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Abstract
Creating visualizations for Internet of Things (IoT) data can be a challenge due
to the uncertain and voluminous nature of this type of data. Many different
tools have been made to visualize voluminous data. One such tool is Amazon
Web Service (AWS) Quicksight. Quicksight is marketed as a scalable system for
big data. For IoT developers, the visualization task is only a smaller subtask,
which is often not the focus for the developer. Therefore it is in the developer’s
best interest to use an easy tool for visualizing their data. To study if Quicksight
is a viable tool for developers of IoT systems a user study was executed. Both
the perceived usability and measured understanding when using the system
were studied. This was done by using the System Usability Scale (SUS) for
the perceived usability. For measured understanding some questions regarding
trends and errors were asked and a statistical classification was made. The
study showed a tendency for the users to rely too much on the visual structure
Autograph as well as their difficulty to extract information from aggregated
visualizations. In addition, it was cumbersome to connect data between different
datasets.



Sammanfattning
Att skapa visualiseringar för IoT data kan vara utmanande p̊a grund av Internet
of Things (IoTs) oförutsägbara och voluminösa natur. Det finns m̊anga olika
verktyg för att visualisera data. Ett s̊adant verktyg är Amazon Web Service
(AWS) Quicksight. Quicksight marknadsförs som ett skalbart system för big
data. För IoT utvecklare är dock visualisering oftast en mindre deluppgift som
inte ligger i fokus. Därför är det viktigt för utvecklare att använda ett lättanvänt
verktyg för att visualisera data. För att undersöka ifall Quicksight är ett bra al-
ternativ som verktyg för utvecklare av IoT system s̊a utfördes en användarstudie.
B̊ade den uppfattade och uppmätt först̊aelsen av systemet studerades. System
Usability Scale (SUS) användes för att mäta den uppfattade användbarheten.
För att mäta den uppmätta först̊aelsen ställdes fr̊agor om trender och fel i data
som sedan delades in i statistisk klassificering. Studien visade att användare
tenderar att förlita sig för mycket p̊a den visuella strukturen Autograph samt
att dem hade sv̊arigheter att utvinna information fr̊an aggregerad visualisering.
Därtill ans̊ag användarna att det var besvärligt att koppla samman flera dataset
i en visualisering.
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ABSTRACT
Creating visualizations for Internet of Things (IoT) data can be
a challenge due to the uncertain and voluminous nature of this
type of data. Many different tools have been made to visualize
voluminous data. One such tool is Amazon Web Service (AWS)
Quicksight. Quicksight is marketed as a scalable system for big
data. For IoT developers, the visualization task is only a smaller
subtask, which is often not the focus for the developer. Therefore it
is in the developer’s best interest to use an easy tool for visualizing
their data. To study if Quicksight is a viable tool for developers of IoT
systems a user study was executed. Both the perceived usability and
measured understanding when using the system were studied. This
was done by using the SystemUsability Scale (SUS) for the perceived
usability. For measured understanding some questions regarding
trends and errors were asked and a statistical classification was
made. The study showed a tendency for the users to rely too much
on the visual structure Autograph as well as their difficulty to
extract information from aggregated visualizations. In addition, it
was cumbersome to connect data between different datasets.
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INTRODUCTION
Internet of Things (IoT) is growing at a rapid pace and the number
of connected IoT devices has already passed the number of humans
on earth, being expected to reach a total of 24 billion devices by 2020
[4]. A key part for the realization of this prediction is the integration
of cloud computing with IoT devices. One of IoT’s strengths is that
it is a large collection of small physical objects which connect the
real world with the virtual world. These objects exist in the real
world. They are widely distributed and connected with each other
and the internet [4]. Since those devices have limited storage and
capacity, cloud computing is a real need in order to create a scalable
network of IoT devices [4]. Cloud computing also simplifies the
usage of visualization since it can provide web-based visualization
[12]. But with a scalable system, the amount of data is predicted
to grow as well [4] [18]. With all the data available, it is becoming
essential to be able to extract knowledge from it and visualize it for
many different needs [25]. Neglecting to visualize certain data or
visualizing it incorrectly may cause both economic loss or even life
and death situations [6].

