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Evaluation of User Interfaces in Open Data Portals
Dagoberto José Herrera-Murillo

Abstract

This thesis investigates how user interfaces within open data portals can be systematically eval-
uated to support sustainable, user-centered open data ecosystems. While open data portals play a
pivotal role in facilitating data discovery and reuse, their design often fails to reflect user needs,
limiting their effectiveness. This research addresses this gap through a multi-dimensional evaluation
of user interfaces, emphasizing three key sustainability dimensions: user-drivenness, circularity, and
inclusiveness. Three core research questions guide the study: (1) How can existing software testing
process methodologies be adapted to evaluate user interfaces effectively? (2) In what ways can usabil-
ity testing techniques be used to assess whether the conceptual design of user interfaces is user-driven
and inclusive with respect to different levels of expertise? (3) How can the collective intelligence of
users be evaluated through their circular interactions with open data ecosystems?

This research makes three contributions to the field of human-computer interaction by proposing
methods to evaluate the user interfaces of open data ecosystems. First, it introduces a framework
for acceptance testing that adapts software engineering principles to assess whether platforms meet
user expectations before deployment. Second, it extends usability testing through process mining to
identify user mental models by analyzing interaction logs. Third, it proposes an approach to evaluate
collective intelligence by examining collaborative behaviors via user interface data. To demonstrate
the feasibility of the three contributions, they have been applied to two case studies: a geospatial
search engine developed by the National Geographic Institute of Spain, used to test functionality
and usability as well as mental model alignment; and the HOT Tasking Manager, a platform for
coordinating humanitarian mapping, which illustrates collective intelligence in action. Together, these
contributions propose a novel, interdisciplinary approach for Ul evaluation that combines methods
from software engineering, human-computer interaction, and data science.

The findings demonstrate that sustainable, effective open data ecosystems require rigorous, user-
aware interface evaluation methods. By embedding these evaluation practices into the design and
deployment cycle, institutions can better align open data platforms with the needs and capacities of
diverse users, ultimately strengthening the impact and inclusivity of open data initiatives.



Resumen

Esta tesis investiga como pueden evaluarse sistemdticamente las interfaces de usuario de los
portales de datos abiertos para apoyar ecosistemas de datos abiertos sostenibles y centrados en el
usuario. Aunque los portales de datos abiertos desempeian un papel fundamental a la hora de facilitar
el descubrimiento y la reutilizacion de datos, su disefio a menudo no refleja las necesidades de los
usuarios, lo que limita su eficacia. Esta investigacién aborda esta carencia mediante una evaluacién
multidimensional de las interfaces de usuario, haciendo hincapié en tres dimensiones clave de la
sostenibilidad: orientacién al usuario, circularidad e inclusividad. El estudio se guia por tres preguntas
bésicas de investigacion: (1) ;Cémo pueden adaptarse las metodologias existentes de proceso de
pruebas de software para evaluar eficazmente las interfaces de usuario? (2) ;De qué manera pueden
utilizarse las técnicas de pruebas de usabilidad para evaluar si el disefio conceptual de las interfaces de
usuario estd orientado al usuario y es inclusivo con respecto a los distintos niveles de experiencia? (3)
(Como puede evaluarse la inteligencia colectiva de los usuarios a través de sus interacciones circulares
con los ecosistemas de datos abiertos?

Esta investigacion hace tres aportaciones al campo de la interaccién persona-ordenador al proponer
métodos para evaluar las interfaces de usuario de los ecosistemas de datos abiertos. En primer lugar,
introduce un marco de pruebas de aceptacion que adapta los principios de la ingenieria de software para
evaluar si las plataformas cumplen las expectativas de los usuarios antes de su despliegue. En segundo
lugar, amplia las pruebas de usabilidad mediante la mineria de procesos para identificar los modelos
mentales del usuario analizando los registros de interaccién. En tercer lugar, propone un enfoque para
evaluar la inteligencia colectiva examinando los comportamientos colaborativos a través de los datos
de la interfaz de usuario. Para demostrar la viabilidad de las tres contribuciones, se han aplicado a dos
estudios de caso: un motor de bisqueda geoespacial desarrollado por el Instituto Geografico Nacional
de Espafia, utilizado para probar la funcionalidad y usabilidad, asi como la alineacién de modelos
mentales; y el HOT Tasking Manager, una plataforma para coordinar la cartografia humanitaria, que
ilustra la inteligencia colectiva en accién. En conjunto, estas contribuciones proponen un enfoque
novedoso e interdisciplinar para la evaluacién de la interfaz de usuario que combina métodos de la
ingenieria de software, la interaccion persona-ordenador y la ciencia de datos.

Las conclusiones demuestran que los ecosistemas de datos abiertos sostenibles y eficaces requieren
métodos de evaluacion de interfaces rigurosos y conscientes de las necesidades de los usuarios. Al
integrar estas pricticas de evaluacién en el ciclo de disefio y despliegue, las instituciones pueden
adaptar mejor las plataformas de datos abiertos a las necesidades y capacidades de los distintos

usuarios y, en ultima instancia, reforzar el impacto y la inclusividad de las iniciativas de datos abiertos.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

The fundamental idea behind open data is to guarantee that data can be freely accessed, used,
and shared without restrictions, regardless of format [1]. According to projections by the European
Commission, the open data market within the European Union is expected to reach a net value of nearly
€200 billion by 2025, influencing over one million jobs in the sector [2]. Beyond fostering economic
and social value, open data has the potential to enhance public services, promote transparency, boost
citizen engagement, and support sustainable development goals [3, 4].

Since the open data movement began, a wide range of open datasets across Europe have become
available, helping to spur innovation and produce meaningful insights. Open data now plays a central
role in the European digital agenda, encouraging Member States to adapt their national policies to
support this vision [5, 1]. Governments are actively promoting open data through various initiatives
and by creating dedicated platforms that offer data in formats ready for reuse. Consequently, more
open data repositories, directories, and platforms have been developed to meet this growing demand.
Over the last ten years, these efforts have greatly expanded access to data.

An open data ecosystem is a cyclical, sustainable, and demand-driven system that relies on mutual
interdependence between stakeholders to create and deliver value (See Figure 1.1) [4]. Open data
ecosystems are increasingly recognized as effective frameworks for unlocking the full potential of
open data, moving beyond traditional ’one-way street” models toward more dynamic and interactive

environments. A successful open data ecosystem must be:

» User-driven: while many open data initiatives have traditionally been supplier-driven (releasing
datasets according to administrative convenience or internal agendas) this approach often
produces a disconnect between what is published and what diverse user groups actually require.
A user-driven ecosystem, by contrast, places the needs of users at its core [6—8]. Achieving this
shift calls for systematic feedback mechanisms that enable citizens, journalists, entrepreneurs,
NGOs, and researchers to identify data gaps, flag quality issues, and specify preferred formats

or levels of granularity. It also demands governance models and technological frameworks
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that are sufficiently flexible and adaptive, allowing publication strategies to evolve in step with
societal needs. By recognizing the heterogeneity of user profiles, such ecosystems move beyond
the mere release of data to ensure that information is not only accessible, but also relevant,

usable, and capable of generating both public and private value.

Circular: traditional open data systems are often linear: providers release datasets, users con-
sume them, and the flow stops there. Such one-way models frequently result in underutilization
and uneven value distribution, with benefits concentrated among a small number of techni-
cally advanced actors. A circular ecosystem, by contrast, fosters continuous exchange and
regeneration of value [9—11]. It integrates processes that enable users not only to consume data
but also to contribute back by enriching, validating, or extending it. This cyclical dynamic
extends the life cycle of data, maintains its relevance, and spreads benefits more equitably
across stakeholders. To succeed, however, circularity must be carefully designed to avoid closed
loops where only a limited group of actors participate; the goal is to build open and regenerative

cycles of use that multiply value throughout the ecosystem.

Inclusive: this dimension emphasizes that open data ecosystems should involve a broad range
of stakeholders rather than privileging governments as providers and businesses as the main
re-users. Inclusivity requires that citizens, NGOs, civil society groups, journalists, businesses,
and marginalized communities are not merely passive recipients of data but active participants
in its production, reuse, and governance. This involves integrating both government and non-
government data sources, fostering cross-sector collaboration, and designing applications that
are accessible to users with different levels of technical ability [12—14]. Moreover, inclusiveness
is not only about who participates but also about who benefits. Addressing barriers such as lack
of digital access, limited resources, unclear licensing, or concerns over privacy and reputation
is required to ensure that open data contributes to social justice and broad societal well-being,
rather than concentrating advantages among a narrow group of technologically skilled actors.

Skill-based: the effectiveness of open data ecosystems ultimately depends on the skills and
capacities of those who participate in them. Different user groups (from non-specialist citizens
and students to companies, NGOs, intermediaries, and even artificial agents) have diverse
needs and varying levels of technical competence. A skill-based ecosystem recognizes this
heterogeneity and addresses it through sustained investments in capacity-building and digital
literacy. Ultimately, a skill-based ecosystem is not limited to producing technically competent
data workers. It requires cultivating interdisciplinary competencies that combine technical,
domain, and social skills. This includes the ability to frame societal challenges, interpret data

ethically, and collaborate across organizational and disciplinary boundaries.
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Fig. 1.1 Towards value-creating and sustainable open data ecosystems. [4]

Open data portals serve as key entry points to open data ecosystems. These online platforms
provide structured and detailed descriptions of datasets, including information about their authorship,
origin, and licensing [15]. Available in various forms, open data portals support essential processes
such as data discovery, access, evaluation, improvement, and ingestion. The underlying premise
of open data initiatives is that sharing datasets through these portals will stimulate demand for
high-quality data, thereby encouraging improvements in data standards and the portals themselves.
Moreover, by facilitating access to public sector data, open data portals play a pivotal role in advancing
the broader open government data movement [16].

The interaction between users and open data portals is primarily mediated through user interfaces.
User interfaces are widely understood in human—computer interaction as the mediating layer, or
the visible part, of a system through which users interpret its capabilities and limitations [17]. They
determine not only how effectively tasks can be carried out, but also the quality of the overall
experience, shaping perceptions of trust, efficiency, and inclusiveness. The literature identifies several
interface types, each shaping interaction in distinct ways: command-line interfaces (CLIs) provide
precise control but require technical expertise; graphical user interfaces (GUIs) rely on windows, icons,
menus, and pointers to enhance accessibility [18]; and more recent natural user interfaces (NUIs),
including gesture- and voice-based interaction or conversational agents, expand possibilities beyond
the desktop paradigm [19]. Despite this variety, all interfaces serve three fundamental functions: they
translate user intentions into system actions, render system states and feedback comprehensible, and
support task completion while preventing or recovering from errors [17]. Beyond their technical role,
interfaces should also be viewed as socio-technical artifacts that condition participation, collaboration,
and meaning-making [20]. In this sense, they shape not only what tasks are possible, but also who can
realistically engage with them, given differences in expertise, literacy, or access.

This thesis contends that these interfaces should function as enablers—actively supporting the sus-

tainability of the open data ecosystem. To do so, they must reflect the four sustainability perspectives
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discussed earlier. As a result, the methods used to evaluate these interfaces should also incorporate
this sustainability-oriented framework.

In the geoinformation domain, which is particularly relevant to this dissertation, well-designed
interfaces can support a wide range of processes that are fundamental to open data ecosystems (see
Figure 1.2). These processes typically revolve around four interconnected functions: discovery, access,
evaluation, and ingestion. Discovery enables users to explore spatial datasets through keyword searches
or interactive maps, while access provides standardized download formats and APIs for retrieving
layers such as administrative boundaries. Evaluation involves displaying metadata, quality indicators,
and version histories, allowing users to assess the reliability and relevance of a dataset. Ingestion
extends these capabilities by enabling users to upload, annotate, or integrate new information—such as
crowdsourced mapping data—into existing repositories. Figure 1.2 illustrates how these processes are
implemented in practice. Platforms such as the European Data Portal emphasize discovery and access;
the IGN geospatial search engine provides robust mechanisms for evaluation; and the HOT Tasking
Manager demonstrates ingestion through the contribution of volunteered geographic information.
Together, these examples highlight the central role of user interfaces in shaping not only what tasks
can be accomplished but also the scope of user engagement, thereby influencing the sustainability of
open data ecosystems.

Although geodata portals are a type of open data portal, they have specific characteristics that
distinguish them from more general platforms [21-24]. Geographic information is inherently complex,
involving spatial coordinates, projections, scales, and multi-layered datasets that demand specialized
metadata standards to ensure interoperability and usability. Unlike generic datasets, geospatial data
often require advanced visualization tools such as interactive maps, faceted spatial search, and
download services in multiple formats. These technical requirements make the user interface of
geodata portals particularly relevant, as it must balance accessibility for non-experts with powerful
functions for domain specialists. Furthermore, geodata portals frequently integrate with broader
spatial data infrastructures, which adds institutional and governance complexities not always present
in general-purpose open data platforms. For these reasons, geodata portals provide a demanding but
highly illustrative domain for evaluating user interfaces, and insights drawn from this context have the

potential to inform the design and assessment of open data portals more broadly.
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Fig. 1.2 Typical processes facilitated by user interfaces in open data ecosystems—discovery, access,
evaluation, and ingestion. Examples include (a) the European Data Portal, which emphasizes discovery
and access; (b) the IGN geospatial search engine, which provides mechanisms for evaluation; and (c)
the HOT Tasking Manager, which demonstrates ingestion through volunteered geographic information.
The figure was created using images from the European Data Portal (https://data.europa.eu), IGN
Spain (https://www.ign.es), and the Humanitarian OpenStreetMap Team (https://tasks.hotosm.org).

1.2 Challenge and research questions

This PhD research tackles the challenge of evaluating user interfaces within open data ecosystems in
order to foster systems that are user-driven, inclusive, and circular. Although open data initiatives have
made progress, portal design is still typically led by institutions and often falls short of addressing
the diverse needs of end users [4]. As a result, three persistent problems continue to undermine
the sustainability of open data ecosystems. First, misalignment between supply and demand: many
portals remain supplier-driven, releasing data without systematic mechanisms to capture user needs,
which leads to underused or irrelevant datasets. Second, barriers to inclusivity: complex or unintuitive
interfaces exclude less technical participants, and reduce meaningful engagement. Third, limited
support for circular interactions and collaboration: interfaces often fail to enable users to enrich,
validate, or reuse data, constraining the regenerative dynamics required for sustainable ecosystems,
and weaken the collective intelligence that open data ecosystems depend on. These challenges point

to deeper research gaps that remain insufficiently addressed in the literature.
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» Fragmented evaluation approaches: Prior research in human—computer interaction and software
engineering has typically examined isolated aspects of user interfaces, such as functional
correctness, usability, or information retrieval effectiveness, but few studies integrate these

perspectives into a coherent evaluation framework tailored to open data portals.

» Limited attention to user mental models: While usability testing has been widely applied, little
work has systematically analyzed the alignment between the conceptual models embedded in
system design and the diverse mental models of users, especially in the context of open data
search and exploration.

* Lack of systematic evaluation of collective intelligence: Although research on crowdsourcing
and volunteered geographic information has acknowledged collaborative behaviors, methods
to evaluate how interfaces foster or hinder collective intelligence, particularly in microtasking

workflows, remain underdeveloped.

User interface design plays a critical role in addressing these shortcomings, yet it remains in-
herently complex. In practice, many interfaces are hard to navigate, unintuitive, or fail to support
sustained engagement. To illustrate these common challenges, Figure 1.3 presents two examples of
functionalities provided by open data platforms that will be discussed in detail in later chapters: a
geospatial search engine (the geospatial search engine of a geographic information infrastructure
deployed by the National Geographic Institute of Spain) and an interface for the ingestion of volun-
teered geographic information (the interface of the HOT Tasking Manager). Although designed for
different purposes—the former to query and explore geographic information resources, and the latter
to coordinate the creation of crowdsourced data for disaster response—both platforms face a similar
challenge: their user interfaces must support inherently complex processes for both expert users and
those with limited technical expertise. For the latter group, an unpleasant first experience—such as
struggling with a cumbersome search filter or facing unclear guidelines for data ingestion—can be
decisive. It may determine whether the user abandons the platform entirely or becomes a long-term
contributor to the open data ecosystem.

This research is therefore driven by a central question: How can we systematically assess the
design of user interfaces in open data portals to anticipate deployment failures and guide improvements
that align with sustainability-oriented principles?

The following research questions guide this PhD investigation, each addressing a key aspect
of evaluating user interfaces within open data ecosystems from both technical and human-centered
perspectives:

RQI1: How can existing software testing process methodologies be adapted to evaluate user
interfaces effectively?

RQ2: In what ways can usability testing techniques be used to assess whether the conceptual
design of user interfaces is user-driven and inclusive with respect to different levels of expertise?
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Fig. 1.3 The user interfaces of the geospatial search engine (left) and the HOT Tasking Manager
(right) share a common challenge: facilitating inherently complex processes for users with varying
levels of expertise.

RQ3: How can the collective intelligence of users be evaluated through their circular interactions
with Open Data ecosystems?

Figure 1.4 illustrates how the three research questions are anchored in the sustainability dimensions
of open data ecosystems, with each one addressing a specific research gap that motivates the study.

Sustainability dimensions Research gaps Research questions

RQ1: How can existing
software testing process
methodologies be adapted
to evaluate user interfaces
effectively?

Fragmented evaluation
approaches

RQ2: In what ways can
usability testing techniques
be used to assess whether
the conceptual design of
user interfaces is user-driven
and inclusive with respect to
different levels of expertise?

Limited attention to user
mental model

RQ3: How can the collective

Lack of systematic intelligence of users be
evaluation of collective evaluated through their
intelligence circular interactions with

Open Data ecosystems?

Fig. 1.4 Linking the research questions to the sustainability framework of open data ecosystems

1.3 Contributions and methodological approach

This PhD research makes the following contributions to the field of human-computer interaction for

evaluating the user interface of open data ecosystems:
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* A framework for acceptance testing of user interfaces, which adapts principles from software
engineering to assess whether open data platforms meet the functional and usability expectations
of end users before deployment. This contribution responds to the problem of misalignment

between supply and demand typically observed in open data ecosystems.

* An extension of usability testing techniques through process mining, enabling the identification
and analysis of user mental models by tracing interaction patterns in user interface logs. This
makes it possible to detect mismatches between system design and the ways of thinking of
diverse groups of users. In addition to addressing the supply—demand gap, this contribution

tackles the barriers to inclusivity that are commonly observed in open data ecosystems.

* An approach to evaluating collective intelligence, using process mining techniques to analyze
user interactions and collaborative behaviors within open data ecosystems, thereby uncovering
how collective problem-solving emerges through interface use. This contribution responds
to the problem of limited support for circular interactions typically observed in open data

ecosystems.

The research methodology applied in each of these contributions consists of three main phases: a
systematic review of the research literature, the design of a method/process focused on the specific
contribution, and the demonstration of the viability of the contribution with specific case studies. The
work with specific studies allows the refinement of the design of the proposed methods. The case
studies selected to evaluate user interfaces in the context of open data ecosystems are focused on the
thematic domain of geographic information.

The first case study is a geospatial search engine developed by the National Geographic Institute
of Spain. This search engine uses a knowledge graph that contains more than 2 million geographical
resources semantically represented in more than 150 million triples. Its objective is to make profit
from a better annotation of resources to provide users with more precise results accompanied with
contextual information and recommendations. On the one hand, the acceptance testing framework
is customized to evaluate the functionality, effectiveness, and usability of this search engine. On the
other hand, the same case study is used to analyze the discordance between the conceptual model of
the user interface and the mental models of the users.

The second case study focuses on OpenStreetMap (OSM) and the Humanitarian OpenStreetMap
Team (HOT) Tasking Manager—a platform built on top of OSM that facilitates coordinated humani-
tarian mapping efforts. OSM is an initiative supported by a global community of approximately 10.5
million registered members who have collectively contributed over 9.1 billion geographic elements to
the database [25]. The humanitarian dimension of this work involves thousands of volunteers mapping
critical infrastructure and features in highly vulnerable regions around the world, often in support
of disaster response and preparedness initiatives. This case study facilitates information about the
interactions performed by different users, which can be analyzed with process mining techniques to

profile the collective intelligence emerging on this kind of platforms.
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In addition to addressing each contribution individually, the thesis adopts a cyclical perspective on
the software design, development, and testing of user interfaces in open data ecosystems. Evaluation is
conceived not as a one-time activity but as an iterative process that continually feeds insights back into
subsequent design and development phases. This perspective aligns with the sustainability principle
of circularity introduced earlier: user interactions, testing outcomes, and collective behaviors are
reintegrated into the lifecycle of platform improvement. By embedding acceptance testing, usability
testing, and collective-intelligence analyses into this iterative cycle, the thesis shows how open
data platforms can evolve more responsively, better meet user needs, and support the long-term
sustainability of open data ecosystems.

The scope of this dissertation is threefold. First, thematically, the thesis is situated within the eval-
uation of user interfaces in open data ecosystems, with a specific focus on sustainability principles of
user-drivenness, inclusivity, and circularity. Second, methodologically, the work integrates approaches
from software testing, usability testing combined with process mining, and collective intelligence
analysis, applying them to the context of open data portals. Third, in terms of domain, the empirical
scope is centered on geographic information systems, using two case studies, the Spanish National
Geographic Institute’s geospatial search engine and the Humanitarian OpenStreetMap Team Tasking
Manager, to demonstrate the applicability and transferability of the proposed methods. The thesis
does not attempt to evaluate all types of open data portals or to provide a universal framework for
every context; rather, it focuses on developing, testing, and refining methodological approaches that
can be adapted to diverse domains facing similar challenges.

In this thesis, the terms portal, platform, and engine are used in a largely interchangeable manner,
as they all refer to components of open data ecosystems that mediate user access to information.
Strictly speaking, an open data portal denotes the web-based entry point that provides access to
datasets; a platform highlights the broader technical environment that integrates the portal with
governance structures, user communities, and collaborative processes; and an engine refers to the
technical core that supports discovery and retrieval functions. However, given the overlapping nature
of these concepts in practice and the fact that many systems combine these functions within the same
artifact, the thesis uses the terms flexibly when referring to user-facing systems for data discovery and

interaction.

1.4 The Structure of the thesis

The remainder of this thesis is divided into chapters covering different dimensions of user interface

evaluation in the context of open data ecosystems.

* Chapter 2 introduces a framework for the acceptance testing of user interfaces. This framework
is applied to assess a geospatial semantic search engine developed by the National Center for

Geographic Information in Spain.
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* Chapter 3 centers on extending usability tests with process mining. Specifically, it examines the

alignment between the user interface and the mental models of users.

» Chapter 4 focuses on the evaluation of collective intelligence through the process mining of
user interface logs. Specifically, it analyzes the HOT Tasking Manager, a prominent initiative in
the field of Volunteered Geographic Information (VGI).

» Chapter 5 summarizes the key contributions of the thesis and outlines potential directions for

future research and development.



CHAPTER 2

A FRAMEWORK FOR THE ACCEPTANCE TESTING OF USER INTERFACES

2.1 Introduction

Open data portals have become fundamental instruments for unlocking the value of public data. A
core objective of these portals is to facilitate user access to data, often by means of integrated search
engines that allow users to explore, discover, and retrieve relevant datasets. Yet, despite their potential,
many portals remain supplier-driven, releasing data without systematically accounting for user needs,
which contributes to a persistent supply—demand gap in open data ecosystems [4]. Addressing this
gap requires rigorous evaluation methods that ensure user interfaces are not only functional but
also aligned with diverse user expectations. The objective of this chapter is therefore to address the
research question (RQ1) posed in the introduction about the possibility of adapting software testing
methodologies for the evaluation of user interfaces in open data portals. To this end, we propose
a framework for the acceptance testing level of open data portals that combines the principles of
the Test Management Approach (TMAP) [26] with domain-specific adaptations and the selection of
appropriate testing tools.

According to the IEEE Standard Glossary of Software Engineering Terminology [27], software
testing is the process of evaluating a system to verify that it meets specified requirements or to identify
any discrepancies between actual and expected results. Within this broad definition, it is important to
frame the specific context of acceptance testing as used in this research. Testing activities are usually
distinguished in different levels according to the party that takes the leading responsibility in each
level: on the one hand, the supplying party (the development team) is in charge of the development
test level (unit and integration testing) and the system test level in order to assure that the delivered
system complies with the expected system requirements, technical specifications and technical design;
on the other hand, the accepting party (the contractor) is in charge of the acceptance test level to
assure that the received system is the one really expected by contractors, i.e., it meets the user needs
and is ready for operational use.

Independently of the design architecture behind search engines, the user interface plays an
essential role in the success of a search engine product and this is typically the core object of
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analysis in acceptance testing. The proposed framework for acceptance testing aims at evaluating
three main quality attributes of search engines: functionality (ability of the system to accurately
and comprehensively process information), effectiveness (the capacity of the system to deliver a
desired output), and user-friendliness (the ease with which end-users use the system). In the case of
functionality testing, we propose the application of branch testing and scenario testing as testing design
techniques. In the case of evaluating the effectiveness, we propose the measurement of evaluation
relevance metrics. Last, in the case of the evaluation of user-friendliness, we propose the application
of usability testing techniques considering both the inclusion of users (usability tests) or not (heuristics
checking, cognitive walkthroughs).

For demonstrating the viability of this proposed framework we have used as a case study the
context of spatial open data ecosystems, i.e. geographic information infrastructures providing open
access to geographic information resources. The advances in geographic information systems (GIS),
remote sensing platforms or location-aware devices, among other examples, have motivated the
spread on the Web of an enormous volume of geographic information resources in various formats
and representations. In order to deal with this volume of data, spatial data infrastructure (SDI)
initiatives were launched since the end of the nineties at different administrative levels (regional,
national or global) and with the collaboration of both public and private institutions. SDIs can be
defined as a cohesive framework encompassing technologies, institutional structures, and policies
designed to improve the availability and accessibility of spatial data [21]. They are structured as a
hierarchical network of nodes, with key technological components including spatial data, metadata,
middleware services (enabling functions such as data location, visualization, and download), and
end-user applications at each node [24]. Among these components, metadata, catalogue services and
geospatial search engines are instrumental for discovering geographic information resources [23, 22].
Geospatial resources play a key role in activities such as ecosystem monitoring, climate analysis, and
resource management [28-30]. Many sources of relevant data remain underutilized due to interfaces
that require highly specialized technical expertise [31].

In this context, geospatial search engines are a typical example of user interfaces that illustrate the
common challenges faced by the search functionalities of open data portals across multiple domains.
Geospatial search engines, as well as any other open data search interfaces, demand rigorous testing
methodologies that address the complexity of these artifacts in an integrated manner. While existing
research has explored individual testing aspects for software products in the geo-information domain,
such as functionality or usability [32-35], there is limited work on frameworks specifically tailored for
geospatial search engines handling large-scale datasets. The insights gained are broadly transferable
to comparable interfaces across other open data ecosystems

In particular, the proposed framework has been applied to the geospatial search engine developed
by the Spanish National Geographic Institute (IGN). This project aims to make the cartographic
resources of the institution more accessible to the public by means of the development of a Knowledge
Graph that integrates various sources in the IGN geospatial data ecosystem [36]: the database of
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datasets in multiple GIS formats available through the IGN Download Center;! the catalogue of the
IGN Map Library,” which contains historical cartography assets; and the catalogue used as back-end
at the Online Shop of the National Center for Geographic Information for selling IGN products in
hardcopy format.> Many of these information resources are directly related to natural environmental
systems — such as satellite and aerial images, land use data, or digital elevation models — which are
of interest to both experts and the general public.

The rest of this chapter is structured as follows. Section 2.2 presents an overview of related work.
In Section 2.3, we delineate the proposed framework adapting TMAP for the acceptance testing of a
geospatial search engine. Section 2.4 describes how to instantiate this framework in a real case study:
the newly developed geospatial search engine of the Spanish National Geographic Institute (IGN).
Finally, Sections 2.5 and 2.6 present a discussion of the results and outline the main conclusions along

with directions for future research, respectively.

2.2 Related Work

This section reviews the state of the art of work related to the role of testing in the development of
geographic information software products and the three types of testing relevant to our case study of
geospatial search engines: functional testing, effectiveness evaluation and usability testing. In addition,
the concept and role of test process methodologies are also presented.

Well-developed testing improves the quality, competitiveness, and demand for geographic infor-
mation software products [32, 33]. Galimova [32] draws a distinction between manual testing, valued
for its flexibility and ability to closely replicate user actions, and automated testing, appreciated for its
ease of reuse. Through her research, which focused on three classes of geographic information sys-
tems (mobile, server, desktop), the author concludes that, for all the GIS classes under consideration,

semi-automated testing emerges as the preferred approach.

2.2.1 Functional testing

With respect to functional testing for acceptance tests, there is a line of work in software engineering
known as early testing [37] that aims at facilitating the automation of user acceptance tests based on
the definition of requirements. There are several works in this area oriented towards the generation of
test cases based on the semi-formal representation of use cases [38], and some tools of increasing use
such as Cucumber* have popularized the automation of user tests starting from a minimally controlled
plain text describing functional requirements of the system under test [39].

There are also several approaches for the design of functional test cases derived from the user

interface definition. In fact, as one of the few elements on which an agreement is reached between

Thttps://centrodedescargas.cnig.es/CentroDescargas/home
Zhttps://www.ign.es/web/catalogo-cartoteca/
Shttps://www.cnig.es/locale?lang=en
“https://cucumber.io/
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client and developer during the analysis phase of an application are the user interface prototypes and
the way in which they will be navigated, the automation tools that try to involve the accepting party in
the testing process are based on the use of diagrams that model the behavior and interaction with the

application user. For instance, tools such as Testar [40] or NDT-Suite [41] are based on this approach.

