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Abstract
The many fields within environmental research have been on the path towards
open science and, most importantly, open data. With the increase in available
data, there are opportunities to apply data-driven and data-intensive methods,
including recent developments such as machine learning. However, the success
of applying machine learning depends significantly on the quality of the available
training data. The purpose of this thesis was to investigate the field of environmental
research in regards to current views, practices and communication of data quality
and to identify software engineering principles and practices that can form possible
recommendations to progress data quality in environmental research. This process
identified six challenges and proposed eight recommendations. The result shows
a great deal of effort towards open data, with the FAIR principles as the main
arbiter to achieve it. Most identified challenges are based on data quality handling,
communication, and difficulties in achieving open science. We found suitable software
engineering practices for four of the six challenges, with two key perspectives being
derived from open source software and requirements engineering practices. Our
results demonstrate that there is a willingness among environmental researchers
to investigate and adopt software engineering practices in environmental research.
Importantly, there is a broad agreement that open science is an improvement over to
previous methods, and the stated challenges and recommendations need to preserve
those advancements. The recommendations should be regarded as a first design
iteration of these recommendations, and they should be explored further in terms of
their applicability to different fields within environmental research.

Keywords: Software engineering, requirements engineering, data quality, environ-
mental research, open science, open data, data-intensive, big data, FAIR, thesis
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Glossary

Artificial intelligence (AI) The ability for a computer to perform tasks normally
associated with intelligence. Artificial intelligence is an umbrella term for
many related methods such as machine learning, machine reasoning, semantic
annotation, and others.

Big data Massive amounts of heteregeneous data, usually from multiple sources
which can be used for data-intensive or data-driven methods.

Citizen science Practices and methods that involve non-professionals to accomplish
general goals within scientific research, often related to collection and/or
analysis of data.

Data consumers Data consumers in the context of environmental research are any
stakeholder that make use of environmental data to achieve certain goals. These
stakeholders are not limited to environmental researchers but also includes
cooperation, policy makers, governmental institutions and as an extension the
public.

Data hosts Data hosts in the context of environmental research are stakeholders
that provide databases or repositories of environmental data. These include
smaller ones which may host data from their own project or big aggregators of
data with extensive review processes for data.

Data producers Data producers are stakeholder Data producers in the context of
environmental research are stakeholder that create or collect data, and process
it for later use. This can include researchers gathering data for a specific project
or monitoring efforts to contribute to long time series data.

Data quality Data quality reflects different quantifiable metrics or aspects relating
to the usability and usefulness of data.

Data-intensive Data-intensive applications Methods or practices which utilize or
necessitate large quantities of data for function or optimal results.

Environmental research A multidisciplinary field which includes many sciences,
such as: air pollution monitoring, atmospheric science, biology, climate research,
ecology, geology, oceanography [1].
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Glossary

FAIR A set of principles to achieve open data practices which include: Findability,
Accessability, Interoperability and Reusability [2].

Git An open source version control system to track changes of computer files in
an often shared and distributed environment. This is prevalent in software
development in order to enable collaborations and tracking changes as software
evolves over time.

Goal Question Metric (GQM) Goal-Questions-Metrics is a model that associ-
ated metrics to the goals they are meant to accomplish through questions.

Machine learning (ML) Various data-driven algorithms that can identify and
make use of patterns in large datasets.

Machine readability The ability of data to be used with minimal processing or
need for human interpretation, where a program can be run independently and
work across different sources and utilize a variety of concepts.

Metadata Information about the data which associates to provide additional un-
derstanding of the data such as defining different quality aspects, context of
the data collection process and other aspects that can be used such as dataset
structure.

Metrics Different kinds of measurements in order to measure performance and
quality. These are used to quantify and often compare different artifacts such
as data and its associated data quality.

Open science Open science principles aim to provide data openly, facilitating
greater amounts of data being available to anyone. Some benefits include
increasing transparency and ability to reuse data for different purposes to a
higher degree which also allows for further validation.

Requirements engineering (RE) A subfield of software engineering which stud-
ies the development of requirements which includes the process of eliciting,
documenting, analyzing, verifying, and validating requirements based on stake-
holder needs [3].

Software engineering (SE) The study of applying engineering, which encom-
passes development, operation, and maintenance, to software [4].

Stakeholders Stakeholders are people, organizations or other entities that have a
vested interest in work that is being done or product such as in a project.

Team science Practices that includes a diverse set of people from different fields,
with different expertise and perspectives, collaborating towards a common
scientific goal [5].
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1
Introduction

Environmental research encompasses a wide variety of sciences including ecology,
oceanography, climate change, and more [1].

In addition, most environmental research relies heavily on large amounts of often het-
erogeneous data, and for certain fields, such as climate change research as illustrated
by Easterbrook, the data is required to have an almost unprecedented temporal and
spatial width [6].

With improved technology and increased efforts in open science to share datasets,
the amount of data available to researchers has increased exponentially [7]. This has
created new opportunities for research, perhaps most clearly in the incredibly complex
climate models that accurately predict climate changes [6]. These insights can inform
policymakers about appropriate action in the fight against global warming [8].

Environmental data are often collected and curated for a specific project. However,
given the often high cost of data collection and the need for large datasets, researchers
need to reuse and combine environmental data with different data quality from other
projects [9]. Especially as new data-intensive and data-driven software approaches
such as artificial intelligence (AI) and machine learning (ML) become ever more viable,
the need for good quality data is increasingly important, and new skills are required
to effectively employ these approaches [10]. This has spurred the development of
additional data qualities and guidelines, such as the FAIR principles, to enable open
science where access to data is increased both among researchers but also processing
by computers through machine readability.

In addition, there are often many problems with contemporary data collection that
lead to various weaknesses in the datasets [11]. Datasets are often created to optimize
attributes such as accuracy in predictive models, but they often fail to account for
various biases encoded in the data. Vulnerabilities in datasets, such as biases, are
also often not clearly presented in open datasets, making it difficult for outside
researchers to properly use the data and trust the results they obtain [12].
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1. Introduction

In particular, methods have been developed within the field of software engineering
(SE) to improve not only the use of data-intensive research, but also the workflows
associated with data collection, use, and storage [10]. Those methods are for example
requirements engineering (RE) for ML [13], big data systems [14], and other practices
described in SWEBOK [15]. Some of these methods might be of use to be applied
to environmental research to improve workflow and increase data quality in their
data-intensive research.

As environmental research continues to use software to process large amounts of data,
it is reasonable to explore what techniques and practices can be brought over from
SE. When it comes to methods for data-intensive processes and applications there is
a continuous effort to take advantage of those opportunities, with climate research
being very successful in data-intensive modeling as noted by Easterbrook [6] On the
other hand, not all fields have the same history with data-intensive research, for
example, ecology in the last decade incorporated big data practices [16]. Thus there
is an opportunity to apply an SE perspective on environmental research, with a key
aspect of this thesis being data quality. In terms of dealing with data quality, the field
of RE is of particular interest as it provides a structured way of communicating needs
and responsibilities and ensuring that those requirements are met [15]. Especially as
new data-driven techniques such as ML change how some research is approached
with new requirements on data quality [13]

This paper investigates the current challenges in environmental research in regards
to data quality. Part of it includes investigating expectations and communication
of data quality requirements between data consumers and data producers, the two
main stakeholders of concern in this study. From this, potential recommendations
from SE will be explored that can improve data quality processes and techniques to
support data-intensive environmental research such as the application of ML.

2



2
Theory

This chapter provides an overview of work on data quality in environmental research,
particularly in the context of open data. Efforts in SE to handle big data and more
data-intensive practices are also presented. Furthermore, the purpose of the study
and the research questions to be answered are introduced.

2.1 Environmental Research, Big Data, and SE
Below, we introduce relevant concepts for environmental research, SE, and RE as
it relates to data quality in data-intensive research. The definitions for these terms
and concepts may differ between fields, but throughout this thesis we will use the
definitions detailed below.

Environmental Research as Data-Intensive Research
Environmental research is a multidisciplinary field which includes many sciences and
includes but is not limited to [1]:

• Air Pollution Monitoring

• Atmospheric Science

• Biology

• Climate Research

• Ecology

• Geology

• Oceanography

As mentioned by Edwards in A Vast Machine, the natural world is a highly complex
system and related research often spans large temporal and spatial scales, meaning
that many of these fields deal with large amounts of heterogeneous data [7]. Farley
et al. discuss how technological developments coupled with increased access to large
volumes of data, known as big data [14], have spurred a wider adoption of more
data-intensive applications in environmental research to harness the potential of the
data [16]. This includes efforts to collect data from institutions and companies, new
methods such as citizen science through increased availability of low-cost sensors,

3



2. Theory

efforts to standardize and share data in open science, and more. While these
developments have opened up new opportunities and increased the capabilities of
environmental research, they have also brought with them new challenges. Progress
has been made, but as Hampton et al. discuss, tackling such a large task still requires
further efforts, such as developing new computational skills within environmental
research [10]. In addition, Balbi et al. discuss how improvements in data sharing
and definition can increase the ability to reuse data [17], and Cheruvelil and Soranno
highlight the importance of collaboration across research fields in data-intensive
research [18].

Challenges With Big Data and Data Quality

Data-intensive applications refer to software or methods that require large amounts
of data [10], with methods such as complex climate models [6] or, more recently,
ML, which relies on a data-driven statistical approach to find patterns in data [13].
Paullada et al. highlight an important aspect, which is that data-intensive methods,
such as ML, require a shift in current data collection practices to increase performance
and reduce bias which ML is susceptible to [11]. This adjustment to data collection
methods is even more varied in the field of environmental research, as different fields
have different needs on both data and data quality, something that Easterbrook
exemplifies with forecasting data requiring timeliness in the weather data rather
than consistency while climate data is the reverse [6]. Data quality is the measure
for assessing the properties of the data, where there is a wide range of definitions.
For instance, Kahn et al. defined categories for data quality as information quality
dimensions, which include related information quality attributes [19]. Although
Kahn et al. use the term information quality, the term data quality is more common
among environmental researchers such as Mccord et al. and Nguyen et al. [5, 9]. For
the purpose of this thesis, these terms are interchangeable, and therefore the term
data quality will be used for the remainder of this thesis, but use the dimensions
and attributes defined by Kahn et al., as they were deemed to have an appropriate
level of granularity.

With the increased use of data-intensive applications combined with open science,
accessibility is not enough to promote reuse. Machine readability, where data formats
are easy for both humans and computers to use, has led to an increased focus
on interoperability and standards such as the FAIR principles [2]. This has been
important even in environmental research as Balbi et al. note that the increasing
amount of data available is beyond the scope of humans to go through it all, and
increasing interoperability and machine readability is key to making effective use of
the data [17] Important for data and data quality is the inclusion of metadata that
provides additional information about the data [10]. Furthermore, to quantify and
measure these data quality attributes, metrics are often used to assess and create
better requirements for what is expected of the data in terms of data quality. For
consistency, this paper will primarily use and refer to the list of information quality
dimensions defined by Kahn et al. [19], shown in table 2.1.
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2. Theory

Table 2.1: List of 16 data quality dimensions as defined by Kahn et al. [19].

Dimensions Definitions

Accessibility The extent to which information is
available, or easily and quickly retrievable.

Appropriate Amount
of Information

The extent to which the volume of
information is appropriate for the task at hand.

Believability The extent to which information is
regarded as trie and credible.

Completeness
The extent to which information is
not missing and is of sufficient breadth and
depth for the task at hand.

Concise Representation The extent to which information is
compactly represented.

Consistent Representation The extent to which information is
presented in the same format.

Ease of Manipulation The extent to which information is
easy to manipulate and apply to different tasks.

Free-of-Error The extent to which information is
correct and reliable.

Interpretability
The extent to which information is
in appropriate languages, symbols, and units,
and the definitions are clear.

Objectivity The extent to which information is
unbiased, unprejudiced, and impartial.

Relevancy The extent to which information is
applicable and helpful for the task at hand.

Reputation The extent to which information is
highly regarded in terms of its source or content.

Security The extent to which access to information is
restricted appropriately to maintain its security.

Timeliness The extent to which information is
sufficiently up-to-date for the task at hand.

Understandability The extent to which information is
easily comprehended.

Value-Added The extent to which information is
beneficial and provides advantages from its use.
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2. Theory

SE and RE in Big Data
SE is a field that focuses on processes surrounding the lifecycle of software, from
design, to development and maintenance, as detailed in SWEBOK [15]. While the
use of data-intensive research is not new to environmental research, especially climate
research [6], it is becoming more widely used, and as explained by Hampton et al.,
SE knowledge could be applied to facilitate such a transition [10]. Additionally, the
field of SE includes the field of RE, which contains elicitation, analysis, specification,
validation, and management of requirements throughout the software lifecycle [15].
In addition to being useful skills applicable to research, RE can promote further
clarity and communication of requirements for research. RE focuses on tailoring
requirements to relevant stakeholders, which are entities, people, or organizations
with a vested interest in the system or project. For example, in environmental
research, the main stakeholders are data producers who create and collect data, data
consumers who use data for analysis, and data hosts who store data. RE can be
particularly useful for understanding and adapting to emerging needs as research is
pivoting towards more data-intensive research, which differs from traditional research
as explained by Vogelsang and Borg [13].

2.2 Open Data Practices and Related Works
The following section will present related work for both environmental research and
SE as it relates to both open data practices and data-intensive techniques. This
includes how open data practices and data-intensive techniques fit into environmental
research and the current understanding of these methods in environmental research.
This will in turn set the context for how this thesis is positioned to contribute a
suitable SE perspective.

Data in Environmental Research
The relationship of environmental research to data has changed greatly, from quite
limited local or national affairs to global efforts both in the accumulation of knowledge
and in struggles such as climate change that span the globe, as investigated by both
Easterbrook and Edwards [6, 7]. Environmental research has always been a data-
intensive field in many respects, but the way in which the available data are used and
harnessed can vary greatly between research areas. Climate research, for example,
has been at the forefront of data-intensive applications, as evidenced by the advanced
climate models presented in Easterbrook’s Computing the Climate [6], that assess
and predict scenarios. These scenarios are in turn often used to guide policy, as
exemplified by a report on climate change by Lee et al. [8]. Meanwhile, other fields
such as ecology have recently been in the process of adopting big data practices, as
mentioned by Farley et al. [16]. This process does not only come with the technical
challenges requiring new skills explored by Hampton et al. [10], but also cultural
challenges, as discussed by McCord et al. [5], such as increased transparency of how
data quality is handled as the scale of research increases to a global scale rather
than small interpersonal research teams. In addition, in certain areas, such as in-situ
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2. Theory

marine data as highlighted by Nguyen et al., the amount of data available in open
datasets is growing while production remains very expensive, which presses the
importance of reuse to increase the value provided by the data [9].

Reuse of data can also be of particular importance for data-intensive methods such as
ML, due to the significant data needs, but reusability as a quality aspect is especially
important in such cases as careless reuse of data can be problematic from both a
technical and ethical standpoint, as discussed by Paullada et al. [11]. For while
technology and efforts toward open science have made data more available than
ever, change is not isolated to technical but also social challenges. Changes to think
globally and contribute to shared global knowledge infrastructure and challenges
accompanying it have caught observations from, for example, Hampton et al. to
urge for environmental research to adopt computational skills [10]. These challenges
are not isolated to individual research, but are aspects, as Cheruvelil and Soranno
point out, that take full advantage of open science, team science, and collaboration
between research fields [18]. Additionally, new skills will be needed as data-driven
methods, such as AI and ML, continue to advance which provides new possibilities
and capabilities to environmental research, as explained by Zhu et al. [20].