In order to simplify data analyzis, many information visualization
tools have been created. One such tool is Amazon Web Service
(AWS) Quicksight which is described as a business analytics service
with ad hoc analyzis in order to get business insight from the data
[24]. This is achieved through connections to various data sources,

such as AWS Athena, and through a fast and dynamic way of
visualizing the data.

This makes Quicksight a viable option as a tool for visualizing
IoT data. Even though Quicksight seems to be suitable for IoT data,
it is still important that the user can extract the data needed for
analyzing during the development phase of a system.

Research Question
What are the challenges and opportunities provided by cloud visual
analytics tools such as AWS Quicksight to a software developer
focused on the task of creating visual structures for real-time IoT
data from a static dataset and finding and understanding the causes
of anomalies and trends as measured by the System Usability Scale
(SUS) for creating the visual structures and measuring the users’
understanding of it using false-positive and true-positive measure-
ments?
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FOUNDATIONS AND RELATEDWORK
Introduced by Kevin Ashton in his famous 1999 talk at Procter
Gamble, the Internet of Things (IoT) has only in the last decade
gathered pace given the large number of connected devices [12]
[3].

From 9 billion devices in 2012, it is expected to reach 24 billion
by 2020 and 40 billion by 2025 [25] [4]. There are many reasons for
the growth of IoT. IoT’s advantages include low cost and energy
consumption per device, a widely distributed base, and flexible and
robust channels to collect real-world sensor data [25] [4]. However,
IoT devices also have limitations, including storage and capacity.

Cloud solutions provide vast storage and capacity which make
up for some of the disadvantages of IoT [12]. For cloud IoT solu-
tions, the cloud works to simplify IoT by receiving the data and
later computing, analyzing, interpreting and visualizing it [12] [8].
However, this creates very large amounts of data that need to be
handled, a problem that has been observed and will grow in the
future [25]. Some characteristics are common for IoT data. Among
them some are omnipresent and others depend on the context. The
omnipresent characteristics are: 1) uncertainty; 2) erroneous and
noisy; and 3) voluminous and distributed. The characteristics that
are not omnipresent are: 1) smooth variables; 2) continuous; 3) cor-
relations; 4) periodicity; and 5) markovian behavior [17]. In addition
to these characteristics, IoT data often contains either spatial or
temporal data or a combination of both [25]. The raw data is often
not valuable in itself but the extracted information from it is very
illuminating. It is important to extract the information in such a
way that it is semantically interoperable, meaning that there is a
common understanding between people about what the meaning
of the content is [26]. However, due to IoT’s nature, the raw data
can be different between devices, which complicates the task of
extracting it [8] [18] [9].

A way to produce understanding from the data is to visualize
it. Humans have a great ability to take in and analyze information,
especially visual information [28] [27]. Humans have a visual band-
width of 100 Mb/s while the auditive bandwidth is only around 100
b/s [10]. The brain is also able to rapidly process information in
parallel and is very suitable for pattern recognition [28] [10]. Hu-
mans also excel at extracting higher-level knowledge and insight,
for instance detecting changes or perform actions on the task [28]
[32]. Given human proficiency at producing understanding from
visual information, it is important that visualizations amplify these
cognitive capabilities. Visualizations aim at cognitive amplification
by enhancing the visual recognition of patterns, providing a manip-
ulable medium, increasing the cognitive resources, and reducing the
amount of visual searching [6]. “Solving a problem simply means
representing it so as to make the solution transparent” is a quote
from Herbert Simon which aptly describes the task of visualiza-
tion. A good visualization should make the information obvious
and therefore semantically interoperable. It is therefore important
that the design of the visualization is well thought through. A well-
designed visualization can shake established beliefs, help the users
gain new insights and lead to important discoveries [33]. A poorly
designed visualization may instead hide or mislead insight, which
may result in lost time, money, and worst case, death, such as the
Challenger disaster in 1986 [26] [6].