2.2.2 Effectiveness

With respect to the assessment of the effectiveness, it must be noted that the most common approach
to measure the satisfaction of users in information retrieval systems is to compile metrics related to
the evaluation of the relevance in the list of results returned by these systems for a list of information
needs under control [42]. Therefore, since a geospatial search engine can be also considered as an
information retrieval system, the evaluation of the relevance should be an appropriate indicator to
assess the effectiveness of the system to retrieve relevant results. The effectiveness of a search engine
providing a ranked list of results should also take into account the ability of a system to return first
those results that are relevant. For that purpose, the 11-point interpolated average precision or Mean
Average Precision (MAP) measures are typically computed. However, precision-recall curves or MAP
consider the precision at all recall levels and this is quite unfeasible in the case of search engines
indexing millions of records: relevance judgments should be available for all the documents in the
collection [43]. Therefore, many search engines use as evaluation measure the precision at fixed low

levels of retrieved results, i.e., Precision at K [44-46].

2.2.3 Usability testing

Regarding the usability assessment of search user interfaces, Hearst [47] provides a comprehensive
overview of research on the evaluation of this kind of interface. Search interfaces should be evaluated in
terms of efficiency, effectiveness, and satisfaction. In particular, the subjective reaction of participants
to the interface is a critical factor in determining the likelihood of use. The evolving nature of interface
development requires evaluations with varying levels of complexity and detail. In the early stages of
comparing candidate designs, designs are shown to participants, and their responses are recorded to
identify areas for improvement. These are often referred to as informal usability studies. Later, formal
usability studies through controlled experiments allow us to understand how the target users use the
interface and determine whether the design concepts work as expected [18]. Finally, for operational
interfaces, it is important to conduct studies in which participants use the search platform in their

daily routines and environments over a significant period of time [48].

User-unfriendly interfaces and poor GUI design are identified as some of the main problems in the
current geospatial software ecosystem [49]. Related to the collaboration of users in the evaluation of
user interfaces, it is worth noting the work of Popelka et al. [50] and Kalantari [34]. Popelka et al. [50]
employed an eye-tracking method to evaluate the user-friendliness of map-based visual analytics tools,
and their conclusions encourage a stronger use of mixed research designs that combine the advantages

of quantitative and qualitative methods. Such designs include think-aloud protocols, which provide
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deeper insights into user reasoning and the causes of errors when interacting with interactive maps.
Kalantari [34] evaluated spatial metadata systems by conducting think-aloud usability testing and

semi-structured interviews with users.

2.2.4 Test software processes

It is also worth mentioning test process methodologies that could be applied to define a workflow of
activities for the testing of geospatial search engines. van Veenendaal [51] has asserted that the failure
to implement test process methodologies is a fundamental factor contributing to system releases
falling short of expectations in terms of quality, cost, and timely delivery. The same author declares
that while testing theory advocates complete adherence to structured testing as the optimal and most
effective solution, in real-world situations, a professional tester often is capable of choosing a minimal
set of testing practices from a structured testing approach. He defines this approach as ‘good enough
testing’. Its success depends on a clear definition of testing priorities and appropriate risk assessment.
Similarly, Vukovic [52] emphasize the importance of predefining the test process methodology rather
than conducting it ad hoc. Keeping this in mind, organizations can choose from existing models or
customize one to suit their needs. The same research acknowledges the challenges faced by small
and medium-sized companies in formalizing their testing procedures, attributed to constraints such
as limited time and human resources. There is a recognized necessity to simplify the complexity of
available testing models to enhance their feasibility and implementation in such organizations.

When referring to general software test process methodologies, we can cite the Test Management
Approach (TMAP) [26]. It is a well-known structured process methodology for software testing, that
proposes a life cycle model to structure all the activities required for the management, preparation and
execution of test processes. Van Banerveld et al. [53], who employed TMAP to assess the efficacy of
a natural language processing tool, acknowledge the distinctive challenge presented by query systems
dealing with massive and complex data. The case study carried out by the latter author focuses on the
TMAP notion of quality attribute.

With a more specific focus on specific test processes for semantic search engines, it is worth
noting the existence of frameworks like the Large-Scale Semantic Evaluation (SEALS) project [54].
The core of the SEALS project is a two-phase process. The automated phase involves collecting
non-interactive metrics such as execution success, number of results returned, execution time, and
system load. The user-in-the-loop phase requires real users to perform specific search objectives on
the search engine. In this process, a number of user-centric metrics are collected, such as the time
taken to obtain a successful response and the user impression of the tool through questionnaires.
Another test process specifically designed for search engines is the proposal of Zhou et al. [55]. It
proposes the application of metamorphic testing as an essential technique to evaluate search engines
by comparing relationships between inputs and outputs of different search engines.

The framework proposed in the following section is derived from the TMAP methodology. In

addition, it is based on core principles outlined in each of the three types of testing relevant for
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geospatial search engines: automating test cases based on representative cases from the functional
testing domain, Precision at K from the assessment of effectiveness and the use of realistic scenarios
from usability tests.

It is worth noting that other widely adopted software test process models [52], such as ISO
29119-2 [56] and Test Maturity Model Integration (TMMi) [57], also provide structured methodologies
for software testing. While these frameworks share the common goal of establishing systematic
testing processes, the selection of TMAP as the main reference framework for this proposal is due
to the alignment of its characteristics with the dynamic nature of geospatial search engines. One
of its key advantages is its flexibility, agility, and lightweight structure, making it well-suited for
environments where search relevance, indexing mechanisms, and knowledge graph updates are
continuously evolving. Additionally, its strong support for automated testing facilitates the evaluation
of search Ul interactions. Finally, its emphasis on quality attributes aligns with the evaluation needs

of modern geospatial search engines.

2.3 Testing Framework

In our proposed acceptance testing framework, we have adapted the Test Management Approach
(TMAP) to the case of this type of geospatial search engines. For each test level, TMAP delineates
a life cycle model for organizing the test activities across seven phases: planning (activities are
detailed later); control, which encompasses monitoring and readjusting of the planning; setting up
and maintaining the infrastructure; preparation of test cases; specification of test scripts; execution of
tests and reporting of results; and completion, which consists of the evaluation of the test process and
preservation of the testware for future test processes.

Figure 4.3 presents an activity diagram showing the life cycle model of an acceptance test level
and the logical order of these phases. It can be observed that control and infrastructure phases are
transversal activities executed in parallel to the activities devoted to preparation, execution and
completion. In addition, it can be observed that the planning phase has been subdivided in various
activities and that we have highlighted in blue face the test products that are relevant for our acceptance
test process.

During the planning phase, after understanding the mission of an acceptance test level and
identifying potential sources for a test basis, we must analyze the product risks to identify and
prioritize the test objectives, i.e., determine the ‘quality attributes’ of the system that are critical
for a geospatial search engine. Then, we need to determine a test strategy that defines the intensity
of testing for every quality attribute. Later, we need to estimate and schedule the required human
resource efforts. The following step is devoted to identify the ‘test types’ and ‘techniques’ that are
more appropriate for designing the test cases associated with each quality attribute. The planning
finishes with the definition of other remaining planning details related to the list of deliverables,
organization, infrastructure or management. Outside the planning phase, it must be noted that the

preparation phase includes the compilation of a specific ‘test basis’ (information defining the required
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Fig. 2.1 Activity diagram describing the life cycle model of the acceptance test level. Relevant test
products generated along the test activities are highlighted in blue face.

behavior of the system) for the definition of test cases. In addition, the main output of the specification
phase is the test scripts: automatic programs or manual procedures for the execution of test cases.
Table 2.1 summarizes the test products that are relevant in our proposed acceptance test process
for geospatial search engines. As can be observed, we have identified three main quality attributes
that are critical for the development of these geospatial search engines: functionality (ability of the
system to accurately and comprehensively process information), effectiveness (the capacity of the
system to deliver a desired output), and user-friendliness (the ease with which end-users use the
system). The choice of these three quality attributes is grounded in both international standards for
software testing and established evaluation practices for search engines. We used as main source the
definition of these attributes by TMAP, but they are consistent with other well-known sources for
software engineering like the ISO/IEC 25010 standard [58], which also highlights functionality (the
degree to which the system facilitates and cover the realization of all specified tasks and objectives),
effectiveness (the degree to which a system achieves the required level of precision in delivering
results) and usability (the degree to which the system facilitates and cover the realization of all
specified tasks and objectives) as main attributes to describe quality in the product or usage model of

software and systems. As already noted, the information retrieval literature consistently highlights
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retrieval effectiveness as a defining dimension for search engine evaluation [42]. Taken together, these
references justify the division into the three selected attributes: functionality ensures that the search
engine processes and delivers results correctly; effectiveness guarantees that the retrieved results
are relevant to information needs; and user-friendliness ensures that the search interface supports
successful and satisfactory task completion. This triad therefore provides a scientifically grounded

and holistic framework for acceptance testing of user interfaces in search engines.

Table 2.1 Test strategy for the acceptance test level.

Quality attribute Test type Testing design technique Test basis Execution
Scenario testing Use cases Automatic
Functionality Functional
Branch testing Navigation map (UI workflow) Automatic
. Relevance . . Relevance evaluation

1Q < 3 < - as 3 @ rta
Effectiveness evaluation Ranking evaluation measures (prec@10) benchmark By experts
Heuristic evaluation User interface By experts

Without users
User-friendliness Usability Cognitive walkthrough Tasks proposed by experts Automatic

With users Usability test Usability test scenario By users

For each quality attribute, we provide recommendations on the most appropriate test types
and test design techniques: functionality testing for assessing the functionality quality attribute;
relevance evaluation for assessing the effectiveness of this type of system; and usability to assess
user-friendliness. Each test design technique is aligned with a specific test basis, serving as the
main source of information needed for both test case definition and specification of test scripts.
Sections 2.3.1, 2.3.2 and 2.3.3 describe how the three different quality attributes have been assessed
by selecting the most appropriate test types, test design techniques, and test tools. In addition, each
design technique produces a metric for a quantitative assessment of the quality attribute.

It is important to note that the results of the attribute testing are part of a larger methodological
process, in which relevant stakeholders interpret the results and incorporate them into subsequent
stages of analysis. Rather than remaining as isolated measurements, these results contribute to the
evaluation cycle by providing evidence for discussion and informing user interface design and

development decisions.

2.3.1 Functionality quality attribute

For assessing the functionality quality attribute, we propose the application of two different test design
techniques employed in functionality testing: branch testing and scenario testing. The following

subsections describe the use of these techniques.
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2.3.1.1 Scenario testing

Scenario testing is a specification-based technique in which testers design cases to evaluate how
the software will function when end-users interact with it for specific purposes [59]. This technique
involves developing a model of the interaction sequences between the test item and users to test the
usage flows that involve the test item [60].

We employ a form of scenario testing called use case testing [61]. This method involves a use
case model of the test item that outlines how it interacts with one or more actors. Since use cases are
employed to express requirements in the early stages of development, they serve as an excellent basis
for acceptance testing. From the description of use cases, we can define features and associated test
scenarios using the Gherkin language [39]. This language allows to specify the expected behaviors
of the software in a human-readable way: it is a minimally controlled language containing just plain
text and a reduced set of reserved words. We decided to use this language because it is designed
to write acceptance tests that can be implemented using Cucumber, a platform widely used for
functional testing and behavior driven development. The ultimate goal of Gherkin is to facilitate the
understanding of software testing or behavior by technical and non-technical team members.

With respect to the infrastructure needed for the automation of these tests, we propose the use
of Behave [62], a Python implementation of Cucumber that converts Gherkin scenarios into Python
test scripts. In addition, to interact with the web interface of a geospatial search engine, we propose
the integration of Selenium [63]. Selenium is an open-source automation testing framework for
web-based applications, which offers a Selenium WebDriver that allows interaction with most modern
web browsers. That is to say, test scripts written in Python (and also other programming languages)
can integrate a specialized library to interact with the Selenium WebDriver to trigger different User

Interface (UI) events (e.g. open/close web pages, typing text or mouse events) in an automated way.

2.3.1.2 Branch testing

Branch testing is a structure-based technique that evaluates the system by following possible logical
branches in its functional flow [64]. We conducted branch testing considering the decision points and
flow restrictions outlined in Figure 2.4. In particular, we derived test cases by applying the test depth
level N technique [26]. According to this technique, achieving test depth at a certain level N implies
that all the combinations of N consecutive branches are covered. For instance, test depth level 1 is
equivalent to achieve full branch coverage as stated in part 4 of the ISO 29119 standard [59]. With
test depth level 2, all combinations of branches going in and out of each decision point are covered,
or, equivalently, all subpaths of two consecutive branches starting at each decision point. Test depth
level 3 covers all subpaths of three consecutive branches starting at each decision point and so on.
With respect to the infrastructure for the automation of these test cases, we propose to express
these paths as Gherkin scenarios because Gherkin allows expressing a sequence of actions in an almost

human-readable way. In addition, the translation of these steps into interactions with the geospatial
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search engine can be implemented in the same way as proposed for scenario testing, i.e. using Behave

and Selenium WebDiriver.

2.3.2 Effectiveness quality attribute

As already introduced in section 2.2, the effectiveness of search engines and information retrieval
systems is usually assessed in terms of the evaluation of the relevance in the list of results returned by
these systems. To measure the performance of an information retrieval system in terms of relevance
evaluation, we need a relevance evaluation benchmark, also known as test collection, comprising three
components: a document collection; queries expressing information needs; and a set of relevance
judgments (usually a binary assessment) for each query-document pair. The most common measures
for information retrieval effectiveness without taking into account the ranking of results are precision
(the proportion of retrieved documents that are considered relevant), recall (the proportion of relevant
documents retrieved) and the F-measure (a weighted harmonic mean of the previous measures).
However, the effectiveness of a search engine providing a ranked list of results should also take into
account the ability of a system to return first those results that are relevant. For that purpose, the
11-point interpolated average precision or Mean Average Precision (MAP) measures are typically
computed: on the one hand, the 11-point interpolated average precision is a precision-recall curve
consisting of the average interpolated precision of the considered information needs at 11 fixed
recall points; on the other hand, MAP computes the arithmetic mean of the average precision of
each considered information need, which averages the precisions whenever a relevant document is
retrieved.

The problem of precision-recall curves or MAP is that they consider the precision at all recall
levels. However, this is quite unfeasible in the case of search engines indexing millions of records:
despite using a small test suite of information needs for relevance evaluation, it is not possible to
have relevance judgments for all the documents in the collection. On the other hand, this may not be
relevant to final users of search engines because they are usually interested only in the first page of
results. Therefore, for the purpose of relevance evaluation in the proposed framework of this work, we
propose to measure the precision at fixed low levels of retrieved results. This is referred to Precision at
K or Precision@k, i.e., the precision computed when the top k documents are retrieved. This measure
is widely used for the evaluation of web search engines and offers sufficient conditions for acceptance

testing, where testers do not have direct access to the full list of resources ranked by relevance.

2.3.3 User-friendliness quality attribute

In the case of the evaluation of the user-friendliness quality attribute, we propose the application of
usability testing techniques considering both the inclusion of users (usability tests) or not (heuristics
checking, cognitive walkthroughs). The customization of these techniques for the case of geospatial

search engines is explained in the following subsections.
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2.3.3.1 Tests without users: Heuristics checking

Heuristic evaluation entails expert raters applying a usability checklist to a user interface in order to
spot potential usability issues that could prevent users from carrying out their intended tasks [65]. In a
classic heuristic evaluation, the user interface is checked to verify whether specific design criteria are
followed to enhance the user experience.

In particular, we propose the use of the ten heuristics established by Nielsen [66] for evaluating
user interfaces: visibility of system status (1); match between system and the real world (2); user
control and freedom (3); consistency and standards (4); error prevention (5); recognition rather than
recall (6); flexibility and efficiency of use (7); aesthetic and minimalist design (8); help users recognize,
diagnose, and recover from errors (9); and help and documentation (10). An expert evaluator executes
typical browser search tasks, annotates violations in a standardized worksheet, and assigns severity

ratings to the violated heuristics.

2.3.3.2 Tests without users: Cognitive walkthroughs

Cognitive walkthrough is a usability evaluation technique that connects the interface review to a
cognitive model [67]. The evaluator simulates the experience of a typical user by performing tasks
on the interface. The process compares the user expectations with the actual steps required by the
interface to complete the tasks.

The accepting party must collaborate in the identification of specific examples of information
needs required by new users of the geospatial search engine. After defining these information needs,
it is necessary to think about the actions that should be performed in the search engine to accomplish
these information needs. Then, these information needs are expressed as a sequence of steps in a
Gherkin scenario. On the one hand, Gherkin facilitates a well-known language to express these actions.
On the other hand, these actions can be automated in the same way as proposed for scenario testing
and branch testing.

Finally, in order to identify potential deviation of the automated executions of Gherkin scenarios
from the expected behavior, we propose to record the execution time each scenario and the number of

results that were returned.

2.3.3.3 Tests with users: Usability tests

In a usability test, a researcher asks a participant to perform representative tasks using one or more
specific user interfaces. During the task completion, the researcher observes the participant behavior
and listens for feedback [68]. The primary objectives of usability tests are to identify any issues with
the system design and gain insight into the behavior and preferences of our target users.

For the testing sessions we propose the use of the ‘think-aloud strategy’ [69], a well-established

method for gathering data in user studies where participants are asked to vocalize their thoughts while
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performing tasks. This provides insight into the user reasoning, perception, and difficulties with the
search tasks through the interface.

To understand the patterns of perception and use by novice and specialized users, the recruitment
of participants must take into account individual differences in search performance, as studied in the
literature [47]. Factors such as knowledge of the task domain, experience as searchers, and cognitive
differences are considered to define three types of participants: I. Non-experts, II. Non-familiar experts,
III. Familiar experts. The difference between unfamiliar and familiar expert users is that the latter
regularly use the platforms and products of the institution whose search engine is going to be tested.

Finally, participants must complete the System Usability Scale (SUS) questionnaire, a widely
used survey [70], after completing the task. This questionnaire consists of 10 items rated on a 5-point

Likert scale, and the final score ranges from 0 to 100.

2.4 Case study: the evaluation of the new IGN search engine

This section illustrates how the proposed framework can be instantiated in a real case study such as
the geospatial search engined developed by IGN. Figure 2.2 shows the main web page of the search
engine interface. This interface allows final users to have access to different functionalities related
to the search process as illustrated in the use case diagram of Figure 2.3. The diagram highlights
how the core functionality begins with the Search action, which is followed by the Display results
use case containing multiple extension points. From this point, users can refine their interaction by
applying filters, viewing metadata, locating specific resources, downloading them, or, when applicable,
proceeding to purchase. This structured representation provides a clear overview of the system
capabilities and the optional paths available to users once results are displayed. It also serves as the
basis for defining functional test cases, ensuring that acceptance testing covers the different scenarios
and extensions that may arise in real user interactions.

In order to describe better the overall search process enabled by the geospatial search engine,
Figure 2.4 provides an activity diagram of the search workflow. The diagram begins with the selection
of a search mechanism, which can include free text, spatial queries such as selecting a point or
geometry on the map, uploading a geometry file, or specifying coordinates or cadastral references.
After submitting a query, the system processes the request and displays the results, which then serve
as the basis for further user actions. Users may refine results by applying faceted filters, narrowing
down to downloadable resources, or filtering by product categories. Once results are filtered, users can
select individual items and choose from several actions, such as viewing metadata, centering the map
on the resource location, displaying download options, or initiating purchase. This diagram highlights
the logical flow and decision points of the search process, making it possible to design branch testing
cases that ensure all potential paths and outcomes are systematically evaluated.

The selection of the IGN search engine as the case study was guided by several criteria. First, the
platform was in the final stages of development at the time of this research, providing an opportunity

to apply acceptance testing prior to its full deployment. Second, the system complexity, based on a



2.4 Case study: the evaluation of the new IGN search engine | 23

large-scale knowledge graph that integrates millions of geospatial resources, made it a demanding
and representative environment for testing the framework. Third, the institutional role of the IGN
as the national provider of geospatial data in Spain ensured the platform was relevant for open data
infrastructures of national scope. Finally, practical feasibility was secured through the availability
of collaboration with the IGN technical team and access to system documentation and stakeholders.
While the findings are grounded in this specific case, the methodological approach was designed to be
transferable to other open data portals of similar scale and complexity, thereby supporting the external

validity of the research.
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Fig. 2.2 Geospatial search engine interface.

The following subsections provide practical guidelines for the implementation of the testing
design techniques in our proposed framework. In some cases, such as scenario testing, branch testing
or cognitive walkthroughs, test scripts can be fully automated. For the rest of the techniques, we
provide full details for the preparation of test cases and their manual execution. In all cases, we
describe the obtained results after the execution of tests. There is also a code repository” with the

implemented scripts for automated tests and some Python notebooks for the analysis of results.

Shttps://github.com/TAAA-Lab/Acceptance-testing-of-geospatial-semantic-search-engines-ODE
CO-CNIG
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Fig. 2.3 Use case diagram illustrating all the functionalities related to the search process.
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Fig. 2.4 Activity diagram illustrating the search workflow.

2.4.1 Functional testing results

2.4.1.1 Scenario testing

—>®

End Search

The use cases employed for our testing were provided by the search engine development team, who

had already specified and justified them in detail at the beginning of the project in the technical
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documentation. The resulting 7 use cases are the ones already shown in Figure 2.3: Search, Display
results, Filter results, View metadata, Locate resource, Download resource and Buy resource.

The implementation of the Gherkin scenarios associated to the 7 features (use cases) are provided
in the code repository (see scenario_testing.feature and the implementation of steps in these scenarios).
The scenarios associated to the search feature (shown in Table 1 in Appendix ‘Test scenarios for the
acceptance testing of user interfaces written in Gherkin’) are the most complex because they include a
variety of inputs. During the execution of the test cases, we did not encounter any incidents. Based
on our testing results, we can confirm that the search engine of the platform satisfies the functional
requirements for which it was designed. In addition, the implementation and execution of these test
cases helped us to make the implementation of the Gherkin steps as much generic as possible. This
was important because the implementation of test cases derived from the application of branch testing

and cognitive walkthrough testing design techniques were also expressed in Gherkin language.

2.4.1.2 Branch testing

Figure 2.5 presents a simplified version of the workflow illustrated in 2.4, which was used to derive
test situations according to the test depth level N technique. In this schematic representation, the only
nodes depicted, apart from the initial and final ones, correspond to the decision points in 2.4, while
the edges represent complete branches or paths connecting one decision or starting node to another
decision or final node in the original diagram. By reducing the detailed workflow to its essential
structure, the figure provides a clearer overview of the alternative routes a user may follow during
the search process. This abstraction facilitates the design of branch testing cases, ensuring coverage
of all possible paths. For instance, edge labeled ‘2’ represents the complete branch where the user
selects ‘free search’ in the first decision node, types free text, performs the search and gets the results
displayed, ending in the decision node where the user must choose among different types of filters.

Start search

X . End Search

Fig. 2.5 Schematic graph with complete branches as single edges.
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In our case, test depth level 2 provides a total of 46 test situations (that is, 46 pairs of consecutive
branches in the graph), like ‘1-2” or ‘2-9°. These 46 test situations can be exercised in 24 execution
paths or test cases. For instance, ‘1-3-4-9-11-17’ is one of these paths and represents a test case where
the user starts the search, chooses an explicit spatial search, selects a point in the map, performs
the search, gets results displayed, applies a faceted filter, filters the results by products, buys and is
displayed payment options.

In order to make the testing more exhaustive, we wanted to make sure that all the possible
combinations of the six different types of search with the four possibilities of filtering the results and
the five possible actions that can be performed with the results were also tested. Given our graph,
the later can also be achieved with the test depth technique, switching to level 3. There are a total of
134 test situations in this case, that can be covered with 90 paths. In order to decrease the number of
test cases, while testing all the aforementioned combinations of types of search, filters and actions, we
designed again the test cases to cover all the level 2 test situations with those level 3 test situations
that do not include the branch labeled with ‘9’, that loops back to the filtering section. In this last case,
we obtained a combined total of 99 test situations.

The obtained test cases cover 66% of the test depth level 3 test situations, 100% of the level 2
test situations and also 100% of the branch test situations according to part 4 of the ISO 29119
standard [59], while keeping the number of test cases in a reasonable level.

To cover the selected 99 test situations we executed a total of 66 paths. The description in Gherkin
of these paths is available at branch_testing.feature file of the code repository, together with its
associated Python implementation.

About the results of the execution of Gherkin scenarios, during the first iteration we found that 54
(82%) of the paths executed without any problems. The remaining 12 tests failed, all of which are
associated with search mechanisms based on the selection of points or polygons on the side map. The
instructions to interact with Selenium WebDriver were programmed to perform the selection in the
center of the map, which by default shows the entire Iberian Peninsula with a portion of the ocean,
and whose center falls in Portugal. We discovered that the execution failure occurred because the
search engine did not have any resources indexed for that area in the download or purchase category.
Therefore, any successive operations to view, locate, download or purchase resources simply could
not be executed. To fix this issue, we moved the selection zone to Spain, which allowed us to confirm
that the filters were working correctly. This exercise enabled us to confirm that users would eventually

be able to perform the search sequences without encountering errors or crashes.

2.4.2 Relevance evaluation results

According to the proposed methodology, we calculated the Precision@ 10 of the semantic search
engine with some information needs. But taking into account the existence of other search engines

at IGN, we also compared the measure with the one obtained by the three current geospatial search
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engines existing at IGN for discovering separately resources on the Download Center, the Map Library
and the Online Shop.

Previous to the computation of Precision@ [0, we had to prepare the evaluation benchmark. For
that purpose, we proposed first five information needs, which are shown information need column
in Table 2.2. Second, we compiled the first ten results returned by the four search engines with the
search terms associated with these five information needs. Third, we had to annotate the relevancy of
all the results with respect to the information needs. This task was performed by three experts (the
judges). Finally, those results having a majority of relevant votes were considered relevant for the
computation of Precision@ 0. In addition, to assess the agreement between the judges, we computed
the Fleiss” kappa measure, which is an extension of Cohen’s kappa measure to evaluate the agreement
between two or more judges [71]. The results indicated a substantial agreement among the judges
with ¥ = .70.

Table 2.2 Precision@10.
. Semantic . . Download

Inf t d

nformation nee Search Engine Map Library  Online Shop Centre*
Discover cartographlc' resoui“ces of.thf 1.0 1.0 05 0.1
autonomous community of “Asturias
Download a trail file related to the search

4 . . .
for the “Way of El Cid” 0 0-0 0.0 0.0
‘]‘3uy the”current map of the city of 10 0.8 0.0 0.4
Toledo
Dlscove.r gene“ral ca]ft(,),graphlc resources of 1.0 1.0 04 0.0
the region of “Murcia
H . “Qs ”

View the area of the “Sierra Nevada 04 0.9 0.6 0.5

National Park on the side map

Average prec@10 0.8 0.7 0.3 0.2

*Tt is not strictly a free-text search mechanism. The user types in the search and must necessarily choose
one of the suggested terms and results are not displayed in one single list.

Table 2.2 shows the Precision@ [0 measure obtained by each search engine. Overall, the semantic
search engine outperformed its counterparts in both average precision and individual searches, with
the exception of one case. The Library Map had a decent performance, but its relevant results were
limited to historical cartography. In contrast, the Download Center and the Online Shop had notably

poor performance, with some queries yielding no relevant results.

2.4.3 Usability testing results
2.4.3.1 Tests without users: Heuristics checking

Usability testing without users started with the verification of the Nielsen heuristics. Table 2.3 contains

the list of violations associated with each of the ten heuristics and the assigned severity. Violations
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were categorized into low, medium and high severity. Low severity violations are those that may slow
down search tasks, but would not necessarily prevent the user from finding the necessary information.
Medium-severity violations are those that may create significant obstacles in search tasks, which may
cause confusion or delay, but do not completely prevent the user from finding or correctly interpreting
the necessary information. High-severity violations are those that may prevent the user from finding
or correctly interpreting useful resources that are actually contained in the system.

Upon reviewing the detected violations, we identified two distinct categories. The first category
comprises violations related to search and navigation structures, such as the search bar, filters, and
icons. The second category is associated with the quality of content. In addition to these specific
violations, we also observed transversal deficiencies in navigation and content, such as the systematic
use of jargon. Of all the heuristics used to detect violations, the one that targets the internal and

external consistency of the search engine reported the highest number of violations.

2.4.3.2 Tests without users: Cognitive walkthroughs

As indicated in section 2.3.3.2, the experts of the accepting party proposed five user tasks (searching
of information needs) for applying the technique of cognitive walkthroughs. The “Test case’ column of
Table 2 shows the sequence of actions for these five tasks as Gherkin scenarios. The implementation
of these Gherkin scenarios is provided in the code repository, see cognitive_walkthrough.feature and
the implementation of steps in these scenarios.

The columns Passed, # results and Ex. Time in Table 2 in Appendix ‘Test scenarios for the
acceptance testing of user interfaces written in Gherkin’ show the results after the execution of the
test scripts. All tests met the defined criteria within execution times of less than one minute. When
reviewing manually the execution of the walkthroughs contained in the test scripts, no deviations
from the expected results were observed, and the results were found to be consistent with the search

criteria.