Rise of Open Science and International Standards
While Open Science has come a long way in establishing large open databases that
adhere to rigorous standards and procedures to ensure both quality and trust, there
is still room for improvement, as explored by Huber et al. [21]. For example, while
there are many high-quality databases, they often use different standards, making
it difficult to combine and synthesize data between them. Similarly, searching for
data between databases is another challenge as data continues to grow, making it
difficult to find and retrieve data for a specific purpose. These issues have spurred the
development and adoption of the FAIR guidelines (findable, accessible, interoperable,
and reusable), which are a key component of open science to not only make quality
data available, but to actually increase its use by making it easy to both find, access,
and use the data [2]. The increasing abundance of data is enabling data-driven
methods, such as ML, to thrive, but it is also increasing the need for data to be
machine-readable and interoperable to ensure that these methods can easily work
with the available data without extensive pre-processing, as discussed by Balbi et
al. [17].

Challenges With Data Quality in AI and ML
This increased use of big data has not come without its challenges, none more obvious
than the need for large amounts of high-quality data. Nguyen et al. have investigated
which data quality dimensions are important for data producers to consider, and
the types of pre-processing that can increase the value of the data, whether for ML
or reuse [9]. Sambasivan et al. underlined how data-driven methods require special
attention to not undervalue the importance of data quality, as such practices in AI
can cascade in the system with negative ramifications [12]. For example, Paullada
stressed that whether or not the data itself is of sufficient quality with documentation
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and metadata to even support scientific ventures with data-intensive applications has
to be confirmed, to avoid drawing misleading conclusions [11]. Amershi et al. also
clearly illustrate that traditional SE methods have needed to develop new processes
and techniques to incorporate data as a key pillar of software development [22].
Vogelsang and Borg explain how RE is one of the SE practices that has had to adapt
to the unpredictability of data-driven methods [13], which was important as RE
plays a key role in any successful and effective software project, as mentioned in
SWEBOK [15]. For example, data quality requirements will be important functional
requirements for the training data in ML, as the data determines the capabilities
of ML models. This includes new data quality requirements for data collection and
processing, both to fit the needs of ML and to increase the ability to combine datasets
from different sources to form bigger and more capable datasets for ML. The main
goal of RE is to reduce the ambiguity of requirements and use metrics, in this case,
data quality metrics, to quantify and create tangible requirements that can be both
validated and verified. Furthermore, these systems may run over long periods of time
and therefore need to adapt over time as improvements occur or changes in what is
being studied are made.

2.3 Purpose of the Study and Research Questions
In summary, the field of environmental research has made broad efforts to use big
data and ML [16], which has required a re-examination of how to deal with data
quality, with papers by Hampton et al. and McCord et al. discussing both the
technical and cultural changes that are necessitated by such a shift [5, 10]. These
papers mainly explore singular fields or different ways of using and incorporating ML
in environmental research with different frameworks and standards, but unfortunately
they are field specific and rarely universal. Additionally, explicit communication
of requirements is unclear in these papers. As environmental research increasingly
uses software tools [16], there is a potential to learn from RE to better meet and
share expectations of new ML processes and techniques to harness their power and
avoid their pitfalls [20]. While Easterbrook has argued from an SE perspective that
environmental research can use very advanced or even superior software techniques
compared to SE, we would like to look beyond the field of climate research and apply
an SE perspective on environmental research as a whole [6].

Environmental research is vast and many researchers have only recently adopted data-
intensive software, such as the efforts in ecology to adopt big data, and environmental
researchers like Hampton et al. have called for additional computational skills in
environmental research [10, 16]. Furthermore, as Easterbrook illustrates in his
book [6], SE studies in environmental research can lead to an exchange of ideas
in both directions and benefit both fields. To explore this, the following research
questions will be used and answered in this thesis:
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RQ1: What is the understanding of data requirements for data-intensive
models and software in environmental research from the perspective of
data producers and data consumers?
Data used in different contexts and by different practitioners have different demands
for quality. This question seeks to explore what those different demands are, and
to examine the underlying context that leads to these different demands to gain a
greater understanding of what creates the needs for data quality.

RQ2: What are the challenges of current methods for verifying and validat-
ing data quality for data-intensive models and software in environmental
research?
Quality requirements serve little purpose if they are not being met. Verifying that
the required data quality is reached, and validating that it has the desired effect is
necessary to make effective use of the planned requirements. This question seeks to
explore how this process is currently being approached by practitioners and what
they are doing to ensure data quality, as well as what parts of this process needs
improvements.

RQ3: What recommendations can we conclude based on approaches known
to software engineering, such as requirements engineering, to improve the
process of handling and managing data quality in environmental research?
There is a need for improvement with regards to how data quality is handled in
environmental research. Based on the findings of RQ1 and RQ2, this question is
aimed at exploring what processes and techniques can be borrowed from the SE field
to help with the process of communicating data quality and the needs thereof.
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3
Methods

This section outlines the methods used to answer the research questions. These
methods include interviews and a thematic analysis to understand data quality in
environmental research to answer RQ1 and RQ2. This is followed by a focus group
and literature review in SE to formulate recommendations and finally a survey to
validate and iterate the recommendations and challenges identified, in order to answer
RQ3. How these methods relate to each other and the research questions can also
be seen in figure 3.1.

Design 
Interview Guide

Select 
Participants

Conduct Pilot 
Interview

Conduct 
Interviews

Thematic 
Analysis

SE Literature Study 
Recommendation Background

Focus Group 
Recommendation Creation

Design Validation 
Survey

RQ1

RQ2

Send Out 
Validation Survey

RQ3Creating Final 
Recommendations

Initial Recommendation 
Creation

Revising 
Challenges

Conduct Pilot 
Survey

Validation 
Survey Analysis

Select Participants

1

2

3

4

Figure 3.1: Overview of Methodology. The numbers correspond to different methods
used. 1 = interview of data quality in environmental research, 2 = focus group and SE
literature study to create initial recommendations, 3 = validation survey for challenges
and recommendations, 4 = revision of challenges and final recommendations.
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3.1 Interview Study With Environmental Researchers
A field study, as described by Stol and Fitzgerald, was conducted in the form of an
interview study with the intention of creating a qualitative understanding of how
data quality is handled in practice. This includes workflows, practices, standards,
and difficulties that are currently encountered by environmental researchers [23].
This qualitative understanding provided preliminary answers to RQ1 and RQ2.

Table 3.1: A table of all eleven interviewees with a unique ID for each interviewee
and their associated role, research focus, and experience in environmental research.

ID Role Research Focus Experience*
P1 Data producer Ocean monitoring 7 years
P2 Data consumer Oceanography 20 years
P3 Data consumer Climate modelling 1-2 years
P4 Data producer Oceanography 7 years
P5 Data producer Ocean monitoring 21-22 years
P6 Data producer Air pollution monitoring 6-7 years
P7 Data producer Air pollution monitoring 28 years
P8 Data producer Oceanography 12-13 years
P9 Data consumer Marine environmental monitoring 14 years
P10 Data producer Environmental contaminants 15 years
P11 Data consumer Deposition from air pollution 2 years
* Years of experience in environmental research

The sampling procedure for the interviewees was conducted with a mix of purposeful
sampling as outlined by Suri [24], convenience sampling following the approach of
Sedgwick [25], and also snowball sampling as described by Naderifar et al. [26]. The
final sample can be seen in table 3.1. The IDs of the interviewees were randomly
allocated and do not reflect the order in which the interviews were conducted, to
ensure the interviewees’ anonymity. Known contacts were primarily recruited to be
interviewees, but these contacts were also asked for further potential interviewees
who were then recruited for the study. However, the purposeful part of the sampling
was ensured by defining criteria for who was asked to participate in the study. The
selected interviewees were all involved in, or worked closely with, environmental
research, and they were all part of our two main stakeholders: data producers
and data consumers. Though some interviewees had experience in both roles, all
participants could classify themselves as at least one of the stakeholders.

The interviews were primarily conducted virtually through Microsoft Teams, though
two of the interviews were conducted in person. To keep the interview format
consistent, each interview had an interviewer and a note-taker present, though
these roles were switched between each interview. All the interviews, including the
interviews in person, were also recorded and transcribed through Microsoft Teams
so that the interviews could be reviewed in detail after they had been conducted.
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The interview study was designed with a general interview guide approach as suggested
by Turner [27]. This entailed the preparation of an interview guide before the
interviews were conducted. The interview guide, which can be found in appendix A,
outlined a general structure of the interview and specific questions. However, the
interviewers were allowed to deviate from the guide and ask follow-up questions
as they deemed necessary during the interview. This method was used to create
a consistent structure between all the interviews, while also allowing for flexibility.
The interview guide also included a presentation that was used during the interview
to clarify the structure and some of the questions. The first interview also acted
as a pilot interview to verify the interview guide. As no major changes were made
to the interview guide after the pilot interview, the data collected during the pilot
interview was also used for the study.

The questions were divided into five categories:

1. Professional Background
The main aim of this category was to gain an understanding of who the
interviewee was and their personal history with environmental research. It
consisted of questions regarding the interviewee’s research focus, whether they
would classify themselves as a data consumer or a data producer, and whether
or not they had any experience working with ML or other data-intensive
applications.

2. Data Quality
This category brought the focus over to the interviewee’s opinions and experi-
ences in dealing with data quality and a few concepts that help to concretize
data quality. This category made use of a list of information quality dimensions,
referred to as data quality attributes in the interview guide as a more common
term, specified by Kahn et al. in the paper Information Quality Benchmarks:
Product and Service Performance to ask the interviewees which data quality
attributes they thought were the most and least important [19]. Questions
about what roles metrics and metadata take for ensuring data quality were
also placed in this category.

3. Communication
After questions relating to data quality, this category intended to investigate
the communication of different data quality needs between data consumers
and data producers. The majority of the questions in this category had two
versions: one to be asked to data consumers and another for data producers.
The interviewees did not always fit neatly into one of these roles, but in such
cases the perspective that most closely matched their experience was used. For
instance, an interviewee might have had experience as both a data consumer
and as a data producer, but in such a case the perspective they had the most
experience with, or the one they were mainly concerned with at the time of
the interview, could be used.

13



3. Methods

4. Data Standards and Directives
This category asked how the interviewees made use of data quality standards,
and what roles such standards have in ensuring data quality. Like the Commu-
nication category, this was asked in different ways to data consumers and data
producers, to ask for their specific perspective.

5. Open Science and the Reuse of Data
The final category explores open datasets and databases, bringing our third
stakeholder, data hosts more into focus. The questions were still angled for the
perspectives of either data consumers or data producers, as appropriate for the
interviewee, but they now focused more on how the interviewees interact with
open data, and what benefits and challenges that brings compared to working
with private datasets.

3.2 Thematic Analysis of the Interview Study
The data collected from the interviews were analyzed through the use of thematic
analysis as described by Braun and Clarke [28]. Thematic analysis was chosen as the
method of analysis due to its flexibility. The possibility to use it to find patterns of
experiences in qualitative data is what made it suitable for this study. Additionally,
thematic analysis is subjective, which is beneficial for this analysis as we want to
view the field of environmental research, that has been captured in the interviews,
through the perspective of software engineers. The freedom and flexibility that
comes with thematic analysis enabled us to do this, while still maintaining a rigorous
analysis through a structured iterative process. The collected data that was analyzed
was in the form of recordings of the interviews and transcriptions that had been
automatically generated through Microsoft Teams. The thematic analysis process
was divided into six phases:

1. Familiarization

2. Coding

3. Generating initial themes

4. Developing and reviewing themes

5. Refining, defining, and naming themes

6. Writing analysis

However, the analysis was not a linear process, but rather an iterative one. Some
phases were done multiple times, and earlier phases could always be revisited as
necessary.

Familiarization
The familiarization phase is about gaining an understanding of the data, both through
deep immersion and by examining the data critically [28]. An initial familiarization
had already been done during the interviews, as we collected the data ourselves.
Further familiarization was done through listening through the recordings and reading
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through the transcripts. This familiarization also coincided with manual correction
of the automatic transcripts, as they often had inaccuracies.

Coding
Once the data had been transcribed, the coding process began. The researchers first
created codes individually and then traded them with each other to review, verify,
and refine the codes. This was repeated so that each datapoint was reviewed at
least twice, and all codes were then reviewed with in depth discussions. The codes
were created manually, without the use of any particular qualitative data analysis
software. As the main purpose of the interview study was to gain an understanding
of the experiences and perspectives of environmental researchers, the coding process
focused more on being inductive rather than deductive, as the aim was to gain an
understanding of the interviewees’ responses [28]. Initially, the codes were mainly
semantic, but more latent codes were created during the later iterations of the coding
process.

Creating Themes
Once the coding process was deemed sufficiently completed, the theming process
was started. Much like the coding process, the theming was also done iteratively,
which is emphasised by Braun and Clarke as theming spans over three of their six
phases [28]. Initially, candidate themes were created in a wide scope to catch several
avenues of looking at the data. These themes were created by grouping the codes
by subject, and therefore also creating a better overview on what the interviews
as a whole mentioned about certain subjects. This helped to highlight both what
the interviewees in general agreed on, and where they had differing or conflicting
opinions. Some codes were also discarded at this stage, as they were not relevant to
the research questions. Key insights were then extracted from the clusters to create
the candidate themes.

A second grouping was then done with the candidate themes to further refine the
themes. This step provided a more holistic and clear overview of the candidate
themes and how they are connected. Like in the previous grouping, some candidate
themes were also discarded at this stage if they lacked depth, or were not relevant or
useful in answering the research questions. These new groupings were then further
refined to generate the final themes.

Writing and Formalizing Analysis
The final part of the analysis was to formalize and write up the findings. This
part of the process took the looser and more implicit thoughts, notes, and verbally
communicated ideas that lay behind the codes and themes and refined them into
the more explicit and formal results presented in section 4.1. This part had a large
overlap with the later stages of the theming process: much of the work to define and
refine the themes was done by detailing them in writing and thus putting them in
explicit terms.
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3.3 Recommendation Design and Validation
The creation of the recommendations involved two parts to answer RQ3: a literature
study in SE and a focus group with SE experts. The first step was to conduct a short
literature study to investigate if the themes, which represent identified challenges,
were also present in SE, and if so what measures had been taken to deal with them.

The second step of creating the recommendations was to hold a small focus group
with SE experts, described as a judgment study by Stol and Fitzgerald [23]. During
this focus group, the experts, two PhD students and a professor of SE, were presented
with the findings from the interviews, and approaches were discussed for solving
or amending the issues environmental research practitioners encounter. A set of
questions was created before the focus group to act as a guideline for potential
discussion points to aid the flow of the discussion. This focus group was based on
the design steps presented by Hevner and Chatterjee [29], though it was adapted
to be on a smaller scale, both due to limited access to SE experts and as this focus
group was not meant to create the recommendations by itself, but rather simply
generate ideas for them.

After the focus group, the literature study in SE was used to support the potential
recommendations identified during the focus group and to potentially find additional
recommendations. The literature study was also expanded upon to ensure that it
covered all the topics discussed during the focus group. The literature served the
purpose of both helping to refine the recommendations and to ground them in SE
practices.

Recommendation Validation Survey
Once the initial recommendations were completed, a survey was created to validate
the recommendations with environmental research practitioners. This form can
be found in appendix D. As the survey was a validation of the interview study
rather than broadly generalizing the findings, it was a continuation of the field
study [23]. The purpose of this survey was to verify how feasible environmental
research practitioners thought the recommendations were. The main concern was
whether they thought the recommendations would be helpful and beneficial to their
practices.

