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Abstract

Within the field of business intelligence, casual users depend on power users to
create reports to make data-driven decisions. This is due to their low technical
skill, which can be defined by the tools and technologies they use. This research
sought to determine which usability problems casual users face in Trifacta Wrangler
when executing three data structuring tasks that are required for report creation.
Furthermore, the aim was to identify how technical skill influences the usability
problems they face.

A usability test was conducted with 8 participants working in Sales, Marketing,
and Client Services at a dutch marketing automation company. Participants were
asked to fill in a survey inquiring about their technical skill and to fill in the System
Usability Scale rating their interaction. As a result of categorizing identified usability
problems according to the User Action Framework, it was found that most usability
problems belonged to the planning and translation phase of the interaction cycle.
Contrary to previous research, participants’ Excel skill influenced their capability
to plan interactions negatively. The System Usability Scale revealed that this might
be related to learnability as a usability criterium. In line with previous research,
one participant with prior SQL experience recovered from the most severe planning
issue due to their knowledge of programming concepts.

It can be said that to improve the self-service level of casual users, understanding
their planning of data structuring tasks is crucial. Further research is needed to verify
these findings by identifying tools and technologies used by a larger sample of casual
users and having them perform data structuring tasks in various market-leading
data preparation tools.
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Introduction 1

Over the last decade "self service business intelligence has received considerable
attention from both business communities and academia" [DA17]. BI compromises
"all methods and tools for translating raw information into a meaningful, convenient
form" [IKS19]. Data analytics is about analyzing this information to understand it
and improve decision-making [CCS12]. In this context, self-service business intelli-
gence (SSBI) could be used to empower business users with little technical skill -
hereafter referred to as casual users - to perform custom analytics without needing
support from more technically skilled people such as IT - hereafter referred to as
power users[IW11]. In the context of this thesis, self-service refers to casual users
independently being able to derive information from data sources.
According to Alpar and Schulz, there are different levels of self-service [AS]. The
lowest level is "usage of information", and refers to the ability of casual users - to
access information such as reports prepared for them by power users[AS]. The
second lowest level is "creation of information" which implies casual users have
data access and are able to create information from prepared data by analyzing
it[AS]. The highest level of self-service is the independent "creation of information
resources"[AS]. This implies that casual users must not rely on unified data access
to various source systems being provided by power users.
Let us now consider the problems that lead organizations towards more SSBI in-
vestment and adoption. According to Daradkeh, there are several key business
drivers [DA17]. In a rapidly changing business environment, the needs of casual
users continuously change too. Thus, IT departments struggle with fulfilling related
infrastructure requirements on time. According to Stodder et al., this is especially
relevant to small businesses whereas, IT in larger organizations struggles with slow
information access [Sto15]. Because there is more data being generated nowadays
there is also the need for businesses to use more analytics, which requires more
people to work with that data. This can reduce the effectiveness of data processing
activities and the satisfaction of the people needing access.
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1.1 Self-service from a people’s perspective

Having looked at SSBI from an organizational perspective, let us now turn to the
tasks and needs of people that work in organizations. As previously mentioned, the
user pool is commonly differentiated between casual users and power users.

Casual users are managers or business people working in departments such as sales
and make decisions based on data [PW; AS]. However, "analytics can only be as
good as the data" that is being used [Sto16]. This is because data is stored in
different systems, internal and external to the business, and must be prepared by
power users before being available to casual users through their BI tools [ZSV].
This makes casual users information consumers [Eck08]. Any changes to the data
must be requested by casual users and may lead to a time-consuming exchange
process because casual users understand their own requirements better than power
users [HHK18]. As a result, decisions can sometimes be made without casual users
considering all existing data [Mic+20].
In this sense, casual users depend on power users because of their lack of technical
skill, which plays a vital role in why there is a need for SSBI [Mic+20; CE17].
According to Eckerson, through SSBI, casual "create exactly the reports they want,
when they want them"[Eck09].

Power users can be in roles such as data scientists, IT experts or business ana-
lysts [Eck11; PW; AS]. They make up 20% of the BI users in an organisation and
use their technical skills to produce information such as reports for the 80% of
casual users [Eck08]. This imbalance between casual users and power users makes
it difficult for power users to meet the requests and results in them spending less
time analysing data and completing their own work [AS; Eck11].
IT departments specifically face the challenge of offering an efficient technical infras-
tructure to support the exchange processes between casual and power users and as
mentioned can also be information producers for casual users [AS]. Most of the time
in data analytic projects is devoted to data preparation [HHK18; AT]. Traditionally
data is integrated into BI tools by IT using ETL operations (extract, transform, load)
because casual users and some more technical analysts do not possess the skills
to find and integrate the data into BI tools on their own [Sav14; Kan+12]. As
companies become more data-driven and the number of people requesting data
grows, IT becomes an unscalable bottleneck burdened by unspecific data requests.
[HHK18].
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1.2 The role of software usability

With usability playing a crucial role in SSBI environments, let us now turn to how
usable software can contribute to SSBI [IW11]. Self-service data preparation tools
attempt to resolve the introduced issues by enabling casual users to access and
transform the data they need themselves and thus increase their level of self-service.
However, most tools require the user to have programming experience, to be an
expert in the dataset domain, and to have prior knowledge and understanding of the
datasets and the data preparation goal [HHK18; HN20]. As previously described,
these skills are not held by one person in an organization, but they are shared by
casual users and power users. Research suggests that data preparation tools still
demand too much expertise from their users because tools fail to implement
intelligent solutions for data transformation operations and therefore don’t enable
casual users to execute end-to-end data preparation themselves [CE17; HN20;
Mic+20].
With the presented issues in mind, previous research concluded that to make the
Data Analytics process more efficient, data preparation tools must become more
accessible and usable for casual users [HN20; CE17; IW11; IW11]. Therefore,
the research presented in this thesis aims to discover how the usability of data
preparation tools must be improved to increase casual users’ level of self-
service.

1.3 Scientific and societal relevance of this thesis

From a scientific relevance perspective, the field of HCI can provide a unique
perspective on the introduced issues. In this case, Usability Engineering as a subfield
of HCI and research methods such as usability evaluations can yield results that
inform future software designs to be more human-centered. Within HCI, several
researchers have devised evaluation criteria specifically for BI tools. However,
only a few studies have been done where these criteria were used for evaluation.
Furthermore, the landscape of usability research on data preparation tools is even
more scarce and their methodology can be viewed critically. Therefore, it would
be interesting to conduct qualitative research with casual users that focuses on the
human-centered design of data preparation tools.

1.2 The role of software usability 3



Let us now move to the social relevance of this thesis. Researching self-service
BI from an HCI perspective can contribute to enabling data access and improving
analytic capabilities within organizations. In SSBI research, the term data analysis
democratization has been used to describe casual users with different skill levels
achieving high levels of self-service and, therefore, shifting from consuming infor-
mation to carrying out analyses themselves [AS]. Even though the terminology is
inconsistent in BI research, Data democratization can be defined as empowering
employees to access and understand data [ZG18]. According to Lefebvre et al., the
main impediments to achieving data democratization are a lack of data education
among employees and limited access to data and analytics tools [LLF21]. In addition,
they postulate that one of the main enablers of data democratization is a self-service
data platform. Therefore, evaluating the use of self-service platforms from an HCI
perspective can contribute to the advancement of data democratization.

1.4 Research questions

This research aims to evaluate the usability of a data preparation tool to identify
how casual users’ technical skill - relating to their capability to conduct data opera-
tions - influences the type of usability problems experienced when conducting data
structuring tasks. With this in mind, the two research questions of the research are.

RQ 1: What usability issues do casual users face during data structuring tasks?
RQ 2: How do technical skill influence the performance of casual users on data
structuring tasks?

The first research question emerged from the lack of research investigating the
usability of data preparation tools and self-service business intelligence tools in
general. The second research question emerged from knowledge gaps identified in
related works, wherein no prior research has identified how technical skill influences
the performance of data operations. The specific data operations identified in the
related works are data structuring tasks that are crucial for enabling casual users’ to
independently create reports.
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To answer these questions, a think-aloud usability test with 8 teamITG NL employees
was conducted. TeamITG is a marketing technology company based in Utrecht. The
participants were sampled based on their roles, which gives an estimation of the
technical skill they possess [CE17]. Their task was to fill in a survey about data
experience and conduct 3 data structuring tasks in the data preparation tool Trifacta
Wrangler. Afterward, they filled in the System Usability Scale. The transcripts of
participants’ verbalizations were analyzed to filter out usability problems and cate-
gorized using the User Action Framework. The results are presented by investigating
the relation between, on the one hand, the occurrence and categorization of usability
problems and, on the other hand, the technical skills of the experiencing users. In
the discussion section, the resulting insights are related to other researchers’ find-
ings. Furthermore, the scientific and social implications of the results in business
intelligence and HCI are discussed. Lastly, the discussion and conclusion chapter
provide an overview of the study’s findings and present new research avenues to be
studied in the field of HCI and BI.

1.4 Research questions 5





Related Work 2
2.1 Big data processing for business intelligence and

analytics (BIA)

In this section, we will look into different architectures used by organizations to
process BI data and assist their decision-making process. Furthermore, we will look
at the roles of the people that are involved and what challenges they face.

2.1.1 BIA architectures: From data to decisions

There are several architectures that depict the steps and stages of data processing
for BIA decision-making within organizations. In this section two architectures, one
from academic research by Passlick et al, and the other from a business report by
Eckerson et al. will be reviewed [Eck11; PLB]. As can be seen in figure 2.2 and
figure 2.1, both architectures depict systems, users, and how data flows among
them. Passlick et al. focus on the actors and their skills, and they specifically model
a stage in which analysis is performed [PLB]. In contrast, Eckerson et al. put an
emphasis on explaining how different user groups interact with the components of
the architecture [Eck11].

Let us first turn to the architecture model proposed by Passlick et al. [PLB]. Accord-
ing to the author, organizational data originates from several source systems that can
be of two types. On one hand, there are internal source systems such as a Customer
Relationship Management System (CRM), and on the other hand, there are external
source systems such as Social Media. Source systems’ data is then integrated into
the storage and analysis infrastructure that contains various systems such as Data
Warehouses and Hadoop clusters just to name a few. For this integration step Extract,
Transform, Load (ETL) or ELT operations are necessary. The next step in Passlick
et al’s. architecture is the semantic layer that comprises tools that unify users’ data
access to the various storage systems of the previous layer.
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The data is then accessed in the presentation and analysis layer by users with dif-
ferent levels of technical skill. According to Passlick et al. dashboards are used by
so-called business users - who are the lowest technically skilled - to request reports
or investigate KPIs [PLB]. These requests are fulfilled by medium-skilled business
analysts or so-called power users. They work with Analytics-Portals that may enable
ad hoc, self-service, or advanced analysis using the data that is for instance stored
in data warehouses. Power users may also request new predictive and prescriptive
analytics from the highly skilled Data Scientists that operate on raw data to search
for new insights. It is apparent that all of the roles involved in this process possess
different levels of technical skill that influence their ability to work with data. This
will be investigated in a later section with the goal of identifying tasks and other
characteristics that may distinguish the roles within data processing for BIA.

Let us now turn to the architecture model proposed by Eckerson et al. and compare
it to Passlick et al’s. architecture [Eck11]. This architecture is not as detailed con-
taining less text and unnamed layers. However, there are similarities to Passlick et
al’s architecture regarding the underlying process that is illustrated. Firstly, data is
also integrated from source systems into storage and analysis infrastructures using
ETL operations. From there, it is accessed by Power users for ad-hoc queries, or
loaded into BI tools to be used by less technical so-called casual users for access-
ing reports and dashboards. In contrast to the other model, both types of users
are said to operate on two different types of architectures. Casual users operate
on a top-down architecture preventing them from using data operations beyond
their technical skill and enabling them to explore data through dashboards. Power
users that are more technically skilled operate on a bottom-up architecture and
can combine their own data with data from source systems. Eckerson postulates
that having one architecture for both user types would present a struggle to either
one of them due to their technical skill levels requiring different amounts of freedom.