2.4.3.3 Tests with users: Usability tests

For the usability test, we selected a search task that represented the projected use of the platform and
was easily understood by novice and expert users, planning a trip to a popular tourist destination in
Spain:

‘As you plan your visit to the Sierra Nevada National Park, some information about the area is
required. Use the search engine to find information, download files, or add products to the cart that
could be useful for your trip’.

The usability test adhered to the Ethics Appraisal Procedure established by the European Union
Horizon 2020 Program.® This adherence included procedures to enlist appropriate participants and an

informed consent protocol. The demographics of the recruited participants for the usability test are

Shttps://ec.europa.eu/research/participants/docs/h2020-funding-guide/cross-cutting-issues/ethics
_en.htm
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Table 2.3 Nielsen heuristics.

Severity
# Heuristic Notes Low Medium High
1 Visibility of System Updates of the shopping cart or download area is X
Status not noticeable
Match between the The search engine contains a wealth of jargon
2 System and the Real unknown to the general public and even to experts X
World outside the institute
3 User Control and The user can remove previous searches, but cannot X
Freedom edit them directly to refine them
Different applications of the same institute handle X
different icons for the same functions
The descriptions of some of the resources do not
correspond appropriately to the files or products X
deployed
4 Consistency and 3 - n e ———
Standards ometimes the result list does not 1ntu1t.1ve y X
represent the demarcated area on the side map
The number of resources shown by the filters does X
not correspond to the result list
Sometimes the result list does not intuitively X
represent the demarcated area on the side map
Some search mechanisms that require the input of
parameters, such as coordinates, lack default values X
5 Error Prevention to help the user identify the expected format
Some of the resources point to empty metadata X
records
Recognitition . )
6 Most of the icons lack tooltips X

Rather Than Recall

- Several search mechanisms cannot be combined
7 Flexibility and fFciont] B a0 ] th =
Efficiency of Use efficiently and even combining them worsens the

result
3 Aesthetic and The thematic category filters have dozens of X
Minimalist Design ~ options that are displayed simultaneously
Recognise, Diagnose No suggestions are shown when searches are X
9 and Recover from  unsuccessful or when resources are empty
Errors The error messages are not informative X
10 Help and The files lack sufficient description to know their X
Documentation contents without first downloading them

shown in Table 2.4. Overall, there are no significant disparities in the composition of gender, age, and
education among the three groups of participants. At the start of each session, a pre-test questionnaire

was administered to confirm the classification of participants into their respective user categories.
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Table 2.4 Demographics of study participants (%).

I. Non- 1L Non- 1.
All familiar Familiar
experts
experts experts
Gender
Male 17 (57%) 5 (50%) 6 (60%) 6 (60%)
Female 13 (43%) 5 (50%) 4 (40%) 4 (40%)
Age
18-24 2 (7%) 1 (10%) 1 (10%) - (0%)
25-34 6 (20%) 2 (20%) 2 (20%) 2 (20%)
35-44 6 (20%) - (0%) 1 (10%) 5 (50%)
45-54 13 (43%) 5 (50%) 5 (50%) 3 (30%)
54-65 2 (7%) 2 (20%) - (0%) - (0%)
+65 1 (3%) - (0%) 1 (10%) - (0%)
Education
High School 1 (3%) 1 (10%) - (0%) - (0%)
Graduate 18 (60%) 6 (60%) 5 (50%) T (70%)

Postgraduate 11 (37%) 3 (30%) 5 (50%) 3 (30%)

Total 30 10 10 10

During the tests, recordings were made and the moderator of the sessions took notes of the user
feedback. This content was then reviewed by the accepting party, who identified three major areas
for improvement that were consistently mentioned by users: a) the role of the side map needs to be
rethought to make it a truly interactive visualizer that is closely linked to the search results, b) the
faceted filters and categories need to be redesigned to make their meaning and operation more intuitive,
and c) a better guidance must be provided explaining how to use the retrieved geographic resources.
Expert users also provided specific suggestions about how to improve the information architecture
of the search engine by providing examples from other platforms and previous experiences. Novice
user comments were generally more limited in detail and expressiveness. These comments were also
passed on to the accepting party for consideration.

The System Usability Scale (SUS) applied at the end of each of the 30 usability tests reports a
value of o@ = .85 for Cronbach’s alpha, which means that the reliability of the questionnaire is high.
Table 2.5 shows the results for item scores and overall SUS scores. A Kruskall-Wallis test was used to
determine if there were significant differences between testing groups. Only items 7 and 8 showed
significant differences. Post-hoc tests using the Bonferroni correction showed that non-exerts and
familiar experts are different for item 7, while non-familiar experts and familiar experts are different

for item 8 at statistical significance at level o = .05.
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Table 2.5 Median System Usability Scale (SUS) scores for each item and testing group.

SUS items Al T T Tl p
Median score
contribution (0-4)

1. I think that I would like to use this system frequently 3 3 3 3 055
2. I found the system unnecessarily complex 2 3 2 15 0.06
3. I thought the system was easy to use 3 3 358 3 019
4. 1 think that I would need the support of a technical person to be able to use this system = 3 3 - 3 007
5. I found the various functions in this system were well integrated 3 3 3 2 027
6. I thought there was too much inconsistency in this system 2 2 25 25 067
7. I would imagine that most people would learn to use this system very quickly 2 3 25 1 001*
8. I found the system very cumbersome to use 3 3 35| 2 0.04%
9. I felt very confident using the system 3 3 3 2 051
10. I needed to learn a lot of things before I could get going with this system 3 3 - 3 025
SUS Score (0-100) 67.5 70 75 588 0.17
1. Non-experts, II. Non-familiar experts, III. Expert Familiar Users
* indicates the statistical significance at level a=.05
[ |
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Fig. 2.6 Box plots of System Usability Scale (SUS) scores for each testing group.

While no statistically significant differences were found in overall SUS scores, Figure 2.6 presents
box plots for each testing group and situates them within the adjective ratings and acceptability ranges
proposed by [72]. This complementary system helps to clarify how numerical scores correspond to
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qualitative judgements of usability: scores below 50 fall in the ‘NOT ACCEPTABLE’ range and are
typically described as ‘Poor’ or even ‘Worst Imaginable’; scores between 50 and 70 correspond to a
‘MARGINAL range (often labelled ‘OK’) that reflects usability which is just passable but not yet
satisfactory; and scores above 70 are generally regarded as ‘ACCEPTABLE’, aligning with adjectives
such as ‘Good’, ‘Excellent’, or ‘Best Imaginable’. The overall SUS mean of 67.5 is positioned at
the upper edge of the marginal range (barely acceptable, but approaching the boundary of what is

considered ‘Good’).

2.5 Discussion

This chapter introduced a framework for the acceptance testing of geospatial search engines that
aims to evaluate their functionality, effectiveness, and user-friendliness through a structured approach
grounded in software testing principles. The framework builds on the TMAP methodology, distin-
guishing itself from other approaches that assess geographic information systems without an explicit
testing process [32, 33]. By integrating various test design techniques—such as functional tests and
cognitive walkthroughs—tailored to web-based interfaces, the framework offers a comprehensive
strategy for evaluating search engines. Automated implementation of test scripts, when feasible,
further supports the reproducibility and efficiency of the evaluation process.

Although the study did not conduct an empirical comparison with other testing frameworks,
the conceptual analysis revealed notable distinctions. Compared to the SEALS approach, which
emphasizes metric identification [54], the proposed framework places stronger emphasis on the
integration of testing techniques within the software development lifecycle. Similarly, while the use of
think-aloud protocols aligns with established practices in user interface evaluation [47], the proposed
framework goes further by embedding these protocols within a structured testing process. This is
particularly relevant in the geospatial domain, where similar methods have been used [34].

In applying the framework to a new semantic search engine developed by the Spanish National
Geographic Institute, the case study demonstrated its practical utility. Functional testing confirmed the
platform’s ability to support various geographic search mechanisms. Relevance assessments indicated
improvements over previous institutional platforms. However, usability testing highlighted specific
limitations, particularly in the visual representation of results, the structure of filtering options, and
the guidance provided to users. Interestingly, differences emerged in perceptions between novice and
expert users, especially regarding the system’s learnability.

We identified several potential threats to the validity of our framework and implemented measures
to mitigate their effects. First, the limited size of samples used for relevance evaluation (particularly
Precision@k) and usability testing can constrain the robustness and generalizability of the results.
This underscores the importance of carefully selecting evaluation tasks so that they can reflect
the diversity of information needs encountered in real-world use, with the same care applied to
choosing representative participants for testing. Second, the constraints introduced by the moderation

method based on the verbalization of actions (which, in this case, had to be employed due to security
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restrictions) may have introduced a degree of artificiality that limited the validity of some results.
In particular, requiring participants to articulate their actions could have slowed task performance,
constrained spontaneous exploration, and disrupted the natural flow of interaction. However, it is
important to emphasize that the framework itself remains independent of such contextual constraints.
This limitation is best understood as an example of the kinds of adaptations that testing teams may
encounter when applying the framework in their own contexts. At the same time, this unforeseen
restriction, arguably an extreme variant of the think-aloud technique, may also have yielded indirect
benefits. By focusing attention on verbalizing actions, users may have made more explicit some of the
advantages typically associated with thinking aloud, such as the expression and capture of intentions,
reasoning, and decision-making processes. Lastly, the reliance on a single geospatial search engine
developed by IGN represents a limitation in terms of generalizability. Whilst this focus enabled a
detailed, end-to-end demonstration of feasibility, it does not in itself confirm applicability across a
wider range of systems. Nevertheless, the framework was deliberately grounded in widely adopted
and domain-independent testing principles such as the TMAP life-cycle model, Precision@k for
relevance evaluation, and the System Usability Scale (SUS) for usability. These principles strengthen
its potential portability to other geospatial platforms.

A key consideration for the future development of this framework is its adaptability to different
organizational contexts. From a scalability perspective, larger implementations would benefit from
automated testing pipelines capable of managing high volumes of queries, benchmarking performance
across heterogeneous datasets, and ensuring reproducible results under diverse semantic configurations.
One example would be its application to cross-border infrastructures involving large-scale geospatial
data. At the same time, the adoption by smaller organizations may be constrained by limited technical
capacity, financial resources, and maintenance capabilities. To address these challenges, the framework
could be provided with simplified test suites that minimize the need for specialist expertise while still
ensuring essential coverage. In addition, modular testing procedures would allow organizations to
deploy only those components most relevant to their operational context.

Ultimately, the study contributes to the broader goal of providing practitioners with complete
case studies that guide interface testing from conception to result interpretation. The integration
of widely recognized software engineering testing methods into a cohesive framework reinforces
its relevance for developers of complex geospatial tools that require careful consideration of user

interaction dynamics.

2.6 Summary

This work has presented a structured and adaptable framework for the acceptance testing of geospatial
search engines. Grounded in TMAP and enriched by a variety of testing techniques, the frame-
work addresses the need for systematic evaluations that extend beyond metric collection to include
functional, usability, and cognitive considerations. The proposed methodology bridges a gap in the

testing of geographic information systems by explicitly defining a test process, aligning with software
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engineering best practices, and supporting automation. These features enhance its applicability and
scalability across different geospatial platforms.

In direct response to the research question (RQ1) linked to this chapter, the results demonstrate
that existing software testing methodologies can be effectively adapted to evaluate user interfaces in
open data portals. The framework integrates functionality, effectiveness, and user-friendliness as core
quality attributes, showing how each can be systematically tested using a combination of automated
and user-centered techniques. By applying these methods to the IGN semantic search engine, the
study demonstrates not only that the framework is operationally feasible but also that it generates
actionable insights for improving platform design. While the case study is grounded in the geospatial
domain, the methodological principles (structured acceptance testing, integration of multiple quality
attributes, and support for automation) are transferable to other open data platforms that face similar
challenges of scale and complexity. Consequently, the framework provides both a rigorous basis for
testing individual systems and a generalizable contribution to the evaluation of open data interfaces.

Future work will focus on extending the application of the framework to multiple platforms,
including both institutional SDI catalogues and community-driven open-source platforms, in order to
confirm its adaptability and robustness across diverse technical and organizational contexts. Moreover,
the observed differences in the behavior of expert and novice users, particularly in relation to feedback
expressiveness, suggest that further research is needed to clarify the origins of these differences
(whether they stem from cognitive overload, task complexity, or unfamiliarity with geospatial systems),
their impact on user experience, and their implications for system design. One promising avenue to
pursue this is through the analysis of differences in the mental models of interaction among users with
varying levels of experience [73]. Additional lines of research include the automatic translation of
Gherkin test cases into scripts that interact with the web application [74], the development of field
testing of geographic information search systems, which will help to compensate for the limitations
of think-aloud testing by capturing user interaction under more naturalistic conditions, and the
investigation of how the geographic products retrieved through the system are subsequently used in

real-time decision-making.



CHAPTER 3

IDENTIFICATION OF MENTAL MODELS FROM USABILITY TESTS

3.1 Introduction

The previous chapter established the value of testing frameworks and methodologies for obtaining
a general overview of user interface quality in open data platforms. While such frameworks are
effective for assessing broad design attributes, certain dimensions, particularly usability, require more
focused and nuanced evaluation. Usability is not only central to the effectiveness of user interfaces,
but also deeply intertwined with user expectations, behaviors, and mental models. Shortcomings in
usability often translate into barriers to inclusivity, as complex or unintuitive interfaces can exclude
less experienced users and limit meaningful engagement. This chapter therefore delves into a detailed
analysis of usability experiments with the aim of uncovering how users conceptualize and interact
with the system (RQ2). By comparing these mental models with the underlying conceptual model
that guided the design, we seek to identify mismatches and derive insights that can inform iterative
improvements in interface design.

The design of user interfaces for data discovery poses a major challenge [75]. Searching is a
dynamic user-driven process, where the mental models of users must fit with the functionalities of the
system to deliver satisfactory experiences. Although it is well-established that user mental models
play a crucial role in the design of user interfaces [76], it is difficult for developers to anticipate during
the design and development phases what will be the most effective information architecture or how
the system will be used in practice.

In many cases, the usage models envisioned by designers are not aligned with the true mental
models of users potentially diminishing user experience. Usability testing lets development teams
identify design problems in digital products by collecting qualitative and quantitative information.
Nevertheless, this technique alone is often not able to provide a panoramic view of the interaction with
the system. Titus et al. [77] point out that usability testing, like other popular evaluation methods, has
limitations in providing a complete picture of usability. They identified an opportunity to introduce
methods that complement traditional approaches, contributing to a more comprehensive understanding
of the user experience. In particular, this chapter investigates the hypothesis that the application of
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process mining techniques can derive an appropriate representation of the mental models inferred
from the interaction of users with the system and reveal mismatches with the original user interface
design.

Understanding user behavior is a central concern not only during the early stages of a web
platform —as is the focus of this research— but throughout its entire lifecycle. This ongoing interest
has motivated numerous research efforts [78—80]. Although the research literature contributes with
valuable insights for improving user experience design, a common and persistent challenge remains:
how to coherently and usefully organize the multitude of findings that emerge from something as
dynamic and complex as human behavior. In this context, both the well-established theory of mental
models in human-computer interaction and the more recent developments in process mining provide
promising concepts and tools that can help to articulate and structure these insights more effectively.

Continuing with the case study of the geospatial search engine, this chapter proposes a framework
for actively integrating process mining into the usability testing of open data platforms. One of
the great benefits of this integration is the availability of visualization tools that allow to draw up
inferences about the mental model of the users and deviations from the initial design concept. The
input data in the case study was compiled through a usability testing experiment where twenty-one
participants, ranging from novice to expert users, were recruited to perform a search task using the
geospatial search engine. Their interactions were recorded as event logs and subjected to analysis
using process mining techniques, descriptive and inferential statistics. The findings revealed that the
mental model of users leans towards the archetype of a regular search engine rather than fully utilizing
the geographic functionalities provided by the platform, as intended by its designers.

This chapter reflects on the potential and challenges of integrating process mining into a usability
test, both before, during and after the test. This extension also incorporates other analytical dimensions
(usability scores, control flow, textual search, filters, search results) needed to understand the informa-
tion search experience more holistically. In addition, the principles discussed in the analyzed case
study are directly applicable to design of other search engines with similar features. The availability
of case studies that provide comprehensive evaluations of user interfaces in specific domains can
provide valuable guidance to other practitioners with the challenge of designing new satisfactory user
interfaces in related domains [81, 82].

The remainder of this chapter is organized as follows. Section 3.2 presents an overview of the
current state of the art regarding usability testing, process mining, mental models in user interaction,
and modeling of information-searching processes. Subsequently, Section 3.3 outlines the proposed
framework for integrating process mining into usability testing in order to infer mental models of
users. Section 3.4 presents the outcomes derived from applying the framework to the new geospatial
search engine of IGN. Section 3.5 discusses the implications of incorporating process mining into
usability testing and particular findings from the case study. Finally, Section 3.6 offers concluding

remarks and highlights potential future directions for research.
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3.2 Related work

This section introduces the conceptual building blocks behind the goal of integrating process mining
tools in usability testing to identify potential gaps between the design model and the mental model
of users within an information search scenario. Firstly, we review the state of the art of usability
testing, one of the most widespread research tools to evaluate user experience. Secondly, we present
process mining as a discipline that provides a realistic view of “as-is” processes from event data
using a variety of visual representations. Thirdly, we explain the concept of mental models, which is
one of the cornerstones of user experience design. Finally, we describe some of the main theories to
explain information search processes that will be useful for understanding the case study that will be

developed later.

3.2.1 Usability testing

Usability is the “extent to which a system, product or service can be used by specified users to achieve
specified goals with effectiveness, efficiency, and satisfaction in a specified context of use” [83]. The
concept of usability is directly related to that of user experience, which includes “perceptions and
responses that result from the use and/or anticipated use of a system, product or service” [83]. The
specialized field dedicated to improving the usability of interactive systems is known as usability
engineering [84]. The various evaluation methods for assessing whether a product is usable and how
users experience its use have undergone significant evolution since the early 1980s to the present
day [85, 86]. These methods can be classified into those that do not require direct user participation,
such as usability inspections (heuristic evaluation and cognitive walkthroughs), and those that actively
involve users in the evaluation process. The latter category encompasses usability testing, as well as
various interrogation methods such as surveys, interviews, and focus groups, along with field methods
such as ethnography. Despite having a higher cost, multiple studies have pointed out the capacity of
usability testing to detect more severe, recurrent, and global problems than other methods such as
heuristic evaluation [87].

Usability testing employs a moderator to guide participants through specific tasks using a given
user interface [88]. During these sessions, the moderator closely observes participant behavior and
attentively listens to their feedback. This process serves to unveil issues in product design, reveal
opportunities for enhancements, and provide insights into the behavior and preferences of the target
user group. When it comes to the execution of usability testing, thinking aloud stands out as the most
popular approach [89]. In this method, participants are requested to interact with the system while
verbalizing their thoughts in real-time as they navigate through the user interface.

Usability testing can be categorized into qualitative and quantitative [90]. Qualitative usability
testing focuses on collecting insights on how participants interact with the product or service based
on narrative evidence. This approach is particularly effective for discovering problems in the user

experience. Conversely, quantitative usability testing focuses on the gathering of metrics that describe
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the user experience, enabling benchmarking and objective evaluation. In practice, the integration of
both quantitative and qualitative data proves valuable, leading to studies of a mixed nature. The blend of
qualitative and quantitative information can vary based on the testing stage. Tests administered during
early development stages often emphasize reliance on quantitative data, whereas those conducted in
later stages tend to incorporate a greater emphasis on qualitative insights [91].

Generally speaking, there is a broad consensus when describing the procedure for the execution
of usability tests [92-95]. A standard procedure starts with a planning phase where purpose, objective,
product to be tested, test groups, and relevant metrics are defined. This is followed by a preparation
phase where participants are recruited and the test environment is set up. The critical moment comes
with the execution of the test where the user interacts with the product and data is collected. Finally,
the collected data is analyzed and the corresponding reports are prepared.

In the quantitative dimension, there are consolidated measures of effectiveness, efficiency, and
satisfaction provided by user-based testing [95]. For effectiveness, the task completion rate computes
the number of participants who successfully complete the task divided by the total number of
participants. To measure efficiency, metrics such as task execution time are suggested. Finally, for
satisfaction, the results obtained in the Smiley scale [96] or in satisfaction questionnaires such as the
System Usability Scale (SUS) [97] are examples of representative metrics. On the other hand, the
qualitative dimension seeks to analyze narrative evidence and user feedback in verbal and non-verbal
formats that help explain why a metric is the way it is [90].

Multiple studies have addressed the usability of GIS applications. GIS applications exhibit a
distinctive attribute wherein their usability is notably influenced by the map, setting them apart from
conventional user interface elements [98]. Kurniawan et al. [99] conducted a systematic literature
review to explore the landscape of usability evaluation in geographic information systems, encom-
passing the methods employed and prevalent usability challenges. Usability testing emerged as the
most widely utilized method, with inquiry methods relying on self-reported experiences second. In
this second category, the use of standardized questionnaires, such as SUS, is a common practice [100—
102]. Inspections, grounded in expert knowledge and experience, were the least frequently employed
method. In addition, eye-tracking and mouse-tracking techniques have been used to assess the usabil-
ity of the GUI map design [35]. Recurring usability issues in GIS applications include challenges
associated with user guidance, tool use, and interface design. Finally, this literature review identified

the need for further development of methods to analyze GIS interactions and workflows [98].

3.2.2 Process mining

Process mining is an emerging discipline that connects the models and event data about the process.
That is why this field can be viewed as the missing link between process science and data science [103].

There are three basic types of process mining [104]: (a) process discovery to automatically learn
process models from event logs; (b) conformance checking to compare observed behavior with

prescribed behavior; and (c) model enhancement to repair or extend existing models. In addition to
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the three core types of mining, there are various orthogonal dimensions: the control flow dimension
focusing on the sequence and order of activities within a process; the organizational dimension
focusing on the resources and actors involved in the process and how they are interconnected; the
case dimension dealing with the distinctive properties of individual cases within a process; and the
time dimension focusing on the timing and frequency of events within the process. It is important
to recognize that the dimensions of process mining are neither mutually exclusive nor exhaustive.
Rather, they are designed as flexible constructs to adapt to dynamic and evolving use cases [105].
Together, they provide a multidimensional view of the process.

Regardless of the type of process mining or dimension one wants to analyze, these techniques are
impossible to apply without adequate event logs. Van der Aalst [103] mentions four basic assumptions
about event logs: (a) a process is made of cases; (b) a case is made of events and each event refers
exclusively to one case; (c) events within a case are displayed in order; and (d) events can have
attributes. As a result, a typical event log has basic attributes such as case, activity, and timestamp to
which can be added optional attributes such as resource, status, and cost, among many others.

In terms of results, the role of human judgment in detecting and interpreting patterns makes visual
process presentations one of the flagship products of any process mining analysis [106]. Among the
visual designs commonly used by process mining, we can mention among others directly-follows
graphs, Petri nets, process trees, dotted charts, variant diagrams, and process matrices.

Process mining is applied to all kinds of domains and the field of usability is not an exception.
The term usability mining refers to integrating process mining and usability engineering [107, 108].
Thaler [107] has delved into the automated generation of software usage reference models, aiming
to quantify the usability of business information systems. Meanwhile, Dadashnia et al. [108] have
contributed to the field with multiple usability mining studies focused on mobile policing applications

developed in Germany.

3.2.3 Mental models in human-computer interaction

According to Rouse and Morris [109], mental models are the mechanisms through which individuals
construct descriptions of the goals and design of a system, formulate explanations of its operational
dynamics, and generate predictions about its future states. The concept of a mental model has been
widely recognized in the field of human interaction since the 1980s [110]. Despite its acceptance, the
measurement, representation, and use of mental models continue to pose challenges, especially with
the advancement of complex software applications [111].

During the design of information systems, it is essential to differentiate between the mental model
of designers, often referred to as the conceptual model, and the mental model of users [112]. In the
case of the mental model of the designer, it involves having a conceptual representation of the intended
system and transforming those ideas into a tangible implementation. On the other hand, the mental
model of users acknowledges their actual knowledge about the system, which is influenced by their

cognitive abilities, past experiences, problem-solving strategies, and individual variances. According
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to Nielsen [113], designers frequently possess intricate mental models of their own creations, which
can lead them to believe that every feature is intuitively understandable. Conversely, mental models of
users are often more limited, resulting in a higher likelihood of mistakes and finding the system more
challenging to use.

There are multiple conceptualizations of mental models and their representations. De Kleer
and Brown [114] differentiate between component models and causal models. Component models
primarily focus on the structure of the system, while causal models aim to explain system functioning
in terms of cause-effect relationships. Carroll and Olson [112] categorize mental models into four
types: surrogates, metaphors, crystal boxes, and networks. Surrogate models imitate the input/output
behavior of systems. Metaphorical models directly compare the target system with another system
familiar to the user. Crystal box models are a blend of metaphors and surrogates. Finally, network
models encompass system states and user actions to transition the system to a different state.

Understanding the mental model of users has two primary applications within the realm of human-
computer interaction: interface design and user training [112]. Designing interfaces that align with
the prevailing mental model of users can facilitate them to learn and operate the system more easily,
resulting in fewer errors during the interaction. An inadequate mental model can prevent users from
fully harnessing the capabilities of the system. In such cases, user training and guidance can facilitate
the acquisition of appropriate conceptual models.

Jakob’s Law strongly correlates with the concept of mental models. The law establishes that
users form expectations regarding design conventions based on their prior experience with other
websites [115]. Consequently, users are inclined to anticipate that a website will adhere to familiar
design patterns and conventions they have encountered before. This suggests that users may encounter
difficulties when confronted with new or unfamiliar designs.

According to Zhang [116], three methods are commonly used to elicit mental models. The first
method involves eliciting verbal accounts from participants [117]. This can be achieved by asking
users to describe a system, explain its mechanisms, provide analogies or metaphors, or engage in
thinking aloud while performing search tasks. Transcripts of these accounts are then carefully analyzed
to develop representations and evaluations of the mental models about the system under study. The
second method entails drawing, wherein participants are prompted to create visual representations,
such as pictures or diagrams, to depict their mental images of a system [118]. The third method
involves observing errors occurring during typical tasks of the evaluated system to identify gaps
in their mental models of the system. This method is often combined with think-aloud protocols
when the objective is to represent mental models [119]. Although the research on mental models
in human-computer interaction has been ongoing for several decades, recent years have witnessed
an increasing diversity in its fields of application and the resulting need for further conceptual and

methodological development [120].
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3.2.4 The information-search process

Mental models are a concept that extends across a wide range of technological artifacts originating
from the design process. In the context of this case study, this subsection delves into the theoretical
models related to information search. Hearst [121] makes a comprehensive compilation of these
models. Within these, the standard model and the dynamic model are appropriate for explaining
short-term search tasks.

With slight variations, several authors have described the standard model of information searching
as a cycle of interaction comprising several key stages. Initially, an information need is identified,
followed by activities such as specifying the query, examining retrieval results, and potentially refor-
mulating the query, all aimed at achieving a satisfactory set of results [122]. This model aligns with
Marchionini’s assertion [123] that information-searching resembles a specialized form of problem-
solving, encompassing problem recognition, search planning, execution, result evaluation, and iterative
processes if necessary. Sutcliffe and Ennis [124] offer a comprehensive four-phase cycle, including
problem identification, articulation of information needs, query formulation, and result evaluation,
associating distinct search strategies with each phase. Similarly, Shneiderman et al. [125] outline four
steps: query formulation, action (query execution), result review, and refinement. Marchionini and
White [126] describe a seven-step process, adding elements like recognizing the information need,
accepting the challenge to act, and using the results to the information-searching journey.

The traditional model of the information-searching process assumes a static user information
need, where users refine their queries until they retrieve the documents relevant to their original
need. However, real-world observations of information searchers reveal a dynamic and evolving
process [127]. Information needs change as users interact with search systems, learning about the
topic as they review retrieval results and suggestions, and formulating new sub-questions as earlier
ones are answered. This challenges the idea that the primary goal of the search process is to achieve a
perfect match with the initial information need. Bates [128] introduced the dynamic (berry-picking)
model, which emphasizes two key points. First, information needs and queries continually shift during
the search, influenced by the information they encounter. Second, satisfaction is not derived solely
from a final set of documents but from a series of selections and bits of information acquired along
the way.

When discussing mental models within the context of the information search process, studies
across diverse fields have observed the prevalence of the “Google-like” effect [129-131]. This
phenomenon is characterized by a preference towards generic and direct search engines for accessing
and disseminating information resources, often at the expense of more sophisticated or specialized

functions offered by alternative types of digital libraries.
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3.3 Methodological framework

Our framework aims for a seamless integration of usability testing, mental modeling, and process
mining. This integration is the most distinctive factor of our proposal when compared to the other
efforts presented in the state of the art. In terms of usability testing, we start from a conventional
design that incorporates both quantitative and qualitative elements. From this basic structure, the
critical task is identifying where and how to organically incorporate process mining for mental model
analysis without overcomplicating the test.

As depicted in Figure 3.1, the proposed framework involves four distinct phases. Firstly, the target
system is examined to identify its conceptual model and the specific activities to be mined. Secondly,
a search task is designed and carried out with representative users, during which their interactions
with the system are recorded. Third, the mined interactions are analyzed to identify recurring patterns
and behaviors that can be used to infer the mental models of the users. Last, the conceptual model
is compared with the inferred mental model of users to identify mismatches. The ultimate objective
of this process is to improve the design and development of interfaces, ensuring that they become
increasingly user-friendly. Regarding the mental model elicitation methods outlined in Section 3.2.3,

this proposal aligns with the category of observational methods used along with a think-aloud protocol.