This survey was sent to both the interviewees and other contacts generated during
the snowball sampling of the interviews, as well as additional snowball sampling
done during the survey itself. Before the survey was sent to real respondents, a
Master student dealing with similar themes of data quality in environmental research
was used as a pilot respondent. The validation gained from the pilot respondent,
along with feedback received from the supervisor of the thesis, helped to refine the
survey into its final version. There were eleven respondents to the survey, with
an overrepresentation of the following three categories: people with multiple roles,
oceanographers, people with many years of experience, and previous interviewees.
The respondents are presented in table 3.2. The survey was sent to a total of 30
practitioners, giving it a respondent rate of roughly 36.7%.
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Table 3.2: All eleven survey respondents with a unique ID for each respondent and
related information on roles, fields, years of experience, and whether they participated
in the previous interview.

ID Role Field Experience* Interview
participant

R1 Data producer
Data host Oceanography 6-8 years Yes

R2 Data consumer Air pollution monitoring 3-5 years Yes

R3 Data producer Air pollution monitoring
Atmospheric science 9+ years Yes

R4 Data producer Oceanography
Climate research 9+ years Yes

R5 Data consumer Oceanography 1-2 years Yes

R6
Data producer
Data consumer
Data host

Oceanography
Climate research 6-8 years No

R7 Other**

Oceanography
Climate research
Ecology
Other

9+ years Yes

R8 Data producer
Data consumer

Oceanography
Meteorology
Climate research

9+ years Yes

R9 Data producer
Data consumer Air pollution monitoring 9+ years Yes

R10
Data producer
Data consumer
Data host

Oceanography 9+ years No

R11
Data producer
Data consumer
Data host

Oceanography 9+ years No

* Years of experience in environmental research
** Management role
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The survey was created and shared via Microsoft Form, with no login required to
complete the survey to minimize the barrier to respond. The survey was open for one
week with no time limit to complete the survey. The structure consisted of three parts:
personal background, challenges and recommendations, and concluding remarks. The
personal background included questions about roles, current environmental field, years
of experience, and whether they participated as a respondent in the previous interview
study. The challenges and recommendations where each presented individually to
evaluate whether the participants agreed or disagreed with the statements. The
concluding remarks were mainly for snowball sampling and whether they would like
to receive the results of the thesis via e-mail.

Each recommendation had descriptions of the observed challenge in environmental
research, background information on a similar aspect in SE, the recommendation
itself to solve the asserted challenge, and an example of the recommendation in
use. The challenges corresponded to the themes from the thematic analysis and
were evaluated separately to verify the extent to which participants agreed that the
challenge was a problem in environmental research.

This survey focused primarily on closed questions rather than open questions, as
its main purpose was to evaluate the already created recommendations rather than
to identify new ones [30], though it had the potential to do that as well. However,
the questions did allow for an open response, for example, if a respondent wanted
to comment on why they thought a particular recommendation would or would not
work well, but such responses were not mandatory.

Recommendation Analysis
To analyze the survey we used descriptive statistics in order to extract the key
insights from the results. According to Wienclaw, descriptive statistics can be
used to summarize the dispersion of the data in a distribution which is useful for
this survey [31]. Furthermore, due to the low number of responses, conventional
inferences using frequentist approaches from the data are not feasible and thus we
mainly describe the data, which is the purpose of descriptive statistics. Likert-scale
questions were analyzed specifically with different groups in mind in order to compare
responses and examine potential biases in the sample.

This included an analysis of the distribution of the survey respondents in terms of
their roles, fields, and levels of experience, as well as if they were part of the interview
study or not. Comparisons were made by dividing the respondents into groups,
such as data consumers and data producers. Likewise, bias in the results could be
investigated where a certain group was overrepresented in the data as it could be
compared to the remaining sample or other groups. However, not all groups could
be investigated in this way, as they were only represented by one or two respondents.
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The open questions were mainly used to allow respondents to evaluate and add
insights to our recommendations and themes. Of special interest were comments with
negative sentiment or aspects not outlined in the recommendations, even though
neutral or positive sentiment could also be highlighted if they provided additional
insights beyond agreement with the recommendation.

Recommendation Refinement
With the validation from the survey on the recommendations, a final refinement
iteration of the recommendations was conducted. This aimed to make final adjust-
ments to the recommendations to improve their feasibility, understandability, and
usefulness for environmental research. The survey provided insight into which parts
of the recommendations were well received, and should therefore be kept or further
emphasized, and which parts received more negative feedback and therefore needed
to be changed. The open questions also provided tangible ideas for improvements
that were incorporated into the recommendations. In short, the last step was to use
the results of the survey analysis to improve the recommendations and make them
more relevant to environmental research.
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4
Results

This chapter presents the results including the themes derived from the interview
study and recommendations based on the identified challenges. This includes the
initial recommendations based on the focus group and SE literature, as well as the
final recommendations based on the survey results, which are also detailed here.

4.1 Interview Themes
The analysis of the interviews resulted in six themes, labeled T1 to T6, where each
theme can be further divided into three subthemes, illustrated in figure 4.1. These
themes answer the research questions RQ1 and RQ2. Here we will describe each
theme and its subthemes.

Understanding 
and challenges of 
data quality in ER

T4: Open Data Disconnects 
Communication

T5: Opportunities and Risk 
With Open Data

T6: Balancing Breadth and 
Granularity in Standards

T1: Differences in Data 
Quality Handling and Needs

T2: Metrics Are a Double-​
Edged Sword

T3: Metadata Are Key to 
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communication of data 
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T6.1: Standards are great, 
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Figure 4.1: This diagram illustrates the themes and subthemes from the thematic
analysis. The themes are placed at the outer edges with associated subthemes on
the connected line.
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T1 Differences in Data Quality Handling and Needs
This theme concerns how researchers with different individual needs and background
may have different interpretations and understanding regarding the handling of data
quality. Figure 4.2 shows which data quality attributes the interviewees thought
were the most and least important. This figure highlights both the wide spread of
opinions, but also how some attributes that are seen as the most important by some
are seen as the least important by others, illustrating how perspectives can differ
greatly between practitioners. It should be noted that data quality attributes being
rated among the least important here does not mean that they are unimportant,
several interviewees mentioned that all the listed attributes were important, but
rather that those attributes are less prioritized.
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Figure 4.2: A graph of how data quality attributes were prioritized according to the
interviews, where the interviewees were asked which attributes they thought were the
three most important ones, and which they thought were the three least important
ones.
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T1.1 Priorities Differ Between Consumers and Producers

“So a researcher, pure researcher, have other goals and other inter-
ests than the monitoring community and the data the respective
community is uploading will be different.” - P1

The different data quality attributes that are prioritized in environmental
research data change from the point in time when data is collected to the
point in time when the data are used. This leads to different prioritizations
between data consumers and data producers as both their needs and their tasks
differ, which can be seen in figure 4.3. While the interviewees rarely expressed
any data quality attribute as unimportant, the relevancy of any attribute
varied depending on their role. For example, that ease of manipulation may
be less important to some data producers because it does not add additional
information about the data. On the other hand, it provides a useful utility that
may be critical for some data consumers to be able to use the data more easily.
Likewise, how data quality attributes are prioritized can also vary between
different data consumers depending on their field and experience, and similarly
between different data producers.
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Figure 4.3: A set of pie charts showing the opinions of data consumers and data
producers for what data quality attributes they thought were the most or least
important for their work.
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T1.2 Subjectivity in Handling Data Quality

“So that could be, that we found a problem and we were not following
their protocols because we felt we had a higher responsibility for the
data.” - P6

Along with different priorities, data quality is often handled in a subjective
manner. Stakeholders often have at least some room to use their own judgment
in what is and what is not good practice for handling data quality. This
leads to situations in which even colleagues at the same workplace might take
different stances on how certain aspects of data quality should be handled.
This is beneficial as it allows for freedom of individual judgment, but it can
also potentially be a risk to the consistency of the data quality.

T1.3 Different Interpretations and Understanding of Data Quality

“How do they interpret what we write? For example, what would if
we see some increased values but we know that it has been a forest
fire close by and we write that. Will the data users really get that
information and how will they use it?” - P6

Through the analysis, we also identified discrepancies between how different
practitioners interpret different aspects of data quality. The data quality
attributes from Kahn et al. that were used during the interviews were on a
more granular scale than many of our interviewees were using in their own
work [19], and instead they typically made use of principles such as the FAIR
guiding principles or various data quality standards [2]. What practitioners are
used to working with influences their perspective, meaning that when faced
with something they are not familiar or accustomed to, practitioners might
interpret the same thing in different ways.

T2 Metrics are a Double-Edged Sword
Our analysis of the interviews show that metrics for data quality in environmental
research have a clear and useful purpose as a measure to quantify data quality.
However, they can also create misleading goals by becoming a goal by themselves
and thus obscuring the actual purpose of the data collection.

T2.1 Metrics Allow a Description of Data Quality

“So for example, data can be flagged as bad or suspicious, and this is
extremely important for our data users to see the quality flags.” - P9

Metrics serve an important role of quantifying data quality, marking metrics
as being clearly important because they create a common language for how
data quality can be communicated. This common language is important as it
both allows data consumers to communicate what level of data quality they
need, and allows data producers to communicate the quality of the data they
produce.
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T2.2 Metrics to Validate Data and Social Impact

“OK, well for me [metrics are] important because I need to be able
to talk about what my scientific and societal impact is [...]” - P5

Metrics as a common language is also important to validate the data and the
impact it has on a societal level. Without clear metrics, it is hard to tell what
level of data quality to strive for, and it is also hard to tell if the data that are
produced meets the expectations that were set for them. Metrics also serve as
a measure of the work the data producers are doing, and as a way for them to
present their productivity. This measure of social impact through metrics is
an important evaluation of the usefulness and ethics of data collection, and
plays a key role in the continued funding of projects and monitoring programs.

T2.3 Metrics Can Create Misleading Goals

“[...] if you’re trying to metricized some things, you can end up
chasing a number that’s kind of detached from reality.” - P4

Even with the clear benefits and necessity of metrics, the analysis also indicated
that metrics can become problematic if they are used without care. Metrics
can give very clear goalposts of what is to be accomplished, but that can also
make it easy to neglect to verify what the benefits of those goalposts are, and
if they are useful. In such cases, the metrics themselves might become the goal,
and the knowledge or benefit that was to be reached can become obscured.

T3 Metadata are Key to Understandability
The analysis highlights that metadata is an incredibly important complement to
data and it is clear that metadata are prioritized and effort is oriented to create good
metadata. Some challenges have been highlighted, but to what extent they are being
resolved or remain a problem is not clear from the data collected from the interviews.

T3.1 Metadata is Crucial to Using the Data Correctly

“[...] you also have metadata protocols that you can download, and I
think that you can actually get a pretty good picture of what you
actually look at, but you have to take the time to do that, you can’t
just use the data [...]” - P8

There is widespread agreement among the interviewees that without metadata
it is difficult to make any use of data. That it includes crucial details needed in
order to analyze and process the data. One such aspect is describing context
which can be especially important for data errors and other irregularities.
Furthermore, metadata is the primary way to validate data, especially for data
consumers, and without appropriate metadata both trusting and using the
data becomes a far more costly task, or it may even become impossible.
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T3.2 Metadata Should Have as Much Focus as the Data Itself

“I would say I spent probably as much time on the metadata as on
the data itself when it comes to our processing.” - P4

The importance of metadata also means a lot of effort is put towards creating
good metadata. The general sentiment from the interviewees is that this can be
quite resource intensive, with one interviewee even mentioning that they spend
as much time on the metadata as they do on the data itself. The creation and
documentation of metadata is thus both time-consuming and costly, but these
are costs that are necessary for ensuring the usability of the data.

T3.3 Metadata Needs to Be Added Sooner or Later, It Cannot Be Ignored

“And I’ve just heard a project recently, someone went back into these
old archives and found a lot of new data that was just sitting there,
but then often does data not have the right metadata. There will
be hard to judge what has been done and so that comes with extra
work and that increase uncertainties.” - P2

The importance of metadata and associated cost also entails major conse-
quences if metadata creation is postponed. Interviewees who identified as data
consumers noted the difficulty in dealing with missing or lacking metadata,
especially with old or private data it can be difficult to find or contact the
source of the data. Likewise, most data producers in our interviews regarded
themselves as the most capable in understanding and handling their data as
they are a first-hand source of the data’s creation. That also means that the
ability to make use of and correctly verify the data decreases with time and
when producers are not involved.

T4 Open Data Disconnects Communication
While communication between data consumers and data producers varies, the senti-
ment from the interviewees is that communication in open science is not particularly
frequent. Therefore, expectations on data quality and responsibilities can vary
depending on the shared involvement and cooperation among data producers and
consumers.

T4.1 Hosts As Middlemen for Communication

“So although I do talk to some direct data users, a lot of my time
and effort is more talking to data aggregators and sort of organizers.”
- P4

As open science is increasingly embraced, data hosts have played an increasingly
important role as aggregators of data. This has resulted in less communica-
tion between data producers and data consumers, as most communication is
directed towards data hosts instead. Data hosts provide some communication
opportunities by increasing the findability of datasets and, therefore, also the
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associated data producers’ contact information. However, these communication
opportunities are often not taken advantage of.

T4.2 Explicit and Direct Communication Is Rare

“So if we think about researchers who are gonna use the data, we’re
not often in directly in contact with those.” - P10

“So when I am a data user I, depends, but most of the time I prefer
not to [communicate with producers]. So if I can, do avoid.” - P2

Direct communication between data consumers and data producers often
relies on social connections and the scope of a project. While avenues for
communication, such as e-mail, are almost always present, they are rarely used.
From our interviewees, seven out of eleven share the view that the expectations
for responsibilities between data consumers and producers are not always clear,
and rarely expressed explicitly. Similarly, whether these expectations are met
or not is equally obscure.

T4.3 Publications as Key Communication of Data Use

“[...] I would say we’re still using the very traditional scientific
channels of communication, which is you publish a paper, you give a
talk and that’s how people know what you’re doing, yeah.” - P4

Producers rarely receive direct feedback that their data is being used and
instead gain this knowledge when papers citing their data are published. For
data producers, this means the usefulness of their data is unknown until the
point of publication of papers. This, along with open science often involving
unknown data consumers, means that the time to receive feedback from data
usage can be quite slow. Many interviewees that are producers were asking
for more communication and feedback regarding data while many of the data
consumers we interviewed preferred the opposite: to have adequate data
quality that contains all necessary information, rather than having to rely on
communication.

T5 Opportunities and Risks With Open Data
Overall the adoption and growth of open science is highly prioritized within the field
of environmental research; a push that is mainly encouraged through standards like
FAIR. Despite these efforts, there are still many challenges with open data regardless
of the benefits of open science.

28



4. Results

T5.1 Open Data Enables Cooperation in Communities

“I think duplication of effort is a huge issue within our field where a
lot of people just are privately working on the same methods and
not communicating with each other where it would be much more
effective to collaborate openly on it.” - P4

All interviewees were hopeful in terms of increasing the amount of open data in
environmental research. It is clear that the interviewees understand and regard
the FAIR principles highly to enable and build towards open science. The
interviewees also emphasized that, in their experience, open data means that
the validation and use of data is increased, which is particularly important for
data that is expensive to produce. Furthermore, to decrease the risks of data
being produced and only used once, the interviewees express that environmental
research as a field wants to spur a culture where open data is always the norm.