After investigating the architectures, it is evident that they take different perspectives
on how organizations generate value from data. Passlick et al. illustrate how
differently skilled users collaborate and access various data representations
[PLB]. Eckerson et al. focus on surrounding users with the right technical
environment to match their needs [Eck11]. Both architectures consider the people
and their characteristics to be crucial to the success of generating value from data.
In this sense, the tasks that a user executes seem to be defined on one hand by
their needs, and on the other hand restricted by their skill. Further investigating
the needs, tasks, and skills of the roles involved could provide insight into users’
pain points to determine how systems can best support them.
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Fig. 2.1.: The BI architecture according to Passlick et al. Various user types access data
through different interfaces. Their ability to do so is influenced by their level of
technical skill [PLB]

Fig. 2.2.: The BI architecture according to Eckerson et al. Casual users operate on a different
architecture than power users when accessing data. The top-down architecture
allows for less freedom which matches the casual users’ low technical skill [Eck11]

2.1 Big data processing for business intelligence and analytics (BIA) 9



2.1.2 Data processing stages

Having looked at the architecture within BIA, it is now necessary to better under-
stand the challenges big data can present to organizations and the stages of data
processing. In speaking of data challenges, the term big data is often used, which
can be defined by several characteristics [GH15]. Volume is a characteristic that
refers to data size, where large amounts of data may challenge a company’s storage
capacities. Variety refers to the structural heterogeneity of a dataset which may
require new data management technologies and analytics to handle various types of
data structures. Moving on from the variety of big data to velocity, which is another
characteristic and refers to the rate at which big data is generated and the speed
with which it must be used for BIA. On one hand, it may challenge the efficiency
of communication in organizations when different roles collaborate to process data
which could also be seen as necessary in the BIA architecture. On the other hand,
velocity may slow down information access. The final two characteristics are veracity
which refers to the unreliability of some data sources, and variability, which refers to
data coming from different sources. This is important in BIA as data from different
sources is often integrated and assembled in one system for a complete analysis
[20142014Report]. This requires data to be prepared for unified access, as was
mentioned in the previous section. The preparation process will be further detailed
in the following section. This section has shown the characteristics of big data, of
which each presents challenges to data processing. With big data being generated
frequently nowadays, it is crucial that organizations can overcome the introduced
challenges.
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Fig. 2.3.: Stages of data processing and their contained actions according to Rattenburry et
al. Highlighted are the Data Analysts’ primary actions which show their ability to
generate reports, a key task for independent decision-making [Rat+]

Let us now consider how data is processed for decision-making and which roles are
involved. As shown in figure 2.3, according to Rattenburry et al., to gain value from
big data, it moves through different stages that each contain three actions [Rat+].
In the raw data stage, the aim is to discover and understand the data. The actions
are data ingestion, data description, and assessing the data’s utility. The raw stage is
followed by the refined stage, where data quality is enhanced, and unusable parts
are removed. The related actions are designing & refining of data, generation of
ad-hoc reports, and prototype modeling. Lastly, data enters the production data
stage, where it is used for products and services, for instance, reporting and analytics.
In this stage, the actions are data optimization, regular reporting, and data products
& services.
Even though each action is a different building block to the bigger practice of pro-
cessing data, the technical skills required from people to perform many of them are
similar. This is because, according to Rattenburry et al., each action can require
between one and five data operations in varying constellations [Rat+].

Let us, therefore, investigate the five data operations in detail. Three of them,
namely structuring, enriching, and cleaning, are so-called data wrangling operations
which are also mentioned in work by Hellerstein [HHK18]. Structuring changes the
form or schema of data and thus can be related to dealing with the variety of big
data. Enriching adds new values or combines datasets that can be related to the vari-
ability of big data. Cleaning fixes irregularities in a dataset which could be related to
dealing with the veracity of big data. In addition to these data-wrangling operations,
there are two types of profiling operations, namely individual value-based profiling
and set-based profiling. These are both aimed at gaining a better understanding of
the data. As previously mentioned, different compositions of data operations are
necessary for different actions during data processing for BIA.

2.1 Big data processing for business intelligence and analytics (BIA) 11



Therefore, it would be interesting to investigate which actions are conducted by
which roles within an organization to identify which operations must be supported
by computer systems. Rattenburry et al. describe this for several archetypes that
they came up with, namely, Data Scientists, Data Analysts, Data Architects, and Data
Engineers [Rat+]. The role of Data Scientists and Data Analysts are also mentioned
in the discussed architectures by Eckerson et al. and Passlick et al. [PLB; Eck11]. In
contrast, Data Architects and Data Engineers seem to not be involved in BIA and
will therefore not be considered moving on.
Let us now turn to data analysts’ tasks in each data stage. In the raw stage, the
tasks are describing data and assessing data utility. In the refined stage, they are
designing & refining data and generating ad-hoc reports. Finally, in the production
stage, a data analyst’s tasks are optimizing data and regular reporting, the latter of
which both architectures mention as well. When comparing the data operations that
are required for each of these tasks, it turns out that data structuring and both the
profiling operations seem to be the most essential data operations for data analysts.
However, at this point, the roles and tasks presented by Rattenburry et al. may give
a one-sided perspective as they do not mention several roles that can be found in
the discussed architectures [Rat+]. For instance, business users are excluded and
based on Passlick et al. can be assumed to be even less technical than data analysts
[PLB]. Therefore, it would be interesting to investigate how other researchers define
the roles and tasks related to data processing within BIA. Especially regarding the
data operations that each role can execute.
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2.2 Power users and casual users: the actors within
data processing

2.2.1 An overview of archetypes within BIA

Having looked at data processing within BIA from a technical side, let us now turn
to the organizational side and, therefore, answer the question of who the people
are that use BIA systems. As could be seen in the previous section and as other
researchers have found, the literature makes non-coherent use of terms to name
the actors within BIA. [JAC15]. However, most researchers use similar characteris-
tics to describe each actor. Characteristics encountered are technical and business
knowledge, tasks, and struggles. Therefore, it would be interesting to discuss the
commonalities and differences in user archetypes characteristics’ irrespective of the
names and titles they are given. Based on this discussion, an archetype model will
be derived to be used as a basis for this research. Regarding the following discussion,
it is important to note that the field of pervasive BI may consider additional users of
BI systems, such as front-line workers, suppliers, customers, and regulators [Wat09].
However, they will not be considered in the scope of this research.

It is assumed that BIA user archetypes were first described in a TDWI best practices
report by Eckerson in 2008 and elaborated on by the same author in a 2011 report.
[Eck08; Eck11]. According to Eckerson, users can be separated into power users
who produce information and casual users who consume information[Eck08].
Power users have job titles like business analysts, analytical modelers, and data sci-
entists. Their technical skills make them "savvy with software tools and familiar with
applications and databases that are used to populate reports"[Eck08]. Daily tasks
comprise crunching data to generate insights and make plans involving information
access, analysis, and prediction. In addition, most ad hoc reports in an organization
are created by power users.
Power users’ struggles can depend on the architectural environment that surrounds
them. In a top-down environment, they spend more time preparing data than analyz-
ing it. This may result in data silos that are counterproductive to the organization’s
information consistency. Furthermore, within an organization, power users make up
20% of the BI users.
Subsequently, casual users make up the other 80% of BIA users. According to Eck-
erson, they "are not interested in learning about BI tools or databases", reflecting
their technical skills [Eck08]. They are, however, interested in answering business
questions.

2.2 Power users and casual users: the actors within data processing 13



To do so, casual users use predefined reports via the BI system’s reporting function
and dashboards that visualize data. They may also request the technically more
skilled power users to create ad-hoc reports for them. This aligns with the findings
from Rattenburry et al. and the architecture of Passlick et al [Rat+; PLB]. Further-
more, the dependence of casual users on power users illustrates their need to work
in a top-down architecture with more assistance and less freedom.

Other researchers, Alpar and Schulz, and Phillips-Wren et al., categorized archetypes
within BI into casual users and power users, too, while building on or amending Eck-
erson’s model [AS; PW]. In their research, Alpar and Schulz investigated pervasive
BI and enriched the model of power users and casual users based on their findings
from related literature [AS]. Power users were explicitly labeled as a bottleneck
during data processing which may be related to Eckerson’s statement of them making
up only 20% of BI users [Eck08]. Casual users’ technical skill was described as SQL
being too complex for most. Furthermore, casual users may not explore all the data
available to them when making decisions or requests, which may impact the quality
of their actions.
Phillips-Wren et al. conducted interviews with BIA practitioners and conducted a
literature review, leading them to describe three archetypes [PW]. According to the
authors, two archetypes equate to Eckerson’s casual user and power user, which,
therefore, will not be described again. The third archetype is the Data Scientist, who
was previously categorized among power users. The reason for the distinction by
Phillips-Wren et al. is that they depict data scientists as being more advanced in using
data. Data Scientists possess strong math, statistics, and computer science skills and
use them to create and deploy descriptive and prescriptive models. This relates to
the prototyping activity in Rattenburry’s refined stage [Rat+]. Furthermore, Data
Scientists advise the organization in interpreting and visualizing data which relates
more to the raw data processing stage.
So far, the archetypes illustrated were based on Eckerson’s separation of actors
within BI into casual users and power users. However, the specific requirements of
analysts are only described by Phillips-Wren et al. [PW]. Therefore, in the following
section, different archetypes found in the literature on data analysis will be discussed.
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Several researchers and practitioners developed more varied archetypes representing
users within BIA [CE17; Kan+12; Wat15]. In this section, they will be discussed in
descending order of their characterized technical skill.

Kandel et al. interviewed 25 data analysts from various organizations [Kan+12]. As
a result, they provided a more fine-grained view of data analysts by describing the
tools they use and categorizing them into three archetypes: hackers, scripters, and
application users that vary in terms of "programming proficiency, reliance on infor-
mation technology (IT) staff, and task diversity, and vary less in terms of statistical
proficiency" [Kan+12].
Hackers were the most skilled technically, knowing multiple programming languages
and being able to chain together scripts that operate on different sources. Their
tasks are transforming data and completing flexible workflows, which they achieve
without help from IT. Kandel et al. did not mention any struggles [Kan+12].
Scripters’ technical skills vary, with some being able to use SQL or write scripts. How-
ever, they cannot parse log files or scrape web data but they can perform advanced
statistical methods. Their tasks involve manipulating data, such as aggregation
and filtering, and using data for analysis that IT pulls from the data warehouse.
Subsequently, they struggle with having to rely on IT to get the data they require.
Application users are the least technical and possess minimal to no programming
skills. Their tasks include visualization, reporting, and also using data prepared by
IT. Therefore, their struggles are the same as those of Scripters.