Phase 1 Phase 2 Phase 3 Phase 4
Examination of the Design and execution of /{Analysis of interactions h Comparison of the conceptual
target system to identify a search task with infer the mental model of model with the inferred
its conceptual model representative users users mental model of users

a. Navigation and

interaction control
flow

b. Helicopter view of
* Scores from usability survey the interaction

¢ Conceptual model * Interview responses c. Detailed analysis of
* Eventlog of interactions some activities

* Mismatches between models

* Inferred mental model of
users

Fig. 3.1 Methodological framework at a glance.

3.3.1 Examination of the target system to identify its conceptual model

Understanding the conceptual design of a geospatial search engine involves both interviewing members
of the product team and the development team, as well as examining the technical documentation
(feasibility study, analysis guide, design guide, construction guide and implementation guide) and
user interface of the geospatial search engine.

The conceptual model of the geospatial search engine is usually defined as a mixed model,
integrating a search engine and a geographic information system (GIS), as depicted in Figure 3.2.

This conceptual model draws upon the metaphorical notion of mental models, comparing the system
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to archetypal systems. This GIS influence enables users to gain a comprehensive understanding of
the geographic context of the search results. However, designing such a system goes beyond simply
adding features from each archetype. It is essential to provide users with the flexibility of a search
engine in exploring search results while also delivering a comprehensive geographic context. The
integration of the two systems must be seamless and intuitive to ensure a meaningful and efficient

search experience for users.

SEARCH GEOSPATIAL SEARCH GEOGRAPHIC
ENGINE ENGINE INFORMATION SYSTEM
-
* Searchbar * Parallel dynamic * Geographic context
¢ Result list exploration of search * Map
* Ranking results through e Layers
* Pagination geographic tools * Location reference systems
* Filtering * Spatial relationships

Fig. 3.2 Conceptual model of the geospatial search engine.

3.3.2 Design and execution of a search task with representative users

As presented in Figure 3.3, the sessions involve a sequence of pre-test, test, and post-test activities. To
begin, all participants sign an informed consent form and completed a pretest questionnaire to confirm
their assigned category. The informed consent encompasses essential elements, including the research
objectives and methodologies, the process for withdrawal, and the confidentiality measures in place to
safeguard data and information provided to the research team.

Participants are recruited and evenly divided into three categories:

I. Novice users: This category includes people with no academic background or relevant pro-
fessional experience in geography or related disciplines and who are not regular users of the

geographic information platforms of the institute.

II. Expert unfamiliar users: This category includes people with relevant academic training or
professional experience in geography or related disciplines who are not regular users of the

geographic information platforms of the institute.
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2. The moderator explains the search task
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operate the system to complete the task
L (Think-aloud protocol) )
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5. The participant completes an exit
interview with the moderator

o

Fig. 3.3 Flowchart representing the test workflow.

III. Expert familiar users: This category includes people with relevant academic training or profes-
sional experience in geography or related disciplines who are regular users of the geographic
information platforms of the institute.

The categorization is driven by the hypothesis that domain expertise and familiarity with specific
conventions, such as those embedded in the platforms of a particular data publisher, can influence
behavior and mental models. The recruitment of participants is carried out by means of a referral
sampling method [132].

The experiments must adhere rigorously to the Ethics Appraisal Procedure established by the
European Union Horizon 2020 Program.! This adherence encompasses crucial components, including
precise procedures to discern and enlist appropriate research participants and an informed consent
protocol that ensures complete disclosure to all human subjects regarding their participation and the
subsequent management of their data.

The sessions finish with the System Usability Scale (SUS) questionnaire and a brief unstructured
exit interview to capture the opinion that users have of the interface. The SUS questionnaire is widely
recognized in the usability field [97]. It consists of 10 items, each assessed on a 5-point Likert scale.

This evaluation yields a final score between 0 and 100.

Thttps://ec.europa.eu/research/participants/docs/h2020-funding- guide/cross-cutting-issues/ethics
_en.htm
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3.3.3 Analysis of interactions to infer mental models of users

After the completion of the sessions, an event log is created with three attributes: case (session
identifier), activity, and timestamp. The event log is stored in a comma-separated value file. Once the
interactions are mined, we propose a combination of quantitative methods for analysis.

Standard process mining techniques, descriptive statistics, and inferential statistics are used to
explore the data. The main objective of the analysis is to visually represent the interaction process
observed in the usability tests. For this purpose, we follow a typical process discovery workflow [103],
progressively incorporating various perspectives to form an integrated understanding of the observed
interaction. The initial step is the analysis of the process from a control flow perspective, which
is usually the main focus of process discovery [103]. To describe the transitions between browser
pages and the execution of activities, a series of direct-follows graphs are generated. This allows us to
comprehend how users navigate through the platform. Given that certain actions can be performed
on multiple pages, our goal is to identify if there are particular pages where such actions might be
preferred.

The control flow perspective is followed by a comprehensive overview of the interactions contained
within the event log, which can be defined as a helicopter view of the process [103]. To achieve this
dimension, we employ dotted and variant explorer charts. Dotted charts represent each event as a dot
on a two-dimensional plane, with the horizontal and vertical axes representing the time and class of
the event, respectively. On the other hand, a variant explorer provides a visual representation of all the
distinct paths taken by a specific process across observed cases. We then briefly delve into the use
of search terms and filters used by the participants in the study. In addition, given the nature of the
geospatial search engine, we show a detailed analysis of some activities which includes querying,
filtering and interacting with search results.

Throughout these previous stages, results segregated by each of the three user categories to identify
potential differences among them are provided. Where applicable, the analysis shows the result of an
ordinary least squares regression to evaluate the potential impact of user category on specific study
variables (SUS scores, number of interactions by type of activity, session duration, and perceived
relevance of results). Regression produces coefficients describing the linear relationship between
quantitative independent variables and a dependent variable. Gender, age, and educational level are
introduced as control variables in this assessment. Given that these variables are categorical in nature,
they are transformed into a one-hot encoding representation. Novice users are used as the reference
category for user groups. Whenever a significant difference is detected in relation to the other two
groups, the corresponding statistical significance level is denoted using asterisks in the respective

figure or table.

3.3.4 Comparison of the conceptual model with the inferred mental model of users

In this last phase, we compare the findings obtained regarding the conceptual model of the system

— as identified through internal documentation and interviews with the development team — and
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the mental models inferred from user interactions, behavioral patterns, and qualitative feedback. The
conceptual model represents the intended design logic, functionality, and structure as envisioned
by the creators, while the mental models of users reveal how they perceive and make sense of the
system during real-world use. By comparing these two models, we assess the degree of alignment
between design intentions and user understanding, uncovering areas of congruence as well as potential
mismatches. These mismatches may manifest as incorrect assumptions, misunderstandings, or gaps in
mental representations of how the system behaves or should behave.

Such discrepancies are particularly important because they often underlie usability issues, task
errors, or inefficiencies in user interaction. For example, if users interpret a feature differently from
how it was intended, they may fail to use it effectively, or worse, lose trust in the system. Therefore,
this comparative analysis not only helps to diagnose problems, but also provides a foundation for
targeted design interventions. These may include improving system transparency through better
feedback and visibility, enhancing learnability by aligning interface metaphors with user expectations,
or refining onboarding materials to bridge conceptual gaps. Ultimately, this reflective process informs
iterative refinements to the platform that are grounded in both the theoretical architecture of the
system and the lived experiences of its users, contributing to a more intuitive, user-centered, and

robust design.

3.4 Experiments and Results

This section describes a case study applying our proposed method for the evaluation of a new

geospatial search engine that has been developed by the National Geographic Institute of Spain.

3.4.1 Examination of the target system

As already indicated in Chapter 2, IGN has developed a new geospatial search engine, which provides
access to a vast collection of two million geographic resources previously scattered across various
platforms within the IGN [36]. One of the fundamental objectives of the new engine is to democratize
the access to geographic information resources by appealing to a broader user base in contrast to
its existing portals that are aimed at specialized audiences. Figure 3.4 illustrates the user interface,
showcasing the three distinct navigation levels available within the search engine: a) “Quick search”,
b) “Advanced search & results”, and c¢) “Metadata” pages.

Within each level, we have mapped out the user activities that can be performed. In the “Quick
search” page, which acts as a gateway to the site, the central element is a text search bar. Additionally,
users have access to a button that allows them to explore advanced geographic search options. These
advanced options accept various inputs such as points, polygons, geometry files, coordinates, and
cadastral references. Thematic category filters are also available to refine the search. Upon conducting
a search on the “Quick search” page, users are directed to the “Advanced search & results” page, which

serves as the core of the platform. The search options from the “Quick search” page remain accessible
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at the top of the page. The center of the page presents a list of search results, with each result offering
multiple interactive options such as viewing, downloading, purchasing, or locating the corresponding
geographic resource. To further refine their search results, users can employ a list of faceted filters
located on the left side of the page. On the right side of the page, a map is displayed, providing a
visual representation of the search results. The users can interact with the map by adjusting the zoom
level, panning, and adding various additional geographic information layers. When a result is selected,
the corresponding perimeter is highlighted on the map. Upon selecting a specific resource from the list
of results, the users are redirected to a “Metadata” page that offers more detailed information about
the selected resource. This page also facilitates actions such as downloading, purchasing, or locating
the corresponding resource. As it can be seen, the geospatial search engine provides some flexibility

in the sense that certain activities can be executed on one or the other page of the search engine.
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Fig. 3.4 Geospatial search engine interface.

2

The design model outlined in Section 3.3.1 is made explicit in the “Advanced search & results
page. The left part of the interface is influenced by the typical search engine archetype, characterized
by two key attributes: a type-keywords-in-entry-form and view-results-in-a-vertical-list approach
[121]. On the other hand, the right part of the interface is influenced by the typical GIS archetype,
where the map is the dominant element, occupying a significant area of the interface (often more than
90% in pure GIS interfaces) [133].

3.4.2 Design and execution of a search task with representative users

The design and execution of the search task were described in the Section 2.4.3.3 on usability testing in
the previous chapter. The evaluation focused on how novice and expert users interacted with a semantic
geospatial search engine by completing a task that simulated a real-world scenario—planning a trip to
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Sierra Nevada National Park. User feedback was collected through session recordings and moderator
notes, highlighting three recurring areas for improvement: making the side map more interactive
and better integrated with the search results; redesigning the filters and categories to improve their
intuitiveness; and providing clearer guidance on how to use the retrieved geographic resources. Expert
users offered more detailed and specific suggestions than novices. SUS scores fell within the marginal
or barely acceptable range, with familiar expert users rating the system significantly lower than other

groups.

3.4.3 Analysis of interactions

We have created a GitHub repository? with the Python notebooks for the analysis of results, both
in terms of process mining and descriptive and inferential statistics. The logs were processed using
PMA4PY,3 a process mining library written in Python. The process mining charts were created using
PMTK,* a front-end solution built on top of PM4PY. Disco, a proprietary process mining toolkit

under academic licence [134], was also used to generate the directly-follows graphs.

3.4.3.1 Navigation and interaction control flow in the geospatial search engine

In this section, we analyze the logs generated during sessions using directly-follows graphs [135].
Figure 3.5 describes the navigation through the search engine pages according to the type of participant.
Each vertex denotes the three pages and each directed edge denotes transitions between them. Inside
each vertex we show the average percentage of the total session time that the participants spent on
each page. The thickness of the edges is proportional to the frequency of transitions that is shown
next to the edges. Regardless of the group, the sessions started on the “Quick search” page and shortly
moved to the “Advanced search & results” page, where most of the session time is spent iterating
multiple times with the “Metadata” page.

In the directly-follows graph of Figure 3.6, in addition to the pages (green vertices), the actions
(blue vertices) are added. The thickness of the edges and the color saturation of the vertices are
proportional to a higher frequency of events. This graph has been filtered to show only the most
frequent input and output edges. Often the directed follow graphs resulting from a process analysis
have a spaghetti-like appearance that makes them difficult to interpret so vertex and edge pruning is
common practice.

The graph allows us to derive a main navigation path that starts with the text search on the “Quick
search” page and continues on the “Advanced search & results” page, where the user views and filters
the items in the results list. The interactions with specific resources such as download, locate, and buy
typically occur on the “Metadata” page for each resource. The search cycle is repeated between the
“Advanced search & results” and “Metadata” pages without returning to “Quick search”. Although the

Zhttps://github.com/TA AA-Lab/Applicability-of-process-mining-in-usability-tests-ODECO-I
N

Shttps://pm4py.fit.fraunhofer.de
“https://pmtk.fit.fraunhofer.de
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Fig. 3.5 Navigation process map.

figure only shows the graph for the total number of participants, it must be noted that the subgroups

showed this same pattern of navigation.

3.4.3.2 Helicopter view of the interaction

Figure 3.7 shows a dotted chart representing the events corresponding to each session, where each
line represents a session. The horizontal axis represents the duration of the session in elapsed minutes.
The color of each dot corresponds to the 10 types of activity executed by the participant. To analyze
the data, we initially grouped the traces by participant type and then sorted them in ascending order
based on the total session duration. Our analysis revealed significant variations in session duration
(mean = 22'18", median = 20'42", sd = 10/18", max = 44'06”, min = 7'42") and the number and
sequence of interactions (mean = 15.9, median = 16, sd = 7.3, max = 30, min = 6). Our regression
analysis detected significant differences between user groups. The novice users exhibited shorter
session duration and performed fewer interactions compared to the other two categories, as evident
from the graph.

Figure 3.8 presents the average number of interactions for each activity type, sorted in descending
order based on the total average. The left section of the figure displays the values categorized by
activity type and participant group. The right section of the figure showcases dot plots of the total
number of interactions for each activity, organized in three parallel lanes representing the three

participant groups: novice users in pink, expert unfamiliar users in light blue, and expert familiar users
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Fig. 3.6 Search process map including pages and actions for all participants.

in dark blue. The horizontal axis in this section represents the duration as a percentage of progress in
the session.

A regression test did not detect significant differences between groups for any activity (p < 0.05),
except for view where novice users saw fewer resources than expert familiar users. When considering
the mean of the total number of interactions as a reference to profile the behavior of a representative
user, we can observe certain patterns. The “view” and “filter” activities were the most frequently
executed activities, occurring four times each. Following them, the “download” activity was performed
three times, and text search was performed twice. Lastly, the “map exploration” and “locate” activities
were typically executed once in the search process. On the other hand, activities such as “geometry
search”, “point search”, and “file search” were not executed in a typical session. Additionally, neither
the “cadastral search” nor the “coordinate search” activities were used by any user in this sample.
The distribution of points on the dotted chart suggests that there may be variations in the timing of

sessions where certain types of activities are more likely to be executed.
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Fig. 3.8 Dotted chart distribution of the events over relative time.

To demonstrate the diversity and structure of the process, Figure 3.9 is presented. Whereas the left
side of the figure showcases a variant explorer graph, the bottom right displays a relative timeline

indicating the expected time of occurrence for the various activities. The variants are displayed in
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descending order based on the number of interactions; the times of occurrence appear from earliest to
latest.

The variant explorer graph reveals significant variability in the number and structure of interactions
observed across the sample of sessions. There are no repeated sequences, and few generalizable
patterns are evident. However, it is worth noting that most sessions initiated with a text search,
sometimes followed by a filter. In the “Quick search” page, none of the users executed advanced
search activities. Furthermore, several traces concluded with filter sequences (represented by light
green frames), and these sequences were not consistently followed by resource exploration activities.

The timeline presented in Figure 3.9 offers valuable insights into the temporal distribution of
activities across sessions, indicating that certain activities may be more prevalent at specific stages of
the search process. Based on the timeline, it can be observed that the “text search” activity commonly
took place at the beginning of the session and was typically the first activity performed. Following
this, activities such as “view”, “locate”, and “download” were more frequently observed near the end
of the first half of the session. On the other hand, activities like “map exploration”, “filter”, and the

remaining activities tended to occur somewhat later, after the middle of the session.
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Fig. 3.9 Variants explorer sequence of events.

3.4.3.3 Detailed analysis of some activities

This section examines the particular parameters of the activities directly involved in the search process:

query terms, filtering of results and an analysis of the hits.
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With respect to the analysis of query terms, we analyzed the inputs from 41 textual user searches.
When presented with the text box, all users opted for keyword-based searches. 83% of these searches
explicitly mentioned the national park in question. Only one novice user, along with a couple
of familiar expert users, attempted searches using place names in proximity to the park without
mentioning it directly. No attempt was made to formulate queries in a natural language style.

Regarding the filtering of results, the search engine offers seven options: thematic category, year,
scale, format, series, downloadable content, and products. Among the 80 interactions with these filters,
78% were directed towards the thematic category filter, with smaller proportions observed for the
remaining filters. This consistent pattern of behavior was observed across all the three user categories.
Regarding the thematic category filter, it is worth noting that several participants expressed difficulty
in using it, citing the simultaneous display of dozens of options during their sessions.

Finally, we analyzed search results. Considering the spectrum of activities encompassing “view”,
“locate”, “download”, and “buy”, participants engaged with a diverse array of resources, summing
up 46 distinct items, which include maps in various formats. It is important to note that there was no
indication about time constraints for executing the task, nor an explicit definition of the list of the
successful results that should be discovered.

Figure 3.10 offers a diagram with some indicators regarding the interaction of the three distinct
interest groups with geographic resources. In the upper left section, timelines illustrate the frequency
of resource interactions by participants and subgroups by corresponding time deciles. The expert user
categories exhibit a peak in resource interaction early on, typically occurring within the initial 20-30%
of the session progress. The novice users, on the other hand, display a more evenly distributed pattern
of resource engagement throughout their sessions.

The top right section of the diagram presents metrics about the quantity and quality of search
results. These metrics encompass the following key aspects: the number of resources per category, the
average score to the question whether the results given by the search engine were useful and relevant
(1- Total Disagree, 5- Total Agree), and the number of users who clicked on the first result of their
search. The novice users engaged with a smaller number of resources and were less inclined to click
on the first result compared to the familiar expert users. Despite this, the novice users perceived a
significantly higher degree of relevance in the search results than familiar expert users did.

The wide-ranging nature of the results obtained makes it difficult to categorize them as either
relevant or irrelevant with respect to the specific search scenario of planning a trip to a national
park. The obtained items include: resources directly related to the national park; resources about
municipalities, regions, or towns that intersect with the boundaries of the national park or are in close
proximity to it; general national-level information, such as transportation routes, which may still
hold relevance for trip planning; and resources that appear to have a remote connection to the search
scenario, making their relevance to trip planning less evident.

The top three resources that gathered the highest attention were the following: “Sierra Nevada
National Park routes”, “Maps for mobiles Sierra Nevada National Park”, and “Sierra Nevada National

Park (8 maps + guide)”. These resources are directly related to the search scenario and we have ranked
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Fig. 3.10 Interaction with resources found by participants.

them as the most relevant of the whole set. To provide a detailed breakdown of user interactions with
these key resources, we have incorporated an icon associated with each of them. These icons serve to
pinpoint the anticipated time of interaction with each resource within the session timelines. It must be
noted that the interactions with these valuable resources occurred predominantly during the initial

half of each session.

3.44 Model comparison

The primary inferences regarding mental models are predominantly at the metaphorical level. On the
one hand, the conceptual model promotes a seamless integration of GIS and search engine paradigms.
On the other hand, the mental model inferred from the users suggests a dominance of the search
engine archetype over the GIS interface archetype. This aligns with findings observed in studies on
information search systems [129-131] (see Section 3.2.4), reinforcing the prevailing tendency where
the search engine archetype eclipses alternative metaphors for system representation.

The results indicate a gradient of alignment where expert users exhibit a mental model more akin
to conceptual design, while novice users show a greater deviation. Although limited by the small
sample size of the subgroups, the integration of process overview, control flow and resource interaction
analysis allow us to trace similarities and differences between the groups in a comprehensive way.

Among the similarities, we highlight the tendency of the navigation of the groups to reflect the stages
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of the standard model of information searching the download and purchase activities. Although these
activities can be performed before, they are actually registered on the “Metadata” page after the
user has evaluated the result. Probably due to the focused nature of the task, dynamic searching
behaviors (see Section 3.2.4) such as exploring toponyms found in previous searches were rare. With
respect to differences, the most noticeable one is the tendency of the expert user groups to interact
more frequently and intensively with the search engine. The same applies to the interaction with
resources, where expert users browsed a greater number of items thereby more closely aligning with
the hybrid model envisioned by the designers, although not with the ease initially expected. In contrast,
novice users often exhibit linear search patterns and underutilized spatial tools, suggesting a more
search-centric mental model. However, interaction with the most relevant resources reveals that most
users, regardless of their group, managed to find material relevant to the search scenario.

The behavior of users, and in particular beginners, suggests a clear distinction between frequently
used functions and infrequently used ones in a typical search scenario. This observation aligns with
the Pareto principle [136], where a limited number of functions account for most user interactions.
This finding has significant implications for UX design, as it allows the team to prioritize their efforts,
allocate resources efficiently, and maximize impact. It is important to note that the infrequently
used features should not be automatically discarded. Instead, they should be carefully examined to
understand their potential contribution to the overall user experience. This is particularly relevant
for geographic features that exhibited lower interaction frequencies compared to simpler search and
exploration activities. In addition, these features were considered at a later phase of the session after
users had tested simpler search strategies. This is where the main gap between the design model and
the usage model can be seen: the parallel dynamic exploration of search results through geographic
tools that the design team expected does not happen spontaneously. For instance, despite being a
powerful tool that enhances the exploration of geographic resources and occupies a substantial area
of the interface, the map received less attention than anticipated by the product team. This finding
prompted designers to reconsider the role and presentation of the map in the overall search experience.
Similarly, other underused functions such as file, cadastral, or coordinate search may need to be
reevaluated and potentially removed from the initial design, if general purpose searches are to be
prioritized.

Regarding the perception results of the SUS questionnaire and the assessment of the relevance
of the results, a clear distinction is observed between the familiar expert users and the other two
groups. The former provided significantly lower scores compared to the others. This differential
evaluation could have been influenced by factors outside the test and interaction with the geospatial
search engine, such as differences in self-perception of own competencies across varying levels of

experience. This finding may serve as a trigger for working hypotheses in future research.
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3.5 Discussion

Our discussion explores the benefits and challenges associated with integrating process mining tools
into usability testing. In addition, some limitations of the study are described.

When looking at the purpose of usability testing and process mining, the two approaches appear
to complement each other. The goal of usability testing is to provide direct feedback on how real
users interact with a system, while process mining is designed to capture the actual behavior of a
process through data analysis and visualization. The rich event-driven nature of usability testing
seems well-suited for integration with process mining. For instance, the observed contrast between the
results of process mining techniques and usability perception questions reflects this complementarity.
The typical metrics reported in a usability test are limited in explaining how and why an interaction
is performed [90], something that process mining can help to address. This broad perspective is
beneficial when testing products where the user has great freedom of action, as it has been the case
with the geospatial search engine.

In this context, it is essential to consider the challenges and adaptations required when incorpo-
rating process mining into usability testing—before, during, and after the test. One of the steps that
requires more time and effort compared to a standard usability test is identifying the product to be
tested (see Section 3.3.1). As our case study has evidenced, preparing for a process mining exercise
involves more than just selecting a product and configuring it for testing. It is necessary to elucidate
the assumptions regarding its use from a design perspective and map the potentially usability-relevant
activities.

The mapping process involves the challenge of determining the appropriate level of granularity to
match the interests of stakeholders aiming to improve the product. It is critical to keep in mind that
mapping a set of activities is not definitive; rather, it prepares the researcher to be receptive to relevant
activities that may arise during the usability test but were not initially considered. It is precisely this
step of making explicit relevant design assumptions that enables this enriched approach to detect
possible gaps between the mental model of designers and users.

During the execution of the test, an important consideration is to establish the most appropriate
mechanism for recording events. In our case study, tests were video-recorded, and these videos
were subsequently manually annotated by a researcher. While this approach offers the advantage
of providing a detailed understanding of user interactions with the product, it is not optimal. It
is significantly time-consuming and more error-prone due to its manual nature. The research of
Dadashnia et al. [108] also highlights the practical challenges arising from the manual transcription of
videos in identifying key activities performed by users.

While standard usability testing does not usually involve the collection of massive data sets [137],
analysis of the results requires a research team with knowledge of data manipulation and familiarity
with process mining techniques. Fortunately, the increasing availability of user-friendly open-source

and proprietary data mining tools simplifies this task. Among the tools employed in this study,

Shttps://processmining.org/
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PM4PY and PMTK serve as examples of open-source resources, while Disco represents a proprietary
alternative.

Our case study has several limitations that should be taken into account. Although the number
of participants was suitable for usability testing, which aims to gain an overall understanding of
user behavior, it may be insufficient for drawing statistically robust conclusions. This limitation is
particularly important when detecting differences between novice and expert groups, as a larger
sample size would be necessary to obtain sounder results. Usability studies often involve a relatively
limited number of participants, primarily due to budgetary constraints. Nielsen [88] and Virzi [138]
assert that identifying the majority of usability issues can be accomplished with as few as 5 users when
a think-aloud approach is employed. Additionally, they argue that testing with a larger number of
participants typically results in only marginal enhancements, assuming that the recruited participants
adequately represent the intended user base. However, it is important to note that this topic remains a
subject of ongoing discussion [139-141].

The potential impact of the moderator on participants is a crucial factor that should not be
overlooked when interpreting usability test results [92]. The presence of a moderator might have
resulted in longer execution times and more complex operations than they would typically perform,
especially for expert users. Nevertheless, despite these potential disadvantages, the think-aloud
method proved to be valuable for the researcher in understanding the reasoning behind the behavior
of participants. This information was used later for modeling and interpreting the observed behavior.
By verbalizing their thoughts, the users reveal their perception of the system and highlight what they
do or do not observe.

A careful consideration must be given to the impact of the selected search task. Although it might
align with the main intended usage, it may have a substantial impact on the observed outcomes. For
instance, opting for a holiday tourism scenario inherently lacks an organic link to cadastral references.
Consequently, it is not surprising that the observed frequency of searches using cadastral references is

minimal.

3.6 Summary

Along the work presented in this chapter, we conducted an exploration of how process mining
techniques can be used to uncover the mental models of users during the design phase of a geospatial
search engine. These mental models serve the purpose of adjusting the system to align with user
expectations and educating users about unfamiliar functionalities. To carry out our investigation, we
employed a case study approach based on a newly developed geospatial search engine created by the
National Geographic Institute of Spain. The case study involved recruiting representative users who
participated in usability tests of the new portal. The sessions were recorded, processed, transformed
into event logs, and subsequently analyzed using process mining techniques, as well as descriptive
and inferential statistics. The findings from our study indicate that the observed mental model places

a higher emphasis on the features typically associated with a standard search engine, rather than those
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related to a geographic information system. This deviation in user behavior differs from the mixed
model envisioned by the creators of the system. In direct response to the research question (RQ2)
linked to this chapter, the results confirm that usability testing, when extended with process mining,
provides a systematic way to identify user mental models, assess their alignment with the conceptual
model, and derive insights that guide iterative improvements in interface design.

This study has identified several lines for future research. Firstly, although the current implemen-
tation of an automatic event logging tool did not fully accomplish its goal of supporting event log
annotation, there is still significant potential to automatically record and model user behavior [79].
An important challenge lies in accurately mapping user clicks and keystrokes to activities that hold
meaning from both a process and business perspective. Secondly, this work focused on bridging the
gap between the conceptual model and the mental model of users solely from a process discovery per-
spective. However, there is an opportunity to deepen this understanding from a conformance-checking
standpoint with appropriate metrics such as fitness [142]. Lastly, personalized and real-time support
mechanisms can be developed to enhance the experience of users with inadequate mental models,
based on their usage patterns of the platform.

Finally, in line with the emergence and popularization of new user interfaces, we hope that
our work will not only help to promote further experimentation with process mining techniques by
usability testing practitioners, but also stimulate discussion on the development of quantitative and

qualitative tools for the analysis and visualization of mental models in human-technology interaction.



CHAPTER 4

IDENTIFICATION OF COLLECTIVE INTELLIGENCE IN OPEN DATA ECOSYS-
TEMS

4.1 Introduction

Open data ecosystems strive to be not only user-centered, but also circular and inclusive, fostering
participation from a wide range of stakeholders. In such ecosystems, end users are no longer passive
consumers of data; they also play an active role as contributors, helping to expand and refine the shared
data commons. This dual role is particularly important for enabling collective intelligence, which
emerges from the collaboration, coordination, and problem-solving efforts of distributed contributors.
Understanding how this collective intelligence forms and functions is useful for evaluating the
effectiveness and sustainability of open data platforms. The objective of this chapter is to propose a
methodology for analyzing collective intelligence within open data ecosystems by examining patterns
of user behavior and interaction. As a case study, we focus once again on an ecosystem centered
around geographic information; this time shifting our attention to OpenStreetMap (OSM) and the
Humanitarian OpenStreetMap Team (HOT) Tasking Manager, a platform built on top of OSM that
organizes and coordinates large-scale volunteer mapping efforts for disaster response.

