. Geometric preci
sion indicated that 53% of features were mapped at 

a sufficient zoom level, while almost half of the features 
were not mapped precisely enough. Geometric comple
teness could be assessed by examining redundant fea
tures, indicating that 57% of the mapped area is outside 
the green spaces of the reference data. Assessing geo
metric consistency and construct validity showed 46% 
of features entirely overlapping with reference data 
(Figure 8), which suggests that there are many errors 
where features have been completely or partly mapped 
outside the real-world green spaces.

Thematically, approximately 100% of features are 
complete, as the data does not contain optional survey 
questions. Thematic precision was assessed by comparing 
the thematic classification to that of the “Outdoor recrea
tion in Turku” data, revealing five themes that could 
complement the used classification, such as observing 
nature and playing with children. Spatial autocorrelation 
indicated clustering of features. Again, examining the
matic consistency in clusters was not reasonable for the 
same reason as with the previous data.

Most features (99%) are mapped at least partly within 
the study area, with a density of 2.9 features per square 
kilometer. In the survey, participants were asked to map 
only one feature. However, 17 participants mapped two 
or three features. One was identified to have mapped the 
same feature twice, but the data does not seem to con
tain extreme mappers that would affect data analysis. 
Uniformity was assessed by examining particularly large 
polygons and comparing them to other mapped poly
gons and the base map. This revealed that 98% of the 
features are mapped uniformly.

Figure 7. Example of an abnormal and illogical feature in the 
“Outdoor recreation in Turku” data. Background map: 
OpenStreetMap.

Figure 8. Example of geometric consistency in the “My Green 
Place” data: mapped polygons that overlap entirely with the 
reference data. Background map: OpenStreetMap.
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To summarize, the mapped green spaces of the “My 
Green Place” data do not completely match real-world 
green spaces, but the mapped features are still clustered 
near the green spaces of the city. There is variation in 
the precision of mapping, and the data contains some 
clearly illogical features. In terms of attribute data, how
ever, the data is of high quality, with minimal missing 
attribute information.

4.2.4. Suitability of the criteria for assessing PPGIS 
data quality
Based on testing the framework, a subjective evalua
tion of the suitability of each criterion and dimen
sion for PPGIS data was made among the authors. 
Well-suited criteria and dimensions include geo
metric accuracy, geometric precision, thematic com
pleteness, spatial autocorrelation, mapped features in 
the study area, and uniformity (Table 4). Spatial 
autocorrelation and mapped features in the study 
area are good criteria for examining the distribution 
of features, and thematic completeness is useful for 

identifying possible deficiencies in attribute data. 
These could be assessed with all of the selected 
datasets. Although geometric accuracy and precision 
were only partially assessable, their assessment pro
vided insight into the carefulness of mapping and 
possible errors, revealing for example that in the 
“Outdoor recreation in Turku” data, participants 
mapped the routes two meters away from true routes 
at best. Assessing uniformity, though somewhat 
interpretative and only partially assessable, helps 
identify abnormal and possibly erroneous features, 
such as illogical routes in the “Outdoor recreation 
in Turku” data. Of these well-suited criteria, thematic 
completeness, spatial autocorrelation, and mapped 
features in the study area are the most straightfor
ward to assess, making them good starting points for 
quality assessment.

Moderately suitable criteria and dimensions include 
thematic precision, geometric and thematic consistency, 
geometric completeness, construct validity, extreme map
pers, and data quantity (Table 4). Geometric consistency 

Table 4. Summary of empirical PPGIS data quality assessment based on sections 4.2.1–4.2.3: results across three assessed datasets and 
authors’ subjective evaluation of the suitability of each quality criterion and dimension for assessing PPGIS data quality. See more 
detailed results concerning each dataset in Tables S4-S6.