There are many ways to visualize data and it is not always the
same visualization that is the best. This complicates the task of
choosing the proper visualizations to employ for a given task, user,
and data set. Common visualizations for IoT data are bar charts,
line charts, pie charts and scatter plots for numerical data with few
dimensions. When more dimensions are introduced, heat maps,
parallel coordinates, and scatter plot matrices are more commonly
used. Concerning geospatial data, geomaps are commonly used
[25]. For many of these visualizations, there are limitations when it
comes to scalability. There is a limit to how much can be visualized
on a screen that has a fixed amount of pixels without aggregation.
Some graphs are physically not able to show more data than the
screen’s limit, such as bar charts which may show a limited amount
of bars on one screen. Even if pixels are not the limit, some graphs
may obscure information if the dataset is too large, such as scatter
plots [6].

There are many ways to reduce these scalability problems. One
easy way is to visualize the data in multiple views. However, this
may cause the user to miss some connections [28] [21].When trying
to find information some techniques may increase understanding
when it comes to very large data sets. For instance, the Visual
lnformation-Seeking Mantra states “overview first, zoom and filter,
then details on demand” [32]. A common way is zoom and pan,
which lets the user zoom in on details and pan between views.
It is a very screen space-efficient method with infinite scalability.
However, the user may lose the overview when zooming and the
navigation may be slow. Other methods are Overview and Details
and Focus and Context [28]. Overview and Details uses multiple
views, one with the overview and the other with details. It is very
scalable with chained views and able to have multiple foci. In this
type of visualization, however, the views are disconnected from one
another and competing for screen space, making each view smaller.
Focus and Context uses a fisheye view where the background has
the overview and a zoomable aspect is shown in the foreground
as a fisheye lens. The focus and context method has a detailed
visual view that is connected with the surrounding. However, it has
limited scalability and is distorted which gives an unstable overview.
Other ways to approach the problem with large datasets can be to
filter the data, aggregate the data into fewer points or reduce the
data into smaller datasets [28]. It is noteworthy to propose here
that machine learning and other statistical methods tackle similar
problems with significantly different methodologies that may lead
to vastly varied understanding of the phenomena within the data.

Visualization Tools
Many different tools are currently being used and developed to
simplify the task of visualizing.What makes a cloud-driven solution
work well with a visualization is the speed of implementation and
that the deployment is fast and has elasticity when it comes to
computation power. There are also advantages in that it usually
has a lower total cost of ownership and improved connectivity
[24]. Four different tools that use this technology are Datawrapper,
Datahero, AWS Quicksight and Power BI.

Datawrapper is a tool where the user may create single views
at a time. The creation can be done by using their web platform
or by using their API and the result is a visualization that can be
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embedded into the user’s own platform or downloaded as a PDF,
PNG or SVG. The Javascript library D3 is run in the background. It
is possible to create an automation for updating the data using the
API [2]. Since Datawrapper uses D3 it allows for many of the basic
visual structures, as well as different map structures. Datawrapper
uses grouping to reduce the amount of data.

Another tool is Datahero. It is a cloud visualization tool where
the creation of visualizations is done on its web platform. Datahero
allows the user to create visual structures and dashboards that are
shared with teams or individuals. The creation is done by a drag-
and-drop functionality where the user drags the selected data to
the visual structure which then changes. Afterwards, the user may
change some aspects of the data such as color schemes and by using
filters. Some of the visual structures Datahero provides are pie and
donut charts, line and bar charts, funnel charts, heatmaps, scatter
plots and tables [7]. The tool allows for connection through various
data sources such as Github, Dropbox, Google Drive, Microsoft
Office 365, etc [36]. To tackle some scalability challenges, Datahero
uses functionalities such as grouping data together, aggregation as
well as filtering [35].