Intelligence is not an exclusive property of individuals. It also arises in groups of individuals such
as families, nations, companies or other human, non-human and hybrid conglomerates. Numerous
proposals have been developed in recent decades to define the concept of collective intelligence [143].
In general, these definitions converge on the idea of an emerging capacity within groups to solve
problems, make decisions or achieve results more effectively than individuals working alone. The
concept of collective intelligence finds applications in various fields, such as biology, sociology,
political science and economics [143]. However, its influence is particularly noticeable in computer
science, especially in the fields of human-computer interaction and computer-assisted cooperative
work [143, 144].

The popularization of the Internet, and more recently artificial intelligence, has taken the idea of
collective intelligence to a new level where interconnected groups of people and computers collec-
tively do intelligent things in multiple domains. This is the case of the production model known as
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crowdsourcing, in which the work traditionally performed by a designated agent is outsourced to a
large, undefined group of people, usually in the form of an open call [145]. Examples of crowdsourcing
include Wikipedia and open-source software development, where the collective contributions of numer-
ous individuals result in robust, high-quality products [146]. This research focuses on crowdsourced
geographic information, specifically the phenomenon of Volunteered Geographical Information (VGI).
VGI describes the efforts of individuals and communities to address digital geographic information
gaps, often arising due to the absence of comparable commercial platforms [147].

Prior to examining the specific case, it is important to briefly describe the main characteristics of
the open data ecosystem being analyzed: humanitarian mapping initiatives in OSM. In recent years,
humanitarian mapping missions have become one of the major focus areas of VGI initiatives, including
the OSM community [148]. This type of mapping is transforming the disaster response landscape in
situations where conventional geographical data sources are inaccessible or outdated [147, 149, 150].
Humanitarian mapping differs substantially from other forms of voluntary mapping in aspects such as
its purpose, geographic areas of impact, mapping interfaces, editing and validation dynamics, and
resulting footprint [148]. For instance, while overall mapping in OSM tends to be heavily concentrated
in regions with a very high Human Development Index, humanitarian mapping shows a distinct pattern,
primarily targeting regions with medium and low human development. Furthermore, the study of the
effects that micro-tasking introduces into the dynamics of OSM peer production is a promising field
for research [151]. Despite the growing role of humanitarian mapping in disaster response and its
particularities, the mechanisms underlying its success remain poorly understood. Questions persist
about how these projects harness collective intelligence to achieve their goals, and what lessons they
offer for broader applications in peer-production systems.

This chapter analyzes humanitarian mapping projects as a collective intelligence system. To
achieve this, we drew on two key approaches. First, we used the collective intelligence framework
proposed by Malone et al. [143] to formulate relevant research questions that shed light on the
dynamics of the humanitarian mapping system. Second, we leveraged the extensive dataset provided
by HOT', the leading humanitarian VGI initiative operating on the OSM platform, to gather evidence
to answer these research questions. More specifically, these data relate to the technological tool used
for the coordination of humanitarian mapping, called the HOT Tasking Manager (HOT-TM).2

Malone et al. [143] argue that new information technologies have fostered novel forms of collec-
tive intelligence, leading to the emergence of a distinct field of study. To address this evolution, they
propose a definition of collective intelligence that encompasses these new realities while remaining
consistent with previous interpretations of the concept. In their revised definition, collective intelli-
gence is characterized by three key elements: “(1) groups of individuals (2) acting collectively (3)
in ways that seem intelligent”. Each of these three components is described below along with the

research questions derived from them.

Thttps://www.hotosm.org/
Zhttps://tasks.hotosm.org/
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From the perspective of new collective intelligence systems, a group of individuals can consist
of both human and computational agents [152, 153]. While groups consisting of a single person and a
computer are at the periphery of collective intelligence, the core lies in the combination of multiple
individuals and computer systems working together to collectively address problems.

Decades of research on human groups reveal that individual characteristics significantly shape
group dynamics, influencing both team performance and outcomes [154]. Effectively managing group
composition, the configuration of the attributes of its members, involves identifying and prioritizing
key attributes. When a particular attribute becomes salient, it can be a determining factor in the
structure and interactions of the group [155].

According to Jiao et al. [156], the success of crowdsourcing is closely related to individual
attributes. In this field, the experience of the group members is often the most highly regarded
attribute. Evidence consistently shows that members with knowledge and experience in a specific
domain produce higher quality results than non-experts on a wide range of tasks [157]. This evidence
reinforces the significant emphasis placed on estimating, identifying, and managing the expertise of
contributors to enhance task allocation in crowdsourcing settings [158—160].

As far as the non-human component of the groups is concerned, Malone [152] recognizes that
computer agents can participate in a group in various ways, depending on their relationship with
human agents. The most common role is that of a tool in which computers serve to enhance human
capabilities. Like other tools, a computer requires direct instructions from a human to perform tasks.
A step further is the role of assistant. Unlike a tool, an assistant has more autonomy and can take the
initiative to help humans achieve their goals. Further up the hierarchy, computers can act as peers,
demonstrating an autonomy comparable to that of human group members. Finally, computers can
take on managerial roles. In this capacity, they perform tasks such as determining the sequence of
tasks needed, predicting which contributor is best suited for each task, automatically assigning tasks
to appropriate contributors, and evaluating their work.

Given the importance of group characterization in peer production environments, we formulate

the following research question:

RQ1: What characterizes the group of individuals participating in HOT-TM mapping

projects?

By acting collectively, collective intelligence implies that the behavior of the group is character-
ized by the relationships between the activities of its members. This does not mean that all members
share identical objectives or cooperate at all times but emphasizes the presence of interdependencies
between their activities. According to Suran et al. [161], the processes of collective action can be
analyzed and categorized based on two key dimensions: the type of activities (creating or deciding)
and the type of interactions (independent or dependent). In creating activities, contributors produce
something new (e.g. ideas or artifacts), while in deciding activities, contributors evaluate and select
alternatives. To fulfil their missions, organizations usually need both creation and decision capabilities.

Creation capabilities require decision capabilities to select the best outcomes, and decision capabilities
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need creation capabilities to provide evaluation options. Since both activities can be carried out by
individual actors as well as by groups, they can also be considered as dependent or independent
interactions. The intersection of these two dimensions, types of activities and interactions, gives rise
to four combinations:

1. Collection (Create + Independent): In these activities, individuals contribute independently,
each offering unique inputs to the system based on their work.

2. Collaboration (Create + Dependent): These activities involve multiple individuals working to
generate interrelated or interdependent solutions.

3. Individual Decision (Decide + Independent): Decisions are made by individuals acting inde-
pendently, with outcomes that may vary from person to person. Sometimes these decisions may be
influenced by information shared by others.

4. Group Decision (Decide + Dependent): Decisions are made collectively by a group, resulting in
a consensus that affects the group as a whole. Important variants include voting, consensus, averaging,

and prediction markets.

Understanding and describing these processes, along with identifying the dominant dimensions
of collective action, are useful for effectively managing crowdsourcing efforts and designing more
efficient workflows. McDonald [162] outlines an itinerary for monitoring a range of key aspects in
crowdsourcing initiatives. This itinerary begins with examining the type, time and effort involved in
micro-tasks and extends to analyzing the interaction, both positive and negative, between the actions
of the involved actors. Classic concepts within the field of computer-assisted cooperative work such as
articulation work, user roles and division of labour also contribute to enriching the debate on collective
action [163, 164].

This context leads us to the following research question:

RQ2: How is collective action characterized in HOT-TM mapping projects?

By using the term seem intelligent, the definition acknowledges that what is considered intel-
ligent can vary depending on the perspective of the observer [143]. Characterizing something as
intelligent can be challenging due to the multifaceted nature of intelligence. We can detect intelli-
gence in a system by identifying cognitive processes such as reasoning, consciousness, planning,
abstraction, and learning. Alternatively, we can observe typical outcomes of intelligence, such as
adaptive behavior, problem-solving, and artifact creation, which relate to goals and interactions with
the environment [143]. According to Riedl et al. [165], collective intelligence has the potential to
predict group performance across a wide range of tasks.

Collective intelligence is not by default a universal property of collaborative groups [166]. In this
regard, it is important to highlight what differentiates intelligent action from mere collective action.
While intelligence cannot always be directly or linearly related to success in task performance, the
concept of collective intelligence suggests that groups, under certain conditions, can outperform indi-

viduals working alone. This idea is closely aligned with the notion of the “wisdom of crowds” [167],
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an emergent property in which groups of individuals may be smarter than the smartest individuals
within those groups. However, collective action alone does not guarantee the emergence of superior
group performance, a highly desirable outcome in any crowdsourcing initiative. On the contrary, an
ineffective organizational model for coordinating collective efforts can lead to the opposite effect, the

“madness of mobs” [168]. This distinction underpins the following research question:
RQ3: What evidence of intelligent action can be identified in HOT-TM mapping projects?

In addressing these questions, our research aims to contribute to several key areas. First, it allows
us to better understand the dynamics of participation in humanitarian mapping. As it will be discussed
in section 4.2, while this topic experienced important developments in its early days, subsequent
research has not kept pace with the major transformations in the field. This gap has resulted in a
lag behind studies of other peer production environments, especially in terms of how contributors
collaborate and interact effectively. Furthermore, this study helps to identify specific opportunities to
improve the mapping process by focusing on ideas that strengthen, rather than disrupt, productive and
sustainable collaborative dynamics.

The remainder of this chapter is organized as follows. Section 4.2 reviews the existing HCI
research in the field of VGI, offering insights into humanitarian mapping efforts through the lens of
collective intelligence. Section 4.3 introduces basic notions about HOT and HOT-TM. Subsequently,
Section 4.4 explains the process followed to answer the research questions on how the concept of
collective intelligence manifests itself in HOT-TM projects. Section 4.5 presents the development of
the case study following the methodology proposed for that purpose. Section 4.6 focuses on reflecting
on how the current collective intelligence arrangement contributes to or hinders the humanitarian
mapping process. Finally, Section 4.7 offers concluding remarks, opportunities for improvement and

potential future directions for research.

4.2 Related work

Over the years, the OSM community and its humanitarian applications have served as a rich basis
for research on cooperative work practices. In this section, we aim to synthesize previous findings to
inform our reflection and discussion on the three components of the working definition of collective
intelligence adopted in this chapter. Some of these studies share the particularity of using the same
data source as our study, the HOT-TM APIL.

4.2.1 Crowdsourced Work in OSM

We begin by exploring studies that provide insights into the characteristics of the groups of individuals
involved in OSM. As reported by Anderson et al. [169] most efforts to study the social organization of
the OSM community have relied predominantly on qualitative research methods, such as participant

observation and interviews. These studies have offered insights into the demographics and motivations
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of contributors. For instance, Choe et al. [170] highlight the critical role of group composition
in shaping group dynamics in OSM, especially conflicts. Their study emphasizes the impact of
differences that often arise during interactions between various sub-groups of mappers. These sub-
groups are often distinguished by factors such as gender, geographical location, relationship between
mappers and the areas they map, level of experience and professional affiliation.

Several studies employing more quantitative approaches have explored the role of factors such as
mapper experience in shaping the dynamics of OSM. According to Yang et al. [171], a small proportion
of contributors with extensive experience in geo-data editing, proficiency in professional software, and
a high level of enthusiasm and concentration are responsible for the majority of contributions. This
same research suggests that higher experience consistently produces high quality geographic data.
Begin et al. [172] identified that most OSM contributors are part of an inactive majority who do very
little editing, in contrast to a small group of prolific contributors who are highly active. According
to this study, it typically takes several years, with 4.5 years being the norm, for a user to become an
advanced OSM contributor. Urrea and Yoo [173] specifically examine the effect of experience on
HOT projects. The results of analyzing 5,162 HOT projects show that the project completion rate
improves, albeit at a decreasing rate, with the experience of contributing volunteers. Furthermore, the
effect of experience on the project completion rate is influenced by the urgency of the project. In terms
of retention, the results indicate that volunteers feel incentivized to return to an online volunteering
platform more quickly when they are close to reaching a new rank based on experience. Dittus et
al. [174] conducted an analysis of HOT-TM contributor retention using behavioral data from 1,570
first-time contributors in 99 projects. Their findings indicate that most first-time HOT contributors
tend to work at a fairly steady pace, while contributors with previous OSM experience tend to work
faster and remain active for longer. In addition, they found that more complex task requirements can
demotivate first-time contributors, regardless of their previous OSM experience.

Another key attribute which has received a great deal of attention is the geographical location of
the contributors. This factor raises important questions, such as the importance of local knowledge
in mapping and the influence of mappers in certain regions on outcomes in other areas. Even the
initial conceptualization of VGI reflects the singular attention attached to the local factor. According
to Goodchild [147], “the most important value of VGI may lie in what it can tell about local activities
in various geographic locations that go unnoticed by the world’s media, and about life at a local
level”. This intuition appeals to a greater knowledge of the terrain and context on the part of nearby
contributors. Locally-produced VGI tends to be associated with higher quality, richness, diversity
and utility [175-177]. From the earliest academic studies on HOT, the role of local mappers has
been emphasized. Soden and Palen [178] highlight the need to move from the initial showcase of
crowdsourcing efforts following the 2010 Haiti earthquake (the first major humanitarian response
by the OSM community) to the development of sustainable, locally-owned community mapping
ecosystems in at-risk regions around the world. However, studies indicate that the goal of capturing
local knowledge of the terrain often falls short in VGI initiatives, leading to a significant amount, or
even the majority, of VGI content being non-local [179-181].
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It is also noteworthy that there are quantitative and qualitative works characterizing the OSM
group of contributors by developing archetypes that reflect broad patterns of behavior [182, 183].
Such is the case of Zhang et al. [183] who developed a quantitative approach to identify the emerging
editor roles in OSM based on temporal behavior, change set type, feature diversity and geographical
diversity. They identified two clusters particularly associated with humanitarian mappers through a
clustering approach: humanitarian enrichers and humanitarian creators. Humanitarian creators show a
notable inclination towards creating new mapping features in OSM, demonstrating a strong interest in
humanitarian mapping efforts but showing a low propensity to revise existing mapping features to
enrich or improve them. In contrast, humanitarian enrichers actively engage in humanitarian mapping
efforts, focusing on enriching existing map features by adding detailed attribute information rather
than creating new features. In general, humanitarian mappers have lower retention rates than the

average among active mappers, with enrichers having higher retention than creators.

4.2.2 Collective Action in OSM

We now turn to studies that explore collective action within VGI initiatives. Mapping, by its very
nature, is a creation activity, in which contributors enrich the collective map by adding elements such
as nodes, pathways and relationships. These contributions are made through various map editing
interfaces. Humanitarian mapping shows a distinct mapping footprint compared to general OSM
activities [148]. It is characterized by being more intensive in mapping buildings than in mapping roads.
In addition, edits in humanitarian mapping are more often focused on creating new elements, with less
emphasis on modifying or updating elements. This divergence may reflect the unique priorities and
objectives of humanitarian mapping efforts, which often aim to rapidly generate essential geographic
data for disaster response and relief operations.

Mooney and Corcoran [184] sought to determine whether this creation in OSM involves genuine
collaboration or whether it consists primarily of individual tasks performed in isolation with minimal
interaction between contributors. Using a case study that examined the entire mapping history of
London in OSM between 2005 and 2011, the authors used object co-editing as an indicator of
collaboration between mappers. Their findings revealed that collaboration between contributors was
limited, suggesting that much mapping activity occurs independently rather than through coordinated
efforts. Building on their earlier research, Mooney and Corcoran [185] subsequently extended their
study of co-editing networks to include seven major cities, focusing specifically on the activity of very
frequent contributors. The results were mixed. On the one hand, these contributors were found to do a
great deal of mapping work independently, presumably related to objects that did not attract sufficient
interest from other mappers to collaborate in their editing or development. On the other hand, frequent
contributors also collaborated with the less frequent contributors by editing or updating their work.

The study of socio-behavioral phenomena in OSM lags behind research in other peer-production
environments, such as Wikipedia, where such phenomena have been extensively analyzed [186, 169].
The challenges posed by the manipulation of OSM data [169] and the difficulty of tracking the
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influence of OSM discussion channels on the immediate mapping process [186] are pointed to as
possible explanations. Kogan et al. [186] delved into the analysis of user interactions in OSM, while
critically addressing the limitations of defining collaboration solely through the co-editing of objects.
These authors argue that this narrow definition does not capture the nuanced and multifaceted nature
of collaboration as understood in the fields of CSCW and HCI. In their investigation of the dynamics
of collaboration during the 2010 Haiti earthquake, they conducted a two-phase study. In the first phase,
they employed network analysis techniques to identify high-value segments within the extensive OSM
dataset for a more focused qualitative examination. In the second phase, they conducted a detailed
content analysis of selected mapping activity and interviewed participants. This approach allowed
the researchers to uncover detailed mapping practices that reveal variations in temporal, spatial and
interpersonal interactions. The study also recognized the influence of HOT-TM, introduced after the

Haiti earthquake, for future research examining the nature of interactions within the OSM community.

4.2.3 Intelligent Action in OSM

Research has also been carried out to identify the presence of intelligent action within VGI initiatives,
with the aim of distinguishing it from mere collective action. Spielman [187] reviewed the existing
literature and evidence to assess whether OSM fosters the conditions necessary for the emergence of
collective intelligence. The review begins by highlighting the need for map quality metrics and then
identifies a recurring tension in relevant literature between two key quality perspectives: credibility
and accuracy [188-191]. Spielman concluded that the system has mixed conditions. On the one hand,
low barriers to participation enable widespread contributions but also make it difficult to assess their
credibility. This creates the risk that high quality or highly credible data will be degraded when com-
bined with lower quality contributions, which could hinder the development of an intelligent collective
outcome. To mitigate this, the OSM community has implemented data validation strategies that rely
on the authority of contributors or the sequence in which contributions are made. However, reliance
on user authority in crowd-based systems introduces a major drawback: it can become self-reinforcing.
This dynamic can lead to overemphasizing the work of certain contributors and undervaluing or
marginalizing others, potentially limiting the diversity and adaptability of the collective intelligence
process. Yin et al. [151] used HOT-TM data to evaluate the effects of a micro-tasking intervention
on contribution dynamics. According to their research, micro-tasking can effectively increase both
the number of contributors and the contribution rates. However, it may also deepen the concentration
patterns commonly observed in such settings, where a small group of contributors accounts for the
majority of contributions and efforts. They argue that in HOT-TM, as well as in other peer-to-peer
production environments such as Wikipedia [192], there is a trade-off between productivity and equity.

Finally, it is worth mentioning emergent research on the effects of artificial intelligence on VGI
activities. Al has a transversal impact on the collective intelligence system, as artificial agents, in their
various roles, could influence the composition of the group of contributors, modify the organization

of work and may ultimately affect the quality of the final mapping products. In order to assess the
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impact of Al on volunteer productivity, Tipnis et al. [193] studied the effect of introducing Rapid?
(an OSM editor designed to add buildings and roads that were identified by Al from aerial imagery)
into HOT-TM. Using a difference-in-differences event study design, they found that volunteers
who were introduced to Al-powered mapping reduced their weekly contributions to the platform
by an average of 8.1% compared to those who were not introduced. Moreover, this effect varied
depending on the volunteer experience. While the negative impact on productivity persisted for the
least experienced volunteers, those with the highest levels of experience increased their contributions
after being introduced to Rapid.

A critical reflection on previous research reveals a significant opportunity to advance studies on
collective intelligence in the context of humanitarian mapping, an opportunity that this study aims to
seize. On the one hand, the foundational efforts of OSM and humanitarian mapping attracted a great
deal of scholarly interest. However, since that initial research there have been a number of noteworthy
developments, including the introduction of tools such as HOT-TM and broader societal changes,
such as the ongoing impact of the 2020 pandemic on perceptions of remote and distributed work. The
continuation of previous research is clearly warranted.

In addition, previous research has highlighted a lag in the study of OSM compared to other peer
production environments, particularly in terms of insights into contributor interactions. There is a
notable appetite for research that delves into how contributors collaborate and interact to complete
mapping tasks but few studies have taken full advantage of the rich data provided by tools such as
HOT-TM. Those that have explored these processes have done so only superficially, leaving significant
gaps in understanding the dynamics of micro-tasks and the underlying factors that influence their
success. This study addresses these gaps by incorporating a collective intelligence framework, which
offers a holistic perspective on the humanitarian mapping system, by examining interactions at the
micro-task level and identifying factors associated with the successful completion of micro-tasks.

Looking ahead, the buoyant interest in Al and its applications in a variety of fields underscores the
importance of improving our understanding of collaborative mapping. The findings of this study can
serve as a basis for thoughtful integration of Al tools into humanitarian mapping workflows, ensuring

that they enhance rather than disrupt productive and sustainable collaborative dynamics.

4.3 Background

4.3.1 Understanding the Context of Humanitarian Mapping and HOT-TM

As a predominantly quantitative study, a variety of qualitative methods were employed at the outset
of the project to better understand the context of humanitarian mapping. These included in-depth
interviews with field experts, participant observation and inspection of the HOT-TM user interface.
Although the information collected during this phase was not analyzed in depth, it served as a valuable

complement to designing, interpreting, validating and discussing quantitative research. We consider it

3https://rapideditor.org/
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constructive to highlight this aspect of the research process, as access to rich data sources, such as
those provided by the HOT-TM API, could lead to assume that analysis can be carried out without
a nuanced understanding of the context. However, this omission could limit the potential depth and
value of the analysis.

The semi-structured interviews were conducted in two rounds. The first round focused on open-
ended questions on mapping objectives, data use, challenges, bottlenecks in the mapping process,
communication and collaboration practices during mapping and validation. In this round, we inter-
viewed separately a support specialist from the HOT Hub team for Latin America and the Caribbean
(HOT-LAC) and a logistical advisor from the GIS team at Médecins Sans Frontieres (MSF) for just
over an hour each. In the second round, we analyzed the data from the tasking process in HOT-TM,
generated preliminary results, and presented these findings to the same interviewees from the first
round. For the presentation to the HOT-LAC team, three additional members joined the discussion:
a manager, a data quality associate and a technical product owner. The research team annotated the
presentation slides to gather feedback on the interpretation of the specific results shown in tables
and figures. Interviewees were then asked to identify any inconsistencies in the results, highlight
areas for improvement and share their assessments of the quantity, quality and possible improvements
of the collaboration during the mapping and validation. In both rounds, one researcher acted as
interviewer while the other researcher recorded the responses. These notes were periodically reviewed
by the research team to identify supporting arguments and ideas that could enrich the discussion and
interpretation of quantitative results.

Interviewees agreed that validators are a scarce resource in projects. They also highlighted the
coexistence of two approaches to humanitarian mapping. The first approach prioritizes speed and
agility to provide basic geographic information to emergency beneficiaries as quickly as possible. The
second approach focuses on more elaborate objectives, such as emergency preparedness, prevention,
and forecasting, and emphasizes higher-quality and more detailed information, such as building types,
water bodies, and health facilities.

For the participant observation, three members of our research team attended an online Mapathon
organized by HOT. One researcher, with experience in humanitarian mapping missions and OSM, took
part in the task validation, which is only allowed to expert contributors. The other two researchers,
who were new to the process, first received a half-hour introduction to HOT-TM before starting basic

mapping operations. The activity lasted two hours in total.

4.3.2 Understanding the HOT Tasking Manager

In this section, we introduce basic notions to understanding HOT and the HOT Tasking Manager
(HOT-TM), the main technological tool for coordinating humanitarian mapping. This description
focuses particularly on identifying connections with categories of collective action presented in the
introduction, which will serve as a basis for the development of later sections. Figure 4.1 shows a

typical project page in HOT-TM which contains a map with the different tasks and their current states.
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As can be seen, the project area is divided into tasks following a grid. The process followed by the
mapping tasks can be divided into the Mapping and Validation phases [194]. As the tasks go through
these two phases, they pass through various states registered by the HOT-TM system (see Figure 4.2).
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Fig. 4.1 Project page in HOT-TM: the left section displays information about the project, including a
list of task states, instructions, and contributor metrics. On the right, a map visually represents the
task states. Contributors can select a random task to map using the button at the bottom right, or they
can manually select it. Once a task is selected, contributors can choose between mapping or validate
modes. Source: https://tasks.hotosm.org/projects/12614/tasks

In the mapping phase, contributors select a task or receive a random one. A built-in editor opens
in HOT-TM (although contributors can also choose to use a desktop editor). In this editor, contributors
must draw missing elements as specified in the project description, such as buildings or roads, making
sure not to draw outside the marked area. Note that they correspond to creation activities. Then,
contributors decide individually whether the task is fully mapped, not fully mapped, in need of
splitting, or its imagery is poor. Splitting a task divides it into four smaller tasks. This step can be
repeated several times. Since the contributions of successive mappers are directly influenced by the
work of previous mappers on the same task, this implies that mapping activities allow for some degree
of asynchronous collaboration. The characteristic states of this phase registered by HOT-TM are as

follows:

* LOCKED FOR MAPPING: Tasks currently being edited by mappers are locked to prevent
overlapping editions. The system records the duration of this state. In the end, the mapper

decides if the area is completely mapped, or if more mapping is needed.

* AUTO-UNLOCKED FOR MAPPING: Tasks locked for mapping are automatically unlocked
after a timeout period of 2 hours. The mapper may have done some editing during the period

which would still be preserved.
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Fig. 4.2 Task state diagram showing the mapping workflow in HOT-TM. [194]

* MAPPED: Once the mapping job is complete as judged by the last mapper, then the task

becomes complete and is ready for validation in the next phase.

* SPLIT: The mapper can split the task into smaller parts by assigning this state when the task is

dense or complex. When a task is split, four new tasks are created.

* BAD IMAGERY: This state is acquired when, in the opinion of a contributor, the image of the

task is not of sufficient quality for proper mapping.

In the validation phase, contributors review the mapped tasks. An editor similar to the mapping
phase opens offering multiple options. The contributor then decides individually whether the task is
properly mapped and moves it to the validated state or, if not complete, to the invalidated state. Those
tasks that are invalidated return to the mapping phase for subsequent work. The characteristic states

of this phase registered by HOT-TM are as follows:

* LOCKED FOR VALIDATION: Mapped tasks acquire this state when a contributor selects them
for validation, preventing concurrent validation. Note that the validator has the ability to self-
correct the task. Therefore, the validation phase may also include creation activities. The system

records the duration of this state.
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* AUTO-UNLOCKED FOR VALIDATION: Tasks locked for validation are automatically unlocked
after a timeout period of 2 hours. The validator may have done some work during the period it
was locked but did not ultimately record its validation decision.

* VALIDATED: Tasks correctly mapped according to the mapping instructions are marked as
validated.

* INVALIDATED: Tasks incorrectly mapped according to the mapping instructions are marked as

invalidated and return to the mapping phase.

There is an additional state that can appear in both the mapping and validation phases called
EXTENDED FOR MAPPING. After two hours have elapsed, the contributor can extend this locked

period to continue mapping or validating the task, avoiding the auto-unlock.

4.4 Methodology

To meet our objective, we proposed a two-stage methodology: (1) data collection, and (2) data analysis
(see Figure 4.3). In addition, we have created a code repository* containing Python and R notebooks
that provide a detailed description of the procedures used for data collection, preprocessing and
analysis in this study.

@%[ 1. Data collection J—)[ 2. Data analysis J—»@

* HOT-TM logs RQ1: What characterises the group of
individuals collaborating in HOT-TM mapping
o 746 projects projects?
o 8,893 contributors o o .
o 312289 tasks » Descriptive statistics of contributor
o 1,853,074 task states profiles
RQ2: What characterises collective action in
+ OSMdata HOT-TM mapping projects?
o Area of mapped
buildings per task (m?) + Process mining applied to task states

RQ3: What evidence of intelligent action can
be identified in HOT-TM mapping projects?
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Fig. 4.3 Methodology at a glance.
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4.4.1 Data Collection

This subsection describes the procedures used to collect the quantitative data used for the study.
The HOT-TM API° provides access to numerous data on humanitarian mapping projects. The API
operations are grouped using tags representing mapping-relevant concepts (e.g. projects). Each
invoked operation returns items with associated data fields (e.g., action, actionDate, actionBy), which
we then mapped to answer the research questions.

The users tag was revised to address the question of group composition. This tag includes an
operation (queries) for retrieving attributes describing each OSM user, which was queried with those
participating in each humanitarian project. Among its fields, mappingLevel and projectsMapped
provide information on their mapping experience. Similarly, the country field provides information
on the location of contributors. As explained in the related work section, these attributes contribute
substantially to understanding group composition. In addition, secondary fields such as photo, slack,
facebook, linkedin, and twitter were collected.

For the collective action question, we sought data describing the tasks executed in a project and the
individuals responsible for those tasks, with the aim of analyzing types of activities and interactions.
The projects tag was relevant to this purpose, particularly its activities operation, which retrieves
the history of states through which tasks in a project pass. The key fields are action, which specifies
the type of task state (see Section 4.3); actionDate, which records the date of the state change; and
actionBy, which identifies the person responsible for the state change. From the same tag, we also used
the statistics operation to retrieve detailed info for all projects. The extracted fields included priority,
difficulty, perc_validated (the percentage of total tasks validated), created (the date the project was
created), total_mappers, organization and country. Difficulty and priority are attributes that potentially
influence all tasks in the same project and will, therefore, serve as recurring variables in subsequent
analyzes.

Regarding the question of intelligent action, previous research underlines the importance of having
map quality indicators to study the spatial collective intelligence of a VGI system [187]. Although the
available API operations lack direct indicators of map quality, the activities operation of the projects
tag provides basic task performance evidence through the task validation phase. In particular, the label
field indicates the result of the task validation as VALIDATED or INVALIDATED. These results serve
as indicators to assess whether the mapping process has been executed correctly.