Quality 
dimension

“Me and my everyday 
environment” point data

“Outdoor recreation in Turku” line 
data “My Green Place” polygon data

Evaluation of suitability for PPGIS 
across assessed datasets

Accuracy
Geometric – 2–860 m 88% Good
Temporal – – – Not suitable
Thematic – – – Not suitable

Precision
Geometric – 48% 53% Good
Thematic More precise categories would 

clarify the classification.
Seven themes were identified to 

complement the classification.
Five themes were identified to 
complement the classification.

Moderate

Consistency
Geometric 83–84% 21% 46% Moderate
Temporal – – – Not suitable
Thematic PPGIS features of notable clusters 

are thematically consistent.
– – Moderate

Completeness
Geometric – – 57% of the mapped area is 

redundant.
Moderate

Thematic 87% 27% 100% Good

Construct validity
– 83–84% 21% 46% Moderate

Variation in mapping behavior
Mapping 

effort
– – – Not assessed

Extreme 
mappers

No extreme mappers. No extreme mappers. No extreme mappers. Moderate

Self-efficacy – – – Not assessed

Spatial autocorrelation
– 0.1 = Features are clustered. 0.4 = Features are clustered. 0.4 = Features are clustered. Good

Data quantity
– 3.4 features/km2 1.4 features/km2 2.9 features/km2 Moderate

Mapped features in the study area
– 97% 94% 99% Good

Uniformity
– – 87% 98% Good
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and construct validity could be assessed with all datasets, 
but selecting suitable reference data especially for the “Me 
and my everyday environment” data was challenging, mak
ing these less applicable to all PPGIS data. Assessing data 
quantity was possible for all datasets but did not directly 
demonstrate data quality with the selected method. 
Extreme mappers could be assessed with all datasets and 
can reveal potential outliers, but the assessment included 
uncertainty. Assessing thematic precision and thematic 
consistency was partially assessable and more interpreta
tive, but can help evaluate thematic properties of the data. 
Assessing geometric completeness was also partially asses
sable, as only the features of “My Green Place” data could 
be compared to all true features. However, geometric com
pleteness, along with geometric consistency and construct 
validity, can indicate correctness of mapping if their assess
ment is feasible.

Five quality aspects could not be assessed at all in our 
study. Temporal accuracy and temporal consistency 
could not be assessed because the selected datasets 
represent phenomena that do not have a specific time 
of occurrence. Thematic accuracy could not be assessed 
due to the nature of the represented phenomena, as the 
thematic values of subjective features are considered 
their true values. These three quality aspects were eval
uated as not suitable (Table 4). Mapping effort and self- 
efficacy were not assessed due to the lack of required 
information that was either not collected in the surveys 
or was removed from the data. However, these quality 
aspects could be suitable if the required information was 
available.

5. Discussion

5.1. Developing the internal quality assessment 
framework for PPGIS data

In this study, a quality assessment framework was pro
duced for performing systematic internal quality assess
ment of spatial PPGIS data mapped by participants, 
with several criteria identified from participatory map
ping literature. Testing the quality assessment frame
work revealed differences in the assessment process and 
applicability of criteria across selected datasets. Some 
criteria were easier to assess, while others required 
more effort or could not be assessed at all. Our assess
ment results provide an understanding of the quality of 
selected datasets, but more importantly, they offer 
insight into the suitability of the criteria and measures 
for internal quality assessment of PPGIS data.

Criteria that were found most suitable allow identify
ing possibly erroneous features (geometric accuracy, 
geometric precision, uniformity), evaluating the 

distribution of features (spatial autocorrelation, mapped 
features in the study area), and recognizing the short
comings in attribute data (thematic completeness). 
These can provide a good basis for internal quality 
assessment. Some of the well-suited criteria have already 
been widely applied in PPGIS studies, especially geo
metric precision and spatial autocorrelation (e.g. 
Garcia-Martin et al., 2017; Van Riper & Kyle, 2014). 
Criteria that were considered moderately suitable were 
more challenging to assess unequivocally, but can reveal 
potential outliers (extreme mappers), indicate correct
ness of mapping (geometric consistency, geometric 
completeness, construct validity), reveal whether there 
are enough mapped features (data quantity), and help 
evaluate thematic properties of the data (thematic pre
cision, thematic consistency).