Amazon Web Services (AWS) Quicksight is a tool with some
similarities to Datahero. It is a cloud visualization tool where the
creation is done on Amazons own web platform. It allows the use
of drag-and-drop to a certain extent but it also allows for a click to
select approach. Quicksight allows some data manipulation such as
choosing the color for each element and filtering data. Quicksight
also allows for drill-downs into the data [24]. Since Quicksight is run
in the cloud it can also be connected to various data sources such
as AWS Athena, AWS S3, MySQL as well as static files such as .csv,
.tsv, .xlsx, .json formats [22]. There are 23 different visual structures
available in Quicksight, where some of these are variations of each
other. The structures are line, bar, gauge, donut and pie chart as well
as tables, heatmaps, scatterplots, word cloud and maps. In addition
to these structures is an Autograph feature that allows the user
to select the different fields of data and then Quicksight renders a
visualization with a visual structure that the system sees the best
fit for the datatypes [23]. Scalability in Quicksight is addressed by
a few different solutions such as aggregation, reduction of data,
filters, drill-downs and grouping.

A fourth tool for visualizing data is Power BI. Power BI is run
on a desktop or mobile app, but it also allows for embedding the
tool into the user’s platform [34]. Power BI has a vast amount of
different visual structures, everything from line, bar, donut, funnel,
gauge and waterfall charts to multiple different maps and scatter
and bubble plots. In addition Power BI also has matrixes, tables
and treemaps [14]. Power BI supports many different data sources
such as static files, SQL databases, Azure Cloud Platform as well
as some online services such as Github and Google Analytics [16].
Similar to the other tools, Power BI has some strategies to tackle
the scalability issue where the user may choose between different
strategies. Some of the options for data reduction are: showing the
top or bottom N items; show first, last and N evenly distributed
items in between; and allow progressively loading of fragments by
scrolling. This however comes with limitations, for example, map
visualizations allow a maximum of 3500 points. In addition to the
data reduction, Power BI also uses aggregations, filters, drill-downs
and grouping [13].

Regression Target for SUS = 68
Q1 ≥ 3.39
Q2 ≤ 2.44
Q3 ≥ 3.67
Q4 ≤ 1.85
Q5 ≥ 3.55
Q6 ≤ 2.20
Q7 ≥ 3.71
Q8 ≤ 2.25
Q9 ≥ 3.72
Q10 ≤ 2.09

Table 1: Regression equations for each question with the tar-
get SUS Score value of 68 [19].

Two of the tools mentioned were due to them being integrated
with two major cloud platforms, AWS and Azure [15]. The other
two tools are independent of any major cloud platform but have
characteristics that are similar to the other two. All of the tools
mentioned have some solution for the scalability solution.

System Usability Scale
The System Usability Scale (SUS) is a method to measure the per-
ceived ease of use. It was created in 1986 by John Brooke and has
since steadily been used to assess usability [29].

SUS consists of 10 questions that the participant should answer
after the first task but before any debriefing or discussion, as seen in
Appendix A.3 [5]. The participant shall not think before answering
but instead answer with an immediate response. If the participant is
unsure or does not wish to answer a question, the user shall select
the value in the middle. The score for questions Q1, Q3, Q5, Q7,
and Q9 are calculated by decrementing the scale value with 1.

The score for questions Q2, Q4, Q6, Q8, and Q10 are calculated
by decrementing the value 5 with the scale value. The total score is
then calculated by the sum of the score for each question multiplied
with 2.5 [29]. The 4th and 10th questions measure learning, while
the other questions measure usability. Therefore, the evaluator may
also use the subset of the sum containing just the 4th and 10th
questions if the goal is to focus the evaluation on learning.

The SUS score has, through many different studies, been graded
such that the value 68 is the average score and thus deemed a
passing score. This can later be graded into different grades where
A is calculated as the top 10% scorer with a score above 80.3.

As amean score, each questions score after the calculation should
be 2.72 or more to get a passing value. There has been a regression
analyzis that gives a guideline as to what score each question should
get for a passing grade(see Table 1) [19].