T5.2 Openness and Cooperation vs. Competitive Edge and Publications

“There’s a lot of pushback by some countries against open data, but
that’s mainly because if they’re smaller research programs or from
countries with developing research programs, they don’t like the
idea that there are more established nations and researchers in those
nations who have more money and larger research teams come in
and use their data and publish it before they might get the chance
to.” - P5

While open data does enable many types of cooperation, there are some
challenges that can dissuade or delay researchers in making their data openly
available. Publications are an important part of building a reputation as a
researcher. If a researcher publishes their data early in a project, there is a fear
that other researchers can publish analyses before the original researcher. The
associated risk is that the original researcher would not gain the same credit for
their data as they would by publishing their paper before releasing their data.
This, in addition to publishing data being both laborious and time-consuming,
means open data can often be postponed or neglected. Additionally, not all
researchers have the resources to spend time on publishing data, and they
might need to prioritize other tasks that are more financially beneficial to
themselves.

T5.3 Sharing of Tools and Processes Not Part of Open Data Practice

“I think it’ll be great if people would upload their code and just
accept other people coming through it, finding errors, putting in pull
requests, and that being a good thing, not an embarrassing thing.” -
P4

One aspect that is rarely shared or included in metadata is the data processing
and tools used for data handling. Some interviewees mentioned that environ-
mental research does not have a culture of sharing software tools even though
it could be of great benefit to the community. They also mentioned that there

29



4. Results

is shame associated with sharing homemade tools. Environmental research is
a field that relies on publications where scrutiny can lead to a paper being
withdrawn, thus damaging a researcher’s reputation. This means there is a
perceived risk to reputation when sharing software tools that might contain
bugs or other problems. Additionally, motivating work that does not relate
to publishing papers can often be hard as it does not always lead to obvious
benefits.

T6 Balancing Breadth and Granularity in Standards
Data standards have a very important role in environmental research; they are key
to enabling various forms of cooperation for various practitioners, ranging from large
companies to lone researchers. They determine what quality data needs to have,
what metadata has to be associated with it, and what format the data is presented
in, all of which are important aspects for combining or comparing data. However, as
different practitioners have different needs and preferences, creating standards that
fit many practitioners can be difficult. On one hand, standards need to be flexible,
so that they can be used by many practitioners and cater to their needs. On the
other hand, they need to be firm, to enforce that their expectations and formats are
being met, that the standard is actually followed. Striking a balance between these
aspects is challenging, with a standard losing what makes it useful if it is too flexible,
and driving practitioners away if it is too strict.

T6.1 Standards Are Great, to a Point

“So they have like a broad definition of people from everywhere
should come and be able to take down the data, but that also means
that it’s less specific and it’s harder to, for example, just pull up out
our data and it’s hard to have the metadata in there because you’re
collecting data from all of Europe, for example, and you added it
into one database.” - P10

As environmental research encompasses a wide range of fields, there is an even
wider range of standards available. This can be problematic, as it can fragment
the openly available data, scattering it over many different databases. Finding
and combining data from many databases can be costly, and as such it is easier
to work with the data when it is consolidated into fewer, larger databases.
However, making broad standards that fit a wide variety of data can also
be problematic, as that stops them from fitting the more specific details of
the data. If databases become broad, they also become more shallow, and
vice-versa, so finding an appropriate balance is difficult.
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T6.2 Standards Impose Restrictive Limitations

“When reporting, make metadata myself and it is a standardized
way of reporting them that often doesn’t fit to the data I have. So
yeah, it’s a bit of a hen and egg situation now.” - P7

Standards can also be difficult to work with because while they both define
what is needed to fulfill them, they also limit what a data producer can
include when publishing their data. For instance, a data producer might collect
metadata that they think is important but that has no room in the standard,
and therefore cannot be included.

These limitations can lead data producers to either use other standards, to
deviate from the standards, or to host a separate version of their data on
their own database. While this allows them to share and include all data
and metadata, it also feeds into the problem of fragmenting the publicly
available data over many databases, rather than having it consolidated and
easily accessible.

T6.3 Consequences of Stakeholders’ Influence on Standards

“So I think you can’t always decide for yourself what is useful or not,
because it’s also it comes from a central place where hopefully smart
people have thought about different aspects. [...] we don’t have the
choice for the reporting that we do of our data to really question the
data standards.” - P10

While data hosts, consumers, and producers all have influence for how data
standards develop and change, data hosts have a larger role in deciding what
standards are actually used and how they are enforced. As aggregators of data,
data hosts are the arbiters of which data standards are used in practice, and
therefore also what data can be accessed. This is especially true when research
relies on big and reputable data hosts for their large datasets or long time
series datasets where there is rarely an equivalent alternative. However, this
can create friction when the standards that are used do not match the needs
of data consumers and data producers.

4.2 Initial Challenges and Recommendations
This section presents the initial challenge definitions and their associated recom-
mendations, as they were represented in the validation survey. The initial challenge
definitions are condensed versions of the themes presented in section 4.1, while the
initial recommendations are a processed result of the focus group. These initial
recommendations represent a preliminary answer to RQ3, and the final version
can be found in section 4.5. The main points and recommendations from the focus
group were extrapolated and compared against SE literature from the literature
study. This generated nine initial recommendations categorized in the different
themes of our analysis with no recommendations for the challenges Metadata are
Key to Understandability and Balancing Breadth and Granularity in Standards as
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initial recommendations for these themes were found in neither the focus group
nor the literature study. Some of these recommendations are mainly based on the
points highlighted in the focus group and common SE practices, like using GitHub,
while some have stronger associations with SE literature. Here the challenges and
their associated recommendations will be presented. Each recommendation also
has three additional components: a background about the practice or concept, a
reference to how the recommendation relates to SE literature, and an example of how
the recommendation might be used in environmental research. The SE Literature
components of the recommendations were not present in the validation survey, but
they are presented here to show how the recommendations connect to SE practices.

A Metrics are a Double-Edged Sword
Metrics play an important role in quantifying and communicating data quality.
However, metrics can also create arbitrary targets that may be abstract, unfounded,
or misleading, and therefore not represent useful goals.

Recommendation A-1
Environmental research should use the goal question metric (GQM) model to
avoid the pitfalls of metrics that create arbitrary targets, and to clarify the
context and purpose of metrics.

Background A-1 The GQM model is a method that connects metrics
to their intended purpose by contextualizing what they are meant to
accomplish.

SE Literature A-1 Basili et al. outline the GQM method as a more
purposeful way to define metrics with clear traces between metrics and
associated goals [32]. The method involves defining goals that are refined
into smaller questions that can be answered and quantified by means of
metrics.

Example A-1 Having a clearly stated goal allows a researcher to more
clearly determine the usefulness of a metric, allowing them to better use
the metric to fit their goal, rather than just finding a “good enough” value.

B Open Data Disconnects Communication
In open data which has been widely adopted in environmental research, data
hosts play an important role as data aggregators, which has resulted in more
communication being directed to data hosts at the expense of less communication
between data producers and data consumers.

Recommendation B-1
Data hosts should act as community platforms that encourage communica-
tion, collaboration, and feedback sharing between data producers and data
consumers.

Background B-1 GitHub is a platform where developers can store, share,
and collaborate on code for software projects [33]. It allows open source
developers to easily collaborate, track changes, manage projects, and
contribute to open source software.
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SE Literature B-1 Xiao et al. describes open source software as a so-
ciotechnical system where even without formal processes the participants
in open source software still interact to compute the necessary require-
ments and results for the project to succeed as a collaborative cognitive
system [34].

Example B-1 Data hosts such as Copernicus could provide communica-
tion channels similar to those on github, where each project has an open
discussion forum for questions and comments.

Recommendation B-2
Data producers should maintain a dataset after it is published. They can re-
spond to feedback and adapt the dataset, for example by adding new processing
or adding new metadata.

Background B-2 Requirements in software projects often change over
time as new features are added or a deeper understanding of the problem
is gained, requiring an iterative development approach, as reflected in
GitHub projects that evolve based on community feedback.

SE Literature B-2 Ramirez-Mora et al. emphasize the importance of
communication in solving problems in open source software, and the ability
to both find problems and work on them continuously with appropriate
communication to achieve both a good community and rapid resolution of
problems [35].

Example B-2 A data consumer might report a potential improvement
to the dataset or metadata, and a data producer could implement their
feedback into the dataset.

C Differences in Data Quality Handling and Needs
Data producers and data consumers have different priorities, needs, and expectations
for data quality, and their understanding of each other is hampered by infrequent
communication. Data consumers often want to use data in other contexts than those
it was originally produced for, while data producers are unaware of the additional
contexts in which their data is being used.

Recommendation C-1
Data producers should make use of elicitation techniques to identify data
consumers’ needs and expectations for data quality. This should preferably be
done through communication platforms provided by data hosts.

Background C-1 In requirements engineering elicitation is a set of
techniques used to identify stakeholder needs and expectations.

SE Literature C-1 SWEBOK outlines several techniques involved in
requirements engineering elicitation [15]. Linåker et al. highlight the
importance of understanding stakeholders to increase utility and usefulness
of the product being produced [36].
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Example C-1 Data producers could interview potential data consumers
at the beginning of a project, to identify their needs and expectations, so
that the dataset can be adapted to be suitable for use.

Recommendation C-2
Data hosts should make use of branching, where raw data is the main dataset,
and versions of the main dataset are available through branches that provide
data processed in different ways for different users.

Background C-2 Branching is a method used in version control systems,
such as GitHub, to create separate versions of the main program code
(branches) to work on new features or fixes without affecting the main
code [37].

SE Literature C-2 Branching can be done for a variety of reasons, as
exemplified by Loeliger [37]: to save different versions or ‘releases,’ to
encapsulate different phases of development, or to isolate changes to a
particular area or problem.

Example C-2 Figure 4.4 provides an example of branching.

Raw 
data

Quality 
flags

Data 
formatted to 

standard

Data 
formatted 

for ML

1. 2.

3.

4.

Figure 4.4: There is a main branch (1 and 2) with the raw data (1). Quality flags
are then added to mark the quality of the data points (2). The data is then split
into two branches: one to conform to a data standard (3) and one to be used for
machine learning (4).

D Opportunities and Risks With Open Data
Environmental research is increasingly adopting open data practices following the
FAIR principles. However, there remains a significant amount of data, tools, and
process information that are not yet widely shared even though they could be useful
in open data.
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Recommendation D-1
The environmental research community should better encourage the sharing of
data processing and analysis tools as open source code accompanying datasets,
including homemade or custom tools. This would increase access to tools,
improve the quality of tools through collaboration, and improve reproducibility,
in line with the FAIR guiding principles.

Background D-1 In open source software there are many different
programs and projects dedicated to solving small tasks and common
problems with programs that automate menial tasks.

SE Literature D-1 Lamprecht et al. goes over how the FAIR guiding
principles have mainly been applied to data, but how they should also be
applied to research software [38]. Also sharing research software in accor-
dance with the FAIR principles could help to increase the transparency of
how data has been created and processed, while also increasing reusability
and decreasing the need for duplicated work.

Example D-1 A data consumer with little coding experience needs to
reformat a large dataset, which would take a long time to do manually.
Instead, they find an openly shared tool to automate the process.

Recommendation D-2
Data producers should provide clear descriptions in their datasets about usage,
including the purpose of collection, contributors, intended use, and used open
data licenses, to ensure clarity and transparency for data consumers.

Background D-2 GitHub projects typically include a README file
that explains the purpose of the program, reducing the risk of misuse [39].
Essential details that are also reported which include usage, contributors,
and open source licenses.

SE Literature D-2 README files are essential to provide quick and
accessible information as highlighted by Wang et al. including how the
quality of README files can affect use or "popularity" of a project [40].

Example D-2 When a data consumer accesses a dataset, they can
explicitly read how the data was collected and in what ways they can use
it.

Recommendation D-3
Data producers should release raw data as soon as possible after data collection
as a preliminary release, and continually update with new processed versions.
This reduces the risk of duplicate data collection, both for projects with a
similar context to the original use case and for projects where the data is
applied in novel contexts.

Background D-3 Software projects often involve releasing early versions,
such as alpha or beta versions, similar to a first draft. This allows for
better collaboration, finding issues, and refinement before wider public
use.
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SE Literature D-3 The FAIR guiding principles promotes making all
data openly available [2]. Keeping data private for longer than strictly
necessary runs contrary to these principles, and prevents to data from
being utilized where it could bring benefits.

Example D-3 Someone in a research project discovers that a data pro-
ducer is currently working on a dataset that they could use, and contacts
them to collaborate on adapting the dataset for their own project.

Recommendation D-4
Open data should make use of version control to make the history of changes
to the data openly available. This would help to increase transparency and
traceability of how the data has been changed and processed over time.

Background D-4 In open source software, maintaining a version history
of the program makes it easy to track changes and to run previous versions
of the program, known as version control [37].

SE Literature D-4 In the book Version Control with Git [37], Loeliger
goes over the use and benefit of version control, specifically the version
control tool git.

Example D-4 A data producer is reusing a dataset for a new project, and
reviews the version history to investigate how the dataset was processed.

E Metadata are Key to Understandability
Metadata is crucial to the usefulness of data. A great deal of effort goes into creating
correct and sufficient metadata, and without it, the value of the data is significantly
reduced, or it may even become unusable.

F Balancing Breadth and Granularity in Standards
Standards are very important but there is a trade-off between broad general stan-
dards and the ability to use the collected data. If data standards are too general,
data may be averaged or finer details may be lost, and if they are too granular,
they are difficult to apply to a wide range of areas.

4.3 Validation Survey Results
The survey results provide an overview of the degree to which respondents agreed
with the presented challenges as well as the degree to how applicable and beneficial
they thought the recommendations would be to environmental research. Additionally,
many respondents also provided comments on why they answered as they did, helping
to highlight both what would not work in environmental research and why, and
what might be particularly useful in the recommendations. The responses to the
quantitative questions in the survey can be seen in figure 4.5. These insights resulted
in the refinement of the challenge definitions presented later in this section, and the
final recommendations presented in section 4.5.
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Sample: All Respondents Sample Size: 11

Figure 4.5: A Likert-scale plot showing how the respondents rated the challenges and
recommendations described in the survey. Items prefaced with ‘C’ are challenges,
while items prefaced with ‘R’ are recommendations. The sample size for this plot
was eleven, representing all respondents of the survey.

Many of the respondents selected multiple roles. Seven identified as data consumers,
eight as data producers, four as data hosts and one as neither of those roles. The
responses from the data producers and the data consumers can be seen separately
in figure 4.6, though as many of the respondents selected multiple roles there was
a large overlap between these two groups. The sample was judged as too small to
group these roles exclusively, as there were only three data producers who were not
also data consumers, and only two data consumers who were not data producers.
Similarly, a large portion of the respondents were in the field of oceanography, had
nine or more years of experience, and had participated in the interview study, making
the sample too small for groupings along those axes as well.
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Sample: Data Consumers Sample Size: 7

Sample: Data Producers Sample Size: 8

Figure 4.6: Two Likert-scale plots showing how the respondents who categorized
themselves as data producers and data consumers rated the challenges and recommen-
dations separately. Items prefaced with ‘C’ are challenges, while items prefaced with
‘R’ are recommendations. The sample size for this plot was seven data consumers,
this includes people identifying with multiple roles.
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Following is how the survey evaluated each challenge and its associated recommen-
dations:

A Metrics are a Double-Edged Sword
Challenge A and its recommendation were generally well received. Data
producers agreed more strongly with the challenge than data consumers, though
the difference is small. Recommendation A-1 was similarly well received, with
only one respondent disagreeing based on a concern that the GQM model could
still lead to metrics becoming useless goals.