Convertino et al. conducted user research over a span of three years with busi-
ness users that conduct data analysis tasks [CE17]. Furthermore, they investigated
related work amongst others by Kandel et al. [Kan+12]. As a result, they distinguish
between three archetypes, namely Data Scientist, Business Analyst, and Data Analyst.
In addition, they described the tools that are used by the different archetypes.
Data Scientists resemble Kandel et al.’s. Hackers as they are the most technical
users possessing programming and scripting skills. Their tasks are data preparation,
meaning cleaning, filtering, and merging data sets that can be seen as a more elab-
orate description of Kandel et al.’s data transformation [Kan+12]. Furthermore,
Data Scientists conduct statistical analysis, which, unlike data transformation, is also
mentioned in Phillip et al.’s. Data Scientist archetype [PW]. However, in contrast to
Hackers, Data Scientists use advanced tools and programming languages.
Moving on from the Data Scientist, Convertino et al. describe the Business Analyst
that is less technical in comparison as this user is only able to conduct basic SQL
operations. Most of their time is spent on data preparation tasks and the rest on
analysis tasks.
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They struggle with having to rely on IT, which equates to Kandel et al. Scripter’s
struggles [Kan+12]. Regarding tool use, Kandel et al. and Convertino et al. identi-
fied different tools that their second most technical archetype uses [Kan+12; CE17].
The least technically skilled archetype Covertino et al. describes is the Data Analyst
who primarily uses spreadsheet programs [CE17]. Kandel et al. specify applications
such as SAS and SPSS also excluding technologies demanding more technical skill
such as R or Matlab[Kan+12]. They spend most of their time on data cleansing
and reporting. An interesting concluding observation on tool use is that spreadsheet
programs such as Excel are used by all archetypes. However, the more technical
archetypes use various, more specialized tools. In this sense, according to Convertino
et al., tool use is related to the degree of technical skill that one possesses [CE17].

Lastly, Watson’s article on cloud computing based on conference discussions yielded
five different archetypes of BI users [Wat15]. In contrast to the other researchers,
Watson’s descriptions are brief but include each archetype’s business knowledge.
The most technical user possesses the least business knowledge, which aligns with
the architecture model in figure 2.1. At the end of the spectrum and the most techni-
cally skilled were, therefore, Data Scientists. Their skills were similar to those of the
Data Scientists described by Phillips-Wren et al., with additionally possessing solid
skills in machine learning as well as some skills in computer science and statistics
[PW]. Their main task is looking for questions or hypotheses worth investigating by
exploring data, and thus, data preparation takes up most of their time. Therefore,
task-wise, they are similar to the Data Scientists described by Convertino et al.
and the Hackers described by Kandel et al. [CE17; Kan+12]. The main struggles
mentioned are the technical skill required for data preparation and their need for
more flexibility and less control in using data compared to Data Analysts.
Moving on to the following archetype, the Power Analyst conducts the tasks of
a data scientist while possessing slightly worse technical skills but more business
knowledge. In contrast, there are BI and Business Analysts who have a good under-
standing of the organization’s data but varying technical knowledge. They deal with
warehouse data to conduct analytical tasks, which they use dedicated tools for.
Next, the Power end-user has good business knowledge and sufficient technical skills
to access, perform analyses, and create reports. They use excel to answer questions
for casual end users that they deliver in the form of reports. This resonates with Logi
Analytics’ finding that "IT considers the use of spreadsheets to be the most important
modeling for business users" [20142014Report]. However, in their survey, business
users reported that in addition to consuming prepared reports, it is crucial that they
can independently conduct analysis and produce reports [Log14].
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The above-mentioned, Casual end user consumes reports, monitors dashboards,
and explores data through them. They possess high business knowledge, and their
characterization resembles Eckerson’s casual user and all other researchers’ least
technical users. Overall the description of Watson’s archetypes lacks specificity.
Therefore, it can only be assumed that further archetypes apart from the Data Scien-
tist resemble other researchers’ findings. For this reason, Watson’s archetypes will
not be considered moving forward.

Having discussed the archetypes described by different researchers, it is appar-
ent that all models share characteristics such as technical skills, tasks, and struggles.
With this in mind, the models can be compared to derive a perspective that will be
adopted for this research. However, the textual representation provided above may
make comparing the models cognitively difficult which is why the similarities and
differences will be visualized.
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Fig. 2.4.: A comparison of the user archetypes within BIA summarizing the research dis-
cussed in the related works chapter. Additionally, each archetype’s tasks within
the data processing stages are illustrated

Figure 2.4 summarizes user archetypes from the related literature reviewed in this
section with the colors signifying their relative level of technical skill. Furthermore,
their tasks are signified from the list of data operations described by Rattenburry
et al. [Rat+]. However, these are exclusively information-producing tasks. In
considering the least technical users such as casual Users it is necessary to consider
report requesting and dashboard drilling. Therefore, these were added to the
visualization as information-consuming tasks. As can be seen, the users with the
lowest technical skills mostly consume reports, make decisions, and sometimes
conducts data analysis. These people who are referred to as casual users by Kandel
et al., often need expert support to access and prepare their data [Kan+12]. This
creates issues due to experts being a bottleneck in organizations. Therefore, more
and more casual users will require support in the future as businesses become more
data-driven. Most researchers model medium technically skilled users as capable of
consumption and production. Therefore, in this research, we will adopt the model
of Kandel et al. that separates casual (application) users, scripters, and hackers
[Kan+12]. According to Siegel et al. non-technical consumers make up 65% of
Analysis and BI professionals while active consumers, that can be seen as Scripters
make up 25% [Sie+13]. Since they struggle the most with depending on experts it
could be beneficial to investigate their relationship with IT and how it contributes to
these struggles.
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2.2.2 The tasks that lead to IT being a bottleneck

In the following section, it will be investigated how the roles involved in data pro-
cessing and analysis for decision-making collaborate. In particular, the focus will lie
on the communication and artifact exchange between application users, scripters,
and IT which are not described by the architecture diagrams introduced earlier.
Many researchers have come to the conclusion that the least technical users are
supported by the more technical users including IT for their analysis and data prepa-
ration [LVS; Kan+12]. But even more technical analysts receive support from IT for
Data preparation.
According to Kandel et al., the IT team helps analysis in several ways [Kan+12].
Firstly, they keep data within a centralised platform which by ingesting it from
source systems using SQL. Therefore, if an analyst - who can be a casual user or a
power user - needs certain data, they will request it from IT. This, however, may
lead to a long exchange of requests due to the amount of data that can be stored in
different source systems [Mic+20; Eck08]. Therefore, the collaboration between
casual users and analysts on one side, and IT on the other side is necessary for data
preparation.
Furthermore, "the IT team is responsible for operationalizing recurring workflows"
[Kan+12]. This means that casual and power users request IT to automate the
consistent move and transformation of data that is constantly updated in source
systems. In this case, collaboration helps more technical power users such as data
scientists with writing scripts. Additionally, IT assists medium-skilled power users
with finding and understanding data. Overall the described functions of IT serve
users with varyious technical skill levels in different ways. IT’s task of data prepara-
tion for casual users is the most important because make up over 60% of BI workers
according to Siegel et al. and Eckerson et al. [Sie+13; Eck08].

Therefore, this research will focus on improving the self-service of data prepa-
ration for casual users. According to Rattenburry et al., the data operation that is
part of most data processing tasks is the structuring of data [Rat+]. Furthermore, it
is structuring that is necessary for ad-hoc and regular reporting. Thus, by improving
the usability of data preparation tools for data structuring operations it is possible
to reduce casual users’ dependency on power users for data preparation and report
generation.
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2.3 Selecting a data wrangling tool

In this section, several data preparation tools will be introduced and discussed
regarding their fit for this study. Based on this Trifacta Wrangler was selected and
introduced as the subject of the usability evaluation.

2.3.1 A comparison of tools

There are many tools that enable data wrangling. Microsoft Excel is widely used
amongst business users and can be used to analyze and visualize a dataset to recog-
nize patterns and trends [CE17; Kan+12; RH21]. As related work has shown it is
also widely used within BIA. However, analysis of large datasets with Excel may not
be possible with over 1 Million rows [Kan+12]. This presents an issue due to the
volume of big data which is why Excel may not be considered a tool for evaluation.
However, it is important to inquire about participants’ Excel experience as it may be
related to their skill level.

Moving on from Excel there are other tools specifically intended for large and
varied datasets. According to Rosett et al., many of them require programming
skills. They may be designed to meet what organizations demand from the mar-
ket. However, this demand does not directly reflect the need of the employees
working in the organization. Most organizations seem to select BI tools that meet
the needs of power users and which, therefore, are too complex for casual users
[Eck12; Mic+20]. According to Watson, an explanation could be that the software
selection committees are usually comprised of power users [Wat09]. As described in
the archetypes, power users use programming languages such as R and Python for
statistics, machine learning, and data wrangling. Therefore, it would be important
to inquire about participants’ experiences with them in order to detect a potential
impact on their required support when wrangling data.

In light of the many tools that are too complex to meet the needs of casual users it is
important to not select one of these in this study. Tools that are designed for casual
users must be Graphical User Interface (GUI) based. Furthermore, tools that provide
low-code or no-code functionality assist users that possess minimal programming
skills [RH21]. Reports published by Forrester and by Gartner review the market of
GUI-based data preparation tools presenting several established software products
[Lit17; ZSV17]. These are for instance SAS Data Loader For Hadoop, Trifacta Wran-
gler Enterprise, Talend Open Studio, or Alteryx Analytics.
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To the best of this author’s knowledge, there has not been much research on the
usability of the mentioned data preparation tools. A study was found rating the
usability of Talend Open Studio [Ste+]. However, the methods used in the study
relied on subjective opinions or impressions and are not reasoned from an HCI
perspective.

The only tool that sufficient academic literature could be found on is Trifacta
Wrangler. This is because it was developed from a cooperation between Stanford
University and Berkley University before becoming a commercial venture in 2013
[Kan13; Sta]. Since then the software product has changed a lot in functionality and
design while advancing to one of the market leaders [ZSV17]. Therefore, the current
tool Trifacta Wrangler will be introduced based on information from the company’s
website and the above-mentioned independent reports []. Usability research about
Wrangler will be discussed at the end of this section.
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2.3.2 Case study: Trifacta Wrangler

This subsection will provide an introduction to Trifacta Wrangler and describe the
functionality and user interface of the version that is used for this study. In the
starters edition, users are offered Basic connectivity to cloud storage and cloud data
warehouses. This enables the extraction from and loading into for instance cloud
data warehouses. For this study, the free 90-day trial of the Professional edition
(version 9.3.0) was used. Despite the multitude of possibilities, the study’s only
relevant feature is data wrangling. In this sense, Trifacta Wrangler supports the
structuring, enriching, and cleaning of data. Common tasks such as aggregations,
regular expressions, or joins are enhanced for non-technical users through now-
code and low-code operations. The user interface also offers predictive features
by previewing likely transformations as can be seen in figure 2.5. In addition to
wrangling operations, the tool also offers data profiling to better understand the
data by showing interactive visual representations of data patterns which can be
identified as green bar diagrams in the interface.

Fig. 2.5.: A screenshot from the data wrangling interface of Trifacta Wrangler []
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2.4 Usability of data preparation tools

Having introduced Trifacta Wrangler as the tool for this study, let us now discuss the
literature on data preparation tools’ usability. As far as this author knows, usability
evaluations of data preparation tools have only been conducted by Kandel et al as
part of the development of Wrangler in 2011 [Kan+11]. Within their quantitative
test, they had subjects perform three data-cleaning tasks with two different tools.
The first tool was Excel and the second tool was the data preparation tool, Wrangler.
They analyzed the influence of participants’ self-reported Excel experience on their
task performance. The result was that more Excel experience increased task perfor-
mance. Participants’ overall task execution was more efficient in Wrangler than in
Excel.