METHOD
To answer the research question stated above, a controlled experi-
ment with test participants was performed. The experiment was
divided into two subtasks to answer the whole research question.
The two datasets used for the experiment were taken from the
Department of Electronic Engineering, University of Surrey, and
were modified to introduce trends between the datasets [1]. Both
datasets had geodata from Aarhus. One of the datasets focused on
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parking spots in Aarhus and the other on pollution. This experiment
measured the user’s perceived understanding by using SUS and an
objective measurement of understanding using false-positive and
true-positive measurements. The screen and audio were recorded to
take these measurements as well as to receive some thoughts from
the participants. The experiment was performed at KTH premises
as well as the Stockholm office of Attentec. The participants could
choose if they wanted to use a mouse or touchpad. As a form of
incentive, the participant was offered a lunchbox as well as some
Swedish Fika.

Before the actual experiment started, the participant received a
short introduction. During this introduction, the participant was
informed about AWS Quicksight, the tasks that would be done
as well as some general consent information. A digital form was
filled consenting to the information given, as seen in Appendix
A.1. After the consent form, the participant had to fill in a form
with some personal information such as age, origin, knowledge in
programming and Quicksight, as seen in Appendix A.2.

The participant did not get a training session before the start of
the study. During the whole study, the participant was encouraged
to think aloud, which was recorded.

For the first task, a subset for each of the two datasets was given.
The subsets spanned from midnight August 1, 2014, to midnight
August 3, 2014. A subset was used so that the participants could feel
some kind of scaling of the system. The participant was instructed to
create visualizations with the goal of finding anomalies and trends
from the datasets. If the participant had questions about Quicksight
they were answered with “yes it exists” or “no it does not exist”
leaving out an explanation of how it works. If the participant had
questions about the datasets these were answered as long as it did
not answer any of the questions stated in Appendix A.4. The first
task was done in a timeframe of 30 minutes and if the participant
felt like they were done before the end of the time this was noted
and they were allowed to move forth.

After the first task, the participant filled in the next page from
the experiment form, as seen in Appendix A.3. This page contained
only the SUS questions. The reason for this was to not let the ability
to answer the questions stated in Appendix A.4 affect the perception
of the system. The participant was advised not to overthink the
answers and answer with their first thought.

In the second task, the participant received the full datasets. For
this task, the participant was instructed to answer the questions
seen in Appendix A.4. The participant got 20 minutes to answer
these questions and was advised to continue using Quicksight dur-
ing this time.

Design Choices
Usability measurement methods
A way to measure usability that was not selected for this study is
the Singel Usability Metrics, SUM. The SUM method is a method
to standardize raw usability metrics for task completion, task time,
satisfaction as well as errors [31]. This method was not chosen
since it is more ideal when comparing different tools or products
[30].

Another way to measure usability that was discarded was the
Usability Metric for User Experience, UMUX. This method is based

on the SUS method but is shorter with only two positive and two
negative questions asked [11]. This method was first introduced
in 2010 and is not as extensively tested as the SUS method [20].
In addition to UMUX not having been tested as much as the SUS
method, it did not feel necessary for this study to shorten the
number of questions from ten to four since it would not give that
much of a time advantage.

In the end, the SUS method was chosen since it is a rather clear
method that has been studied extensively.

Visualization Tools
There are many different visualization tools available, some were
mentioned in the foundations and related work section.

Datawrapper is a tool where the creation of the visualizations is
done through an API or the product’s web interface. This makes it
a viable option if one wants to embed the tool into their platform
and also to automate the visualizations with the cloud. This tool is
mostly very good when knowing what visualization to do where
the variations are few due to the API. If the study would only focus
on their web interface it would lose part of the tool where one can
embed the tool into one’s platform. In addition, the different ways
to reduce the scalability problem were few which makes this tool
hard to test for IoT data where datasets often are very large.

Datahero is another cloud visualization tool. It allows for sharing
visual structures and the visualizations are created using a graphic
interface. The number of visual structures available for this tool is
rather few. In addition, the cloud data sources that are available for
this tool would make the connection with IoT data harder for this
study.