B Open Data Disconnects Communication
Challenge B was the most disagreed point of the survey, with data producers
disagreeing more than data consumers. The comments in the survey indicate
that this disagreement comes from respondents who have not experienced this
challenge and respondents who have but think that the benefits of open data
outweigh the challenge. For instance, one respondent said:

“The benefit is the open data. If the data is not open you don’t know
what data is produced. Then I rather have this challenge.” - R4

The recommendations, in contrast, were generally well received, with Recom-
mendation B-2 being particularly well received among data consumers.

C Differences in Data Quality Handling and Needs
This challenge was generally well received, with data consumers agreeing more
strongly than data producers. There were some concerns about the increased
workload that Recommendation C-1 would bring for data producers, while
there was an alternative solution presented for Recommendation C-2, making
that recommendation obsolete.

D Opportunities and Risks With Open Data
Challenge D and its recommendations were one of the most strongly agreed
parts of the survey, with comments mainly highlighting difficulties that need to
be accounted for when following the recommendations. The exception to this
is Recommendation D3, where comments raised concerns for data being used
incorrectly or in ways that take credit away from the original data producer.
Recommendation D2 was the most strongly agreed point of the survey, with
all but two respondents reporting that they ‘completely agree.’

E Metadata are Key to Understandability
This was the most strongly agreed challenge, stressing the importance of
metadata in environmental research. R1 voiced the concern that how metadata
is used is not always known, highlighting the need for more communication
between stakeholders.

F Balancing Breadth and Granularity in Standards
All respondents agreed with this challenge, except for one who mentioned that
they did not understand it. One respondent brought up the idea of standards
with varying granularity as a potential solution to this challenge.
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4.4 Revised Challenge Definitions
The validation from the survey resulted in the finalization of the challenge definitions
which serve as the answer to RQ2, as presented here:

A Metrics are a Double-Edged Sword
Metrics play an important role in quantifying and communicating data quality.
However, metrics can also create arbitrary targets that may be abstract,
unfounded, or misleading, and therefore not represent useful goals. This is
sometimes referred to as Goodhart’s Law [41].

Motivation
This challenge was changed after the survey as all respondents agreed with
the description. However, a reference to Goodhart’s law was added to the
statement to clarify it further, as the law also describes the challenge.

B Open Data Changes Communication
Open data creates many opportunities for collaboration and communication.
However, open data introduces different conditions compared to traditional
research, and adapting to these conditions could make open data even more
beneficial. In open data, communication between data consumers and data
producers is often rare or infrequent, as most communication is instead directed
towards data hosts.

Motivation
This challenge definition was changed after the survey. The original
description of the challenge was unclear and gave the impression that
open data was a problem. The challenge definition was, therefore, changed
to better reflect open science as a new and improved environment that is
good for communication in general, and focus the challenge on a specific
issue where communication could be further improved. The name of the
challenge was similarly changed to reflect that there can be communication
challenges within open data, not that open data is a communication
challenge.

C Differences in Data Quality Handling and Needs
Data producers and data consumers have different priorities, needs, and expec-
tations for data quality, and their understanding of each other is hampered by
infrequent communication. Data consumers often want to use data in other
contexts than those it was originally produced for, while data producers are
unaware of the additional contexts in which their data is being used.

Motivation
This challenge remained unchanged after the survey. All respondents
agreed with the challenge description, and related comments from the
survey highlighted the need for proper handling and interaction between
data consumers and data producers.
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D Opportunities and Risks With Open Data
Environmental research is increasingly adopting open data practices following
the FAIR principles. However, there remains a significant amount of data,
tools, and process information that are not yet widely shared even though they
could be useful in open data.

Motivation
This challenge remained unchanged after the survey. All respondents
agreed with the challenge description. R7 commented on how funding,
which is “notoriously bad” for data management, has a big impact on what
can and cannot be done, which will be discussed further in section 5.1.

E Metadata are Key to Understandability
Metadata is crucial to the usefulness of data. A great deal of effort goes into
creating correct and sufficient metadata, and without it, the value of the data
is significantly reduced, or it may even become unusable.

Motivation
This challenge remained unchanged after the survey. All respondents
agreed with the challenge, as did the comments related to it.

F Balancing Breadth and Granularity in Standards
Standards are very important but there is a trade-off between broad general
standards and the ability to use the collected data. If data standards are too
general, data may be averaged or finer details may be lost, and if they are too
granular, they are difficult to apply to a wide range of areas.

Motivation
This challenge remained unchanged after the survey. Most respondents
agreed with the challenge, with R1 noting the universality of the problem
and R11 bringing up possible ways to address it, which are discussed
further in section 5.2.

4.5 Final Recommendations
This section presents the final recommendations for the challenges described in the
previous section, along with motivation for why they were either changed or kept as
they were based on the insights for the validation survey. These final recommendations
are the answer to RQ3. Despite being largely well received, Recommendation C-2:
Branching Datasets was removed as the survey highlighted an existing solution
already present in environmental research, which will be discussed in section 5.2.

Recommendation A-1: GQM model for Metrics
Environmental research should use the GQM model to avoid the pitfalls of
metrics that create arbitrary targets and to clarify the context and purpose of
metrics.
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Motivation
This recommendation was kept unchanged from the initial recommenda-
tions. There were no significant comments against the recommendation,
only one concern from R1 that GQMs would just work as any other metric,
which will be discussed in section 5.2.

Recommendation B-1: Data Hosts as Community Platforms
Data hosts should act as community platforms that encourage communication,
collaboration, and feedback sharing between data producers and data consumers.
This could enable more frequent and open discussions about datasets and
increase transparency compared to potential private conversations via e-mails.
Large data hosts have a unique opportunity to link this communication to
datasets.

Motivation
This recommendation was changed from the initial recommendations.
While most respondents agreed with the recommendation, a comment
from R11 highlighted that arguments for how the recommendation can
add value were missing. The recommendation was changed to emphasize
the opportunity for frequent open discussion with data hosts as the most
appropriate facilitator.

Recommendation B-2: Dataset Feedback Through Data Maintainers
Data producers should maintain open datasets after it is published. This could
enable better response to feedback, whether data quality feedback such as
reporting data issues, or adding new value by responding to improvements to
the dataset such as alternative processing and adding new metadata.

Motivation
Most respondents agreed with this recommendation, but it was changed to
further emphasize that it should be applied to open datasets as commented
on by R7, and that it should connect to a feedback cycle as emphasized
by R11.

Recommendation C-1: Elicitation of Stakeholder Needs
When producing data, elicitation techniques should be used by data producers
to identify the needs and expectations for data quality of data consumers,
including external stakeholders. This can increase both the usefulness and
overall quality of the data, but also the ability to reuse the data by providing
producers with information on how their data/metadata are being used.

Motivation
This recommendation was rephrased to further highlight how elicitation
techniques could increase both the usefulness of the data and its reusabil-
ity. R7 commented on how this recommendation might be difficult or
impossible to follow due to the required time and costs, but in section 5.2
we will argue that the benefits of identifying stakeholder needs outweigh
the costs.
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Recommendation D-1: Share Tools Openly
The environmental research community should better encourage the sharing of
data processing and analysis tools as open source code accompanying datasets,
including homemade or custom tools. This would increase access to tools,
improve the quality of tools through collaboration, and improve reproducibility,
in line with the FAIR guiding principles.

Motivation
As this recommendation received a very high level of agreement, it was
kept unchanged. However, section 5.2 will discuss a few prerequisites that
were mentioned by R1, R2, and R7, which would help this recommendation
be applicable to a wider range of researchers.

Recommendation D-2: READMEs for Data
Data producers should provide clear descriptions in their datasets about usage,
including the purpose of collection, contributors, intended use, and used open
data licenses, to ensure clarity and transparency for data consumers.

Motivation
This recommendation was kept unchanged as it received near-complete
agreement from the survey respondents.

Recommendation D-3: Release Raw Data Early
Data producers should release raw data as soon as possible after data collection
as a preliminary release, and continually update with new processed versions.
This reduces the risk of duplicate data collection, both for projects with a
similar context to the original use case and for projects where the data is
applied in novel contexts.

Motivation
This recommendation was kept unchanged due to the high level of agree-
ment from the survey respondents. Section 5.2 will discuss some of the
difficulties in following this recommendation, and what larger changes to
both policies and culture might be needed to enable more data producers
to follow this recommendation.

Recommendation D-4: Version Control for Open Data
Open data should make use of version control to make the history of changes
to the data openly available. This would help to increase transparency and
traceability of how the data has been changed and processed over time.

Motivation
As this recommendation received a high level of agreement from the
respondents and a very low level of disagreement, it was kept unchanged
from the initial version. R11 also mentioned that some data hosts already
make use of version control, but that this is rarely open for external users.
Section 5.2 will also go over an alternative solution mentioned by R1, that
some data hosts already make use of.
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This chapter will discuss the results and their implications in more detail. This will
include further discussions on the validation of both the challenges and recommenda-
tions, but also on how they can be interpreted and developed further. Additionally,
aspects that SE can learn from environmental research will be discussed, as well as
threats to validity. Finally, the research questions will be answered.

5.1 Challenges Around Data Quality in Environ-
mental Research

Based on the analysis of the interview and survey results, it is clear the environmental
research community has made great efforts to adopt open science, with much success.
While there are still challenges and cultural changes that need to be addressed,
there is widespread agreement that open science is a net positive, as highlighted in
the survey results for Challenge B Open Data Changes Communication, and that
everyone in the field should follow the FAIR principles, as reflected in the interview
results. These aspects reflect the type of challenges found in the results, which are
best represented by Challenge D Opportunities and Risks With Open Data, and
emphasize the need for all recommendations to be adjusted to fit within open science
and open data practices.

In general, all of the challenges are related to each other. The main goal or challenge
in focus is Challenge D, as it concerns how best to take advantage of the many
opportunities of open data and negate its consequences. This has spurred the
increased availability of data and big datasets that, as explained by Balbi et al. [17],
are beyond the scope of any individual researcher to understand without both
metrics and metadata that describe or include key aspects about the data. These
are represented by Challenge A Metrics are a Double-Edged Sword and Challenge
E Metadata are Key to Understandability, respectively. In order to improve both
the quality and the consistency of metrics and metadata, it is important that data
quality handling is consistent, and that standards are widely used and meet the
different needs of the field. Edwards describes standards as a lubricant, reducing
friction in data collection and communication [7]. These requirements are represented
by Challenge C Differences in Data Quality Handling and Needs and Challenge F
Balancing Breadth and Granularity in Standards, respectively.
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While many of these challenges can be dealt with individually, from an SE perspective,
one key aspect is missing: communication. In order to provide useful metrics,
metadata, and standards, there must first be a clear understanding of the needs
of different stakeholders, a practice that is central to requirements engineering as
explained in SWEBOK [15]. The best way to create such an understanding is, of
course, by communicating with the stakeholders. Such communication does, of
course, exist in environmental research, though the form it takes differs compared to
SE due to the fields’ unique needs and norms.

Agile development, which is a common and popular workflow in SE, makes heavy use
of work that involves many iterations that requires frequent communication to avoid
misunderstandings and faulty requirements [42]. This naturally leads to different
priorities than environmental research that relies on long time series data to enable
comparisons, for example climate research that Edwards explains needs 100 years or
more of data [7]. This was clearly illustrated in the comments from the survey for
Challenge B and its recommendations: Recommendation B-1 and Recommendation
B-2. Challenge B illustrates that, unlike SE, environmental research needs more
deliberate actions for change, as careless changes can break the consistency needed
for long time series. This means that for a change to occur, the change must add
enough value over current practices to justify updating those practices. How big of
a problem Challenge B is, and to what extent the recommendations can solve it,
is not clearly known in this thesis, as statistical inference could not be performed.
However, from an SE perspective, it is clear that frequent open discussions including
all stakeholders regarding data would be a clear improvement over infrequent and
private e-mails.

On the other hand, our interviews indicate that not only is communication infrequent,
but that data quality expectations are not always met, responsibilities on data quality
are rarely communicated, and it is still an uncommon practice to share tools. This
means that despite the disagreement with Challenge B in our validation survey, we
still think there is value to continue investigating the matter and how it can be
applied in the most appropriate way for environmental research. It is important to
understand that the recommendations are not end goals, but merely a starting point
from an SE perspective to be included in the progression of the field of environmental
research.

Lastly, in addition to the challenges outlined in section 4.4, both the interviews and
the survey analysis emphasized the effect of funding as a factor in research. This
includes the reliance on funding in order to both collect data and also to release it
openly, which requires extra resources. Any additional data, quality improvements,
or analysis of stakeholders require more resources, which are not always available.
The funding aspect was not dealt with in the challenges as it was not considered to
be related to a research problem, as it is a political one instead. While this thesis
cannot affect such decisions directly, we can highlight the potential value of certain
efforts as worthwhile or encourage further investigation to more efficiently adopt
potentially helpful practices borrowed from SE.
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5.2 Recommendation Considerations and Imple-
mentations

The discussion of the recommendations in this section responds to some of the issues
and questions highlighted in the survey results. This reasoning was the basis for our
final recommendations. The section also discusses how some of the recommendations
can be interpreted and potentially implemented in environmental research. In the
survey, R11 provided a potential recommendation for Challenge F Balancing Breadth
and Granularity in Standards. The solution discussed standards that could cover
varying levels of granularity, but this was not included in our final recommendations
as it was not based on SE practices and was not expressed or explored by any other
respondent. While many of these recommendations do not focus directly on data
consumers, this does not negate the need for data consumer involvement as they
have a responsibility to express their data needs and use datasets responsibly.

Recommendation A-1: GQM Model for Metrics
In the survey, one respondent asked:

“Isn’t a GQM metric just another metric that ceases to be a useful
measure once it has become a target?” - R1

Of course, that could be the case; a researcher could focus on only the metric
part of the GQM model, in which case it could cease to be useful in line with
Goodhart’s law [41]. However, the strength of the GQM model is that it is
goal-oriented. In addition to using metrics, the GQM model also provides the
questions those metrics are intended to answer and the goal those answers are
meant to lead to. This added context allows practitioners to evaluate whether
what they are doing is relevant; do the metrics help to answer the questions,
and do the answers help the goal? If they do not, then the questions and
metrics should be changed to better align with the goal. The GQM model
does not provide automatic protection against Goodhart’s law, as practitioners
must make this evaluation to ensure the usefulness of their metrics, but the
model does help to provide them with the context necessary to do so and to
guide the work toward the goal it is intended to achieve.

Recommendation B-1: Data Hosts as Community Platforms
Data hosts are central to open data as they are the ones who aggregate the
data. This gives them a unique opportunity to act as community platforms,
as they are already who data consumers and data producers go to for their
data. Currently, data hosts often provide contact details, such as e-mail
addresses, to enable communication. However, we argue that a platform that
enables open discussions would be an improvement from this, as it would help
to increase transparency and encourage the participation of many different
practitioners. These open discussions could allow more community engagement
with asynchronous communication and feedback, in contrast to private e-mail
conversations which are typically the form this communication takes currently,
that do not engage or allow for the participation of anyone other than the
individuals holding the conversation.
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Recommendation B-2: Dataset Feedback through Data Maintainers
In SE, there are often unexpected issues that are only discovered after a product
is finished and released to the final customers. Therefore maintaining software,
at least for a period of time after the project is completed, is important. Given
the sentiment from the interviews that many data producers are unaware of
how much their datasets are used and if they are used correctly, we think that
dataset maintainers could encourage such communication. While e-mails can
be great for reporting errors, they do not guarantee answers for other kinds
of feedback. Some examples of other feedback might be general questions or
suggestions for making the datasets more usable, such as tweaks to processing
or formatting to increase compatibility with certain applications. This can be
particularly useful as certain aspects are best handled by the data producers
as they often have intrinsic knowledge of the data from when it was produced.