To derive insights that inform this research, it is necessary to reflect on the above-
described methodology critically. First, let us examine the tasks participants were
instructed to perform and which data operation category the tasks are part of. As a
reminder, the discussion of archetypes has found that casual users benefit from being
able to do structuring operations on data. In Kandel et al.’s usability test, the tasks
were text extraction, filling in missing values, and reshaping a table structure. While
text extraction is a structuring operation, according to Rattenburry et al., reshaping
the table structure is not mentioned by the authors and, therefore, uncategorized.
However, filling in missing values is categorized as a cleaning operation, so Kandel et
al. investigated the usability of multiple data operations. For this research’s method-
ology, selecting three data operations from the structuring category is essential.
Moving on to the observed variables, Kandel et al. measured participants’ task
completion time. Thereby they addressed the effectiveness and efficiency of task
achievement. In line with the definition of usability, it would be interesting to focus
this research on collecting qualitative data about the user’s satisfaction with the
interaction. Doing so would help answer the question of why specific usability
problems occur.

In addition to task performance, Kandel et al. measured excel experience, which
makes sense when reflecting on casual users’ tool use. Kandel et al. measured excel
experience by self-reporting their estimation on a 10-point scale. Such a subjective
measure may be prone to errors due to participants over- or underestimating them-
selves. However, to the best of the author’s knowledge, there are no questionnaires
to be found in related work that inquire about excel experience.
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Therefore, when replicating this measurement, it is crucial to add questions that may
inform the researcher about the participants’ Excel experience in another manner.
Furthermore, it would be interesting to measure the experience with other tools
and technologies related to working with data too. Tools and technologies that
Convertino et al. refer to as being used by data analysts include SQL, R, or Python.

2.5 Classifying usability problems

Having looked at usability methods used in research on data preparation tools, let us
now turn to how usability problems are classified once they have been identified. Re-
search on usability classification criteria and frameworks can provide useful insights.
This section will present and discuss these insights concerning their usefulness for
this research. Apart from general criteria, it is important to consider usability classi-
fication criteria developed for BI research.

In general usability literature, many criteria could be used to categorize usabil-
ity issues and help understand why system designs are poor. Jakob Nielsen’s 10
usability heuristics are frequently referenced criteria [Nieb]. Due to their popularity,
they will not be detailed further at this point but instead taken into account when
discussing BI-specific criteria at the end of this section.

Apart from this, researchers developed several frameworks to classify usability prob-
lems. On the one hand, the Usability Problem Taxonomy (UPT) enables classification
at different levels of granularity [Kee+99]. On the other hand, the User Action
Framework (UAF) is a support tool enabling the same with fewer levels of granularity.
According to Andre et al., the User Action Framework is more reliable than the
Usability Problem Taxonomy [And+00]. However, according to Khajouei et al., both
frameworks are not sufficient for complete and accurate reporting as "it does not
include a severity rating nor does it contain an assessment of the potential impact of
usability flaws" [Kha+11]. Therefore, Khajouei et al. adopted the UAF’s classification
scheme and added elements of prioritization which can be seen in figure A.8 in the
appendix. The latter prioritization first assesses the potential impact of usability
problems on final task outcomes and secondly provides a validated severity rating
rooted in Jakob Nielsen’s work [Nie94].
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Moving on from general usability literature, let us now turn to research findings
specific to the context of BI.
In 2013, Jooste et al. came up with the following six criteria to evaluate BI ap-
plications: visibility, flexibility, learnability, application behavior, error control &
help, and decision support [JVM13]. In proposing a new set of criteria, Smuts et
al., 2015 combined the usability criteria by Biljon Mentz and Jooste et al. and
added operability as a criterion [SSC15]. They also included the usability metrics
satisfaction, efficiency, and effectiveness in their evaluation criteria. Therefore, when
comparing these revised criteria of Smuts et al. with Nielsen’s usability heuristics,
seven heuristics can be seen as being contained in one of Smuts’ criteria. Three of
Nielsen’s heuristics do not fit any of the descriptions: #2 Match between system
and the real world, #3 user control and freedom, and #8 aesthetics and minimalist
design. Based on the importance of Nielsen’s heuristic in the literature, it can be
argued to add them as criteria for evaluating BI applications.
Hameed Mousa et al. came up with six dimensions for measuring the usability
of BI applications [HAT18]. However, they come with several limitations. On the
one hand, several dimensions are particular to data processing and may not be
generalizable to a more extensive scope of BI applications. On the other hand, one of
the dimensions can be seen less as a criterion but rather as a feature. Unfortunately,
the dimensions are not described in detail in the paper, which in any case prevents
them from contributing to this discussion.
Looking at the introduced usability criteria for BI applications, it can be said that
they are very similar to the 10 usability heuristics by Jakob Nielsen. This is probably
due to the researchers’ approach in deriving the BI-specific criteria from general
usability research and combining them with results from their respective studies.
Based on the discussion of usability problem classifications, an approach will be
chosen in the following methods section.
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2.6 Summary

In this section, the research gaps identified in the related literature will be presented
once more and connected with each other.
Casual users possess business knowledge that they use to make decisions based on
the organization’s data. They possess little technical skill, which is reflected in their
use of tools like Excel and other BI tools for which data is prepared by IT upon
request. Casual users’ technical skill restricts them to only being able to consume
reports from these BI tools. Therefore, to reach a higher level of self-service and,
thus, more independence from IT, they must be able to do regular reporting and
generate ad-hoc reports. A key requirement for both types of reporting is conducting
data structuring tasks in a data preparation tool.
Trifacta Wrangler is a market-leading data preparation tool originating from scientific
research that can be used for a variety of data operations. Not much usability
research could be found on BI tools, and no previous studies focused on issues
casual users face during data structuring tasks. Therefore, it would be interesting
to conduct a qualitative usability evaluation of Trifacta Wrangler to identify which
problems casual users face and to classify the problems with one of the introduced
usability criteria.
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Methodology 3
3.1 Data collection to evaluate usability

In this section, the several factors that must be considered when selecting the
methodology for a usability evaluation will be discussed.

3.1.1 Evaluation environment and sample characteristics

Usability evaluations can have different characteristics depending on the researcher’s
needs. They can be conducted in a controlled environment, making them replicable,
or in the field, making the conditions more realistic [Pre+11; Dum02]. Furthermore,
systems can be assessed by usability experts or by real users. The latter option
assesses the actual use of the system while experts assess whether or not a sys-
tem upholds accepted usability principles. Frequently cited principles for expert
evaluation are Jakob Nielsen’s 10 usability heuristics [Nieb]. Studies on heuristic
evaluation show that it is better conducted by experts than novices, and several
people conducting heuristic evaluations independently of each other is preferred
over only one person conducting the evaluation [NMB90; Niea]. Due to this research
being conducted by a single researcher, a heuristic evaluation may not be suitable
and an evaluation based on real users is chosen. Furthermore, due to the difficulty
of sampling business users that conduct data operations daily, the controlled envi-
ronment is chosen over a field study.

Having decided to sample from a population of real users for the evaluation it
is necessary to define the sample size. This is a frequently discussed topic in usabil-
ity research as the number of users being tested impacts the number of usability
problems that can be found in a study. Finding all usability problems of a system
may be ideal however, trying to do so is inefficient [NL93]. Nielsen and Landauer
recommend four to five users to discover 85% of the problems. Perfetti opposes
them with her findings showing that testing with five users fell short of achieving
the 85% problem discovery mark and recommends six users [UIE].
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In contrast, Lewis recommends not relying on so-called magic numbers as they
would only apply to specific conditions [Lew14]. Instead, one should use formulas
based on the cumulative binomial probability to guide sample size estimation. How-
ever, these formulas require defining the probability of the occurrence of usability
problems which in the context of this study can not be done accurately. In light of
the discussed findings, this research will test with eight participants.

The data collection was supported by TeamITG Netherlands, whose employees
were recruited as participants during an internship at the company. TeamITG is
a marketing technology company based in the province of Utrecht. The casual
users will be sampled from the marketing, sales, and data departments as their
business and technical knowledge are expected to align most with the archetypes
introduced in the related works chapter. They were contacted through an email
that was forwarded by upper management. It informed the recipients of the study’s
context and its purpose. Furthermore, it provided a means to describe the ideal
characteristics that participants should possess. On one hand, they were supposed
to have little experience in working with data, for instance, in excel or similar
data-related tools. On the other hand, they were not supposed to be very well-versed
in SQL or other data-related programming languages. The goal of this constraint
was to avoid sampling developers or other more technically skilled people. Follow-
ing this email briefing, several colleagues that seemed to fit the description were
approached by the researcher in person in an informal way to ask if they were
willing to participate in the study. This personal approach was chosen to ensure that
participants were self-motivated rather than instructed to participate. The people
that agreed to participate were provided with a link to a date-picker tool where they
could conveniently schedule their usability test.
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3.1.2 Usability data collection process

Having discussed the evaluation’s test environment and sampling characteristics,
let us now turn to the evaluation procedure and its protocol. This involves several
aspects. Firstly, a method must be chosen to collect qualitative data on usability
issues that participants encounter during task execution. Subsequently, tasks must
be defined. Furthermore, it is necessary to create a questionnaire to collect data on
participants’ characteristics and data-related skills. Finally, it is necessary to describe
the responsibilities of the facilitator and the setup of the study.

Let us now turn to discuss the data collection method. According to Lewis, several
methods can be used to identify usability problems by collecting data about users’ ef-
fectiveness, efficiency, or satisfaction during system interaction [Lew14]. Interviews,
usability tests, and standardized questionnaires, just to name a few. All methods
can be used to create an inventory of usability problems, and there is no significant
difference between the problems found in usability tests and expert reviews [MD08;
Jor+96].
However, Jordan et al. postulate that only usability tests can measure task perfor-
mance [Jor+96]. Concerning their reliability, a 2004 study by Molich et al. showed
that independently conducted, identical usability tests, each found different usability
problems, however, never the complete set of problems which is in line with Nielsen
and Landauer’s findings discussed when deciding upon the sample size [Mol+04;
NL93]. Thus, the researchers recommended focusing on productivity and accurate
usability classification schemes rather than maximizing the quantity of identified
usability problems. Classification schemes have already been discussed in the related
works section and will be decided upon later in the analysis section. Based on this
paragraph’s discussion, the usability test is chosen as the method to collect usability
problems. Therefore, it must now be discussed how the usability test will be set up.

To identify usability problems, participants’ problem-solving processes must be
studied. According to Someren et al., there are several methods to do so [MW
94]. They can be characterized as observation methods, and verbalization methods.
Let us first discuss observational methods such as recording eye movement, brain
activity, or mouse clicks during system interaction. In the case of this experiment,
recording eye movement or brain activity are not feasible due to resource limita-
tions. Recording mouse clicks may be feasible however, doing so only provides
information on what is happening on the computer system side of the observed
human-computer interaction. However, from an HCI perspective, it is crucial to
observe the problem-solving process from a human perspective.
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Donald Norman’s 7 stages of interaction model describes an interaction loop which is
the same as the UAF’s interaction cycle that is originally based on Donald Norman’s
theory of action [14; Nor87]. Within the 7 stages of action, the human’s mental
model of the world interacts with the computer’s conceptual model through the
interface. Any interaction may change the system state, which prompts the human
to make sense of the change and perform subsequent interactions until the goal is
achieved. Thus, the aim when collecting usability problems is to understand the
mental model of the user and identify when the conceptual model does not match it.
This means that recording click streams are not suitable for this research as they do
not inform about the mental model.

Let us, therefore, turn to the verbalization methods where Someren et al. distinguish
between unstructured and structured methods [MW 94]. Structured methods, such
as asking a predefined set of questions to the user during the experiment, have
several disadvantages. They require translating the subject’s cognitive processes into
a structure that may distort the information. Therefore, an unstructured method
will be chosen where the information must be structured by the researcher, which
will be discussed in detail in the following section.
There are several types of unstructured verbalization methods. During retrospection,
the subject recalls cognitive processes that happened during the problem-solving
process after finishing the tasks. This has the advantage that the subject can focus
entirely on the task during execution. It is also reported that more problems were
detected compared to verbalization during task execution [VDS03]. However, this
could be influenced by a finding from Someren et al., according to which retrospec-
tive verbalization may lead to false memories being reported [MW 94].