Power BI is a visualization tool from Microsoft which allows for
a variety of different platforms for creating the visualizations. It has
the most different visual structures of the four selected tools. Power
BI allows for many different cloud data-sources where Azure Cloud
Platform currently is one of the major cloud platforms. Power BI is
the only tool of these four that allows for the user to select which
data reduction strategy to use and the limitations for the data are
documented on their website. Since this tool is large with many
different platforms this tool was not selected. The scope of the
thesis would be too large if working with a multi-platform tool. By
only using a selection of platforms would not be as relevant since
it would not show if some platforms complement each other.

AWSQuicksight only has one platformwhich is theweb interface
which makes it easier to test the whole tool. It uses many different
methods to reduce the scalability problem. Quicksight has most of
the visual structures that the other tools. Furthermore, it has the
Autograph feature which could help the users explore the data. It is
easy to integrate Quicksight with various AWS products which are
together with Power BI’s Azure one of the major cloud platforms.
Overall this tool seems fast enough for participants to get to know
in a short period of one hour and it allows for datasets that have
IoT characteristics.

RESULTS
The study was performed on 12 participants with an average age
of 27 years. The study included 10 men and 2 women. Most of the
participants were from Sweden, however, the study also had one
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Figure 1: The SUS Score for each Participant.

participant from Norway and one from Finland. All the participants
had previous programming experience with an average of 5,5 years.
Three of the participants had heard about Quicksight before and
one of them had also used it for approximately 5 hours.

All the participants spoke Swedish during their session. All
quotes used in this section have been translated.

First Task - testing the system, datasets, and
features
For the System Usability Scale, there were three distinct groups of
scores for the participants. The first group is the participant with
less than 30 in score. The second group has a SUS score of 45 to
55 and the last group had a score between 65 and 75 (see Figure
1). The average SUS score, and therefore the score of the perceived
usability for this study, was 55.

When looking at the different scores for the different SUS ques-
tions, the evaluator could look at the odd and even questions sepa-
rately. By doing this, one focuses first on the positive questions and
then the negative questions. The odd-numbered questions were the
questions which in the calculation subtracted a value of 1.

This was done because these questions are focusing on the pos-
itive aspects of the system. Therefore one wants a high value of
these questions for good usability. The average score after calcula-
tion for the odd questions was 1.97 which is almost one point less
on average than the mean score needed (see Figure 2). The even-
numbered questions were, contrary to the odd ones, focusing on
the negative aspects of a system. These questions were calculated
by subtracting the answer from the value 5, thus one wants a low
value for these questions. The average score for the even questions
was 2.43 which was closer to the mean value needed for a passing
grade with half a point.

Most questions had deviated from the average, with only Q2, I
found the system unnecessarily complex., Q6, I thought there was too
much inconsistency in this system., and Q9, I felt very confident using
the system., having a standard deviation of less than one point (see
Figure 2). The questions with the largest deviation were questions
Q1, I think that I would like to use this system frequently., Q8, I
found the system very cumbersome., and Q10, I needed to learn a lot
of things before I could get going with this system.. Only Q6 got a

Figure 2: The average calculated score for each question as
well as average calculate score for even and odd questions.
The whiskers show the standard deviation.

passing value in comparison to the regression analyzis. However,
Q5 was close to receiving a passing value with only 0.05 points less
on average compared to a passing value (see Figure 3). Q9 and Q10
had the highest difference between a passing value and the average
value for this study.

Second Task - finding potential errors and trends
For the second part of the study, the participants answered if they
found errors or trends in the datasets using Quicksight. If the par-
ticipant found a trend or error they also had to state what trend or
error to make sure it was not a false positive answer. The questions
were rated either true positive if they were correct, false positive if
they tried to answer but it was incorrect and false negative if they
did not find any answer at all.