Recommendation C-1: Elicitation of Stakeholder Needs
This recommendation can be difficult to follow, as it suggests a significant task
that can be both costly and time-consuming, in addition to the existing data
collection process.

“[...] it seems completely unrealistic for data producers to undertake
this level of work before collecting their data. Most research projects
have a short life-span and researchers are busy enough just to do the
research [...]” - R7

Nevertheless, we argue that the benefits of stakeholder elicitation, such as
enabling reuse, outweigh these difficulties. A different respondent explained
the issue clearly:

“Problem is that as a data producer you often don’t know who and
for what they will use your data in the future” - R9

Elicitation techniques could help data producers to solve this problem and
gain an understanding of who would use their data and how. This would help
improve the quality of the data for its primary use case and its potential for
reuse, which is an important aspect of the FAIR guiding principles. While not
all data producers may have the time and resources to spend on elicitation,
we would encourage those that do to elicit the needs of those who would use
their data. We can compare this to private data, where datasets are often only
used once and then forgotten in a hard drive, whereas open science makes that
data available to more people. Similarly, elicitation techniques can increase
the availability of data by making datasets useful to more researchers and
applicable to more applications. Given that interoperability and reusability
are key pillars of FAIR, it is important to consider external stakeholders and
different applications in order to thoroughly follow the FAIR principles and
ensure the openness of data.

48



5. Discussion

Recommendation C-2: Branching Datasets
This recommendation was removed, not because it is not useful to have different
versions of the data available, but because there is already an existing solution
used by some data hosts in environmental research, as presented by one of the
respondents:

“Better to use dynamic data serving platforms e.g. ERDDAP, Xpub-
lish, Thredds, that dynamically fulfill user data requests based on
one, well structured, data product. Host one version, be ready to
serve many formats” - R1

Therefore, instead of applying SE concepts, we would encourage data hosts to
use this existing method of adapting data to the different needs of different
researchers.

Recommendation D-1: Share Tools Openly
Sharing software tools, in this context to analyse and process environmental
data, is an efficient way to reduce unnecessary work, but one concern that was
commented on by the survey respondents is how useful tools would be found
and evaluated. This is a particular concern for practitioners with little to no
coding experience, who therefore have no way to evaluate the tools on their
own. Systems for rating and reviewing tools would be necessary to make it
easy for researchers to find useful and relevant tools. Even so, those with no
previous coding experience will often be unable to make use of many of the
tools that would be shared in this way.

A cultural shift to include more software development in environmental research
educations, as discussed by Hampton et al. [10], would be necessary to enable a
wider range of researchers to follow this recommendation, but even without such
a shift, this recommendation can still help those who do have the knowledge
to use shared software tools. Such a cultural shift, along with the FAIR
principle accessibility, could further encourage those who develop software tools
to include guides to make the tools easier to use for researchers with little or
no software experience. Additionally, sharing software tools can also create
opportunities for community-based feedback that can lead to improvements in
the tools. This kind of improvement is something that open source software
development clearly exemplifies, and it can lead to tools that are more useful
both to the people who created them and to other researchers who want to use
them.

Recommendation D-2: READMEs for Data
In the survey, several respondents made a connection between a README file
and metadata. However, we would differentiate between the two. Metadata
is information about each datapoint, such as where, when, and how it was
collected, whereas we would categorize a README as information about the
dataset: who collected it, how it can be used, and so on. A README file is
also a format that is easy to standardize, which can be beneficial in ensuring
that the required information is covered in an appropriate way. However, this
separation is not necessarily an important one. One respondent commented:
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“A separate file might not be the best way to do it, I’d rather have
this information together with the data in the same file.” - R11

The specific format is not the key part of this recommendation; what is
important is that information about the dataset and how it should be used
is easily available to those who wish to use it. In open source software, the
README files act as an entry point that is accessible, easy to read, and provide
first-glance information. We think this could be applicable to environmental
research, regardless of the exact implementation and format.

Recommendation D-3: Release Raw Data Early
Releasing raw data early is beneficial for open science as it allows external
stakeholders to provide feedback to the data producers before the data collection
process is finalized, and in that way helps to make the data more useful. In
addition, it can also help to inform other data producers about the work
currently being conducted, which can influence the work they will do themselves.
For example, a data producer might avoid collecting a certain type of data from
a specific location if a different data producer has already collected that data,
and in that way avoid duplicating work, but this is not a decision they can make
if they are not aware of the other data producer’s work. If the data is released
early, efforts can instead be focused on more useful work or collaboration. Raw
data released early also has to be clearly marked as unfinished, as it may not
have been verified or validated yet and is therefore not suitable for use. Even
so, the opportunities for feedback and openness make it useful to release the
data early.

One hurdle to this recommendation, identified in both the interviews and
the survey, was that releasing data early could be unfair to the original data
producer, as research groups that are larger or have more resources may be able
to analyze and use the data before the original data producer can, and might in
that way claim credit for the data. The interviews highlighted that publishing
papers with associated data plays a key role in building a researcher’s reputation.
Therefore, data producers might wait to publish their data to prevent others
from using it before them, but this goes against open data principles such as
the FAIR principles. Therefore, this requirement might require a cultural shift
in environmental research, supported by policy changes, to make it feasible for
a wider range of data producers to follow this recommendation.

Recommendation D-4: Version Control for Open Data
In the survey, R11 mentioned that some data hosts already use version control,
but only for internal use. Having version control at all is a good sign, though
making the different versions publicly available would both enable more use
cases and increase transparency. However, as datasets are often very large,
storing multiple versions of them can require a lot of resources. To alleviate
this problem, R1 suggested the possibility of having only one version of the
data and making use of version controlled scripts to transform the data into
different versions. This method would require less storage space and therefore
be more resource efficient, but it would also lose the traceability provided by a
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version history of the data. These scripts could be run on the data host’s end,
and convert the data for researchers to download. However, if the scripts are
instead designed to be downloaded by researchers, this may create an additional
barrier to using the data, and clear instructions on how to use the scripts may
be needed. These are trade-offs that data hosts can consider if they wish to
follow this recommendation.

5.3 Future Work
An important aspect to understand for this thesis is that the recommendations should
be considered a first iteration in a design process. In SE, it would be considered a
prototype where we have performed an analysis of the problem, created an initial
design, received some feedback on that design, and altered the design according
to that feedback. That this still simply one iteration and the initial steps of a
second one. To make these still quite general recommendations more applicable
to environmental research, additional design iterations would be needed to refine
how to implement these recommendations appropriately in the different fields of
environmental research. Most importantly, some of the recommendations could
benefit from being used in practice to further evaluate what value they provide in
relation to additional resources that they might require. Likewise, given our sample
participants, future work should focus on increasing generalizability across more
fields in environmental research and different levels of experience. This includes how
to adapt SE principles to an environmental research context, as not all practices
can or should simply be copied, but implemented in a way that makes sense for
researchers in the field. Another point is to investigate environmental researchers
with more experience in data-intensive research, including ML, to better understand
what is already being implemented but may need further widespread use. While our
results provide an overview of data and data quality understanding and practices,
which is relevant as many participant’s data are open data and thus can be used for
data-intensive applications, it does not investigate the direct measures and methods
that have been applied and changed in environmental research to accommodate these
data-intensive and data-driven methods beyond statistical analysis.

5.4 What Can SE Learn From Environmental Re-
search?

For this thesis, it is also interesting to explore what SE can learn from environmental
research in the spirit of exchanging knowledge between the fields, even if this is
outside the scope of the thesis. This section will touch on a few of the ideas from
environmental research that were found during the course of this thesis, that might
be useful for SE.

One aspect is the persistent use of Digital Object Identifiers (DOI) and especially
their use along with data publication papers. While this is not a foreign concept
to SE, there is a lot of data and documentation that is stored without a DOI that
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could help in retrieving online digital objects. This could apply to documentation in
software projects, which currently often are linked to GitHub accounts that, if deleted,
would remove existing documentation. Another aspect from environmental research
that SE could do is to release data publication papers to a greater extent, which
improves early communication and documentation of data in SE. Since many research
projects rely on mining data repositories, providing additional DOI references for
associated data publication papers could provide useful context about the data.

Overall, the FAIR principles could also be applied to SE to help the field consider
how data and software are shared and used over time. The prevalence and adoption
of agile methodology illustrates how SE favors quick and iterative development in
order to adapt to new technologies, APIs, and standards. On the other hand, this
means that the field of SE has little experience with projects and datasets meant to
last over long periods of time. In contrast, environmental research often uses long
time series data that might date back decades. Environmental research, therefore,
has much to teach SE about longitudinal studies.

5.5 Threats to Validity
This section discusses threats to validity as identified by Runeson and Höst, which
include internal validity, construct validity, external validity, and reliability [43].

Internal Validity
To address bias in the interview study, an interview guide was used to improve
consistency along with a pilot interview to evaluate the interview questions and
format. The interview guide was validated with in-depth discussions and a review
from our supervisor. The pilot helped to assess the viability of the questions in an
interview setting that was conducted in the presence of both supervisors. In addition,
the interviews were always kept to at most one hour in order to maintain the attention
of the participants. However, since most of the interviews were conducted through
Microsoft Teams, environmental factors could not be controlled. By scheduling the
interview far enough in advance, the interviewees had the possibility to plan an
appropriate location. However, when conducting in-person interviews, disruptions
could still occur. This did happen at one of our in-person interviews, where we had
a fire alarm interrupt the interview, which can affect the validity even though the
interview was still completed.
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To keep the interviews consistent, there were always two people present for each
interview, in addition to the interviewee: one to conduct the interview and one to
take notes. All interviews were conducted in English, which all participants were
fluent in, and transcripts were automatically generated and manually edited after
the interview to match the transcripts to the videos through auditory inspection. A
systematic and iterative method of analysis was used to reduce bias in the coding [28].
In addition, the codes were reviewed at least twice separately by two different people
and then discussed in depth. The results were also elaborated and confirmed by the
subsequent survey study to better understand and validate the interview agreements
and disagreements.

For the focus group, it was important that the moderators facilitated discussions.
This was accomplished through preparatory open questions that could be asked
whenever appropriate, in addition to explicitly asking for different opinions. Similarly,
if discussions stalled the moderators could provide additional context learned from
the interview study to help spur discussions.

Construct Validity
The pilot interview provided valuable experience and knowledge for conducting the
remaining interviews. This included clear procedures and preparation, as well as
dealing with confusion and misunderstandings. Prior to all interviews, participants
were provided with the same preparation slides outlining the structure of the interview
and introducing the terms stakeholders, data-intensive applications, and the list of
data quality attributes. The terms stakeholders and data quality attributes were
repeated during the interview for clarity, as these were central concepts for the
interview. In addition, prior to the interview, the participants were clearly informed
of both the purpose of our thesis and the objectives of the interviews. During the
interviews, participants were free to ask questions and seek clarification, which was
also provided when the interviewer observed confusion or lack of understanding. These
explanations were limited to ensure that all answers were given by the participants
themselves and not influenced by the interviewer.

To help the focus group participants understand the identified challenges, information
about the thesis and the themes was provided to the participants when they were
invited. In addition, a brief presentation was given at the beginning of the focus
group to provide more context and detail regarding the purpose of the thesis and
the various themes.

The survey did not have the same possibility to easily provide clarification, though
respondents did have the option to ask for clarification via e-mail. Examples were used
in conjunction with the described recommendations to make the recommendations
clearer and easier to interpret for the respondents. The survey was validated by an
SE expert and a Master student before it was sent out, which helped to ensure that
the examples supported consistent interpretation and understanding. In addition,
the various stakeholder terms used in this survey were introduced and explained in
the questions where they were asked.
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External Validity
The interview study used convenience, purposeful, and snowball sampling, as random
sampling was not feasible because the study required certain field-specific experience.
Personal networks and contacts were used for this purpose. We argue that the sample
is still representative as the participants had different levels of experience, institutions,
and research backgrounds. Similarly, the results are not intended to be generalizable
beyond environmental research, thus reducing the risk of threats to external validity.
The main threat to validity is that not all fields of environmental research were
interviewed, with many participants specifically in the field of oceanography, and
the inherent risk of interviewing only available respondents. To compensate for the
threat to validity posed by the interview sample, a follow-up survey was conducted
that, besides using convenience sampling, also had purposeful sampling with the
explicit goal of including fields beyond those represented in the interviews.

The focus group only included three SE experts, excluding the moderators. These
included two PhD students, one with longer and one with shorter experience, and
one SE expert with prior knowledge and a vested interest in the thesis. Though this
expert might have some bias due to their prior knowledge of the thesis, this risk was
mitigated by including the PhD students who had no prior knowledge of the thesis
before being invited to the focus group. While this sample limits the generalizability
of the focus group results themselves, this was not considered a major issue because
these focus group results were the recommendations that were externally validated
by the survey. In addition, the recommendations were also supported by a literature
study, which helped to ground them in existing SE practices.

The survey itself was useful in validating both the analysis of the interviews and the
recommendations. However, the survey only had eleven respondents, eight of whom
had participated in the interview study, thus limiting the generalizability outside of
that sample despite a response rate of 36.7%. Additionally, many of the respondents
were from the field of oceanography, making the recommendations potentially less
applicable outside of that field. On the other hand, the distribution between data
producers and data consumers was more balanced in the survey than in the interviews,
allowing for a more representative response in the validation. These distributions
were considered in the analysis where overrepresented groups were compared to
underrepresented groups, though the lack of respondents in underrepresented groups
makes it impossible to fully account for bias in the sample. Additionally, given that
no login was required to respond to the survey, there is a risk that a respondent
could answer multiple times. All responses were visually inspected and confirmed to
be distinct from one another, which reduces the risk of multiple answers, although it
cannot be completely eliminated.

Reliability
Replication of the interviews and surveys is limited because responses will vary among
different participants with different experiences and perspectives. These aspects
may change even within the same sample over time and even as environmental
research evolves. Even so, an interview guide was used to ensure that the interviews
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were conducted in a consistent fashion, and the interviewees were sent preparatory
materials before the interviews. The interview guide and a presentation that was
used during the interviews can be found in appendix A and appendix B, respectively.
The slides sent as preparation to the interviewees can be seen in appendix C, and
descriptions of the methodology detailing data collection and analysis are found in
section 3.1 and section 3.2. Furthermore, the chosen method of analysis is subjective
as the collected data was qualitative, which makes replication difficult, even though
the method is structured in phases.

The thematic analysis of the interviews relied heavily on the subjective perspectives
and experiences of the researchers, making it difficult to reproduce exactly the same
results. However, thematic analysis is a well-established method and its iterative
process helps to remove undue bias.

Similarly, the focus group and its results relied heavily on the perspectives and
experiences of the participants and the moderators. Questions and discussion points
were prepared in advance of the focus group, but these were used mainly as guidelines
to help keep the discussion going rather than as a strict structure. However, the
results of the focus group were grounded in SE literature, which helped to make
them more reliable and less subjective.

Informed Consent
All participants were informed of the data collection and handling procedures for the
interview study prior to the interview. This included information about the Microsoft
Teams recordings, which would be deleted upon completion of the study and used
only for the purposes of the study. They were also promised that the data would be
anonymous. This information was repeated during the interview, and participants
were asked for explicit verbal consent during the interview for both data collection
and recording. After the interview, participants were also provided with a reminder
of how we would handle the collected data and what they had consented to.

The focus group participants were given the option of being acknowledged in the
thesis or be anonymous. The data collected in the survey was anonymous.