The resulting dataset comprises 746 HOT-TM projects. We selected projects created between
December 1st, 2021, and the collection date (December 1st, 2023) and, from those, all the complete
and archived projects. In these projects, 38,893 contributors completed 312,289 mapping tasks. In
addition, we collected data on the 1,853,074 states that the mapping tasks went through in the projects.

For this exercise, we mainly relied on the data provided by the HOT-TM API to maintain
manageability. However, we considered it necessary to include a basic control indicator associated

with the workload of the tasks. To this end, we complemented the analysis with OSM data to calculate

Shttps://tasks.hotosm.org/api-docs
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the observed building area for each mapped task. Task grids were used as the main input for the
Bunting Labs API® to retrieve buildings for each mapped task. Before calculating their areas, both
the task grid and building datasets were reprojected from geographical coordinates to the Universal
Transverse Mercator (UTM) projection.

The data collected from the APIs were stored in files for further processing. The primary goal of
data pre-processing was to prepare an event log, enabling the application of the relevant quantitative
analysis techniques. For more details on the data collection process and pre-processing, the code
repository includes a Python script that explains step-by-step how the HOT-TM and Bunting Labs

APIs were accessed.

4.4.2 Data Analysis

This subsection outlines the analytical strategy used to answer the research questions. Before elaborat-
ing on the strategy, it is important to note that the analysis began with the development of a profile of
the projects under study. This profiling was done to provide context on key project variables, such
as difficulty and priority, which can significantly influence the execution of mapping tasks. These
variables will be mentioned frequently in the subsequent analysis and presentation of results.

4.4.2.1 RQI1: What characterizes the group of individuals collaborating in HOT-TM mapping

projects?

We developed a profile of the composition of the group based on two key attributes: the experience
and location of the mappers, using the available data. For this initial profile, we consider as a group
unit all 38,893 contributors who participated in any of the 746 mapping projects included in the
dataset. Regarding expertise, HOT-TM uses a mapping level system to classify contributors into
three categories: beginners (less than 250 OSM changesets), intermediate (250-499 changesets) and
advanced (500 or more changesets).7 Unlike other labels, this classification is available to all users of
the system. We analyzed the frequency distribution of mapping levels and their association with the
number of HOT-TM projects in which contributors participated. In addition, we use complementary
fields (name, city, country, photo, Slack, Facebook, LinkedIn, Twitter) to examine the completeness
of individual profiles according to their mapping level. Similarly, to profile contributors location, we
used data on the country from which they reported and the countries in which humanitarian projects
were implemented. This allowed us to describe the distribution of contributors according to the origin
and destination of contributions. In addition, since HOT organizes its activities through regional
hubs serving specific geographic areas, we also grouped contributors using these broader geographic

units. It is important to note that location-based frequency calculations were only performed for

Shttps://buntinglabs.com/solutions/openstreetmap-extracts
"https://github.com/hotosm/tasking-manager/blob/v4.7.4/backend/config.py
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contributors who reported their country, which represents 29% of the total. Finally, we calculated the

group composition of these two attributes according to the type of project.

4.4.2.2 RQ2: What characterizes collective action in HOT-TM mapping projects?

We conducted a quantitative characterization of collective action using the activity and interaction
framework proposed by Suran et al. [161] and the crowdsourcing activity tracking approach outlined
by McDonald [162]. In this analysis, it is important to distinguish between states that directly reflect
creation activities (e.g., “Locked for mapping”) and those that indicate decision-making activities
(e.g., “Mapped”, “Validated”, “Invalidated”).

Our findings are presented in three parts. The first part characterizes the mapping process by
analyzing the control flow and duration of task states in a typical mapping task. To improve readability,
details on the frequency and duration of mapping states are provided in the appendix. The second
part explores work articulation and contributor roles throughout the mapping process. We analyzed
how task states are distributed based on mapping levels and the geographic location of contributors,
distinguishing between mapping and validation phases. Additionally, we examined how these patterns
vary with project difficulty and priority. The final part focuses on interaction analysis, recognizing
that while mapping tasks can be completed individually or collaboratively, key decisions are always
made individually. We began by quantifying the number of mappers involved in task execution across
different scenarios. Next, we assessed the frequency of collaboration during the mapping phase of a
standard task. Finally, we examined how collaboration relates to the mapping level of contributors
by identifying common combinations of collaborators through a variant explorer and applying the
“handover of work™ concept [103]. This concept posits that the more frequent an individual “x”
performs an activity that is causally followed by an activity performed by “y”, the stronger the
relationship between “x” and “y” is.

To guide the analysis of this question, we took advantage of process mining techniques [103].
They use event logs to gain insights into processes from multiple perspectives. In this case, the logs
consist of state changes in mapping tasks provided by the HOT-TM API. Specifically, we selected
bupaR,? an open-source R package for business process data analysis. This choice was motivated by

its extensive range of analytical capabilities and well-documented functionality.

4.4.2.3 RQ3: What evidence of intelligent action can be identified in HOT-TM mapping
projects?

To address this question, we adopted the approach that tracks the footprint of intelligent activity on
system outputs [143], in line with the recommendation to use a quality indicator to study spatial

collective intelligence [187]. As noted in the data collection section, the main indicator available

8https://bupar.net/
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for this purpose in HOT-TM is the field that indicates the validation result of each task as either
“Validated” or “Invalidated”. This result serves as evidence of whether the underlying mapping process
has been executed correctly. Based on this reasoning, we performed a logistic regression analysis.
This technique produces coefficients that describe the relationship between quantitative independent
variables and a binary dependent variable, VALIDATED (0) / INVALIDATED (1) states.

The selection of independent variables included indicators that capture the collective intelligence
factors discussed in the previous sections. To account for the effect of mapper experience, we included
the mapping level of the mapper who marked the task as mapped, as this mapper is assumed to have
the most influence on decision-making about the task. To account for the effect of mapper location,
we included the location of the mapper who marked the task as mapped. The result of this factor
should be interpreted with caution given the high level of profiles with incomplete localization and the
bias of more experienced users to complete their profiles. To capture the effect of mapper interactions
during task execution, we included an indicator specifying whether the task was completed by a single
mapper or whether it required the contribution of multiple mappers. In addition to these variables,
we included control factors such as the difficulty and priority of the project, as well as the area of
buildings mapped per task, reflecting the workload and complexity associated with each task. We also
included the relative validation time to account for the potential impact of corrective work performed
by validators. Difficulty, priority, involvement of multiple mappers and the mapping level and location
of whoever declared the task as finally mapped were coded as dummy variables. Relative validation
time was calculated as the proportion of the total processing time devoted to validation, while the area
of mapped buildings was logarithmically transformed to account for scale effects.

In order to have an appropriate dataset for the experiment, we trimmed the event log to take into
account only the states prior to the first validation. Tasks with states of SPLIT, AUTO-UNLOCKED
FOR MAPPING and AUTO-UNLOCKED FOR VALIDATION were also excluded to remove the effect of
duplicate states and because of the impossibility of determining the effective time that contributors
spent on processing the auto-unlocked tasks.

More details on the analysis procedure can be directly explored on the project repository, which

contains Python and R notebooks describing the step-by-step process.

4.5 Results

This section begins by describing the main characteristics of mapping projects and then develops the
findings for the three research questions.
4.5.1 Profiling of Humanitarian Mapping Projects

The study includes 746 mapping projects, for which the system records key variables such as difficulty,

priority, number of tasks and number of collaborators, along with additional descriptors such as
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location and coordinating organization. These variables are characterized according to their relevance
in shaping the context of task execution.

The left panel of Figure 4.4 shows the distribution of the projects according to their difficulty,
priority, number of tasks and contributors who participated in them. Approximately two thirds of
the projects belong to the easy difficulty category, one third to moderate and only a few projects fall
into the challenging category. Just over half of the projects have a low priority, almost a third have a
moderate priority and the remaining fifth are divided between high priority and urgent projects. The
number of tasks and contributors per project exhibits a noticeable dispersion and a positive skew due
to some large observations.

The right panel of the same figure elaborates on the relationship between the above variables
using a series of scatterplots segregated by level of difficulty that display the number of tasks per
project on the horizontal axis and the number of contributors on the vertical axis. Priority levels are
encoded using different colors. Between the two main categories of difficulty, there is a difference in
the proportion of low priority projects, which tends to be higher for easy projects than for moderate
difficulty projects (60% vs. 31%). The majority of urgent projects are of moderate difficulty (69%).
There is a positive correlation between the number of tasks and the number of contributors to the
projects regardless of the level of difficulty. One fifth of the projects of moderate difficulty were
completed by a pair of contributors, presumably one in the role of mapper and the other as validator.
No strong patterns are apparent with respect to the association between the priority level of projects
and their number of tasks and contributors. Although in moderate projects, more urgent cases seem to
recruit more contributors than less urgent projects given an equivalent number of mapping tasks.

Other notable features of the projects are their location and the coordinating organization. HOT-
TM projects are mainly organized around four regional hubs serving specific geographical areas of
particular interest (Asia-Pacific —AP—, East and Southern Africa —ESA—, West and North Africa
—WNA—, Latin America and the Caribbean —LAC—). ESA is the hub with the highest number of
projects (41.4%), followed by LAC (26.0%), WNA (17.3%), and AP (11.0%). Projects outside the
hubs are infrequent (4.3%). The membership of certain countries in a given hub is a factor that will be
taken into account later in the analysis of the geographical origin and destination of contributions.
Finally, each project is associated with one of 56 organizations. The organizations with the highest
number of projects are HOT (24.9%) and Médecins Sans Frontieres —MSF— (17.2%). The other

organizations report marginal frequencies.

4.5.2 Data Analysis

4.5.2.1 RQ1: What characterizes the group of individuals collaborating in HOT-TM mapping

projects?

With the aim of profiling the members of the group according to their level of experience, Table 4.1

shows the breakdown of the total number of unique contributors who participated in the humanitarian
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Fig. 4.4 Analyzed projects at a glance

mapping projects analyzed according to their mapping level. It can be seen that the vast majority

(approximately nine out of ten) of contributors are beginner OSM mappers. Only a small proportion

of contributors are advanced and intermediate OSM mappers. The increase in the mapping level is

also followed by a higher frequency of participation in HOT-TM humanitarian mapping projects.

Most novice users have participated in a single humanitarian mapping project, while intermediate and

advanced contributors are repeat participants.

i Contributors
Mapping Level

N° HOT projects

n° % Mean Median Std.
Beginner 35,387 91.0 1.9 1.0 3.4
Intermediate 980 2.5 12.2 8.0 13.3
Advanced 2,526 6.5 35.7 120 794
TOTAL 38,893 100 4.4 1.0 223

Table 4.1 Overview of total unique contributors by mapping level
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Differences in mapping levels are also evident in the completeness of profile fields, as shown
in Figure 4.5. Beginners tend to have substantially more incomplete profiles than intermediate and
advanced contributors, who have similar completeness rates for most attributes. The exception is

the profile picture field, which advanced contributors complete more frequently than intermediate

contributors.
70
65

Beginner (n=35,387)

51 49 51 52 51 Intermediate (n=980)

m Advanced (n=2,526)

41
34
28 27
24 25 23
21 20
17 18 17
8
6

Name City Country Slack Picture Facebook Linkedin Twitter

Fig. 4.5 Completeness of the contributor profile by mapping level - % of total contributors-

Another important attribute to characterize the members of the group is their location. In this
respect, the reported countries give a clue about the geographical origin and destination of contributions
in HOT-TM, as shown in Table 4.2. The table presents the weighted proportion of contributors
according to their declared location, categorized by the hubs in which projects are located. The upper
part of the table breaks down contributions by hub of origin, while the lower part of the table highlights
contributions from the 10 most active countries overall. It must be noted that the calculations exclude
contributors who did not report their location, which, as mentioned above, constitute the majority.
Approximately two-thirds of the contributions with identifiable origins come from outside the HOT
hubs, a trend that holds for all reference regions. Generally, the second largest group of contributors
within a hub is those located in the same hub. Looking at the results by country, the United States, the
United Kingdom and the Netherlands together account for about one-third of the total contributions,
both overall and within each destination hub. This reflects a mapping dynamic in which contributors
are still mainly located in the Global North, while most projects are in the Global South. When
examining the distribution of users between the different hubs according to their mapping level, some
differences can be observed, although they are not drastically pronounced. The proportion of experts
ranges from 15.5% in the LAC Hub to 29.8% in the WNA Hub.

To complete the overview of the composition of the groups, Figure 4.6 shows the distribution of
contributors according to their mapping level and location for different kinds of projects. The values
shown correspond to the weighted average percentage of contributors for each project category. The

calculation of the proportion of users by location (same country as the project, another country in



4.5 Results | 79

Hub where project is located

Contributor location TOTAL ESA LAC WNA AP OTHER

OTHER 63.6 63.5 54.5 69.6 56.5 74.8
ESA 10.6 20.1 29 7.0 5.7 5.8

Hub LAC 2.2 1.6 5.0 1.0 1.6 1.8
WNA 6.5 5.8 3.4 16.9 4.8 5:3
AP 17. 8.9 342 5.5 314 12.2
United States 15.8 16 18.3 11.2 15.4 16.4
United Kingdom =~ 11.7 12.1 12.0 1.4 11.3 11.2
Netherlands 5.2 49 1.9 11.0 5.3 53
Philippines 4.7 22 16.1 0.7 2.0 2.5

Top 10 India 4.5 1.8 11.2 13 7.6 2.8

countries Ngpg) 45 2.3 49 17 135 3.4
Germany 34 3.6 2.5 4.1 33 3.8
France 3.2 3.0 2.0 6.2 2.4 3.6
Kenya 29 5.7 0.9 0.9 1.1 2.1
Nigeria 2.6 2.6 1.2 7.3 2.1 1.6

Table 4.2 Origin and destination of HOT contributions - weighted proportion of contributors from
project locations.

the same hub as the project and countries outside the hub) excludes contributors who do not report
their country. A breakdown of the association between the type of project and the composition of the
mapping level of the participants shows that as the difficulty assigned increases, the proportion of
advanced users increases substantially to the detriment of beginners. Priority does not seem to be
a determining factor in the mapping level mix of a project. Projects with a lower number of tasks
are associated with a higher proportion of advanced contributors. The breakdown of proportions by
contributor location suggests that the bulk of activity is carried out by contributors outside the country
and the hub where the projects are located regardless of the category of project in question. However,
the proportion of mappers located in the same country tends to be higher for lower priority projects
with fewer tasks.

4.5.2.2 RQ2: What characterizes collective action in HOT-TM mapping projects?

a) The Mapping Process: How Does the Work Happen?

Figure 4.7 illustrates the typical lifecycle of a mapping task, highlighting the various states it
progresses through. This directly-follows graph, which represents the frequency and duration of
mapping task states, was derived from the 85% most common traces. In terms of frequency, the nodes
indicate the absolute number of state instance executions, while the edges represent the absolute
number of times the source and target states were executed sequentially. Both the thickness of edges

and vertices are proportional to the frequency of occurrences, with higher frequencies resulting in
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Mapping Level
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Fig. 4.6 Participation structure in projects - weighted proportion of contributors per project-

thicker edges and vertices. The median duration of states or transitions is shown just below each
frequency count, either in minutes, hours or days as appropriate. Those transitions whose median
duration was longer than one day are highlighted in orange.

The flow reveals a primary pathway for mapping tasks that follows a straightforward progression.
Typically, contributors lock a task for mapping and complete one or two mapping cycles before it
is marked as MAPPED. The task then moves to the LOCKED FOR VALIDATION state and is usually
declared VALIDATED on the first attempt. However, alternative, less frequent pathways also exist,
as indicated by states such as SPLIT, AUTO-UNLOCKED FOR MAPPING, and INVALIDATED. It is
important to note that the frequency of these deviations from the standard mapping process varies
considerably depending on the project type, increasing for projects with higher difficulty and priority
(see Table 3 in Appendix ‘A Closer Look At the Mapping Process’). This variation underscores how
project characteristics shape the complexity of task execution and decision-making processes.

Shifting focus to the temporal dimension of the flow, we find that the median duration of a
mapping cycle is just 2.1 minutes. However, if a task is not declared MAPPED at the end of a cycle, it

faces a median wait time of one day before re-entering another mapping cycle. Once a task is marked
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Fig. 4.7 Frequency and duration map of task states and transitions (85% of most frequent traces)

as MAPPED, it remains in a queue for a median of 13.2 days before being LOCKED FOR VALIDATION,
a process that itself takes a median of 4.1 minutes. Similarly, if a task is INVALIDATED, it typically
waits another day before re-entering the mapping phase. Notably, the actual processing times for
mapping and validation are brief—just a few minutes—whereas the transitions between these stages
introduce significant delays, often measured in days. This contrast underscores how waiting time
constitutes one of the main "costs" of decision-making. The bottleneck becomes particularly evident
when a mapper hesitates to mark a task as MAPPED or when a validator decides to INVALIDATE a task.
Another key observation, which will be explored further, is that the median time a task remains in the
LOCKED FOR VALIDATION state is twice as long as in the LOCKED FOR MAPPING state. Once again,
the duration of states and transitions varies significantly by project type (see Table 4 in Appendix ‘A
Closer Look At the Mapping Process’). For instance, tasks in low-priority projects can wait nearly

a month for validation after mapping, whereas for other projects this delay is typically less than a week.

b) Roles and Responsibilities: Who Does What in Mapping?

It is now time to address the issue of role configuration, with a particular focus on identifying
who assumes the burden of creation and decision-making within the system. To this end, Table 4.3
shows the breakdown of the states according to the mapping level of the contributors responsible for
their execution, depending on whether they were beginners or advanced contributors. Intermediate
contributors, reporting a generally marginal presence, were omitted for the sake of readability. The
first row of results takes the weighted average number of contributors per project for each mapping
level as a benchmark. The remaining rows show the proportion of the total instances of each state that
was performed by one or another contributor profile according to the type of project.

The first key finding concerns the creation activities during the mapping phase. According to
the proportion of LOCKED FOR MAPPING states, advanced mappers take on a significantly higher
mapping workload compared to their proportional representation within the group of mappers across
all project types. However, this distribution depends on the difficulty of the project. In terms of
overall volume of activity, beginners carry the main mapping load on easy projects. This trend is
reversed in projects of higher difficulty, where the mapping load is concentrated on advanced mappers.

Advanced mappers also play a dominant role in the decisions made during the mapping phase, as
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Table 4.3 State execution based on the contributor mapping level - % of states-

suggested by a substantially higher than expected frequency of MAPPED and SPLIT states in all project
categories. In contrast, the proportion of AUTO-UNLOCKED FOR MAPPING states is mainly associated
with beginners, which could indicate a higher likelihood of interface-related misunderstandings,
lack of confidence in making decisions or deviations from recommended mapping practices. In the
validation phase, all states are executed almost exclusively by advanced contributors. This is due to
the participation criteria set by project managers at the beginning of the project, which usually exclude
beginners.

Incomplete data from the location field limits a detailed analysis of the distribution of states by
mapper location. However, to provide an overview of the intensity of mapper contribution as a function
of their location with respect to the project, Figure 4.8 presents the distribution of total MAPPED
states by project priority and project size (measured by number of tasks). These two variables showed
the greatest variation in the concentration of national mappers, as highlighted in Figure 4.6. As a
benchmark for assessing the volume of activity, the first row presents the total weighted proportion of
users in each location category across all projects. It is important to note that this calculation excludes
MAPPED states executed by users with unknown location, and interpretation should take into account
a possible bias towards expert users, who tend to have more complete profiles. The results indicate

that national mappers tend to contribute proportionally more than their representation within the
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overall group of contributors. In addition, their relative activity appears to be concentrated on lower
priority projects with a lower volume of tasks. Projects with these characteristics are more suitable for
preventive, preparatory and follow-up mapping activities.

Priority Quartile of number of task
Proportion of 19 72 19 72
contributor
TOTAL 16 60 TOTAL 16 60
Low 16 61 Q1 7 54
Medium 8 1l Q2 10 49
High 26 69 Q3 10 68
Urgent 25 69 Q4 20 60

m Same Country Same Hub Different Hub
N=163,636 mapped states

Fig. 4.8 Execution of mapped states based on contributor location - % of mapped states where the
location of the mapper is known-

¢) Collaboration in Mapping: How Do Contributors Interact?

After analyzing the nature of the work and the configuration of roles based on mapping states,
the next step is to examine the interactions between the mappers in completing the tasks. To do this,
Figure 4.9 elaborates on the number of contributors involved in the completion of a task. We take
as a basis the tasks that do not report frictions such as splits or invalidations, which are the majority.
Then we show the case of tasks with splits, invalidations or both states. For each task, a distinction
is made as to whether such participation occurred for the total number of states or for the states
corresponding to the mapping and validation phases. Descriptive statistics such as average number,
standard deviation, and quartiles are displayed for each scenario.

If we look at the averages, the number of contributors needed to carry out the mapping operations
of a task multiplies almost 4-fold when SPLIT, and 5-fold when INVALIDATED states occur. In the
case of the validation phase, the presence of these states also reports an increase, albeit more discrete,
in the number of validators. This suggests that, in addition to the waiting time costs discussed above,
decisions to perform a split or an invalidation must also be assessed in terms of the number of mappers
needed to process the task.

Having realized that tasks that suffer disruptions such as splits or invalidations by nature require a
combined effort between several contributors, the following results focus on the analysis of interactions
in ordinary tasks, which comprise the vast majority of cases. We then concentrate on states in the
mapping phase corresponding to tasks that have not undergone splits or invalidations to analyze
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Fig. 4.9 Number of contributors per task, depending on the occurrence of Split or Invalidated states
(average number, standard deviation, and quartiles)

interactions. As explained previously, the HOT-TM micro-tasking scheme allows several mapping
operations of the same or different mappers on a task before declaring it as mapped, prior to its
validation. These multiple operations, if they occur, are not done simultaneously, as the task is locked
for mapping. Each subsequent edit builds on the work done by the previous mappers, as the map is
done on the shared OSM database.

Figure 4.10 shows the average percentage of tasks per project whose mapping states were
executed by more than one mapper, broken down by difficulty and priority. It is important to note
that, proportionally, tasks are predominantly carried out by individual mappers rather than through
collaborative efforts in all project categories. However, there are variations. Higher priority levels
mean an increase in the number of tasks with multiple mappers. In terms of project difficulty levels,
easy projects report the highest proportion of collaborative tasks, followed by projects of moderate
difficulty and challenging projects.

In the next step, we focus on understanding the most common combinations of mapping levels
that are observed in collaborations in the mapping phase. Figure 4.11 presents a variant explorer
of the five most frequent combinations of mapping levels involved in LOCKED FOR MAPPING and
AUTO-UNLOCKED FOR MAPPING states before the first validation of a task. Next to each combination,
the percentage of the total collaborative tasks it represents is shown. It can be observed that the 5
most common combinations alone account for approximately two thirds of the total collaborative
tasks for almost all project types. Most of these popular combinations are binary and to a much lesser
extent trinary. The combination involving two beginners is the most common, except for projects of
moderate and challenging difficulty and high priority. An equivalent analysis based on the location of
mappers was not carried out due to noise caused by incomplete user profiles.

Figure 4.12 elaborates on the dynamics of collaborative tasks using the “handover of work”
concept [103]. In this figure, the nodes identify the mapping levels and the weights of the arcs between
them are based on the proportion in which a handover occurs from one mapping level to another,
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Fig. 4.10 Tasks mapped by more than one contributor by project difficulty and priority

100% of the handovers leaving each mapping level to the others. The shaded area of the nodes shows
the proportion of the total number of mapping states executed by each mapping level that belong to
collaborative tasks.

As can be seen, most of the mapping states of novice contributors occur in collaborative tasks
and that proportion decreases considerably for intermediate and advanced contributors. For the latter,
task mapping is mostly solitary. Regardless of the mapping level, the proportion of collaborative
mapping increases progressively with the urgency of the projects. In terms of difficulty, the proportion
of collaborative tasks increases for beginners when they move from easy to intermediate projects,
while for advanced users the proportion of collaborative tasks decreases with increasing difficulty.
The arcs suggest that the handover from beginner and advanced users is to contributors of the same
mapping level. For intermediate contributors, the results are mixed.

The frequency of handovers between groups may simply reflect the overall volume of mapping
activities carried out by each group within the respective project categories, rather than indicating a
greater or lesser tendency for interaction between groups. To account for this, the Table 4.4 compares
the observed handover frequencies with the expected values based on the proportional distribution of
mapping states between groups. These expected values are estimated using the combined frequencies
of the LOCKED FOR MAPPING and AUTO-UNLOCKED FOR MAPPING states of each group, as
presented in Table 4.3. It can be observed that handovers between novice users are substantially
higher than expected to the detriment of handovers from an advanced user to a novice user which is
consistently lower than expected.

The overall picture not only reflects a scenario where mapping is primarily driven by individual

contributions (collection) but also highlights a limited level of meaningful collaboration. By limited
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we do not only refer to the lower frequency of collaborative task execution but to the nature of these
interactions. Collaboration seems to be the result of novice mappers leaving tasks incomplete or being
unsure whether their work is sufficiently accurate, thus handing over responsibility for completion
and decision to another mapper. This handover often comes at the cost of delaying the progression of
the task by one or more days. This is in stark contrast to the behavior of advanced users who try to
complete tasks individually, helping to dispatch tasks quickly and without friction. In this context,
collaboration (defined as the involvement of several mappers to complete a task) seems to indicate

inefficiency rather than representing a desirable behavior.

4.5.2.3 RQ3: What evidence of intelligent action can be identified in HOT-TM mapping
projects?

So far, performance considerations have focused on aspects such as the complexity of the mapping
process in terms of sequence, duration and interaction, as reflected in task states. However, these
indicators alone do not directly reveal whether mapping activities have been carried out properly.
Therefore, the following section aims to identify factors that contribute to the success of mapping
outcomes, providing potential evidence of intelligent collective action.

We performed a logistic regression to determine the effect of the task characteristics on the first
validation result, that is, to determine if there are factors that make a task more likely to be validated or

invalidated. As mentioned in the methodology, the dataset includes states prior to the first validation.
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Fig. 4.12 Handover of mapping tasks

Tasks with SPLIT, AUTO-UNLOCKED FOR MAPPING and AUTO-UNLOCKED FOR VALIDATION states
were discarded to remove noise. This results in a total of 281,653 tasks.

Table 4.5 lists each of the independent variables along with their regression coefficient, standard
error, z statistic, and p-values. Larger regression coefficients indicate higher probabilities of invalida-
tion. However, since these numbers are often not very intuitive, they are accompanied by odds ratios
(OR). The odds ratios represent an exponential transformation of the regression coefficient, implying
a multiplication factor of the dependent variable for each one-unit increase in an independent variable.
For each categorical variable where hot encoding was applied, the proportion of the total number of
tasks belonging to that category is shown in parentheses, along with the average invalidation rate of
the group, including the reference categories. For the numerical variables, Relative Validation Time
and Building Area Mapped, the invalidation rates for tasks below and above the median for each
indicator are displayed.

Starting with the effect of the mapping level of the mapper who marked the task as mapped, used
as an indicator of experience, tasks are less likely to be invalidated when declared as mapped by
more advanced mappers. Continuing with the effect of mapper location, the highest performance is
observed among mappers from different hubs, followed by national mappers. However, this result
should be interpreted with caution, as the unknown category comprises an unidentified mix of origins,
and the location data is skewed toward expert mappers due to their more complete profiles. As for the
effect of the involvement of several mappers, used as an indicator of interactions, the probability of

task invalidation increases. Among the control factors, higher difficulty levels, higher priority levels
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TOTAL Easy Moderate Challenging
N=97,847 n=77,508 n=20,288 n=51
Handover Obs. Exp. Diff. Obs. Exp. Diff. Obs. Exp. Diff. Obs. Exp. Diff.
Beginner - Advanced 16 21 -6 16 19 -3 14 20 -6
Beginner - Beginner 49 28 21 55 39 16 25 11 14
Beginner - Intermediate 4 4 1 5 4 0 3 2 1
Intermediate - Advanced 3 3 0 2 2 0 4 4 0 8 1 6
Intermediate - Beginner 4 4 0 4 4 3 2 1
Intermediate - Intermediate 1 0 0 1 0 0 1 0 1
Advanced - Advanced 15 16 -1 9 9 A 39 38 1 82 97 |15
Advanced - Beginner 7 21 m 7 19 [-12 7 20 [-13
Advanced - Intermediate 2 3 - 1 2 - 4 4 0 10 1 8
Low Medium High Urgent
n=49,058 n=24,470 n=13,868 n=10,451
Handover Obs. Exp. Diff. Obs. Exp. Diff. Obs. Exp. Diff. Obs. Exp. Diff.
Beginner - Advanced 13 22 9 17 22 -4 26 21 4 15 20 -5
Beginner - Beginner 54 29 25 45 21 25 41 25 16 45 37 7
Beginner - Intermediate 4 3 1 4 3 1 4 4 0 5 4 1
Intermediate - Advanced 2 2 0 3 3 0 4 3 1 3 2 1
Intermediate - Beginner 3 3 0 4 3 1 3 4 4 4 -
Intermediate - Intermediate 1 0 0 1 0 0 1 1 0 1 1 0
Advanced - Advanced 15 16 -1 15 23 7 11 18 7 18 10
Advanced - Beginner 7 22 [-15 8 22 [-138 8 21 [-13 8 20 -12
Advanced - Intermediate 2 2 - 2 3 - 2 3 -2 2 2 0

Table 4.4 Observed and expected frequency of handovers -% of handovers-

and larger building area mapped are associated with higher invalidation rates. Finally, longer relative
validation time tends to correspond to lower probabilities of task invalidation.