Three key reasons were identified for why assessing 
some criteria was not suitable as limitations of the 
framework’s applicability. The first reason was the sub
jective nature of the phenomenon represented in the 
data. “Outdoor recreation in Turku” and “My Green 
Place” are exemplary cases of subjective PPGIS data, as 
they represent place-based values and activities 
(Fagerholm et al., 2021). Such data cannot be themati
cally compared to reference data, as we noted in the 
assessment of thematic accuracy of all datasets. PPGIS 
features can also be very abstract (Ramírez Aranda et al.,  
2021), with no correspondence to the physical environ
ment, which makes assessing the geometric dimension 
challenging too. Reference data representing the physi
cal environment can be used in PPGIS quality assess
ment (Fagerholm et al., 2021), but some PPGIS features 
might not align with authoritative datasets. For exam
ple, routes in the “Outdoor recreation in Turku” data 
might not necessarily correspond to official roads or 
paths and may not be represented in official datasets. 
This means that a ground truth may not exist for PPGIS 
features that are based on human perceptions, and thus, 
assessing especially accuracy by comparison to 
a reference data may not be possible nor relevant. 
Godfrey and Mackaness (2017) argue that recognition 
and meaning can be more important for the effective
ness of spatial representations than truth and accuracy. 
This particularly applies to mapping human perceptions 
with PPGIS. If accuracy is considered a priority, other 
methods may be more suitable for producing the data 
(Brown & Kyttä, 2014).

The second reason was the lack of required informa
tion. This affected especially the assessment of geo
metric precision, mapping effort and self-efficacy. 
These can act as alternative criteria when the subjective 
nature or the lack of correspondence to physical envir
onment prevents assessing some criteria. Especially 

CARTOGRAPHY AND GEOGRAPHIC INFORMATION SCIENCE 15



mapping scale and mapping effort were mentioned in 
the reviewed publications as important criteria for 
PPGIS data quality (e.g. Brown et al., 2012; Brown, 
Kelly, et al., 2014). When testing the framework, we 
noted that some attribute data had been removed from 
the “Me and my everyday environment” data, including 
mapping scale and time spent on mapping. These are 
important data, and we recommend that they are avail
able for data users if such information is acquired on the 
PPGIS platform during data collection. Self-efficacy 
would indicate the reliability of the data, so in future 
studies we recommend asking participants to estimate 
the correctness of the features they map. Based on test
ing the framework, it would also be useful to ask the 
participants to name the mapped features for assessing 
geometric accuracy. When such survey questions are 
mandatory, the correctness of features can be assessed 
more reliably. This would also lead to higher thematic 
completeness.

The third reason for unsuccessful assessment of 
a criterion was related to the geometry type of the 
data. Naturally, assessing uniformity of point data is 
not possible as points are always geometrically similar. 
Otherwise, geometry type of the data did not affect the 
applicability of criteria. Geometric similarity of points 
also made it difficult to identify potentially erroneous 
features in this data, whereas abnormal features in poly
gon and line data were easier to detect. Mapping poly
gons is often more challenging or laborious than 
mapping points (Brown & Pullar, 2012), so participants 
might want to map such features with as little effort as 
possible. This was evident in the “My Green Place” data 
containing polygons with illogical, large, and angular 
shapes. Similar illogicalities were present in the linear 
data. The assessment of such features could have been 
complemented by evaluating the mapping effort, and we 
suggest to collect this data in future PPGIS surveys.

Based on the reviewed literature, temporal accuracy 
and thematic consistency have been more commonly 
applied for VGI data (Antoniou & Skopeliti, 2015; 
Senaratne et al., 2017) than for PPGIS data. These qual
ity dimensions were still included in the framework, as 
they could potentially be applied for some PPGIS data
sets. However, temporal accuracy could not be assessed 
when testing the framework, and thematic consistency 
was only partially assessable. In fact, data quality could 
not be assessed through the temporal dimension at all 
across the datasets, which links to the fact that PPGIS 
studies rarely focus on collecting temporal information 
and assessing temporal quality. Most phenomena stu
died with PPGIS, such as values and preferences, are not 
tied to a specific time or even a time period. In the “Me 
and my everyday environment” survey, participants 

were asked how often they visit the places they mapped, 
but accuracy or consistency of such temporal informa
tion cannot be assessed either. Furthermore, GPS-based 
data collection is still found to outdo PPGIS methods in 
the temporal dimension (Heikinheimo et al., 2020).