Usage of Generative AI in This Thesis
The AI-based tool DeepL Write was used to improve language and grammar in
this paper. All text was written by the authors, and DeepL was used to correct
grammar and, in some cases, word choice. The output of this tool was considered as a
recommendation for improving the text, and the authors’ own judgment was used to
determine which of these recommendations were and were not followed. DeepL was
similarly used to improve the language of the questions for the interview guide and
survey. ChatGPT 3.5 from OpenAI was used to help compress the formulations of the
challenges and the recommendations for the survey. However, all of the rephrasings
generated in this way also removed important context from the definitions, so the
context was then added back manually.
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5.6 Answers to the Research Questions
This section summarizes the results in terms of how they answer our research
questions. The answers for RQ1 and RQ2 were collected simultaneously and cover
data quality in environmental research. Although the research questions are highly
connected to each other, with a slight intersection, they are answered separately for
clarity.

RQ1: What is the understanding of data requirements for data-intensive
models or software in environmental research from the perspective of data
producers and data consumers?
While both the environmental literature and practitioners have clear ambitions to
work with ML or other data-intensive methods in the future, it is not yet a widespread
practice, and few in our interview sample had actual experience working with such
methods. This limits the ability of this thesis to directly relate data-intensive models
or software to data quality requirements, although there are still some important
insights to be found from an SE perspective. In particular, we found that while
everyone agrees on the importance of data quality and metadata as being essential
to the field, there are still differences in how data quality is viewed and handled.
This, combined with the infrequent direct communication between data producers
and data consumers, can lead to ambiguity in requirements from an SE perspective.
Consequently, while open science has vastly increased the availability of data, there
are still opportunities to improve the usefulness of the available data by better
understanding the needs of different stakeholders and, by extension, the data quality
requirements in the field.

RQ2: What are the challenges of current methods for verifying and validat-
ing data quality for data-intensive models and software in environmental
research?
Six challenges were identified in this thesis. They are listed as follows, with the prefix
C standing for Challenge:

C-A: Metrics are a Double-Edged Sword

C-B: Open Data Changes Communication

C-C: Differences in Data Quality Handling and Needs

C-D: Opportunities and Risks With Open Data

C-E: Metadata are Key to Understandability

C-F: Balancing Breadth and Granularity in Standards

These challenges are defined in section 4.4.
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RQ3: What recommendations can we conclude based on approaches known
to software engineering, such as requirements engineering, to improve the
process of handling and managing data quality in environmental research?
To address the challenges in RQ2, eight recommendations were designed. They are
listed as follows, with the prefix R standing for Recommendation:

R-A1: GQM model for Metrics

R-B1: Data Hosts as Community Platforms

R-B2: Dataset Feedback through Data Maintainers

R-C1: Elicitation of Stakeholder Needs

R-D1: Share Tools Openly

R-D2: READMEs for Data

R-D3: Release Raw Data Early

R-D4: Version Control for Open Data

These recommendations are defined in section 4.5.

5.7 Conclusion
As technology advances and data-intensive technologies become more common and
sophisticated, environmental research has had to evolve. Environmental research
has made great progress in adopting open science practices, and more recently has
worked to include more data-intensive methods into its workflows. However, the
understanding of data-intensive methods, such as ML, remains dependent on the
individual researcher and field, as many data-intensive methods are still not widely
used.

In this thesis, we investigated what challenges environmental researchers experience
when dealing with data quality. These challenges were investigated through inter-
views with environmental research practitioners, which resulted in six challenges
being identified that mainly concerned communication, open data, and data quality
handling. To approach these challenges, we designed a set of eight recommendations
based on SE practices. When these recommendations were evaluated, they were
generally viewed positively by environmental researchers, indicating that there is
a willingness among environmental researchers and also an opportunity to apply
SE practices to environmental research. However, our recommendations are only
the result of an initial design phase, and more work is needed both to validate
them with a wider range of practitioners and to find the best way to implement the
recommendations in environmental research.
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A
Interview Guide

This appendix contains the text and questions for the interview guide. The interview
guide is divided into five categories: (1) Personal Background, (2) Data Quality, (3)
Communication, (4) Data Standards and Directives, (5) Open Science and Reuse.
The first part of each section is the introduction to its relevant category, which was
presented to the interviewees. The questions in the categories are here presented
in the numbered list. Additionally, category 3-5 had different questions for data
consumers and data producers, many of which were similar but framed for different
perspectives. These role-specific questions will here be presented in parallel.

A.1 Personal Background
Hello and welcome! Nice to have you here! We are Max and Markus and we are
master students at Chalmers University of Technology. In this interview we will
be exploring data quality in the field of environmental research, including some of
the processes surrounding data quality, especially communication. We hope to use
what we learn from these interviews to help create recommendations for data quality
based on software engineering practices and knowledge. We’re going to go through
a total of five categories as mentioned on this slide (show the preparation and go
through the categories),

Before we begin, we would like to ask your consent to record this interview. It will
only be used for the purpose of this thesis and deleted once the thesis is complete.
Furthermore all data we collect will be anonymized. Is this okay?

And, of course, we’re going to start with some questions about your professional
background, about 5 minutes, before we move on to data quality.

1. Briefly explain: What is your current research focus in environmental research?

2. How long have you been active in environmental research?

3. (Present Stakeholders, see figure A.1) – Throughout this interview, we’ll be
talking about stakeholders. Stakeholders are people, organizations or other
entities that have an interest in something like a project.
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A. Interview Guide

4. Of course in our case for this interview its regarding data quality within
environmental research. For this purpose we have considered these three
stakeholders, data producers who create data, data consumers who use the
data, and finally data hosts who keep and store the data.

5. Do you agree with this picture, or is there anything you would like to change
or add?

6. Would you consider yourself primarily a data consumer, a data producer?

(a) Discuss the stakeholders regarding their research and choose one, and ask
if it is okay to continue the interview from that perspective.

7. Do you have previous experience in working with or developing machine learning
or other data-intensive applications?

Figure A.1: The three groups of stakeholders of data quality in environmental
research that were presented during the interviews.
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A.2 Data Quality
Now let’s get into the main parts of this interview, starting with data quality, which
should take about 10-15 minutes. Here we have a list of data quality attributes(see
figure A.1), and we’ll give you some time to look through them and you may ask if
you have any questions or if you disagree with some definition.

1. Before we start we want to ask you if you would use some other term for these
or if you also know them as data quality attributes?

(a) * Use their term instead of data quality attributes if they have one.

2. Which of these attributes do you think are the three most important ones?

3. And which ones would you say are the three least important ones?

(a) If they don’t motivate reasons for the order: Ask them to explain their
line of thought.

4. Do you feel that there is any attribute* missing from the list of data quality
attributes* that you would like to add?

5. What metrics do you use to measure the three most important attributes you’ve
chosen?

6. What role do metrics play in data quality?

7. Do you experience any challenges using metrics?

8. What role does metadata play in data quality?

9. Do you experience any challenges for using metadata?
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Table A.1: List of 16 data quality dimensions as defined by Kahn et al. [19].

Dimensions Definitions

Accessibility The extent to which information is
available, or easily and quickly retrievable.

Appropriate Amount
of Information

The extent to which the volume of
information is appropriate for the task at hand.

Believability The extent to which information is
regarded as trie and credible.

Completeness
The extent to which information is
not missing and is of sufficient breadth and
depth for the task at hand.

Concise Representation The extent to which information is
compactly represented.

Consistent Representation The extent to which information is
presented in the same format.

Ease of Manipulation The extent to which information is
easy to manipulate and apply to different tasks.

Free-of-Error The extent to which information is
correct and reliable.

Interpretability
The extent to which information is
in appropriate languages, symbols, and units,
and the definitions are clear.

Objectivity The extent to which information is
unbiased, unprejudiced, and impartial.

Relevancy The extent to which information is
applicable and helpful for the task at hand.

Reputation The extent to which information is
highly regarded in terms of its source or content.

Security The extent to which access to information is
restricted appropriately to maintain its security.

Timeliness The extent to which information is
sufficiently up-to-date for the task at hand.

Understandability The extent to which information is
easily comprehended.

Value-Added The extent to which information is
beneficial and provides advantages from its use.
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A.3 Communication
Now that we’ve talked a bit about data quality, we would like to ask some questions
about the communication between data consumers and data producers that we
mentioned at the beginning. Remember this (show figure A.1), where you mentioned
that you are primarily a data consumer/producer, so we are going to ask your
perspective as a data consumer/producer.

We expect this category to take around 10 minutes.

Data Consumer:
1. In your experience, are you able to

communicate directly with the data
producer regarding data quality is-
sues?
(a) At what frequency does this

communication happen?
2. How do you communicate your data

quality expectations to the data pro-
ducer?

3. Do you experience problems with
data producers not meeting your
data quality expectations?

4. As a data consumer, what do you see
as your responsibilities and what are
the responsibilities of data producers
with respect to ensure data quality?

5. In your opinion, how often are these
responsibilities explicitly communi-
cated?

6. In your experience as a data con-
sumer, do you always have an under-
standing of the source of the data as
well as how the data was collected
and produced? Like how can you
trust the data?

7. If working with statistical modelling
or ML: How do you decide which
variables of the data to include in
the model as prediction variable and
which variables to omit.

Data Producer:
1. In your experience, can you commu-

nicate directly with the data con-
sumer on data quality issues?
(a) At what frequency does this

communication happen?
2. As a data producer, are you often

aware of the expectations of data
consumers?
(a) Do you find them reasonable

and actionable in terms of how
you should produce the data?

3. How do you verify that the data you
produce meets the data quality ex-
pectations of the data consumers?
(verify as in feedback, different from
initial expectations)

4. As a data producer, what do you
see as your responsibilities and what
are the responsibilities of data con-
sumers with respect to ensure data
quality?
(a) In your opinion, who is respon-

sible for ensuring data quality?
(b) In your experience, who usually

takes the responsibility?
5. In your opinion, how often are these

responsibilities explicitly communi-
cated?

6. As a data producer, do you typically
know who will use the data you pro-
duce and what they will use it for?
How do you establish trust in your
data?
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A.4 Data Standards and Directives
Now we move on to some questions about standards and directives. This category is
a little shorter than the others and should only take about 5 minutes.

Data Consumer:
1. As a data consumer, what role does

data quality standards have to you?
(a) If a dataset follows a standard,

does that influence the like-
lihood that you will use the
dataset?

Data Producer:
1. In your opinion, what is the role of

standardization and directives to en-
sure data quality?

2. Which one(s) do you follow?

3. Do these standards work well for you, or is there something you find problem-
atic?

4. How do you evaluate whether the standard is useful? What are in your opinion
important aspects of a useful data quality standard?
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A.5 Open Science and Reuse
And now we’ll move on to our final section on open science and reuse, which should
only take about 10 minutes.

Data Consumer:
1. Have you ever reused data from an-

other project for a different purpose?
If yes: What did you think worked well

when reusing data?
If yes: Where there any challenges to

reusing existing data?
If no: Do you know of any challenges

when reusing existing data?
2. As a data consumer, how do you en-

sure that the data you use is suitable
for a project?

3. Are there any particular challenges
you’ve encountered when looking for
open datasets?

4. Have you ever combined data from
multiple sources in your research?
(a) If so, were there any challenges?

5. Lastly, we would like to ask you if
you’ve ever used citizen science as a
data source?
(a) Are there any challenges or con-

siderations when using citizen
data as a data consumer?

Data Producer:
1. Have you contributed data to an

open dataset?
If yes: Were there any particular chal-

lenges you encountered when
doing so?

If yes: Was there anything you liked
about working with an open
dataset compared to working
with a private dataset,

If no: What would be needed for you
to contribute data to an open
dataset?

2. If the data you produce is publicly
available, how do you know if it is
being used and if it is useful for the
data consumer?
(a) Is there feedback, and if so,

where is it coming from?
3. How does producing data for inter-

nal use compares to publishing data?
Especially perhaps when it comes to
using tools for cleaning data?

4. Lastly we would like to ask if you’ve
ever produced data through citizen
science?
(a) Did you encounter any particu-

lar challenges compared to con-
ventional methods?
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B
Interview Guide Presentation

Slides

This appendix contains the presentation slides used during the interview along with
the interview guide.

A Software Engineering Perspective on 
Data Quality Processes in 
Environmental Research

Figure B.1: Slide 1 of the presentation used during the interviews.
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Objectives

• Exploring data quality and related processes in environmental research

• Recommendationsbased on Software Engineering perspective

Figure B.2: Slide 2 of the presentation used during the interviews.

Aims for the Data Collection

1. Professional Background

2. Data Quality

3. Communication

4. Data standards and directives

5. Open science and reuse

Figure B.3: Slide 3 of the presentation used during the interviews.
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Consent for 
data collection

We ask for consent to recording, but the recordings will only be 
used for the purpose of the thesis, and they will be deleted 
after the thesis is completed.
The collected data will be anonymized.

Figure B.4: Slide 4 of the presentation used during the interviews.

1. Professional Background

Figure B.5: Slide 5 of the presentation used during the interviews.
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Stakeholders
• Data Producer

• Data Consumer

• Data Host

Figure B.6: Slide 6 of the presentation used during the interviews.

2. Data Quality

Figure B.7: Slide 7 of the presentation used during the interviews.
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Data Q
uality Attributes

1. Accessibility
the extent to w

hich inform
ation is available, or easily and quickly retrievable

2. Appropriate Am
ount of Inform

ation
the extent to w

hich the volum
e of inform

ation is appropriate for the task at hand

3. Believability
the extent to w

hich inform
ation is regarded as true and credible

4. Com
pleteness

the extent to w
hich inform

ation is not m
issing and is of sufficient breadth and depth for the task at hand

5. Concise Representation
the extent to w

hich inform
ation is com

pactly represented

6. Consistent Representation
the extent to w

hich inform
ation is presented in the sam

e form
at

7. Ease of M
anipulation

the extent to w
hich inform

ation is easy to m
anipulate and apply to different tasks

8. Free-of-Error
the extent to w

hich inform
ation is correct and reliable

9. Interpretability
the extent to w

hich inform
ation is in appropriate languages, sym

bols, and units, and the definitions are clear

10. O
bjectivity

the extent to w
hich inform

ation is unbiased, unprejudiced, and im
partial

11. Relevancy
the extent to w

hich inform
ation is applicable and helpful for the task at hand

12. Reputation
the extent to w

hich inform
ation is highly regarded in term

s of its source or content

13. Security
the extent to w

hich access to inform
ation is restricted appropriately to m

aintain its security

14. Tim
eliness

the extent to w
hich inform

ation is sufficiently up-to-date for the task at hand

15. Understandability
the extent to w

hich inform
ation is easily com

prehended

16. Value-Added
the extent to w

hich inform
ation is beneficial and provides advantages from

 its use

Figure B.8: Slide 8 of the presentation used during the interviews. XIII
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3. Communication

Figure B.9: Slide 9 of the presentation used during the interviews.

Stakeholders
• Data Producer

• Data Consumer

• Data Host

Figure B.10: Slide 10 of the presentation used during the interviews.
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3. Communication

Figure B.11: Slide 11 of the presentation used during the interviews.

4. Data Standards and Directives

Figure B.12: Slide 12 of the presentation used during the interviews.
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5. Open Science and Reuse

Figure B.13: Slide 13 of the presentation used during the interviews.

Thank you!

Figure B.14: Slide 14 of the presentation used during the interviews.
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Interview Preparation Slides

The slides presented in this appendix were sent out to the interviewees as preparatory
material to inform them of what the interviews would go over.

A Software Engineering 
Perspective on Data 
Quality Processes in 
Environmental 
Research

Figure C.1: Slide 1 of the presentation sent out to inform the interviewees of what
the interview would go over.
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Your contribution for the study

Thoughts Experiences Opinions

Figure C.2: Slide 2 of the presentation sent out to inform the interviewees of what
the interview would go over.