This result aligns with the findings from previous sections, suggesting that the outcome of the
system is not casual but is directly shaped by the group composition and the dynamics of collective
action. Advanced mappers are not only more active, report less friction in the process and lead
mapping and validation decisions but their contributions tend to better mapping results. This is
evidenced not only by higher validation rates but also by longer validation times associated with
fewer invalidations that are likely to reflect corrective work on their part. These results also highlight
the challenges posed by the contribution dynamics of beginners. It is not just that their validation
success rates are lower. In easy and low-priority projects, where their contributions on mapping
are concentrated, the relatively longer time invested by validators (presumably for corrective work)
seems to be necessary to compensate for the performance of beginners. Finally, evidence of the
shortcomings of collaborative mapping, defined as the involvement of several mappers to complete a

task, is reinforced. Collaborative mapping not only slows down the process but also is associated with

further invalidation.
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N=281,653 %Inval. B OR SE z pvalue
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Location yes (vs. no) (14.5%)
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yes (vs. no) (0.3%) 129 1.30 3.67 0.10 12.38 <2e-16
Priority [Low] 31 B ) A ) B )
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riority ——
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Building Area Mapped M oM
uilding Area Mappe | - *kk
log([Square meters of buildings]+1) 3.5 5.4 0.06 1.06 0.00 23.72 <2e-16
Relative Validation Time % <M >M
Validation time/ 7415 -0.03 0.97 0.00 -74.18 <2e-16 ***

(Validation time + Mapping time)

*, %% *** significant at p < 0.10,0.05 and 0.01 respectively.

M: median.

Table 4.5 Logistic Regression for validation state of a task (Validated vs. Invalidated)

4.6 Discussion

Our discussion focuses on synthesizing and combining the findings on the collective intelligence

system in HOT-TM projects with arguments from related work to present actionable insights and

contributions to the field. It also reflects on possible ways to address the limitations identified in the

current system set-up.
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4.6.1 Towards a More Sustainable Group Composition of Humanitarian Mappers:
Developing Novice Mappers and Enhancing Local Participation

The results of our study provide an overview of the group composition of HOT-TM mappers based on
the key attributes of experience and location. Broadly speaking, this characterization is in line with the
profile of VGI participants derived from previous research, although previous studies tend to address
this issue in a more fragmented way. By incorporating insights into the processes and outcomes of the
collective intelligence system, our study sheds light on how group composition both influences and is
influenced by these two key components of the system.

Starting with the attribute of expertise, which appears to have the greatest impact on the current
scheme, HOT-TM reproduces the pattern of a group characterized by a small proportion of advanced
contributors outperforming a majority of beginners both in the relative quantity and quality of their
contributions and in the stability of their participation over time [171, 173, 172, 195]. Our findings
on how decision-making functions are articulated in the mapping, together with validation rates on
projects of varying levels of difficulty and priority, suggest that the system is designed to capitalize
on the ‘wisdom’ of advanced contributors. This is achieved through deliberate decisions (such as
restricting the validation and mapping of more complex projects to experienced mappers) or through
presumably more spontaneous behavior, such as corrective actions by validators to address the
contributions of beginners. Meanwhile, beginners are largely confined to easier, lower priority projects
and have limited involvement in decision-making processes. Our study reveals that this design has at
least one major cost: the slowness of the validated mapping results. This is evident from our analysis
of the duration and limited availability of the advanced users. Given that some of these data are used
for active disaster response efforts, this delay represents a substantial inconvenience rather than an
insignificant trade-off.

Our research also complements the work of Yin et al. [151] by providing more detailed findings.
While they use macro-level project statistics to suggest that the HOT-TM micro-task model reflects
the dependence on user authority and self-reinforcement characteristic of OSM communities [187],
our study offers a more operational perspective on these dynamics. By following this approach, the
system does not encourage long-term retention or support the skills development of beginners. The
marginal presence of intermediate mappers, both in terms of their proportion within the group and
their overall contribution to the mapping process and its outcomes, that we detected is further evidence
of this lack of investment in the development of a cadre of more experienced mappers.

In light of the above, fostering the development of entry-level mappers through a strategy that sup-
ports their retention and progression to higher levels of performance presents a promising opportunity
to build a more sustainable community. This strategy could take the form of a structured ‘career path’
that integrates short and long-term actions.

The tendency of newcomers to disappear after contributing to a single project, combined with
signs of uncertainty and hesitation as they map, suggests that an unsatisfactory user experience could

contribute to their lack of return. In this respect, an onboarding process designed to create a more
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rewarding first mapping experience could play a key role. Regular mapathons (both physical and
virtual) that facilitate interaction between mappers and foster a sense of community provide an ideal
framework for welcoming newcomers. In addition, the user interface should guide users through a
navigation flow that encourages exploration of relevant sections and ensures a satisfactory mapping
experience. Simple actions, such as asking users to complete their profile information, could foster a
greater sense of identity as contributors. However, the most significant impact lies in empowering
these users to gain confidence in completing tasks and making mapping decisions. HOT-TM already
provides comprehensive materials on how to edit maps effectively. These resources could be reinforced
with contextual hints to help novice mappers discern when a task is ready to be marked as complete,
when it requires splitting, or when it should be reported due to poor imagery.

In the medium term, gamification elements could be explored to encourage novice users to return
and gradually move on to more complex mapping tasks, as suggested by the work of Watkinson
et al. [196]. This is in line with the findings of Urrea and Yoo [173] who highlight the positive
effect of reaching new levels of experience, especially for novice users, and suggest that further
segmentation of ranks based on experience could improve retention. Detailed data on mapper profiles
(including demographics, preferences and performance) can help implement a reporting system that
not only assigns online volunteers to the projects where they are most productive but also matches
their career progression. In terms of long-term retention strategies, it is important to recognize the
central role of altruism as a motivator for participation in OSM [182], and in humanitarian mapping in
particular [197]. It is therefore convenient to actively communicate to mappers the tangible impact of
the projects to which they contribute and, wherever possible, to highlight their individual contributions
to relief and disaster prevention efforts.

Continuing with the locality factor, it is important to note that our work can be seen as a checkpoint
in assessing progress towards the goal of developing sustainable, locally owned community mapping
ecosystems in at-risk regions around the world, as proposed by Soden and Palen [178] at the beginning
of academic research on HOT. Our findings indicate that the majority of contributions come from
mappers outside the local hub, located in the Global North. In second place, are contributions from
national mappers. It further reinforces the contradiction (already noted in other mapping contexts [179—
181]) that locality, the founding principle of the VGI concept [147], seems to be relegated to the
background.

As already mentioned, the main initiative to decentralize the organization and incorporate local
expertise in project management has been the creation of Open Mapping Hubs.® However, these
initiatives are relatively recent, as the current four hubs were created between 2021 and 2023.
Presumably, these hubs are still in the development phase, so their impact may not yet be fully
reflected in the mapping results. In this context, the results presented here can serve as a reference
for future assessments of the impact of the hubs as they become more mature. However, there are

promising signs. An example of this is the fact that mappers from the hub in the area of interest are

https://www.hotosm.org/hubs/
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the second largest group, after mappers not affiliated to any hub, in almost all regions. This highlights
the presence of a critical mass of local mappers that could be tapped to further develop HOT hubs.
Additionally, the contribution of national mappers far exceeds their proportion of the group, and is
particularly pronounced in the lower priority projects and projects with fewer tasks. This pattern
suggests a possible specialization in preventive, preparatory and follow-up mapping activities.

In addition to actions at the organizational governance level, technical solutions must also be part
of the approach. The current design of HOT-TM is optimized for desktop use but is not well suited to
field operations. However, new tools for localized mapping are being developed, such as the Field
Mapping Tasking Manager (FMTM),'? a tool for organizing ground mobile survey mapping, which is
currently in beta. These recent innovations point in the right direction but it is still too early to assess

their full impact, which warrants continuous monitoring and evaluation.

4.6.2 Towards a More Meaningful Collective Action in Humanitarian Mapping: Facil-
itating Effective Collaboration Among Mappers

In examining the dimensions of collective action, HOT-TM seems to heavily priorities collection over
collaboration at the level of the mapping task. Indeed, if we adopt a loose definition of collaboration
(i.e. the mere contribution of several mappers to complete a task [184, 185]) it tends to be more of
an anomaly than a beneficial factor in achieving mapping goals. On the contrary, it tends to lead to
rework, slows down the progress and reveals systemic problems in the user experience for beginners.
In addition, collaborative instances tend to show worse validation performance. Thus, the expected
improvement effect associated with the ‘wisdom of crowds’ [167] concept does not seem to emerge,
at least at the task level. If the main objective is to cover large territories quickly, a contributor
should ideally complete a task independently within a few minutes, without the need for subsequent
intervention by other mapper.

The analysis shows that the interactions between novices and experts are mainly characterized by
corrections made by the latter as validators of the work of the former, a pattern that is also observed in
the general dynamics of OSM [185]. The correction process in OSM usually occurs discretely [186],
which means that novice mappers receive little or no direct information about the specific reasons
for a correction. In HOT-TM, contributors are notified when a task they have mapped is validated or
invalidated, provided that they have enabled notifications. However, the notification alone does not
guarantee that users receive meaningful feedback on their mapping performance, especially if the
validators take on the correction on their own. This lack of guidance may hinder their development as
mappers and reinforce existing group dynamics.

These results support the concerns raised by Kogan et al. [186] regarding the limitations of relying
solely on co-editing to study interactions between mappers. In this sense, the lack of visibility in
discussion channels in OSM [186] is also a blocking factor present in HOT-TM. Although HOT-TM

includes a comments section for each task, its visibility is somewhat limited, and it may not always

Ohttps://fmtm.hotosm.org/
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offer clear guidance to subsequent mappers. As a result, understanding why a previous contributor
left a task incomplete or identifying aspects that still require attention can be challenging. Enhancing
the system with a more actionable task history could support more effective collaboration by helping
mappers complete tasks more efficiently and enrich the mapped elements.

The challenge, therefore, lies in fostering interactions between novice and advanced mappers that
facilitate knowledge transfer. While this type of mentoring interaction often occurs organically during
face-to-face mapping events [186], there is potential to further develop mechanisms that provide
constructive and accessible feedback in response to validation outcomes. These mechanisms should
avoid intimidating styles that could discourage future contributions and instead create a supportive
environment that encourages continued engagement and growth.

It is also worth considering whether the intrinsic nature of current mapping tasks requires and
encourages collaboration during their execution. Where tasks are limited to adding missing elements,
such as buildings or roads, it is understandable that the involvement of additional mappers would not
significantly enrich the outcome. In this context, diversification of task types could offer valuable
improvements. For example, enrichment tasks could complement creation tasks, in line with the
specialization patterns identified by Zhang et al. [183]. This approach could support a layered
model in which co-editing adds significant value to map content, helps to close the detail gap that
distinguishes humanitarian mapping from other types of OSM mapping [148], and further emphasizes
the importance of local contributions. Note that national mappers now appear to be significantly active

but this is not necessarily associated with greater success in validation.

4.6.3 Towards More Intelligent Collective Action in Humanitarian Mapping: Foster-
ing Greater Equity Without Compromising Productivity

As noted since the introduction of the concept of collective intelligence, defining intelligence can be
challenging, as it often depends on the objectives of the observer [143]. For example, if we focus
solely on the goal of productivity (covering territory and validating tasks), this perspective fits well
with the urgent needs of first response efforts during an ongoing emergency. Although no formal
benchmark exists, an overall task invalidation rate of 6.3% and 15.5% for urgent projects suggest
that the current system is relatively efficient in producing an initial mapping output from mapping
operations that typically take only a few minutes. However, the need for corrective work by validators
and the waiting period of several days for validation highlight potential areas for improvement in the
quality of this initial output.

If we shift the focus from productivity to equity-related objectives, the limitations of the current
approach become more apparent. Equity-oriented objectives could include fostering the growth of the
mapping community, promoting the integration of local communities, and, most importantly, avoiding
unsustainable mapping outcomes—such as the creation of low-quality data that are not maintained
and quickly lose relevance [148, 151]. Note that these other objectives are better suited to the needs

of prevention, preparedness and long-term monitoring of emergencies.
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Our results and observations align with and extend the findings of Yin et al. [151], who highlight
that in HOT-TM, as in other micro-tasking tools used in peer production, there is an inherent trade-off
between productivity and equity. This may raise questions about how to address the tension between
productivity and equity objectives. In this sense, it would be beneficial to allow project managers to
define the most appropriate mapping objectives (whether focused on productivity or equity) before the
project is launched, depending on the specific needs and timing of the emergency. These objectives
could then be linked to tasks aimed at creating or enriching the map, as appropriate. In addition,
targeted recruitment efforts to assign online volunteers to projects where their contributions will have
the greatest impact could further support this approach, as suggested by Urrea and Yoo [173].

The review of objectives must be accompanied by a corresponding review of system metrics,
especially given the strong influence these metrics often have on system incentives. As Spielman [187]
suggests, if there is any kind of spatial collective intelligence, it should be reflected in map quality
measures focused on the credibility and accuracy of the output. In HOT-TM, the most direct indicator
of the success of a task is achieving validation. This is a credibility metric, since it comes from
the status of the validators. However, this metric aligns with the dynamics of authority and self-
reinforcement, as discussed above. According to Spielman [187], ideally, credibility and accuracy
complement each other. This opens up an opportunity to introduce new metrics that are less dependent
on the reputation of validators and better aligned with evolving mapping objectives.

When discussing the concept of intelligence, it is pertinent to consider opportunities to better
harness the ‘wisdom of crowds’ [167]. We have identified a validation bottleneck linked to the relative
scarcity of validators, as this task is mainly limited to the most experienced users. In addition, the
decision-making process is always individual rather than collective. A conventional approach to
address this problem is to increase the visibility of projects requiring validation to potential validators.
However, a strategy more in line with the principle of collective intelligence would be to broaden the
pool of collaborators authorized to validate, potentially including less experienced mappers. While
novice mappers alone may lack the expertise to accurately evaluate a task, the collective input of a
large number of novice users can yield reliable results. Voting or averaging mechanisms that have
proven effective in other contexts could be explored in this case [167]. To this end, validation tasks
could be further fragmented, making them more accessible to novice users. MapSwipe,!! another
micro-task platform within the OSM humanitarian ecosystem, has already implemented simple,
fragmented validation. However, this functionality is still limited to pilot projects and should be
extended to more HOT-TM projects to maximize its potential.

To conclude our reflection, we turn to the implications that our findings may have for the pre-
sumably increasing incorporation of artificial intelligence (AI) tools in humanitarian mapping tasks.
By introducing the concept of collective intelligence, it is clear that computer agents are an integral
part of this equation [152, 153]. Studies such as those by Tipnis et al. [193] on the introduction of
Rapid show that while Al tools can improve productivity, they can also exacerbate differences in

Thttps://mapswipe.org/
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participation between novice and experienced users, an outcome that does not necessarily align with
fostering a more sustainable community.

In this context, our findings highlight several areas where Al can make a sustainable contribution.
On the one hand, further productivity gains can be achieved by anticipating and mitigating events
that slow down mapping workflows, especially in high-priority or more complex projects where such
interruptions are more frequent. One such approach could be to predict split-prone areas and perform
a preliminary split during project setup. In addition, novice users could be guided to complete tasks
more efficiently by avoiding repeated self-unlocking and marking tasks as completed in a single cycle.
In some cases, an extra minute of guidance for a mapper could speed up the completion of a task by
a whole day. However, the greatest potential lies in the strategic use of Al to support equity-based
goals. Initiatives such as gamified progression through task difficulty levels, personalized notifications,
layered orchestration of task assignments with enrichment goals, and collective validation through
aggregated contributions would be overwhelming for human managers to coordinate on their own. In
the framework of computational participation in collective intelligence systems [152], the use of Al to
implement these strategies would redefine the role of computational agents from mere tools to active

assistants and managers.

4.7 Summary

This chapter illustrates the value of analyzing collaborative production environments through the lens
of collective intelligence. Adopting this perspective fosters a more systemic understanding, revealing
that the components of the framework are not independent but interdependent, continually influencing
each other. For instance, the composition of a given group can influence initial decisions about task
design and performance evaluation in crowdsourcing activities, which in turn can create incentives
that reinforce the original composition of the group.

The collective intelligence framework has not only proven effective in coherently organizing
the numerous quantitative results generated in this study but has also served as a unifying lens to
synthesize evidence from previous notable research efforts in the field of VGI. The dispersed nature of
these studies often makes it difficult for systemic perspectives to emerge. However, the main advantage
of this framework lies in its ability to support the formulation of structural recommendations for
improving system intelligence. As Malone et al. [152, 153] argue, understanding the factors that
influence collective intelligence allows system managers to intervene more effectively. By adjusting the
fundamental components of a system, managers can significantly improve their collective intelligence,
an advantage not usually achieved with individual intelligence, which tends to be much less adaptive.

This case serves as an invitation to future researchers, designers and managers of crowdsourcing
platforms to consider the advantages offered by this framework. The availability of such diagnostics is
a valuable asset in this era of rapid and widespread adoption of artificial intelligence, a phenomenon
that undoubtedly also affects computer-supported collaborative work initiatives. As discussed above,

careless adoption of these technologies can undermine rather than foster productive collaboration.
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With proper diagnosis it is possible to better guide interventions. In this sense, the basal literature
on collective intelligence is rich in conceptual ideas [152, 153, 161]. However, this abundance of
concepts is not always accompanied by detailed use cases that can guide practical application. In
this sense, our study, while not aiming to establish a formal methodology, can provide a source of
application ideas that can be adapted and replicated in other contexts. The key prerequisite is access
to an equally rich source of data.

Data dependency serves as a call to crowdsourcing platform managers to follow the example
of HOT in collecting comprehensive data on contributors, workflows and outcomes, as well as to
share these data with relevant communities, ideally in open formats. While specific data fields and
metrics may vary across crowdsourcing scenarios, this case study highlights the value of quantifying
the components of a collective intelligence system. The general action lines of (1) describing relevant
attributes of contributor profiles, (2) analyzing the mechanics of collective action through techniques
such as process mining, and (3) tracking factors associated with successful or unsuccessful outcomes,
can be broadly applied to a variety of contexts. Finally, the specific recommendations proposed in this
study to improve the sustainability of the HOT-TM mapping community may also be valuable for other
peer production environments, given that the uneven distribution of human activity in collaborative
efforts seems to be the norm rather than the exception [192].

Adopting such an ambitious framework as collective intelligence offers significant advantages
but it comes with inherent challenges. Efforts to address these challenges, however comprehensive,
can often seem insufficient. Some limitations become more apparent and, rather than solving issues,
may raise more questions. However, we see this as a constructive outcome. Below we set out several
key limitations and threats to validity of our study and identify corresponding opportunities for future
research.

Starting with group composition, our analysis, based on attribute profiling, was sufficient to
provide valuable information. In addition, we consider that the mapping level classification system
used by HOT-TM, although simple, is effective in identifying distinct user behaviors. However, this
approach may be somewhat simplistic and overlook broader or more nuanced patterns of behavior.
Future research could explore characterizations based on emergent group properties [198] or adopt
mapper categorization frameworks [183].

When analyzing collective actions, it is important to keep in mind that HOT-TM operates on two
interconnected levels: the OSM editor and the tasking manager. Our analysis focuses on what the
states of the tasking manager can reveal about the behavior of the mapper. This focus is a defining
characteristic of this type of mapping compared to other mapping approaches. However, we do not
ignore the importance of object-level edit histories, which provide a more granular view of behaviors
and actions. We see the exploration of these detailed operations and their relationship to tasking
manager states as a valuable direction for future research. For example, it would be valuable to measure
the impact of micro-task structure (particularly task boundaries) on spatial interactions, such as the
alignment and connection of adjacent or continuous elements [186]. This consideration highlights two

more general limitations of our study. The first is our reliance primarily on HOT-TM API data, which
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were chosen for reasons of manageability. The incorporation of external data, such as OSM-level
edit histories, could significantly enrich our analysis and provide a more complete understanding of
mapping dynamics. The second limitation relates to the dominance of quantitative analysis. Qualitative
research activities played a secondary role, serving to complement the interpretation and discussion
of the results. Future research could deepen the understanding of HOT-TM mappers by employing
qualitative approaches, such as those applied by Kogan et al. [186] or through usability testing to
further explore the mapping experience within the task manager [73]. This approach could help clarify
the nature of behaviors such as hesitation of beginners, shedding light on whether such behaviors
stem more from intrinsic mapper factors or from the design of the mapping interface.

In assessing the intelligence of the system through its outputs, we have used validation as a
credibility metric. However, this approach may not represent the most objective measure of system
quality. In this regard, the extensive OSM literature on data quality offers opportunities to incorporate
more objective indicators, such as positional accuracy of geographic data, attribute accuracy, data
completeness and other dimensions of quality [190, 191]. Leveraging these indicators requires further
exploration of the OSM database to collect additional data. Another important limitation of the study
is that it focuses on the impact of collaboration on task outcomes. A broader and more insightful
approach would involve examining how individual tasks and their integration contribute to the overall
quality of the total project area.

Other considerations include the volatility of platforms like HOT-TM and OSM, which are
constantly evolving in terms of policies and user interfaces. This means that certain behaviors we
observed may change suddenly with new updates, making them no longer directly comparable to
what we have documented here. Additionally, we prioritized the analysis of the mapping level of
contributors because it was accessible to all users, while other demographic segmentation criteria,
such as the location of the mappers, received secondary treatment due to their limited availability.
Information about mapping levels on the HOT-TM API was restricted to the time of data retrieval.
Consequently, a contributor identified as advanced or intermediate may have been a beginner during
their participation in certain projects. To reduce this impact, we selected archived projects launched
within a two-year period.

The case of HOT-TM must also be understood within the broader context of open data ecosystems.
The platform not only coordinates volunteer contributions but also channels them into OpenStreetMap,
where the data are openly available for reuse across humanitarian, governmental, and civic applications.
This circular flow (from volunteers producing geospatial information, to its integration in a global
open data infrastructure, to its uptake in disaster response and development initiatives) illustrates
how collective intelligence contributes directly to the sustainability of open data. By analyzing the
mechanisms that enable or constrain this flow, the chapter highlights the role of user interfaces not
only as technical tools for mapping but also as mediating elements in the production, integration, and
reuse of open geographic information.

This chapter has shown that collective intelligence in humanitarian mapping projects can be sys-

tematically evaluated by analyzing contributor profiles, task workflows, and patterns of collaboration
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in the HOT Tasking Manager. This analysis allowed us to characterize how groups of mappers are
composed, how they coordinate their efforts, and where evidence of intelligent action emerges. This
directly answers the research question (RQ3) linked to this chapter by demonstrating that the proposed
framework provides a rigorous approach for identifying and analyzing collective intelligence in open
data ecosystems. While the findings are grounded in the HOT Tasking Manager, the methodological
principles developed here are transferable to other platforms that rely on large-scale user contributions,

thereby reinforcing the broader relevance of the approach.



CHAPTER 5

CONCLUSIONS AND FUTURE WORK

5.1 Summary of contributions

This dissertation has investigated how the evaluation of user interfaces can contribute to the devel-
opment of more sustainable and value-creating open data ecosystems. Anchored in the domain of
geographic information, it advances an integrated and multi-level approach to interface evaluation
that spans functional requirements, usability alignment, and collective user behavior. The work is
motivated by the recognition that open data platforms are not merely technical infrastructures but
socio-technical systems whose success depends on meaningful human interaction, collaborative
dynamics, and long-term user engagement.

In response to the overarching research question (How can we systematically assess the design
of user interfaces in open data portals to anticipate deployment failures and guide improvements
that align with sustainability-oriented principles?) this thesis demonstrates that such assessment is
feasible through a multi-layered methodological framework that integrates acceptance testing, usability
evaluation, and collective intelligence analysis. Together, these approaches generate technical and
human-centered evidence, allowing risks to be identified prior to deployment and guiding design
improvements in line with principles of user-driven design, inclusivity, and circularity.

Chapter 2 laid the methodological foundation by proposing a structured framework for the
acceptance testing of geospatial search engines, drawing from TMAP and aligning it with the specific
demands of geospatial search interfaces. This directly addresses RQ1 by showing that existing
software testing methodologies can be adapted to evaluate user interfaces effectively. Functionality,
effectiveness, and user-friendliness were defined as central quality attributes, ensuring that evaluations
extend beyond technical performance to address user expectations. The findings presented in this
chapter have been accepted for publication in Environmental Modelling & Software. [199].

Building upon this foundation, Chapter 3 deepened the investigation by focusing on the cognitive
dimension of usability. It addressed a key challenge left implicit in traditional testing frameworks:
whether the conceptual model of the system, as envisioned by designers, aligns with the mental models

formed by users during actual use. By extending usability testing with process mining techniques
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and statistical analysis, this chapter directly answers RQ2, demonstrating that such methods can
reveal mismatches between conceptual and mental models and thereby highlight inclusivity gaps
across different levels of expertise. The findings of this chapter are published in the 22nd International
Conference on Perspectives in Business Informatics Research (BIR 2023) [73]. A journal article has
also been prepared and submitted for review [200].

Chapter 4 expanded the evaluative perspective further to consider collective dynamics within open
data ecosystems, with a focus on the Humanitarian OpenStreetMap Team Tasking Manager. Here, user
interactions were treated not only as isolated episodes but as part of a broader pattern of collaborative
engagement and knowledge production. By analyzing contributor profiles, task workflows, and
collaboration patterns, the chapter provides a direct answer to RQ3, showing that the collective
intelligence of users can be systematically evaluated through their circular interactions with open
data ecosystems. The results highlight uneven participation, adaptive division of labor, and emergent
coordination, all of which illustrate both the opportunities and challenges of sustaining collective
intelligence. The findings of this chapter are published in the ACM Transactions on Computer-Human
Interaction [201] and the Association of Geographic Information Laboratories in Europe (AGILE)
2024 conference [194].

Taken together, these chapters trace a trajectory from testing systems against predefined specifica-
tions, to understanding how users internalize and navigate those systems, and finally to examining
how interfaces support or hinder group-level problem solving. Each step not only builds upon the
last but also reveals new layers of interaction and complexity. Methodologically, the thesis combines
structured software testing, cognitive modeling, and behavioral analytics to offer a comprehensive
evaluation toolkit. Conceptually, it makes the case for treating open data portals not just as repositories
or tools, but as interactive environments that require sustained evaluation, adaptation, and stewardship.

The contributions of this dissertation thus lie not only in the development of specific methods
or case studies, but also in the articulation of a broader vision: that interface evaluation must be
multi-dimensional and sustainability-oriented. In this view, functionality, usability, and collective
intelligence are not isolated attributes but interdependent components of a successful open data
ecosystem. Systems that fail to meet functional requirements may never reach users; those that neglect
usability may alienate them; and those that ignore group dynamics may fail to deliver on the promises
of participation, openness, and innovation.

The findings of this dissertation should be considered in light of both their internal and external
validity. Internal validity has been supported through systematic research design, including the use of
established testing frameworks, process mining techniques, and structured usability experiments that
ensured methodological rigor and reproducibility. External validity relates to the transferability of the
proposed methods beyond the specific case studies. While the empirical work has been carried out in
the domain of geographic information systems (particularly the IGN geospatial search engine and
the HOT Tasking Manager) the methodological contributions are broadly applicable to other open
data ecosystems facing similar challenges. At the same time, the contextual characteristics of the case

studies, such as domain-specific data types and community practices, should be acknowledged as
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potential boundary conditions. Future research is therefore encouraged to extend these approaches to
additional domains in order to further strengthen the generalizability of the results. Additionally, as
noted in the limitations of each chapter, the evaluation of user interfaces must be particularly attentive
to the potential influence of bias, which can arise from multiple sources, including the choice of
interfaces, the selection of users, and, most critically, the perspectives of the evaluators themselves.
This PhD project was developed within the framework of the “ODECO: Towards a Sustainable
Open Data ECOsystem” project. ODECO was a four-year Horizon 2020 Marie Sktodowska-Curie
Innovative Training Network initiative (H2020-MSCA-ITN-2020, grant agreement 955569) whose
main aim was to address current and future challenges in the creation of user-driven, circular and
inclusive open data ecosystems. In addition to the original contributions presented in this dissertation,
the project offered opportunities to collaborate on various academic and outreach deliverables related
to open data ecosystems, user interfaces, and user experience. Among the relevant outcomes is a study
on user participation in open government data initiatives, whose findings were published in IEEE
Access [202] and presented at the 26th International Conference on Theory and Practice of Digital
Libraries (TPDL 2022) [203]. Additionally, a journal article addressing the thematic annotation of open
data has been prepared and submitted for review [204]. Other project outputs include several technical
reports addressing key aspects of open data ecosystems, such as user needs, contributions from data
users and non-governmental data providers, and strategies for long-term sustainability [7, 10, 13].
Dissemination efforts have included contributions to forums such as the XI Jornada de Jovenes
Investigadores del I3A in Spain (2022) [205], the XV Jornadas Ibéricas de Infraestructuras de Datos
Espaciales in Spain (2024) [206], and the State of the Map Europe conference in Poland (2024) [207].