5.2. Potential and challenges of the quality 
assessment framework

Based on the literature review, research on PPGIS data 
quality has been heterogeneous, and the application of 
most of the quality criteria we identified is yet to become 
established in the field. The produced quality assess
ment framework responds to this knowledge gap and 
can promote the standardization of PPGIS data quality 
assessment by providing a collection of quality criteria 
and measures as well as guidance for their application 
with the proposed quality assessment workflow. 
Standardization of quality assessment would support 
understanding the nature of PPGIS data, as we demon
strated in the empirical quality assessment, and drawing 
reliable conclusions from the data. The framework can 
also serve as a tool for understanding the multidimen
sionality of PPGIS data quality. Most importantly, qual
ity assessment can increase trust in PPGIS data 
(Bressan, 2021), and the framework introduced here is 
an important step towards that.

Although there has been concern about the quality 
and reliability of PPGIS data (Brown et al., 2015), 
a comprehensive understanding of PPGIS data quality 
assessment has not been formed, and quality assessment 
is easily overlooked. Data collected with participatory 
methods may not always be systematically utilized in 
planning processes (Rossi et al., 2025; Staffans et al.,  
2020), especially with no clear guideline for its assess
ment and analysis. PPGIS data collectors can typically 
access collected data easily, but often quality assessment 
remains minimal (Afzalan & Muller, 2018). Quality 
assessment can help examine data characteristics and 
select appropriate analysis methods accordingly. We 
identified from literature that spatial autocorrelation, 
uniformity of features, and extreme mappers, for exam
ple, are quality aspects that affect data processing and 
analysis (Fagerholm et al., 2021; Solé et al., 2025). The 
impact of PPGIS data has been studied in Finnish 
municipalities, and it was concluded that one prerequi
site for the impact of PPGIS is indeed appropriate data 
analysis (Nurminen, 2022), which the framework 
supports.

The framework can provide a solution for under
standing the uncertainties of PPGIS data and utilizing 
the data despite them, since data quality assessment is 
also about recognizing the possibilities of data despite its 
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imperfections (Devillers et al., 2007). Uncertainties and 
imperfections are inherent to all geospatial data, because 
it always represents the real world in a simplified man
ner (Lush et al., 2012). With PPGIS data, the adequacy 
of participants’ knowledge and skills adds further uncer
tainty to data quality (Ramírez Aranda et al., 2021). 
Quality assessment with the produced framework can 
indicate whether data quality is sufficient or if there are 
shortcomings. However, for effective quality assess
ment, quality thresholds should be defined for the cri
teria (Brown et al., 2015). We found that the results of 
data quantity and geometric accuracy for example can
not directly define whether data quality is high enough, 
and results should often be interpreted according to the 
user’s requirements. For example, in land use planning, 
some variation in geometric accuracy of features repre
senting pleasant places can be allowed, but in research 
dealing with the risk of natural hazards, participatory 
geospatial data should be accurate and reliable, or data 
quality must be at least known (Klonner et al., 2021).

The produced quality assessment framework is the 
first collection of criteria and measures for internal 
quality assessment of PPGIS data. Understanding of 
PPGIS data quality is likely to grow as PPGIS research 
progresses, so there are possibilities for refining the 
framework in the future, for example by defining some 
quality thresholds mentioned above. More testing of the 
framework with different types of PPGIS data is needed 
to more reliably determine which criteria are most sui
table. PPGIS data can also be collected using other 
geometric entities than those assessed here, such as air
brush-style tools to capture vague spatial concepts 
(Huck et al., 2014). These can offer a solution for repre
senting inherently imprecise spatial features, such as 
landscape values, but usefulness and applicability of 
the criteria might be different if the framework would 
be tested with such geometric entities, and for example 
accuracy and precision may not be relevant in such cases 
(Godfrey & Mackaness, 2017). Additionally, our 
selected datasets are similar in their temporal and geo
graphic scope, and we recommend that the framework 
is tested with datasets collected in more diverse 
contexts.