False memory may also occur during introspection, where intermediate stops in
between the problem-solving process are chosen by the subject to recall the cognitive
process. The method of prompting is where the researcher interrupts the process to
ask questions. Even though this may lead to a deeper understanding of the cognitive
process, it makes measuring the efficiency of interaction difficult. In addition to
these introduced verbalization methods, there is the think-aloud method, which
requires subjects to concurrently verbalize their thoughts during a problem-solving
process[Nie94]. On one hand, the benefit is that there is neither a delay in recall nor
an interpretation of the cognitive process by the subject. On the other hand, verbal-
izing thoughts may lead to a slowing down of task performance which researchers’
findings have been very contradicting on [VDS03; Jää10; VES86]. Ideally, a mixed
methods approach would be chosen by applying a concurrent think-aloud that is
extended using a retrospective interview.
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However, such an approach would significantly lengthen the experiment’s duration
to exceed 1 hour. Considering the subjects’ motivation to participate and their
participation during work hours, this is not feasible. Therefore, the concurrent
think-aloud will be chosen as the method to gather usability problems by recording
the subject’s verbalization of their cognitive processes.

Having decided on the concurrent think-aloud, it is necessary to define the tasks
participants execute in Trifacta Wrangler. As explained in the related work section,
tasks must be data structuring operations. Therefore, several structuring operations,
according to Rattenburry et al., can be referenced [Rat+]. These are value extrac-
tion, filtering records and fields, and aggregations. As the authors provide example
tasks for each operation, these can be adapted to fit the test dataset provided by
default in Trifacta Wrangler. A task is completed if the ideal outcome is produced by
the system.

3.1.3 Questionnaire about demographic, skill and usability

The previously described think-aloud usability test will yield qualitative data about
the usability of Trifacta Wrangler. This will lead to the identification of implicit us-
ability issues. However, the data lacks quantifiable information on how participants
perceive the system’s usability. Therefore, it could be argued to add a questionnaire
that measures usability to the study. The system usability scale (SUS) can provide
such insights [Bro96]. Therefore, participants will be asked to fill it in at the end of
the usability test. An online survey will be created to collect demographic and skill
data, present the tasks to the participants, and have them fill in the SUS. The tool for
creating the survey will be Qulatrics, as it is licensed by Utrecht University [Qua].

Let us now turn to discuss the other data that is collected from participants. In the
chapter of the related work, it was identified that several characteristics determine
the technical skill of casual users. It is essential to take technical skills into account
when interpreting the results of the usability test. In practice, questions about
technical skills must be asked before participants take the usability test, as afterward,
they may be influenced by their experience. The skills that will be inquired about
are based on the research by Convertino et al., and Kandel et al. that was discussed
in the related work chapter [Kan+12; CE17]. These are, therefore, Excel experience
and experience with programming languages and statistical tools. Asking partici-
pants to report on their skills can be a biased measure which is why Convertino et
al.s. findings will be used to inform additional questions [CE17].
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Fig. 3.1.: Technical skill can be determined by tool use. Casual users use Excel and analysis
applications, while more technical roles can be identified by their programming
languages and statistical tools. [Kan+12; CE17]

They postulate that a person’s tool use can be equated with their technical skills.
Therefore, it will be asked how frequently participants use the tools and technologies
they subjectively rate their experience on. Figure 3.1 summarizes the findings by
showing a skill continuum of users characterized by tool use.
In addition to the overall experience, participants may be familiar with one or more
of the specific data preparation tasks from doing them in other systems. To identify
influential factors, it is necessary to inquire about familiarity with aggregations, text
extractions, and filtering operations.
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3.1.4 Conducting the usability test

This section will describe how to prepare, moderate, and conduct the usability
test. As preparation for usability tests, a moderator’s checklist is recommended,
which can be found in the Appendix in figure A.5 [Bar20; Ros22]. Participants
were shown a 5-minute video about Trifacta Wrangler called "Getting started with
Trifacta Wrangler" to give them an introduction into the system they are going to
use [Tri]. Moving on to describing the technical setup, Trifacta Wrangler was run in
a Chromium Browser on a Windows laptop that was provided by teamITG. Subjects
were provided a mouse to use as an alternative to the trackpad.
To identify flaws in the test design, a pilot study was conducted. Therein it was
revealed that the participant was unsure of the relevance of the 5-minute Trifacta
Wrangler introductory video to the tasks they would to be conducted. As a result, the
script was adapted to inform participants that the video provides a general overview
of the system and their knowledge of it would not be tested. After viewing the
video and beginning with the first task, it could be observed that the participant’s
unfamiliarity, combined with the testing environment, acted as a stressor for the
participant. Therefore, each participant in the real test was given 3 minutes to
familiarise themselves by freely discovering a "playground wrangling environment,"
which was set up to contain a different dataset than the actual tasks. This may
be seen as training in which participants can already get to know the system. The
downside would be that increased knowledge of the system could lead to participants
recalling specific interaction patterns during task execution. This could be considered
a limitation; however, in practice, business users receive extensive software training
to which the short exploration can not be compared [TP09]. Therefore, it can be
assumed that the test may still identify many usability issues.
After a few usability tests had been conducted, insights from that experience were
used to adapt the facilitation. During the time participants spent exploring the
interface, they were thus asked to practice the think-aloud method as a preparation
for the tasks. Another finding from the pilot study was that specific phrases in
the questionnaire were challenging to understand or could be misleading. For
instance, the labeling of SQL, R, and Python, as tools even though these are tools
and programming languages was corrected.
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Regarding the actual study, a few issues could have impacted the results. One
participant was used to interacting with a MacBook and, instead of using the mouse
as a pointer, settled for the trackpad and described it as unusual. At the end of
the session, another participant reported that the test situation caused him to feel
nervous. If no one had watched the participant perform the tasks, he would have
tried solving them for longer and exploring more creative solutions. This aspect of
the study setup will be reflected upon in the discussion. Furthermore, the screen
recording of another participant was lost at the beginning of the analysis, which is
why their session was analyzed solely based on the audio recordings.
Apart from the moderator’s checklist, the guidance of a participant through a session
also involved ad-hoc communication. Initially, participants were supposed to think
out loud without interruptions by the moderator while trying to solve the tasks.
However, occasionally participants had to be prompted to verbalize their thoughts
when they forgot to do so consistently. Participants could also ask questions if they
did not understand the task. However, questions regarding the system’s function
or how to complete a task were not answered. The 8th interview could not be
conducted in person due to illness and was conducted online using Microsoft teams.
The meeting software allows for screen control and recording and automatically
generates transcripts. A downside of the online usability test is that occasionally the
internet connection negatively impacts the software’s responsiveness. However, the
participant was made aware of this before beginning the tasks. Therefore, it can be
assumed that the connection problems did not bias their impression of the system’s
usability.
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3.2 Analysis

3.2.1 Classifying usability problems

This subsection will discuss the analysis of the usability test data. Based on the
discussion in the related works the User Action Framework will be used to classify
usability problems. This includes the categorization, severity, and potential outcomes
of usability problems, as well as the transcript coding. Before discussing the above,
the necessary preparations are described.
Firstly, the participant’s think-aloud recordings must be transcribed. This will be
done with OtterAI and Microsoft teams which use speech recognition technologies
to generate transcripts automatically [Ott]. The result may still contain errors
that will be proofread and corrected if necessary. To analyze participant interaction
utilizing observation, the screen recordings will be matched with the voice recordings
to produce a complete video of the system interaction. This video serves as the
basis for the identification and description of usability problems. A sequence can
be identified as a usability problem if the participant deviates from one of the
optimum procedures for problem-solving [VDS03]. These optimum procedures
were identified in Trifacta Wrangler before the experiment’s conduction. The sum of
problem descriptions makes up an inventory of usability problems that are numbered
and tagged according to the participant’s anonymous identifier and the task during
which they occurred. Said usability problem descriptions can then be classified
into the User Action Framework. When classifying each usability problem in the
relevant area of the UAF, as many classification nodes as possible must be labeled
to provide a fine-grained classification. The classification tree can be seen in figure
3.2. As preparation, different classification scenarios will be practiced on the UAF
training modules website, [Bru]. For the usability problem classification, another
HCI master’s student was recruited and trained. However, in the two available hours,
it was not possible to complete the classification tasks. The second coder managed
to code half of the problems and stimulated a discussion around the UAF framework
that resulted in a reclassification of more usability problems.
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Fig. 3.2.: The User Action Framework phases including the subcategories and their specific
codes next to a sunburst diagram of the classification tree. For improved read-
ability the classification tree can be found in the Appendix figure A.10 and figure
A.15
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Usability problem classification is followed by rating its severity, which ranges from
0 to 4 and has been adopted by the UAF researchers based on Jakob Nielsen’s
literature[MN93]:
"0 = this is not a usability problem at all
1 = cosmetic problem only - need not be fixed unless extra time is available on a
project
2 = minor usability problem - fixing this should be given low priority
3 = major usability problem - important to fix, so it should be given high priority
4 = usability catastrophe - imperative to fix this before the product can be re-
leased"[MN93]
However, the description that Nielsen gives on determining the severity is not accu-
rate enough to do so reliably outside of an actual project’s context. Therefore, an
alternative rating of Nielsen will be used, which can be seen in figure 3.3. The rating
is made up of how many users experience a problem and what its impact is. If
the number of participants that experience the problem surpasses more than half of
the participants, which is four, then it will be tagged as being experienced by many.
The problem’s impact will be determined by whether it impacts task completion or
not. Therefore, the impact is large if it is the reason for a user to fail the task.

Fig. 3.3.: The "table to estimate the severity of usability problems based on the frequency
with which the problem is encountered by users and the impact of the problems
on those users who encounter it" [Nie94].

Having looked at the severity, let us turn to the specification of a usability problem’s
potential outcome. This undertaking can be deemed unfeasible in this research
because the usability test’s tasks are not tied to an overarching project. Therefore,
the potential outcome could only be assumed but not accurately estimated. As a
result of this reflection, the final prioritization step, as defined by Khajouei et al.,
will not be considered [Kha+11].
The above-described analysis steps will yield an inventory of classified usability
problems. To generate insights, the usability problem classifications will be grouped
per participant and task. Tasks are classified as either completed or not. This
provides an overview of which types of problems occurred most frequently in each
task, in general, and what their severity is.
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3.2.2 Coding the transcript

According to Fan et al., think-aloud protocols can be deductively coded with specific
codes [Fan+19]. Sequences, where participants read text from the interface or
task instructions, are coded as reading. Descriptions of participant’s actions are
coded as procedure. Remarks about the device or the participant themselves are
coded as observations. Finally, there are explanations of motivation for participants’
behavior coded as explanations. Fan et al. postulate that usability problems are
most likely found in observations; however, they define no further steps [Fan+19].
Therefore, to gain a qualitative insight into the usability problems, open coding
will be applied within the observation category. This is done by identifying verbal
indicators of problems [VDS03]. In practice, verbalizations such as I am lost or This
was unexpected were coded. In this case, the equivalent categories were named
noPlan or unexpected. The verbalizations will then be used to verify the usability
problem categorizations and to provide qualitative context to the results in the form
of quotes.