5.2 Work in progress

We are expanding our analysis of collective intelligence in humanitarian mapping by incorporating an
objective assessment of data quality, an aspect that remained unaddressed in our previous study. Much
of the research on crowdsourced geographic information has focused on participation, motivation,
and community dynamics, while questions about the integrity of the final spatial products have
received less systematic attention. In particular, there is still limited understanding of how emerging
microtask-based production models, such as those widely used in humanitarian mapping, affect the
coherence and reliability of outputs [151]. Conversely, the studies that do engage with quality issues
often treat them in isolation from the sociotechnical systems and workflows that produce the data,
which makes it difficult to link quality outcomes to underlying design choices and organizational
practices [187].

Our ongoing work seeks to bridge this gap by explicitly examining the relationship between
microtask-based workflows and the quality of the resulting geographic data. We hypothesize that the
division of mapping into narrowly defined microtasks, while effective for mobilizing large numbers
of volunteers, may unintentionally hinder the emergence of spatial collective intelligence. When

contributions are fragmented into many small units, inconsistencies and integration problems are
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more likely to occur once these units are recombined. Such problems, such as discontinuities along
task boundaries, duplications of mapped features, or uneven levels of detail, can compromise both
the internal coherence of the data and their value for decision-making in disaster preparedness and
response.

To explore this hypothesis, we return to the case of HOT-TM, a platform that represents the
microtasking model in humanitarian contexts. Building on our previous findings about the behavioral
and organizational dimensions of mapping, we now extend the analysis to examine how task structure
and contributor interactions translate into measurable outcomes in the data. By analyzing a large
number of completed projects, we aim to move beyond localized observations and provide a systematic
account of integration issues across diverse mapping scenarios.

Methodologically, our approach combines spatial statistical techniques with expert-based assess-
ments to achieve a balanced view of quality. Spatial statistics make it possible to detect recurring
patterns of misalignment or fragmentation at scale, while expert visual inspection provides contextual
interpretation and validation. Through this mixed strategy, we intend to (i) identify the most common
forms of integration problems that arise in humanitarian mapping, (ii) develop robust indicators that
can measure these problems consistently, (iii) assess the prevalence of such problems across projects
with varying geographies and objectives, and (iv) reflect on practical strategies for mitigating them,
both at the level of platform design and project management.

The expected contribution of this work in progress is twofold. First, it enriches our understanding
of spatial collective intelligence by demonstrating that data quality is not only a technical issue but
also a property of the sociotechnical system through which contributions are organized. Second, it
offers actionable insights for the humanitarian mapping community by pointing to ways in which task
design, contributor guidance, and integration mechanisms can be adapted to produce more coherent
and reliable data. In doing so, this research aims to inform both theory and practice: advancing
collective intelligence studies with an empirical account of data integration challenges, while also
equipping practitioners with knowledge to improve the sustainability and utility of crowdsourced

geographic information.

5.3 Future work

Future research on the evaluation of user interfaces in open data ecosystems could build upon the
directions outlined throughout the preceding chapters. In Chapter 2, which focused on a testing
framework for geospatial search engines, it was suggested that future work should extend the proposed
methodology with empirical studies conducted under real-world conditions. This includes further
analysis of how user interface decisions affect long-term user engagement, trust, and the sustainability
of open data ecosystems. There is also a need to refine testing strategies to better account for the
dynamic nature of open data platforms, which are continuously updated and expanded.

Chapter 3, which applied usability testing and process mining to evaluate the geospatial search
engine developed by the Spanish National Geographic Institute, highlighted the potential of expanding
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evaluations to include a broader range of user types and search tasks. Future studies should explore
the interaction patterns of users from different domains and levels of expertise to assess how mental
models vary. Integrating behavioral analytics—such as eye tracking or clickstream data—may also
enhance our understanding of user behavior and inform more adaptive interface designs.

In Chapter 4, which addressed user interfaces in crowdsourcing platforms such as the HOT
Tasking Manager, it was recommended that the analytical framework be extended to other platforms
that rely on microtask-based models. Incorporating longitudinal data could offer insights into user
learning curves and retention patterns. Furthermore, future work should continue developing objective
quality metrics that account for spatial complexity, contributor experience, and platform-level task
design. These metrics can serve as feedback mechanisms not only for platform managers but also for
contributors, ultimately improving mapping quality and engagement.

Building on these specific suggestions, several general directions can guide future work on evaluat-
ing user interfaces in open data ecosystems. First, evaluation frameworks should be multidimensional,
integrating usability metrics, behavioral data, and data quality indicators to provide a holistic view
of interface performance. Second, future studies should prioritize longitudinal and contextual eval-
uations that capture the evolution of user experience over time. Third, greater emphasis should be
placed on inclusiveness by involving a wide spectrum of users, including those with limited technical
backgrounds and individuals from underrepresented communities. Fourth, evaluations should explic-
itly connect interface design decisions to broader ecosystem goals, such as transparency, openness,
and participatory governance. Finally, fostering reproducibility and open benchmarking through the
publication of test datasets, protocols, and tools will enhance the comparability and impact of future
research.

In sum, this dissertation underscores that the sustainability of open data ecosystems depends not
only on the availability of data, but on the quality of interaction between users, systems, and—now
more than ever—artificial agents. Thoughtfully designed and continuously evaluated user interfaces
are key to unlocking the full societal potential of open and intelligent data infrastructures.






CHAPTER 6

CONCLUSIONES Y TRABAJO FUTURO

6.1 Resumen de contribuciones

Esta tesis ha investigado cdmo la evaluacion de interfaces de usuario puede contribuir al desarrollo de
ecosistemas de datos abiertos mds sostenibles y generadores de valor. Anclada en el dominio de la
informacion geogréfica, propone un enfoque integrado y multinivel para la evaluacién de interfaces
que abarca los requisitos funcionales, la alineacion con la usabilidad y el comportamiento colectivo
de los usuarios. El trabajo parte del reconocimiento de que las plataformas de datos abiertos no son
meras infraestructuras técnicas, sino sistemas sociotécnicos cuyo éxito depende de una interaccién
humana significativa, dindmicas colaborativas y una participacion sostenida de los usuarios a largo
plazo.

En respuesta a la pregunta de investigacion general —;Cémo podemos evaluar sistematicamente
el disefio de las interfaces de usuario en los portales de datos abiertos para anticipar fallos de
implementacién y guiar mejoras que se alineen con principios orientados a la sostenibilidad?—
esta tesis demuestra que dicha evaluacién es factible mediante un marco metodolégico multinivel
que integra pruebas de aceptacidn, evaluacién de usabilidad y anélisis de inteligencia colectiva.
En conjunto, estos enfoques generan evidencias técnicas y centradas en las personas, permitiendo
identificar riesgos antes de la implementacién y guiar mejoras de disefio en consonancia con principios
de orientacion al usuario, inclusividad y circularidad.

El Capitulo 2 sentd las bases metodoldgicas al proponer un marco estructurado para la prueba de
aceptacion de motores de busqueda geoespaciales, tomando como referencia TMAP y alinedndolo
con las demandas especificas de las interfaces de bisqueda geoespacial. Esto responde directamente
ala RQ1 al mostrar que las metodologias existentes de pruebas de software pueden adaptarse para
evaluar eficazmente las interfaces de usuario. La funcionalidad, la efectividad y la facilidad de uso se
definieron como atributos de calidad centrales, garantizando que las evaluaciones vayan mds all4 del
rendimiento técnico para abordar las expectativas de los usuarios. Los resultados presentados en este

capitulo han sido aceptados para su publicacién en Environmental Modelling & Software. [199].
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Sobre esta base, el Capitulo 3 profundiz6 la investigacién centrandose en la dimensién cognitiva
de la usabilidad. Abordé un desafio clave que quedaba implicito en los marcos de prueba tradicionales:
si el modelo conceptual del sistema, tal como fue concebido por los disefiadores, se alinea con los
modelos mentales formados por los usuarios durante el uso real. Al ampliar las pruebas de usabilidad
con técnicas de mineria de procesos y andlisis estadistico, este capitulo responde directamente a
la RQ2, demostrando que dichos métodos pueden revelar desajustes entre modelos conceptuales
y modelos mentales y, por tanto, poner de manifiesto brechas de inclusividad en distintos niveles
de experiencia. Los resultados de este capitulo se publicaron en la 22° International Conference on
Perspectives in Business Informatics Research (BIR 2023) [73]. Asimismo, se ha preparado y enviado
un articulo a una revista para su revisién [200].

El Capitulo 4 ampli6é atin mds la perspectiva evaluativa para considerar las dindmicas colectivas
dentro de los ecosistemas de datos abiertos, con un enfoque en el Humanitarian OpenStreetMap
Team Tasking Manager. Aqui, las interacciones de los usuarios se trataron no solo como episodios
aislados, sino como parte de un patrén mas amplio de compromiso colaborativo y produccién de
conocimiento. Al analizar los perfiles de los colaboradores, los flujos de trabajo de las tareas y los
patrones de colaboracion, el capitulo da una respuesta directa a la RQ3, mostrando que la inteligencia
colectiva de los usuarios puede evaluarse sistematicamente a través de sus interacciones circulares
con los ecosistemas de datos abiertos. Los resultados destacan la participacion desigual, la divisién
adaptativa del trabajo y la coordinacién emergente, todo lo cual ilustra tanto las oportunidades como
los retos de sostener la inteligencia colectiva. Los hallazgos de este capitulo se publicaron en la revista
ACM Transactions on Computer-Human Interaction [201] y en la conferencia de la Association of
Geographic Information Laboratories in Europe (AGILE) 2024 [194].

En conjunto, estos capitulos trazan una trayectoria que va desde la evaluaciéon de sistemas
frente a especificaciones predefinidas, hasta la comprensién de cémo los usuarios interiorizan y
navegan dichos sistemas, y finalmente a la evaluaciéon de cémo las interfaces apoyan o dificultan
la resolucién colectiva de problemas. Cada paso no solo se construye sobre el anterior, sino que
también revela nuevas capas de interaccién y complejidad. Metodolégicamente, la tesis combina
pruebas estructuradas de software, modelado cognitivo y andlisis de comportamiento para ofrecer
un conjunto de herramientas de evaluacion integral. Conceptualmente, argumenta que los portales
de datos abiertos deben considerarse no solo como repositorios o herramientas, sino como entornos
interactivos que requieren evaluacién continua, adaptacién y gestion.

Los resultados de esta tesis deben considerarse a la luz de su validez interna y externa. La validez
interna se ha respaldado mediante un disefio de investigacion sistematico, que incluy6 el uso de marcos
de prueba consolidados, técnicas de mineria de procesos y experimentos de usabilidad estructurados
que garantizaron el rigor metodoldgico y la reproducibilidad. La validez externa se relaciona con
la transferibilidad de los métodos propuestos mds alld de los estudios de caso especificos. Si bien
el trabajo empirico se ha llevado a cabo en el ambito de los sistemas de informacién geografica,
particularmente el buscador geoespacial del IGN y el HOT Tasking Manager, las contribuciones

metodoldgicas son aplicables a otros ecosistemas de datos abiertos que enfrentan desafios similares.
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Al mismo tiempo, es importante reconocer las caracteristicas contextuales de los casos de estudio,
como los tipos de datos especificos del dominio y las practicas comunitarias, que pueden constituir
condiciones de frontera. Por ello, se recomienda que futuras investigaciones extiendan estos enfoques
a otros dominios con el fin de reforzar atin més la generalizacion de los resultados.

Las contribuciones de esta tesis no se limitan al desarrollo de métodos especificos o estudios
de caso, sino que también articulan una visién mds amplia: la evaluacion de interfaces debe ser
multidimensional y orientada a la sostenibilidad. Desde esta perspectiva, la funcionalidad, la usabilidad
y la inteligencia colectiva no son atributos aislados, sino componentes interdependientes de un
ecosistema de datos abiertos exitoso. Sistemas que no cumplen con los requisitos funcionales pueden
no llegar nunca a los usuarios; aquellos que descuidan la usabilidad pueden alejarlos; y aquellos
que ignoran las dindmicas grupales pueden no cumplir con las promesas de participacion, apertura e
innovacion.

Este proyecto de doctorado se desarrollé en el marco del proyecto “ODECO: Towards a Sus-
tainable Open Data ECOsystem”. ODECO fue una iniciativa de la red de formacion innovadora
Marie Sktodowska-Curie del programa Horizonte 2020 (H2020-MSCA-ITN-2020, acuerdo de sub-
vencién 955569), cuyo objetivo principal fue abordar los desafios actuales y futuros en la creacién
de ecosistemas de datos abiertos impulsados por los usuarios, circulares e inclusivos. Ademas de las
contribuciones originales presentadas en esta tesis, el proyecto brindé oportunidades de colaboracién
en diversos productos académicos y de divulgacién relacionados con ecosistemas de datos abiertos,
interfaces de usuario y experiencia de usuario. Entre los resultados relevantes se encuentra un estudio
sobre la participacién de usuarios en iniciativas de datos abiertos gubernamentales, cuyos hallazgos
fueron publicados en IEEE Access [202] y presentados en la 26th International Conference on Theory
and Practice of Digital Libraries (TPDL 2022) [203]. Asimismo, un articulo sobre anotacién temadtica
de datos abiertos ha sido preparado y enviado para su revisién [204]. Otros productos del proyecto
incluyen varios informes técnicos que abordan aspectos clave de los ecosistemas de datos abiertos,
como las necesidades de los usuarios, las contribuciones de usuarios de datos y proveedores no
gubernamentales, y estrategias para la sostenibilidad a largo plazo [7, 10, 13]. Las actividades de
difusién incluyeron contribuciones a foros como la XI Jornada de Jovenes Investigadores del I3A en
Espaiia (2022) [205], las XV Jornadas Ibéricas de Infraestructuras de Datos Espaciales en Espaiia
(2024) [206] y la conferencia State of the Map Europe en Polonia (2024) [207].

6.2 Trabajo en curso

Estamos ampliando nuestro andlisis de la inteligencia colectiva en el mapeo humanitario mediante
la incorporacién de una evaluacién objetiva de la calidad de los datos, un aspecto que permanecio
sin abordar en nuestro estudio anterior. Gran parte de la investigacién sobre informacidén geogrifica
generada por la multitud se ha centrado en la participacion, la motivacion y las dindmicas comunitarias,
mientras que las preguntas sobre la integridad de los productos espaciales finales han recibido menos

atencion sistemadtica. En particular, atin existe un conocimiento limitado sobre cémo los modelos
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emergentes de produccién basados en microtareas, como los utilizados de manera generalizada en
el mapeo humanitario, afectan la coherencia y la fiabilidad de los resultados [151]. Por el contrario,
los estudios que si abordan cuestiones de calidad suelen tratarlas de manera aislada respecto a los
sistemas sociotécnicos y a los flujos de trabajo que producen los datos, lo que dificulta vincular los
resultados de calidad con las decisiones de disefio y las practicas organizativas subyacentes [187].

Nuestro trabajo actual busca reducir esta brecha examinando explicitamente la relacién entre los
flujos de trabajo basados en microtareas y la calidad de los datos geograficos resultantes. Partimos de
la hipétesis de que la divisién del mapeo en microtareas estrechamente definidas, aunque eficaz para
movilizar a un gran nimero de voluntarios, puede afectar negativamente la emergencia de inteligencia
colectiva espacial. Cuando las contribuciones se fragmentan en multiples unidades pequefias, es mas
probable que aparezcan inconsistencias y problemas de integracion al recombinarse dichas unidades.
Problemas como discontinuidades en los limites de las tareas, duplicaciones de objetos mapeados o
niveles de detalle desiguales pueden comprometer tanto la coherencia interna de los datos como su
valor para la toma de decisiones en la preparacion y respuesta ante desastres.

Para explorar esta hipétesis, retomamos el caso de HOT-TM, una plataforma que ejemplifica
el modelo de microtareas en contextos humanitarios. Basdndonos en hallazgos previos sobre las
dimensiones conductuales y organizativas del mapeo, extendemos ahora el andlisis para examinar
como la estructura de las tareas y las interacciones de los colaboradores se traducen en resultados
medibles en los datos. Al analizar un conjunto amplio de proyectos completados, buscamos superar
observaciones localizadas y ofrecer un panorama sistemdtico de los problemas de integracién en
distintos escenarios de mapeo.

Metodol6gicamente, nuestro enfoque combina técnicas estadisticas espaciales con evaluaciones
basadas en expertos para lograr una visién equilibrada de la calidad. Las estadisticas espaciales
permiten detectar a gran escala patrones recurrentes de desalineacién o fragmentacidn, mientras que
la inspeccién visual de expertos aporta interpretacion contextual y validacion. Con esta estrategia
mixta, pretendemos (i) identificar las formas mds comunes de problemas de integraciéon que surgen
en el mapeo humanitario, (ii) desarrollar indicadores robustos que puedan medir dichos problemas
de manera consistente, (iii) evaluar la prevalencia de estos problemas en proyectos con diferentes
geografias y objetivos, y (iv) reflexionar sobre estrategias practicas para mitigarlos, tanto a nivel de
disefio de la plataforma como de gestién de proyectos.

La contribucién esperada de este trabajo en progreso es doble. En primer lugar, enriquece nuestra
comprensién de la inteligencia colectiva espacial al demostrar que la calidad de los datos no es
Unicamente un asunto técnico, sino también una propiedad del sistema sociotécnico a través del cual
se organizan las contribuciones. En segundo lugar, ofrece informacidn préctica para la comunidad de
mapeo humanitario al sefialar maneras en que el disefio de tareas, la orientacién a los colaboradores y
los mecanismos de integracion pueden adaptarse para producir datos més coherentes y confiables.
De este modo, esta investigacion busca informar tanto a la teoria como a la practica: por un lado,

avanzando en los estudios de inteligencia colectiva con un andlisis empirico de los retos de integracién



6.3 Trabajo futuro | 109

de datos, y por otro, proporcionando a los profesionales conocimiento para mejorar la sostenibilidad y

la utilidad de la informacion geogréfica generada de manera colaborativa.

6.3 Trabajo futuro

La investigacion futura sobre la evaluacién de interfaces de usuario en ecosistemas de datos abiertos
podria desarrollarse a partir de las lineas esbozadas a lo largo de los capitulos anteriores. En el
Capitulo 2, centrado en un marco de pruebas para motores de bisqueda geoespacial, se sugirié que
futuros trabajos extiendan la metodologia propuesta mediante estudios empiricos en condiciones
reales. Esto incluye un andlisis mds profundo de cémo las decisiones de disefio de interfaces afectan
la participacion sostenida de los usuarios, la confianza y la sostenibilidad del ecosistema. También
se requiere refinar las estrategias de prueba para adaptarse mejor a la naturaleza dindmica de las
plataformas de datos abiertos, que estan en constante evolucion.

El Capitulo 3, que aplicé pruebas de usabilidad y mineria de procesos al motor de bisqueda
desarrollado por el Instituto Geogréfico Nacional de Espafia, destacé el potencial de ampliar las
evaluaciones para incluir una mayor diversidad de tipos de usuarios y tareas de bisqueda. Futuros
estudios deberian explorar los patrones de interaccién de usuarios de distintos dominios y niveles de
experiencia para evaluar cémo varian los modelos mentales. La integracion de técnicas de andlisis del
comportamiento —como el seguimiento ocular o los registros de clics— también podria enriquecer la
comprension del comportamiento del usuario e informar disefios de interfaz mds adaptativos.

En el Capitulo 4, que abordoé las interfaces de usuario en plataformas de crowdsourcing como
HOT Tasking Manager, se recomendé ampliar el marco analitico a otras plataformas que dependen de
modelos basados en microtareas. Incorporar datos longitudinales podria ofrecer informacién sobre
las curvas de aprendizaje y los patrones de retencién de usuarios. Ademads, el trabajo futuro deberia
continuar desarrollando métricas objetivas de calidad que consideren la complejidad espacial, la
experiencia de los colaboradores y el disefio de tareas a nivel de plataforma. Estas métricas pueden
servir como mecanismos de retroalimentacién tanto para los gestores de plataformas como para los
colaboradores, mejorando asi la calidad del mapeo y la participacidn.

A partir de estas recomendaciones especificas, se pueden proponer varias lineas generales para
orientar futuras investigaciones sobre la evaluacion de interfaces en ecosistemas de datos abiertos.
Primero, los marcos de evaluacién deben ser multidimensionales, integrando métricas de usabilidad,
datos de comportamiento e indicadores de calidad de los datos para ofrecer una vision integral del
rendimiento de la interfaz. Segundo, los estudios futuros deberian priorizar evaluaciones longitu-
dinales y contextuales que capten la evolucién de la experiencia de usuario a lo largo del tiempo.
Tercero, se debe poner mayor énfasis en la inclusién, involucrando a una amplia gama de usuarios,
incluidos aquellos con conocimientos técnicos limitados y personas de comunidades subrepresentadas.
Cuarto, las evaluaciones deben vincular explicitamente las decisiones de disefio de interfaces con los
objetivos mds amplios del ecosistema, como la transparencia, la apertura y la gobernanza participa-

tiva. Finalmente, fomentar la reproducibilidad y la comparacién abierta mediante la publicacién de
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conjuntos de datos, protocolos y herramientas de prueba mejorard la comparabilidad e impacto de
futuras investigaciones.

En resumen, esta tesis subraya que la sostenibilidad de los ecosistemas de datos abiertos depende
no solo de la disponibilidad de datos, sino de la calidad de la interaccidn entre usuarios, sistemas y
—cada vez mas— agentes artificiales. Interfaces cuidadosamente disefiadas y evaluadas de manera

continua son clave para liberar todo el potencial social de las infraestructuras de datos abiertas e
inteligentes.
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TEST SCENARIOS FOR THE ACCEPTANCE TESTING OF USER INTERFACES
WRITTEN IN GHERKIN

This appendix presents two tables with the implementation details of the Gherkin scenarios used
for functionality testing through scenarios and usability testing through cognitive walkthroughs, as
described in Chapter 2.

Table 1 Test scenarios for the search feature written in Gherkin

Test scenario Status

Scenario: the user is able to search for resources typing text
Given the user is on the home page of the search engine
When the user performs a textual search for "Madrid”
Then search results are displayed

Passed

Scenario: the user is able to search for resources selecting a point on the map
Given the user is on the home page of the search engine
When the user searches for a point in the centre of the map
Then search results are displayed

Passed

Scenario: the user is able to search for resources drawing a geometry on the map
Given the user is on the home page of the search engine
When the user searches for a geometry in the centre of the map
Then search results are displayed

Passed

Scenario: the user is able to search for resources uploading a geometry file
Given the user is on the home page of the search engine
When the user loads the file "BTT0101 vivar del cid-burgos.gpx"
Then search results are displayed

Passed

Scenario: the user is able to search for resources typing a set of coordinates
Given the user is on the home page of the search engine
When the user types coordinate "3.40" "40.30"
Then search results are displayed

Passed

Scenario: the user is able search for resources typing a cadastral reference
Given the user is on the home page of the search engine
When the user enters the cadastral reference "9977715VK3797F"
Then search results are displayed

Passed
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Table 2 Cognitive walkthroughs written in Gherkin.

Test case Status # results*  Ex. Time
Scenario: Discover cartographic resources of the autonomous community of “Asturias”
Given the user is on the home page of the search engine T: 12,359
When the user performs a textual search for “Asturias” D: 112,308
Passed 39.433s
Then resources related to “Asturias”are displayed in the “A/” view P: 141
When the user selects one of the available resources
Then a full metadata record describing the resource is displayed in a new tab
Scenario: Download a trail file related to the search for the “Way of EI Cid”
Given the user is on the home page of the search engine
When the user performs a textual search for “Way of EI Cid” T: 562
Then resources related to “Way of EI Cid” are displayed in the “A//”view D: 12,165
Passed 50.610s
When the user selects one of the available resources P: 35
Then a full metadata sheet describing the resource is displayed in a new tab
When the user downloads one of the files available in the metadata record
Then the file is downloaded locally
Scenario: Buy the current map of the city of “Zoledo”
Given the user is on the home page of the search engine
When the user performs a textual search for “Toledo” T: 21,720
Then resources related to “ZToledo” are displayed in the “A//” view D: 116,708
Passed 48.223s
‘When the user selects one of the available resources P 192
Then a full metadata record describing the resource is displayed in a new tab
When the user buys one of the available resources in the metadata record
Then the selected product is added to the shopping cart
Scenario: Discover general cartographic resources of the region of “WMurcia” T: 17,911
Given the user is on the home page of the search engine D: 109,854
When the user performs a textual search for “Murcia” P: 139
Then resources related to “Murcia”are displayed in the “A/”view Passed  After filtering 44.140s
When the user selects the filter of “General Cartography” T: 456
Then only the resources related to “General Cartography” are displayed D: 3133
P: 136
Scenario: View the area of the “Sierra Nevada” National Park on the side map
Given the user is on the home page of the search engine T: 1,759
‘When the user performs a textual search for “Sierra Nevada” D: 22611
Then resources related to “Sierra Nevada”are displayed in the “A/l” view Passed P: 117 8959

When the user locates one of the available resources

Then the location of the resource is shown in the side map

*T (Total results), D (Downloads), P (Products)



A CLOSER LOOK AT THE MAPPING PROCESS

This appendix provides a more detailed analysis of the mapping process, examining the frequency
and duration of task states based on the specific project type.

Table 3 analyses the frequency of task states. Whereas the first column presents the absolute
frequency of each state across the entire dataset, the subsequent columns display the percentage of
task coverage across all projects, as well as within different difficulty and priority categories. A darker

tone indicates a higher coverage.

Frequency

of states TOTAL TASKS Difficulty Priority
Task state N " "
N=1,853,074 N=312,289 Easy Moderate Challenging Low Medium High Urgent
n=222,729 n=88,468 n=1,092 n=166,911 n=80,768 n=38,119 n=26,491

Locked for mapping 616,659 100 100 100 100 100 100 100 100
Locked for validation 379,266 100 100 100 100 100 100 100 100
Mapped 349,713 100 100 100 100 100 100 100 100
Validated 330,290 100 100 100 100 100 100 100 100
Split 70,612 14 10 21 54 10 9 20 43
Auto unlocked for mapping 62,632 9 8 12 15 7 5 12 33
Invalidated 29,334 6 5 9 17 4 4 10 23
Bad imagery 7,562 2 2 2 0 1 3 2 2
Auto unlocked for validation 3,863 1 1 1 0 1 1 1

Extended for mapping 3,143 0 0 0 1 0 0 0 0

Table 3 Task states according to frequency and case coverage

Overall, the results indicate that the most frequent state is LOCKED FOR MAPPING, where the
creation activity takes place, typically requiring an average of two cycles per task. The AUTO-
UNLOCKED FOR MAPPING state, which is also linked to map creation, appears in almost one tenth
of the tasks. The frequencies of states associated with decision-making at the end of the mapping
phase suggest that tasks are generally declared as MAPPED only once, while the option SPLIT is used
infrequently, and the BAD IMAGERY state is rarely selected by mappers. The average frequency of the
LOCKED FOR VALIDATION and VALIDATED states per task, combined with the low case coverage
of the INVALIDATED states (6.3%), indicates that the validation phase is generally straightforward.
Other states, such as AUTO-UNLOCKED FOR VALIDATION and EXTENDED FOR MAPPING, occur
only marginally, regardless of the type of project.

Table 4 expands on the duration of different states and transitions. Regarding the relative duration
of mapping versus validation, the top section of the table presents the median duration (in minutes) of
the LOCKED FOR MAPPING and LOCKED FOR VALIDATION states for the different project types.
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Difficulty Priority

TOTAL Easy Moderate Challenging Low Medium High Urgent

Locked for mapping (minutes) 2.1 2.0 29 1.6 2.5 29 4.8
Locked for validation (minutes) 4.1 2.8 1.8 4.0 43 4.9 3.8

% of total tasks where total validation time is 575 506 514 211 614 57.9 504 275
higher than total mapping time . . . . . . : .

Locked for mapping -> Locked for mapping (days) 1.0 1.1 0.8 - 0.8 1.7 1.5 0.2
Mapped -> Locked for validation (days) 13.2 - 3.2 3.8 - 6.8 3.8 4.7
Invalidated -> Unlocked for mapping (days) 1.0 1.4 0.6 - 1.0 1.8 0.8 0.4

Table 4 Median duration of task states and transitions (85% of most frequent traces)

Our observations show that as the difficulty of the project increases, the median time required
for mapping also increases, while the median time required for validation decreases. Furthermore,
as the priority level increases, the median duration of the LOCKED FOR MAPPING state increases,
while the LOCKED FOR VALIDATION state remains relatively stable. The middle section of the table
illustrates the percentage of tasks in which the total duration of the LOCKED FOR VALIDATION states
exceeds that of the LOCKED FOR MAPPING states. In just over half of the tasks (except for challenging
and urgent projects) the validation time exceeds the mapping time. In the case of easier projects, it
appears that validation activities go beyond mere verification, often taking on a greater burden of
correcting the work done during the mapping phase. Regarding the cost of waiting, the lower section
of the table shows the median waiting times between states, measured in days. The cost of waiting for
another LOCKED FOR MAPPING by deciding not to declare a task as MAPPED or INVALIDATED is
maximized for challenging projects and minimized for urgent projects. Meanwhile the waiting time
for a MAPPED task to move to the LOCKED FOR VALIDATION state is more pronounced in easy and

low priority project tasks and significantly reduced in other categories.
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