One limitation of this study is that our suitability 
evaluation is connected to the assessment methods 
used. The framework and data quality assessment 
could be refined with the selection of reference data 
and assessment methods. We recognize that more 
precise reference data could be used, for example 
with geometric consistency of the “Me and my every
day environment” data by assessing overlap with the 
correct types of buildings. Reference features for 
geometric accuracy of the “Outdoor recreation in 

Turku” data may also not perfectly correspond with 
mapped routes, as routes mapped by participants 
might intentionally include paths deviating from offi
cial routes. Alternative assessment methods could 
also be tested. For example, uniformity could be 
assessed based on a node density ratio, calculating 
the average number of nodes within an area to iden
tify abnormally mapped features. With the selected 
PPGIS datasets, construct validity was assessed simi
larly as geometric consistency. However, construct 
validity could also be linked to survey characteristics 
and the participants’ understanding of the purpose of 
the survey (Jankowski et al., 2016).

A key issue in developing the quality assessment 
framework further is its applicability in different 
PPGIS contexts, including both research and plan
ning. The framework and how we applied it might 
not be replicable for all PPGIS datasets and different 
use contexts as such, because different data types 
require different assessment methods, and different 
use cases have different knowledge needs. Our hope 
is that the framework would be further tested in 
different kinds of PPGIS processes and that the 
results would be shared, so that new insights and 
development suggestions could emerge. Testing the 
framework more would reveal typical results for the 
criteria, such as for data quantity, which does not 
currently have a benchmark value. This would help 
interpret quality assessment results, making the pro
cess more approachable for all users. Developing the 
framework into an automatic quality assessment tool 
in the future could also make assessing PPGIS data 
quality easier and applicable for anyone.

6. Conclusions

Like all geospatial data, PPGIS data has its shortcomings 
in quality that users need to be aware of. More and more 
PPGIS datasets are being collected, but their internal 
quality assessment is still heterogenous and often mini
mal. Unknown data quality can undermine trust in 
PPGIS data, hindering its effective use and the establish
ment of PPGIS methods in planning processes. We iden
tified key quality criteria and measures for assessing the 
internal quality of PPGIS data and compiled them into 
a quality assessment framework and proposed a quality 
assessment workflow to facilitate the implementation of 
systematic PPGIS data quality assessment. The produced 
framework helps to understand uncertainties and char
acteristics of collected PPGIS datasets, increasing trust in 
PPGIS data.

We tested the applicability of the produced framework 
with selected PPGIS datasets and evaluated the suitability 
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of the criteria for PPGIS data. An understanding was 
gained of why certain criteria were challenging to assess 
or could not be assessed. Main reasons for this were the 
nature of the phenomenon in the data and the lack of 
required information. Assessing some traditional geospa
tial data quality criteria, such as thematic accuracy and 
geometric consistency, was particularly challenging with 
PPGIS data. Therefore, internal quality assessment of 
subjective PPGIS data should focus more on using alter
native criteria, such as mapping effort and self-efficacy, 
and we recommend PPGIS surveys to be designed so that 
assessing such criteria is possible.

In future studies, more testing of the framework is 
needed with diverse datasets from diverse use contexts 
to further explore the suitability and importance of the 
criteria. Testing the framework more would also help 
interpret the quality assessment results and advance the 
standardization of PPGIS data quality assessment. The 
framework is an important starting point for this stan
dardization and ensuring good practice in data collection, 
which supports drawing reliable conclusions from PPGIS 
data and the realization of the goals of PPGIS processes.
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