Main topics for the interview

Background questions and expertise

Data quality

Communication between data producers and data consumers

Experiences working with data quality standards, practices and directives

Open science and reusing data

Figure C.3: Slide 3 of the presentation sent out to inform the interviewees of what
the interview would go over.
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Useful Terms

Stakeholders
A stakeholder is an individual, group, or entity 
that has an interest or concern in a particular 
project, organization, or system.
• Data Consumers – Make use of data
• Data Producers – Create and gather data
• Data Hosts – Store data

Data-Intensive
Methods and programs that use large amounts 
of data
• Machine Learning – A kind of artificial 

intelligence designed to extract patterns and 
knowledge from data

• Anything Else?

Figure C.4: Slide 4 of the presentation sent out to inform the interviewees of what
the interview would go over.
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Data Q
uality

1. Accessibility
the extent to w

hich inform
ation is available, or easily and quickly retrievable

2. Appropriate Am
ount of Inform

ation
the extent to w

hich the volum
e of inform

ation is appropriate for the task at hand

3. Believability
the extent to w

hich inform
ation is regarded as true and credible

4. Com
pleteness

the extent to w
hich inform

ation is not m
issing and is of sufficient breadth and depth for the task at hand

5. Concise Representation
the extent to w

hich inform
ation is com

pactly represented

6. Consistent Representation
the extent to w

hich inform
ation is presented in the sam

e form
at

7. Ease of M
anipulation

the extent to w
hich inform

ation is easy to m
anipulate and apply to different tasks

8. Free-of-Error
the extent to w

hich inform
ation is correct and reliable

9. Interpretability
the extent to w

hich inform
ation is in appropriate languages, sym

bols, and units, and the definitions are clear

10. O
bjectivity

the extent to w
hich inform

ation is unbiased, unprejudiced, and im
partial

11. Relevancy
the extent to w

hich inform
ation is applicable and helpful for the task at hand

12. Reputation
the extent to w

hich inform
ation is highly regarded in term

s of its source or content

13. Security
the extent to w

hich access to inform
ation is restricted appropriately to m

aintain its security

14. Tim
eliness

the extent to w
hich inform

ation is sufficiently up-to-date for the task at hand

15. Understandability
the extent to w

hich inform
ation is easily com

prehended

16. Value-Added
the extent to w

hich inform
ation is beneficial and provides advantages from

 its use

Figure C.5: Slide 5 of the presentation sent out to inform the interviewees of what
the interview would go over.
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Survey Form

This appendix contains the validation survey form.
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* Required

A Software Engineering Perspective on Data 
Quality in Environmental Research

In this survey we explore challenges related to data and data quality in environmental 
research that we identified in an interview study with environmental researchers.

This survey also allows you to evaluate potential recommendations to address these 
challenges based on methods and processes from software engineering.

Survey layout:
1. Questions regarding yourself and your background

2. Challenges in environmental research with corresponding recommendation

1. Metrics are a Double-Edged Sword
2. Open Data Disconnects Communication
3. Differences in Data Quality Handling and Needs
4. Opportunities and Risks with Open Data
5. Metadata are Key to Understandability
6. Balancing Breadth and Granularity in Standards

3. Concluding remarks

The survey should take 10-15 minutes to fill in. All collected data will be anonymized.

Tell Us Some Things About Yourself

Data Producer

Data Consumer

Data Host

Other

For data quality in environmental research we have identified the following three main stakeholders:

Data Producer - Someone who collects data and creates datasets
Data Consumer - Someone who is using data to analyze and create solutions or models
Data Host - Someone who is storing and/or offering data on a digital platform.

Please select the stakeholder roles that best describes you in terms of your current role in 
environmental research. * 

1

Figure D.1: Page 1 of the validation survey form.
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No experience

Less than 1 year

1-2 years

3-5 years

6-8 years

9+ years

How many years have you been involved in environmental research? * 

2

Air Pollution Monitoring

Atmospheric Science

Biology

Climate Research

Ecology

Geology

Meteorology

Oceanography

Other

What field within environmental research are you currently occupied in? * 

3

Yes

No

Did you participate in our interview study? * 

4

Figure D.2: Page 2 of the validation survey form.
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Topic 1: Metrics are a Double-Edged Sword

The following sections describes challenges related to environmental data, and recommendations on how to approach 
these challenges.

1. Challenge - Here we present an identified problem regarding data in environmental research.

2. Recommendation - Here we describe a software engineering method or practice that is related to the problem 
identified in environmental research, and we suggest how a software engineering practice can be applied to en-
vironmental research to mitigate the identified problem.

Please  rate the extent to which you agree or disagree with the identified challenge and extent to which you think the 
recommendations would be beneficial to environmental researchers.

Challenge A: Metrics are a double-edged sword * 

Explanation: Metrics play an important role in quantifying and communicating data quality. However, metrics
can also create arbitrary targets that may be abstract, unfounded, or misleading, and therefore not represent
useful goals.

Do you agree or disagree that this is a challenge in environmental research in regards to data and data quality?

5

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Challenge A that you would like to add?

6

Enter your answer

Recommendation A-1: Use the Goal-Question-Metric (GQM) model * 

Background: The Goal-Question-Metric (GQM) model is a method that connects metrics to their intended
purpose by contextualizing what they are meant to accomplish.

Recommendation: Environmental research should use the GQM model to avoid the pitfalls of metrics that
create arbitrary targets, and to clarify the context and purpose of metrics.

Example: Having a clearly stated goal allows a researcher to more clearly determine the usefulness of a metric,
allowing them to better use the metric to fit their goal, rather than just finding a “good enough” value.

Do you agree or disagree that this recommendation would be beneficial to environmental research in regards to
data and data quality?

7

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Challenge A

Recommendati
on A-1

Figure D.3: Page 3 of the validation survey form.
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Do you have any comments regarding Recommendation A-1 that you would like to add, or other 
alternatives to approach Challenge A?

8

Enter your answer

Figure D.4: Page 4 of the validation survey form.
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Topic 2: Open Data Disconnects Communication

Challenge B: Open data disconnects communication * 

Explanation: In open data which has been widely adopted in environmental research, data hosts play an
important role as data aggregators, which has resulted in more communication being directed to data hosts at
the expense of less communication between data producers and data consumers.

Do you agree or disagree that this is a challenge in environmental research in regards to data and data quality?

9

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Challenge B that you would like to add?

10

Enter your answer

Recommendation B-1: Data hosts should allow for community building around data * 

Background: GitHub is a platform where developers can store, share, and collaborate on code for software
projects. It allows open source developers to easily collaborate, track changes, manage projects, and contribute
to open source software.

Recommendation: Data hosts should act as platforms for community building in order to encourage
communication, collaboration, and feedback sharing between data producers and data consumers.

Example: Data hosts such as Copernicus could provide communication channels similar to those on github,
where each project has an open discussion forum for questions and comments.

Do you agree or disagree that this recommendation would be beneficial to environmental research?

11

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation B-1 that you would like to add?

12

Enter your answer

Challenge B

Recommendati
on B-1

Figure D.5: Page 5 of the validation survey form.
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Recommendation B-2: Datasets should be maintained and open for feedback
 * 

Background: Software projects often change over time as both new features are
requested, and issues are identified based on community and user
feedback.

Recommendation: Data producers should maintain a dataset after it is published. They can then respond to
feedback and adapt the dataset, for example by adding new processing or adding new metadata.

Example: A data consumer might report a potential improvement to the dataset or metadata, and a data
producer could implement their feedback into the dataset.

Do you agree or disagree that this recommendation would be beneficial to environmental research?

13

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation B-2 that you would like to add, or other 
alternatives to approach Challenge B?

14

Enter your answer

Recommendati
on B-2

Figure D.6: Page 6 of the validation survey form.
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Topic 3: Differences in Data Quality Handling and Needs

Challenge C: Data quality needs and handling differ * 

Explanation: Data producers and data consumers have different priorities, needs, and expectations for data
quality, and their understanding of each other is hampered by infrequent communication. Data consumers often
want to use data in other contexts than those it was originally produced for, while data producers are unaware of
the additional contexts in which their data is being used.

Do you agree or disagree that this is a challenge in environmental research in regards to data and data quality?

15

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Challenge C that you would like to add?

16

Enter your answer

Recommendation C-1: Use elicitation  techniques from requirements engineering * 

Background: In requirements engineering elicitation is a set of techniques used to identify stakeholder needs
and expectations.

Recommendation: Data producers should make use of elicitation techniques to identify data consumers' needs
and expectations for data quality. This should preferably be done through communication platforms provided by
data hosts.

Example: Data producers could interview potential data consumers at the beginning of a project, to identify
their needs and expectations, so that the dataset can be adapted to be suitable for use.

Do you agree or disagree that this recommendation would be beneficial to environmental research?

17

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what 
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation C-1 that you would like to add?

18

Enter your answer

Challenge C

Recommendati
on C-1

Figure D.7: Page 7 of the validation survey form.
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Recommendation C-2: Use branching to have 
multiple versions of the data available * 

Background: Branching is a method used in version
control systems, such as GitHub, to create separate
versions of the main program code (branches) to work on
new features or fixes without affecting the main code.

Recommendation: Data hosts should make use of
branching, where raw data is the main dataset, and
versions of the main dataset are available through
branches that provide data processed in different ways for
different users.

Example: As seen in the figure, there is a main branch (1
and 2) with the raw data (1). Quality flags are then added
to mark the quality of the data points (2). The data is then
split into two branches: one to conform to a data standard
(3) and one to be used for specific use cases, for example
machine learning (4).

Do you agree or disagree that this recommendation would
be beneficial to environmental research?

19

Alt text: There is a main branch (1 and 2) with
the raw data (1). Quality flags are then added
to mark the quality of the data points (2). The
data is then split into two branches: one to
conform to a data standard (3) and one to be
used for machine learning (4).

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation C-2 that you would like to add, or other 
alternatives to approach Challenge C?

20

Enter your answer

Recommendati
on C-2

Figure D.8: Page 8 of the validation survey form.
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Topic 4: Opportunities and Risks with Open Data

Challenge D: Opportunities and risks with open data * 

Explanation: Environmental research is increasingly adopting open data practices following the FAIR principles.
However, there remains a significant amount of data, tools, and process information that are not yet widely
shared even though they could be useful in open data.

FAIR principles stands for findability, accessibility, interoperability and reuse. 
Source: https://doi.org/10.1038/sdata.2016.18

Do you agree or disagree that this is a challenge in environmental research in regards to data and data quality?

21

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Challenge D that you would like to add?

22

Enter your answer

Recommendation D-1: Share tools used for analysis and processing in conjunction with the data * 

Background: In open source software there are many different programs and projects dedicated to solving small
tasks and common problems with programs that automate menial tasks.

Recommendation: The environmental research community should encourage the sharing of data processing
and analysis tools as open source code accompanying datasets, including homemade or custom tools. This
would increase access to tools, improve the quality of tools through collaboration, and improve reproducibility, in
line with the FAIR guiding principles.

Example: A data consumer with little coding experience needs to reformat a large dataset, which would take a
long time to do manually. Instead, they find an openly shared tool to automate the process.

Do you agree or disagree that this recommendation would be beneficial to environmental research?

23

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation D-1 that you would like to add?

24

Enter your answer

Challenge D

Recommendati
on D-1

Figure D.9: Page 9 of the validation survey form.
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Recommendation D-2: Include a ReadMe in datasets to communicate important information about 
the data * 

Background: GitHub projects typically include a ReadMe file that explains the purpose of the program, reducing
the risk of misuse. Essential details that are also reported which include usage, contributors, and open source
licenses.

Recommendation: Data producers should provide clear descriptions in their datasets about usage, including the
purpose of collection, contributors, intended use, and used open data licenses, to ensure clarity and transparency
for data consumers.

Example: When a data consumer accesses a dataset, they can explicitly read how the data was collected and in
what ways they can use it.

Do you agree or disagree that this recommendation would be beneficial to environmental research?

25

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation D-2 that you would like to add?

26

Enter your answer

Recommendation D-3: Release data early and update it as it develops * 

Background: Software projects often involve releasing early versions, such as alpha or beta versions, similar to a
first draft. This allows for better collaboration, finding issues, and refinement before wider public use.

Recommendation: Data producers should release raw data as soon as possible after data collection as a
preliminary release, and continually update the dataset with new processed versions. This allows for an early use
of new data by other researchers. It also reduces the risk of duplicate data collection, both for projects with a
similar context to the original use case and for projects where the data is applied in novel contexts.

Example: Someone in a research project discovers that a data producer is currently working on a dataset that
they could use, and contacts them to collaborate on adapting the dataset for their own project.

Do you agree or disagree that this recommendation would be beneficial to environmental research?

27

Compl
etely

Disagr
ee

Mostly
Disagr

ee

Some
what

Disagr
ee

Some
what
Agree

Mostly
Agree

Compl
etely
Agree

Do you have any comments regarding Recommendation D-3 that you would like to add?

28

Enter your answer

Recommendati
on D-2

Recommendati
on D-3

Figure D.10: Page 10 of the validation survey form.
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Recommendation D-4: Use version control tools to increase the traceability of changes to datasets 
* 

Background: In open source software, maintaining a version history of the program makes it easy to track
changes and to run previous versions of the program, known as version control.

Recommendation: Open data should make use of version control to make the history of changes to the data
openly available. This would help to increase transparency and traceability of how the data has been changed
and processed over time.

Example: A data producer is reusing a dataset for a new project, and reviews the version history to investigate
how the dataset was processed.

Do you agree or disagree that this recommendation would be beneficial to environmental research?
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Do you have any comments regarding Recommendation D-4 that you would like to add, or other 
alternatives to approach Challenge D?
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Enter your answer

Recommendati
on D-4

Figure D.11: Page 11 of the validation survey form.

XXXII



D. Survey Form

Topic 5: Metadata are Key to Understandability

Challenge E: Metadata are key to understandability * 

Explanation: Metadata is crucial to the usefulness of data. A great deal of effort goes into creating correct and
sufficient metadata, and without it, the value of the data is significantly reduced, or it may even become
unusable.

Do you agree or disagree that this is a challenge in environmental research in regards to data and data quality?
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Do you have any comments or suggestions for approaches to Challenge E that you would like to 
add?
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Enter your answer

Challenge E

Figure D.12: Page 12 of the validation survey form.
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D. Survey Form

Topic 6: Balancing Breadth and Granularity in Standards

Challenge F: Balancing breadth and granularity in standards * 

Explanation: Standards are very important but there is a trade-off between broad general standards and the
ability to use the collected data. If data standards are too general, data may be averaged or finer details may be
lost, and if they are too granular, they are difficult to apply to a wide range of areas.

Do you agree or disagree that this is a challenge in environmental research in regards to data and data quality?
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Do you have any comments or suggestions for approaches to Challenge F that you would like to 
add?

34

Enter your answer

Challenge F

Figure D.13: Page 13 of the validation survey form.
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D. Survey Form

This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms

Concluding Remarks

Do you know anyone else who you think should do this survey? If yes, please let us know their e-
mail address. All e-mail addresses will be handled carefully and only used to forward this survey.

Alternatively, you can also send us an e-mail with suggestions for further participants through this 
e-mail: maxno@chalmers.se

35

Enter your answer

If you are interested in receiving a short summary of the results of this study, please share your e-
mail with us. Any e-mail address provided here will only be used for the purpose of sending you the 
summary of the results. 

Alternatively you can send a request for the summary through this e-mail: maxno@chalmers.se

36

Enter your answer

Figure D.14: Page 14 of the validation survey form.
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