3.2.3 Technical skill’s impact on usability and SUS

To identify the effect that different levels of technicality have on usability, it is
necessary to combine the survey results and the identified usability problems. It will
be investigated if different technological experiences and frequencies of tool use
impact task completion as well as the type of usability problems that occur and their
severity.
Moving on from the usability problems derived from the test, the SUS questionnaire
provides a subjective view of Trifacta’s usability. This insight will complement the
usability problem categorisations in determining if participants with different levels
of technical skill perceive the system’s usability differently. Therefore, it is necessary
to identify correlations between the SUS score and the participant’s technical ability.
Furthermore, it is essential to identify connections between the SUS score and the
occurrence and severity of usability problems to possibly inform future research on
the SUS.
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Results 4
4.1 Participant characteristics

Eight people participated in the experiments, four between the age of 35 and 44 and
two between the age of 25 and 34. The two others were between 18 and 24 years
old and 45 and 54 years old. The gender of six participants was male, while two
were female.
Most participants reported being at least moderately familiar with filtering oper-
ations. In contrast, few participants reported being familiar with extractions and
aggregations.
All participants reported having prior experience in Excel, with all but one using it
weekly or daily. Between Excel experience and frequency of use, no significant dif-
ferences could be found among the participants. Moving on to SQL, one participant
reported having basic SQL experience, and the others were inexperienced. None of
the participants currently used SQL.
Participants had no experience with R, Octave, and Matlab and had never used
them. The same goes for Python, Ruby, and Java. In addition to the already-named
technologies, four participants reported using PowerBI daily or weekly. Three of
them worked in the Sales department, with the other participant working in the
Client Services department. PowerBI is a business intelligence tool to connect and
visualize data to gain insights [Mic]. Therefore, the influence participants’ PowerBI
experience has on their performance will be analyzed, too.
In conclusion, it can be said that casual users are not very familiar with data struc-
turing operations. They use Excel frequently and have intermediate experience
with it. In contrast, advanced programming and statistical languages are unknown
to casual users, whereas SQL experience can be considered an anomaly among them.
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4.2 Analysis encodings

Let us now turn to the encoding of the results. As shown in figure 4.1, several codes
were produced during the analysis. The codes’ usefulness varies because not all
of them can be used to verify usability problems. For instance, observationDescrip-
tion latency, languageBarrier, and inferenceFromDescription either do not reference
problems or relate to issues with the experiment setup. The remaining codes were
used to gain insights into usability problems. In practice, the code could hint at
an interaction phase where the problem occurred. An example of this is the code
unclearMeaning which can relate to the subcategories Content and Meaning of either
the Translation Phase or the Assessment phase. In contrast, the code unexpected
simply informed about a usability problem but did not hint at a specific phase.

Fig. 4.1.: The open codes from the observation category and their frequency of reference
produced during the coding process in Nvivo.
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4.3 RQ1: Most usability problems identified are about
Planning and Translation interactions

Overall task performance varied among each of the three tasks. Six out of eight
participants completed the extraction task by reaching the ideal outcome through
one of the ways illustrated in the figure A.9 in the appendix. The filtering task
was completed by seven out of eight participants. In contrast, the aggregation
task was only completed by two out of eight participants. These two participants
were also the only participants that managed to complete all three tasks. The
difficulties participants experienced during the aggregation tasks can be observed in
the transcript’s codes. Participants blamed themselves mostly during the aggregation
task, with verbalizations such as:
’This is basic, why am I not able to solve this?... I’m doubting myself right now.’
The code lost was mainly related to the aggregation task:
’I don’t really know what to do differently’ and ’I don’t know what I’m doing at the
moment.’

The completion rate differs amongst tasks; however, the number of usability prob-
lems experienced was similar when comparing all completed and failed tasks with
each other.
During the usability tests, 68 usability problems occurred. When looking at the us-
ability problem categories in figure 4.2, it can be seen that most of the problems are
categorized in the planning and translation categories, with two problems being in
the assessment category. None of the usability problems could be attributed to either
of the two categories outcome and physical action. The occurrence of problems
from each category is almost evenly distributed amongst the three data structuring
tasks. When investigating the problems that the two participants who completed all
tasks experienced, it can be seen that amongst them, only one planning problem
and one assessment problem were encountered. The other 11 are in the translation
category. It seems as if translation problems have a lesser impact on task completion.
Therefore, let us now turn to the usability problem severity to gain further insights
into which problems impacted Trifacta’s usability the most.

4.3 RQ1: Most usability problems identified are about Planning and
Translation interactions

41



c Preferences and Efficiency 
issues for existence

2 Presentation a Perceptual issues 1 Noticeability

2 Discernability

b Layout and grouping

c Preferences and efficiency

3 Content and meaning a Clarity, precision, predictability of meaning 

b Completeness and sufficiency of meaning

c Distinguishability

d Relevance of content

e Convincingness of content, meaning

f User centeredness of wording, design of 
cognitive affordance content

g Consistency and compliance of cognitive 
affordance meaning

h Error avoidance

i Layout and grouping

j Cognitive directness

k Mnemonical meaningful cognitive 
affordances to support human memory 
limitations

L Content, meaning of cognitive affordance 
for data entry

4 Task structure and 
interaction control

Physical 
Actions

Outcome

4 Task structure and 
interaction control

5 Preferences and efficiency 
(of Translation issues)

a Loss of user control due to system action

1 Perceiving physical 
objects

a Noticability

b Discernability, visibility

c Preferences and efficiency

2 Manipulating objects a Fitt's law issues

b Assist in performing actions

c Cursor positioning by system

d Making physical action efficient 
for expert users

1 Physical objects 
design and design of 
interaction/I/O devices.

2 Accommodating 
different user classes 
and disabilities

3 Interaction 
techniques,Interaction styles 
(E.g : Direct manipulation 
GUI, movements in VE)

4 Preferences and efficiency

Alternative way(s) to do task, step

b Error avoidance

c Adding confirmation to head off potentially costly errors.

d Supporting human memory limitations

e Directness of interaction

Assessment 1 Issues about 
feedback

2 Issues about 
information display

a Existence

b Presentation 1 Perceptual issues

2 Layout and grouping

c Content and Meaning

d Preferences and 
efficiency

a Existence

b Presentation

c Content and Meaning

d Preferences and 
efficiency

a Noticeability

b Discernability

same as Translation

same as Translation

Physical 
Actions

Outcome

4 Task structure and 
interaction control

5 Preferences and efficiency 
(of Translation issues)

a Loss of user control due to system action

1 Perceiving physical 
objects

a Noticability

b Discernability, visibility

c Preferences and efficiency

2 Manipulating objects a Fitt's law issues

b Assist in performing actions

c Cursor positioning by system

d Making physical action efficient 
for expert users

1 Physical objects 
design and design of 
interaction/I/O devices.

2 Accommodating 
different user classes 
and disabilities

3 Interaction 
techniques,Interaction styles 
(E.g : Direct manipulation 
GUI, movements in VE)

4 Preferences and efficiency

Alternative way(s) to do task, step

b Error avoidance

c Adding confirmation to head off potentially costly errors.

d Supporting human memory limitations

e Directness of interaction

Planning

Translation

1 Goal decomposition

2 Supporting planning 
for error avoidance

3 Users knowledge of 
system state,modalities

4 User and work context

5 Users ability to keep 
track of how much is done

a User unable to establish sequence of tasks 
to accomplish goal

b Matching users conception of high level 
task organization

c Users ability to determine what to do first

d Users ability to determine what to do next

e Supporting human memory limitations

1 Existence a Existence of a way

b Existence of a 
cognitive affordance

1 Existence of a cognitive 
affordance to show the way. 

2 Clear mechanism to 
commit to an action.

3 Human memory aids

4 Visual cue to aid error 
recovery. 

5 Includes existence of a cue 
to tell how to set preferences.

c Preferences and Efficiency 
issues for existence

a Matching user's conception of the system

b User awareness of overall application concept,system 
features

c User beliefs and expectations about the system

d User centeredness of overall system model

e Overall understanding of interaction paradigm or interaction 
style 

f User awareness of system features and capabilities 
(what you can do with it)

Missing feature

2

A

2

Fig. 4.2.: The results showing the User Action Framework phases of the identified usability
problems in Trifacta Wrangler. Most problems are in the categories planning and
translation and two are in the category assessment. The text highlights only those
subcategories and codes that are visible in the sunburst diagram.
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Figure 4.3, shows the usability problems with medium and high severity along
with their codes in the UAF’s classification tree. The axis’ of the table indicates the
proportion of users experiencing the problem and whether the problem led to task
failure more than half the time. The most severe usability problem (P3a) is in the
planning category. The problem relates to matching users’ conception of the system,
which was the most experience issue among participants and led to task failure
most frequently. In all three tasks, the user could not formulate regular expression
code according to the syntax required by the program. While the aggregation task
demanded a more complicated formula, the extraction and translation tasks required
inputting a single string between quotes to specify the value that should be extracted
or filtered. Participants were unaware that strings had to be put between quotes
as part of the syntactical rules. This is related to the medium severe translation
usability problem (T3b) of the incomplete feedback message and its unclear meaning
to casual users. Many participants mentioned this during the think-aloud session:
’I put in the slash as the delimiter, and then it gave an error message, which I didn’t
really fully understand.’
’I’m probably missing something there, but I’m not sure what it is.’
’And I’m getting the same error I got in the previous task saying column upsell does not
exist in the schema. No, it doesn’t.’

Fig. 4.3.: The headlines of the table’s row and column indicate the severity classification
of the usability problem codes. In the legend, the full classification can be found
according to the UAF. It can be seen that the most severe problem belongs to the
Planning category and the majority of medium-severe problems belong to the
Translation category. All other problems have low severity.

4.3 RQ1: Most usability problems identified are about Planning and
Translation interactions
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Moving on to the three medium-severe problems in the translation category (T3b,
T1b1, T1a). They relate to missing features, missing affordances to show the way,
and non-user-centered wording. The latter was expressed by participants when
trying to decide between the call of actions ’day of the week’ and ’day of the month’:
’Don’t know what day of month or day of the week is.’
’I was wondering which one is the best to choose.’
’I don’t understand the difference between day of the week or day of the month, but it
seems logical to do day of the month.’
The other medium-severe problem is in the planning category and refers to users’
inability to establish a sequence of tasks which caused two participants to fail the
aggregation task.

The think-aloud results are also confirmed by the System Usability Scale. It produces
an average rating of 49 for Trifacta Wrangler. This is considered to be a poor rating
and indicates that the system’s usability must be improved to be usable for casual
users. Each participant’s SUS score rated the system’s usability very differently, as
seen in the appendix figure A.12. Investigating the poor SUS ratings showed similar
answers to questions 3 and 10: Participants with low SUS scores did not find the
system easy to use and, on the other hand, found that they needed to learn a
lot of things before they could get going with the system. Apart from this, no
connection between the SUS score and the data collected in the questionnaire could
be found.
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4.4 RQ2: Technological skill influences the occurrence
of usability problems

This section will describe the influence of casual users’ technical skills on their
performance on data structuring tasks. Technical skill is characterized as participants’
experience with and use of tools and technologies inquired about in the survey, or
that were given as open answers.

4.4.1 Users with less technical skills are more likely to incur more
severe planning issues

As shown in figure 3.1 in the method chapter, Excel was used to indicate the lowest
degree of technical skill. It can be seen that participants with more self-reported excel
experience completed more tasks. However, as there are no significant differences
in Excel experience and frequency of use amongst the participants, no profound
conclusion can be drawn about the impact of Excel experience on data structuring
tasks. Looking at the transcript, however, it can be seen in figure 4.4 that Excel has
been mentioned by multiple participants with varying sentiments. At the time of one
participant’s failure to complete the aggregation task, they frustratingly claimed to
be able to conduct it in 30 seconds in Excel. Another participant exclaimed:

’Mm, it’s hard to find the option that I think I need. To filter all the other options out,
for example, in Excel.’
The quotes indicate the negative influence that Excel knowledge can have on the
performance of aggregation tasks in Trifacta Wrangler. On the other hand, partic-
ipants also reported that the user interface looked similar to Excel because of its
menu bar that shows all functions and the large data table. One participant uttered:
’It’s difficult for me because I never worked with a system like this, but yeah, it’s a little
bit Excel-ish. [...] the look and feel.’
In light of these insights, Excel experience may influence the user experience, but
not the usability of Trifacta Wrangler.

4.4 RQ2: Technological skill influences the occurrence of usability
problems
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Fig. 4.4.: Several participants produced quotes related to their prior experience with Excel.
The common sentiment is that the participants conducted their system interaction
with Excel in mind and therefore encountered problems with Trifacta Wrangler.

4.4.2 Users with more technical skill in data operations experience
fewer Planning issues and more Translation issues

In contrast to Excel, SQL experience could influence task performance and usability
problems. The participant with SQL experience completed all tasks. Furthermore,
as shown in figure 4.5 the transcript suggests that knowledge of SQL enabled said
participant to recover from the highly severe planning problem. In that case, entering
code according to the system’s programming syntax was a less severe usability
problem for said participant because, despite it, they completed the task. The quote
in figure 4.5 provides the participant’s explanation as to how SQL experience helped
them.
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Fig. 4.5.: The participant with SQL knowledge managed to recover from the highly severe
planning error of using the wrong syntax for the input field.

In addition, there is another quote illustrating that SQL knowledge helped recognize
a hint for solving the same problem. This was because the participant noticed a
column label that indicated a string data type. In their words:
’I also saw a column that was ABC. So it was a string type. And I know from SQL that
if there is a text. It’s an ABC type that it should be within quotes.’
It could be assumed that other participants’ lack of SQL knowledge may, therefore,
be the reason why they did not perceive the label ’ABC’ as useful knowledge.
Let us now move on to how the four participants that use PowerBI daily or weekly
were influenced by their experience compared to non-PowerBI users. The latter ex-
perienced 4,5 planning issues on average, while PowerBI users only experienced two
on average. Therefore, it can be said that experience with PowerBI was connected
to the occurrence of planning issues. It is important to mention that the participant
with SQL experience did not report using PowerBI. Furthermore, PowerBI was not
mentioned in the transcripts so no additional qualitative insights could be found.

4.4 RQ2: Technological skill influences the occurrence of usability
problems
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Discussion, Limitations and
Further Work

5
Prior studies in BI have noted the need for casual users to achieve higher levels of
self-service when leveraging data for reporting. In reviewing the literature, no data
was found on the usability of data preparation tools. Furthermore, little was found
on the association between casual users’ technical skill and their ability to conduct
data structuring tasks.

5.1 RQ 1: Discussing the usability problems

The first question in this study sought to determine what usability problems casual
users face during data structuring tasks in data preparation tools. Looking at the
performance of data structuring tasks, participants had the greatest difficulty with
aggregation tasks. The frequent failure of the aggregation task indicates that not all
data structuring tasks have the same difficulty for casual users. Therefore, there may
be data structuring tasks that casual users can already conduct without the help of
IT, which can increase their level of self-service.
An interesting finding was that apart from medium-severe problems in the translation
category, the most severe problem was in the planning category. It arose from the
system’s conceptual model not matching the user’s mental model. This so-called
bridging of the gap between both sides is a key theme of Donald Norman’s theory of
action as described in the related work chapter [Nor87]. Based on the presented
results, it seems as if usability problems in the planning category are more severe
than problems in the translation category, and assessment problems are the least
severe. Neither Donald Norman nor the researchers that published research about
the UAF mention a hierarchy of usability problems within the interaction cycle’s
phases [And+01; And+00; Kha+11; Nor87].
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The results from the SUS highlighted participants’ struggle with the ease of use
and the learnability of Trifacta Wrangler. Participants with a low SUS score rated
Trifacta Wrangler as having poor learnability. Based on this, learnability could be
seen as an important aspect of a data preparation tool’s usability. This aligns with
the BI usability criteria reviewed in the related work. Jooste et al. and Smuts et al.
both included learnability as a criterium which is not the case for the 10 usability
heuristics by Nielsen [JVM13; SSC15; Nieb]. Eckerson’s research also emphasizes
the importance of learnability with his characterization of casual users: "despite
hours of training, casual users quickly forget how to use BI tools" [Eck12].

5.2 RQ 2: Discussing the influence of technical skill on
usability problems

The second question in this research was how technical skill - equated with the
use of and experience with data operation technologies and tools - affects the per-
formance of data structuring tasks. An unexpected finding was that participants
failed tasks that they would reportedly be able to solve in Excel. In contrast, par-
ticipants in the 2011 Wrangler study were faster at conducting data operations in
the data preparation tool than in Excel [Kan+11]. In the referenced study, however,
they received training on performing transformations before conducting the tasks.
Participants in this study did not receive training and were allowed to discover
the environment themselves after watching a video introducing Trifacta Wrangler.
Thus, software training could have influenced participants’ interactions with Trifacta
Wrangler positively. However, in practice training adds to the cost of BI tools [Eck08]
which is why it would be in the interest of casual users not to require training.
Applying human-centered design during the software development cycle as done in
this evaluation study can help reduce training costs [ISO19]. Therefore, it can be
argued that this study’s findings are highly relevant to the field of BI. Furthermore,
this discussion adds to the importance of learnability as a usability criterium as
discussed in the previous section.

The current study found that SQL knowledge improves task performance and reduces
the number of severe usability problems occurring. It can be said that technical
knowledge and, specifically, experience with concepts of programming languages
influenced the usability problems in this study. This is in line with Hameed et al.
who postulated that "A typical domain-expert cannot be expected to formulate often
intricate regular expressions" [HN20].
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In this case, the input code could be considered simpler than a regular expression.
Convertino et al. similarly emphasized the dependence of casual users without
programming knowledge on power users [CE17]. The lack of technical skill also
relates to the topic of data democratization introduced in the section scientific
and social relevance of the introduction. Two of data democratization’s enablers
are the development of data and analytic skills, and self-service analytics tools
[LLF21]. Since casual users can not be expected to develop their technical skill it
is the responsibility of self-service tools to support them with their data operations.
Therefore, data preparation tools must not only be usable for power users but also
for casual users. This is in line with the conclusion drawn by Convertino et al., that
there is a need for platforms that integrate multiple users with different technical
skills in an organization [CE17].
Moving on to PowerBI, its experience led participants to encounter fewer issues in
the planning category. Thus, beyond the scope of the tools identified in the related
works, there seem to be more tools that can influence the technical skill of casual
users. This is in line with Jakob’s Law on website user experience, which states that
users spend a lot of time in other tools, influencing their interactions in any tool
that is being investigated [Nie00]. Thus, identifying interaction patterns from other
tools casual users use could help improve the usability of data preparation tools.
This knowledge could be applied to simplify the programming of data queries or
incorporate more user-centred wording and thus addressing one of the identified
medium-severe usability issues.

5.2 RQ 2: Discussing the influence of technical skill on usability
problems
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5.3 Limitations and implications for further research

The major limitation of this study is that the transcript was coded by one researcher,
and the usability problems were partly categorized by an additional researcher. This
was due to resource scarcity and the difficulty finding HCI experts experienced with
the User Action Framework. However, according to Andre et al., the UAF maintains
strong reliability with one coder for the first two levels of the problem classification
tree [And+00]. Therefore, the results reporting on the categories of Planning,
Translation, and Assessment, including their first subcategory can still be considered
meaningful to the field of BI usability research.
The generalizability of the results is also influenced by the following limitations:
One participant’s screen recording was lost due to technical issues resulting in only
using verbalizations from the audio recording to identify their usability problems.
Furthermore, the study’s sample size influences the System Usability Scale’s reliabil-
ity. According to Tullis et al., the SUS requires at least 12 participants [TS04]. In
their study, they postulate that a sample size of 8 participants, as used in this study,
leads to less than 50% of conclusions reached from the SUS being correct.
However, the conclusions of this study were mainly drawn based on the UAF frame-
work, and the usability problems seemed to converge towards the end of the experi-
ments. Despite this, it would be useful to repeat the study with a larger sample size
and more experts for encoding the data. Furthermore, conducting a study outside of
a controlled environment may inform what the influence of certain usability prob-
lems on a real project is as intended by Khajouei’s User Action Framework [Kha+11].

Concerning the study design, the focus laid on a subset of the data structuring
tasks mentioned by Rattenburry [Rat+]. Future work should investigate task perfor-
mance for pattern extraction, complex structure extraction, combining multiple record
fields, and pivots. This could lead to identifying other data operations that casual
users can conduct independently and reveal additional usability problem categories
than the ones identified in this study. Based on another study design decision, the
task descriptions were provided in natural language. It would be interesting to see if
the usability problems or participants’ task performance were different if they were
given a visualization of the desired outcome data instead of a task description.
Lastly, to the best of the author’s knowledge, this was one of the first studies on the
usability of English BI tools conducted in a Dutch business context. As can be seen
in figure 4.1 the code langaugeBarrier only consists of two references indicating this
limitation to have had a small impact.
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However, future studies have the opportunity to make adjustments and focus on the
interaction of participants that speak English as their second language with English
data preparation tool interfaces.
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Conclusion 6
This research aimed to gain insights into how casual users can reach more indepen-
dence from power users when using data for decision-making. The paper presents
findings on the type of usability problems casual users face when conducting data
structuring tasks in Trifacta Wrangler. In addition, it shows how technical skill
influences the occurrence of specific problems. Eight participants from teamITG
participated in the study and completed a survey, including the system usability
scale next to participating in the usability test.
The results show a tendency toward specific usability problem categories from the
User Action Framework. Most of the 68 usability problems were distributed between
the planning and translation categories, and two problems were in the assessment
category. The only problem with high severity, and thus leading to task failure most
often, was in the planning category and relates to a mismatch between the mental
model of the user and the conceptual model of the system. This was most apparent
during the aggregation task, which only two participants completed. In other tasks,
participants were often unfamiliar with the programming syntax which is in line with
related works’ findings that casual users struggle with technologies such as regular
expressions. In this study, only the participant experienced with SQL recovered
from the severe problem due to their knowledge of programming concepts. Excel
skills influenced participants feeling of familiarity positively; however, contrary to
prior research, the Trifacta Wrangler did not lead participants to easily conduct data
operations. Participants not receiving training before the test could have impacted
this finding.
Concluding, for casual users within business intelligence (BI) to conduct data struc-
turing tasks independently, data preparation tools must improve the match between
the system’s conceptual model and the casual user’s mental model. Thereby, ca-
sual users’ experience with and use of other data operating tools, especially Excel,
must be considered. Future research should enrich this study’s findings about by
conducting quantitative studies on casual users’ technical skill within the Dutch
BI context. Qualitative studies with casual users should investigate which types
of usability problems occur during other data structuring tasks and use multiple
evaluators to code the results. Finally, future research on BI tools could investigate
how to improve their learnability - as a usability criterium - for casual users.
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Appendix A

Fig. A.1.: The survey question inquiring about participants’ experience with tools and
technologies

Fig. A.2.: The survey question inquiring about participants’ use of tools and technologies
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Fig. A.3.: The survey question inquiring about participants’ familiarity with data structuring
operations

Fig. A.4.: The survey question inquiring about participants’ use of tools and technologies
not mentioned in Q9 and Q10

64 Appendix A Appendix



Fig. A.5.: Moderator’s checklist used as a preparation for the usability tests based on two
publications by Barnum and Rosala [Bar20; Ros22]
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Fig. A.6.: The part of the survey containing the System Usability Scale [Bro96]
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Fig. A.7.: The three data structuring tasks that participants were instructed to perform
during the usability test

Fig. A.8.: The User Action Framework (UAF) as a method of classifying usability problem
descriptions according to Khajouei et al. [Kha+11]
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(a) The ideal task procedure of
the extraction task (b) The ideal task procedure

of the filtering task

(c) The ideal task procedure of
the aggregation task

Fig. A.9.: The ideal task procedures of the data structuring tasks used to identify usability
problems
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Fig. A.10.: Included for better readability: The first part of the User Action Framework
phases including the subcategories and their specific codes
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Fig. A.11.: Included for better readability: The second part of the User Action Framework
phases including the subcategories and their specific codes
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Fig. A.12.: The survey results with the usability problem codes assigned to each task
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Problem ID Task Participant ID Description Classification

1 A 2
The difference between the extraction options  "day of the month" 

and "day of the week" are not clear
Translation -> Content and Meaning -> Completeness 

and sufficiency of meaning

2 B 2 The suggestions were not noticed even though they were accurate
Translation -> Presentation -> Perceptual Issues -> 

Noticability

3 C 2
It is unknown that there is a functionality to select two columns at 

the same time and receive suggestions for them
Translation -> Existence -> Existence of a cognitive 

affordance -> to show the way

4 C 2
Participants don't know how to conceptualize the aggregation and 

fail to plan their activities. (They do not recognize relevant 
terminology for it in the system)

Planning -> Goal decomposition ->User unable to 
establish sequence of tasks to accomplish goal

6 C 2

Writing of code in a pragmatic manner that involves table values 
as references rather than column variables. This way users type in 
their code close to what the task description in their head is 'count 
number of websites' I wanna type in like website and then it gives 

me the amount

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

7 C 2
Interpreting the output of a groupby and count() and not 

understanding what it means
Planning -> Users's inability to determine what to do 

next

8 C 2
Feedback states invalid formula, but does not further detail the 

reason nor does it suggest a recovery
Assessment -> Issues of feedback -> Content and 

Meaning -> Completeness and sufficiency of meaning

9 C 2
Managed to group them but failed to find a way to add them up 

according to their count in the other collumn
Translation -> Existence -> Existence of a cognitive 

affordance to show the way.

10 A 3
Trying to rename column by clicking on title header in the sidebar 

and starting to type
Translation>Existence>Existence of a way-> Missing 

feature

11 B 3
Filter rows confusion about the terminology as it refers to rows not 

columns

Translation -> Content and Meaning 
-> User centeredness of wording, design of

cognitive affordance content

12 B 3

In excel there is an option to filter that you click on but here it is a 
dropdown with options that the user did not concider. "Wasnt the 

type of filter that I needed" this lead to cancellation and looking 
for another way

Translation -> Content and Meaning 
-> User centeredness of wording, design of

cognitive affordance content

13 B 3
Double click was not registered by the system to select the row 
which made participant unaware of the possibility to select it

Translation -> Preferences and efficiency -> 
Alternative way(s) to do task, step

14 C 3 Participant is looking for a button to create a new column
Translation -> Existence -> Existence of a way-> 

Missing feature

15 C 3
Participant wants to enrich a pivot table that was created with its 

original dataset (Excel)
Translation -> Existence -> Existence of a way-> 

Missing feature

16 A 4
Click on a single cell to receive a suggestion for an action on that 

column based on the function of receiving suggestions from 
clicking on the statistics bars

Translation -> Existence -> Existence of a way-> 
Missing feature

17 A 4 User looked for suggestions as help to resolve the task
Planning -> Goal decomposition ->User unable to 

establish sequence of tasks to accomplish goal

18 A 4
Clicked on statistical bars to receive general suggestions for all 

data points but received specific ones to a single data point
Translation -> Content and meaning -> Clarity, 

precision, predictability of meaning

19 A 4
User tries to enter a single slash without quotations as a delimiter 

value for splitting

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

20 A 4
Feedback not aiding error recovery after entering forward-slash as 
a delimiter value. The feedback is a suggestion that does not fit the 

user's intention and does not provide smart ideas

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.

Fig. A.13.: The first part of the usability problem inventory which is based on analyzing
the observation and verbalization recordings
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21 C 4 Did not notice the way to hide columns
Translation -> Existence -> Existence of a cognitive 

affordance -> Existence of a cognitive affordance to
show the way.

22 C 4 User looked for suggestions as help to resolve the task
Planning -> Goal decomposition ->User unable to 

establish sequence of tasks to accomplish goal

23 C 4
Enter formula (based on excel knowledge) into create column by 

example. This is not supported by the system
Translation -> Existence -> Existence of a way-> 

Missing feature

24 C 4
Participants don't know how to conceptualize the aggregation and 

fail to plan their activities. They do not recognize relevant 
terminology for it in the system

Planning -> Goal decomposition ->User unable to 
establish sequence of tasks to accomplish goal

25 C 4 Drag and drop elements like they would in excel with pivot tables
Translation -> Existence -> Existence of a way-> 

Missing feature

26 A 5
A tooltip about formula input blocked the users view and access of 

a button they wanted to interact with
Translation -> Presentation -> Layout and grouping

27 B 5
Filter rows by matching exact value: upsell. Did not add the 

quotations 

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

28 B 5
Feedback not aiding error recovery after entering string without 

quotations. The feedback is  does not provide smart ideas as to the 
correct action. 

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.

29 B 5
Terminology 'Filter' does not fit with the 'delete row' option of the 
same process. From the user's perspective they are both different 

manipulations of data.

Translation -> Content and Meaning -> Consistency 
and compliance of cognitive

affordance meaning

30 C 5
Participant wants to create a new cell, row or column to sum up all 

values of a column as they would in an excel sheet
Translation -> Existence -> Existence of a way-> 

Missing feature

31 A 6
Search logo was interpreted to enable searching for columns. Then 

the header implied search for transformations.

Translation -> Content and meaning -> User 
centeredness of wording, design of

cognitive affordance content

32 A 6
The difference between the extraction options  "day of the month" 

and "day of the week" are not clear
Translation -> Content and Meaning -> Completeness 

and sufficiency of meaning

33 A 6
Entering a formula to extract the day, the participant struggled to 
plan a formula and needed documentation/suggestions to make a 

choice

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

34 A 6
Error message for formula wrong schema was not helpful for 

participant to recover or learn

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.

35 A 6
User tries to enter a single slash without quotations as a delimiter 

value for splitting

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

36 B 6
Participant was going for groupby instead of a filter.

Actually also a way I think!

Planning -> Goal decomposition -> User unable to 
establish sequence of tasks to

accomplish goal

37 B 6
User tries to enter a single slash without quotations as a delimiter 

value for splitting

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

38 B 6
Clicks on upsell row smart selector, doesnt notice the suggestions 

change at first. First suggestion is the one participant is seeking
Translation -> Presentation -> Perceptual issues -> 

Noticability

39 B 6
When selecting upsell smart selector, the user did not know that 

he wanted to keep the selected rows
This could also be a user centered meaning issue...

Planning -> Goal decomposition -> Users ability to 
determine what to do next

40 B 6
Feedback not aiding error recovery after entering string without 

quotations. The feedback is  does not provide smart ideas as to the 
correct action. 

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.
41 C 6 Participant does not know if count() is what he/she is looking for Planning -> user and work context

42 C 6 Participant does not know how to type in formula correctly
Planning -> Users knowledge of

system state,modalities -> Matching user's conception 
of the system

43 C 6 Participant cannot conceptualize an aggregation
Planning -> Goal decomposition ->User unable to 

establish sequence of tasks to accomplish goal

44 A 7 Extract between positions mistaken for delimiter option
Translation -> Content and meaning -> User 

centeredness of wording, design of
cognitive affordance content

45 A 7
User tries to enter a single slash without quotations as a delimiter 

value for splitting

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

46 A 7
Error message for formula wrong schema was not helpful for 

participant to recover or learn

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.

47 B 7
User tries to enter a single slash without quotations as a delimiter 

value for filtering

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

48 B 7
Error message for formula wrong schema was not helpful for 

participant to recover or learn

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.

Fig. A.14.: The second part of the usability problem inventory which is based on analyzing
the observation and verbalization recordings
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49 B 7
Question mark tooltip above value input does not offer help to 

prevent error in data entry
Translation -> Content and meaning -> Error 

avoidance

50 C 7
Participant wants to hold down shift and select multiple rows as 

they would in Excel

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

51 C 7 User tries to enter a string value without quotations to filter values
Planning -> Users knowledge of

system state,modalities -> Matching user's conception 
of the system

52 C 7 Entering a formula to groupBy but failing due to the syntax
Planning -> Users knowledge of

system state,modalities -> Matching user's conception 
of the system

53 C 7

Writing of code in a pragmatic manner that involves table values 
as references rather than column variables. This way users type in 
their code close to what the task description in their head is 'count 
number of websites' I wanna type in like website and then it gives 

me the amount

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

54 A 8 Wants to add a new empty row as they would in excel Translation -> Existence -> Existence of a way

55 A 8

When an operation is selected on a column that is on furthers right 
side of the screen that is still visible, then the preview is not visible 

due to the sidebar popup blocking the original column and the 
preview opening outside of the visible area.

Assessment -> Issues about feedback -> Presentation -
> Layout and Grouping

56 A 8
The difference between the extraction options  "day of the month" 

and "day of the week" are not clear
Translation -> Content and Meaning -> Completeness 

and sufficiency of meaning

57 B 8 User tries to enter a string value without quotations to filter values
Planning -> Users knowledge of

system state,modalities -> Matching user's conception 
of the system

58 C 8
user tries to apply hide-preference to multiple selected columns at 

ones
Translation -> Preferences and efficiency -> 

Alternative way(s) to do task, step

59 C 8
Tried to click on column and drag it to a desired position in order 

to move it
Translation -> Preferences and efficiency -> 

Alternative way(s) to do task, step

60 C 8
User did not consider suggestion as they were cognitively 

overwhelming

Translation -> Content and meaning -> Relevance of 
content, meaning 

OR Mnemonical meaningful cognitive
affordances to support human memory

limitations

61 A 1
The difference between the extraction options  "day of the month" 

and "day of the week" are not clear
Translation -> Content and Meaning -> Completeness 

and sufficiency of meaning

62 A 1
Entering a formula to extract the day, the participant struggled to 

plan a formula 

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

63 A 1

When an operation is selected on a column that is on furthers right 
side of the screen that is still visible, then the preview is not visible 

due to the sidebar popup blocking the original column and the 
preview opening outside of the visible area.

Assessment -> Issues about feedback -> Presentation -
> Layout and Grouping

64 A 1
User tries to enter a single slash without quotations as a delimiter 

value for splitting

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

65 A 1
Feedback not aiding error recovery after entering forward-slash as 
a delimiter value. The feedback is a suggestion that does not fit the 

user's intention and does not provide smart ideas

Translation -> Existence -> Existence of a cognitive 
affordance-> Existence of a cognitive affordance to

show the way.

66 B 1 Entering a groupby formula to filter for type upsell (syntax)
Planning -> Users knowledge of

system state,modalities -> Matching user's conception 
of the system

67 C 1
Trying to first sort them and then count the number of leads in 

two seperate steps. The system mainly supports doing everything 
in one step with a groupby, formula or smart suggestion

Translation>Existence>Existence of a way> Missing 
feature

68 C 1

Writing of code in a pragmatic manner that involves table values 
as references rather than column variables. This way users type in 
their code close to what the task description in their head is 'count 
number of websites' I wanna type in like website and then it gives 

me the amount

Planning -> Users knowledge of
system state,modalities -> Matching user's conception 

of the system

Fig. A.15.: The third part of the usability problem inventory which is based on analyzing
the observation and verbalization recordings
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