Ten of the twelve participants claimed to have found errors (see
Figure 4). However, only eight of them were rated to have found
correctly labeled errors. In other words, out of the ten participants,

Figure 3: The bars are the average score for each question
and the line is the minimum score wanted for a passing
value as seen in table 1.
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Figure 4: The number of participants that received a true
positive, false positive and false negative result from the dif-
ferent questions. If the participant got both a true and false
positive results in the same answer this table only shows the
false positive result.

two found false positive errors and eight, true positives. An often
found error was that the number of parked cars exceeded the num-
ber of parking spots in different locations. One of the participants
with a false positive answer got their result due to Quicksight’s
reduction. When using some visualizations, Quicksight chose to
only show the top n points. This participant used the scatterplot to
visualize the number of readings for different pollutions (see Figure
5). Quicksight reduced the number of points for each pollution to
show only the top 50 values, losing the points for some values.
Therefore the participant believed that the missing points were
missing from the dataset too.

The second participant had two different false-positive results.
One of the answers was due to Quicksight aggregation. The par-
ticipant did not notice that the y-axis values on a line chart were
aggregated to be the sum of all values for each data point on the
x-axis (see Figure 6). This led the participant to believe that the
pollution on the last day of the readings was much lower, when
in fact there were only fewer readings. The second wrong answer

Figure 5: Example of reduction similar to the reason for an
error in finding errors.

Figure 6: Aggregation with sum confused the participants.

for this participant was on the geospatial visual structure. Having
many normal-sized points packed together closely in the center
of Aarhus and fewer points outside the city center contributed to
making the wrong assumption.

More people were finding correct trends in time compared to
all other results. Ten participants found correct trends, one did not
find any trends in time and one found a trend that was deemed
insufficient. The reason for this answer to be deemed insufficient
was due to the participant not being able to explain a concrete
trend over time. The participants that found trends either found
that there was a weekly trend for parked cars with more cars being
parked during weekdays. Another trend commonly found was that
the number of cars or amount of pollution increased in beginning
of august which the participants argued could be due to summer
vacation begin over.

It was quite hard for participants to find trends in geospatial
data. Out of all participants, only five answered that they found
trends and out of these, only one was deemed a passing answer.
This resulted in half of the false positive answers being from this
question. Out of the four incorrect answers, three were deemed
unclear. The last wrong answer was due to there being more sensors
reading pollution values in the city center than the outer city. This
gave the participant the illusion that there was more pollution in
the center of Aarhus. The only participant with a correct answer
did not use the map visualization but instead used the latitude and
longitude together with filters on other visual types.

For the question regarding trends between the two different
datasets, only two participants stated that they noticed one, and
only one of them was correct. The incorrect answer did at first
glance look correct. However, when trying to replicate the trend it
showed that this answer was only valid for a filtered small time-
span and not a trend for more than a few days.

In general, the false positiveswere not concentrated on any single
person, but were instead scattered between half of the participants.
Only two participants had more than one false positive result (see
Table 2).

Comparing the SUS score of each participant with the results of
the questions, the false positive results are scattered between all
SUS scores. However, the number of false negatives were higher for
the lower SUS scores (see Table 2). In addition, those who answered
with a false negative response for the questions about errors and
trends over time all had a SUS score below 50. The only participants
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SUS Score Programming Exp Age Knew QS Errors Time Trends Geo Trends Trends between Datasets Scaled
25 8 25 No FN TP FN FN Yes
42.5 5 23 No FP TP FP FN No
47.5 3 26 No TP TP FP FN No
47.5 3 53 No FN FN FN FN Yes
50 7 25 Yes TP TP FN FN Yes
52.5 2.5 27 No TP FP TP FP Yes
52.5 7 22 No TP TP FN FN Yes
52.5 8 24 Yes FP TP FN TP Yes
67.5 7 26 No TP TP FP FN Yes
72.5 5 23 No TP TP FN FN Yes
75 3 25 No TP TP FN FN Yes
75 5 26 Yes TP TP FP FN No

Table 2: The SUS Score, Programming Experience, Knowledge about QS as well as the True Positive (TP), False Positive (FP) and
False Negative (FN) Results of each of the Trends and Error Questions for each Participant. In addition, it shows each Answer
whether the System Scaled Well.

that found a correct geolocation trend and a trend between the
different datasets had a SUS score around 50. The participants
with a false positive result for these questions were distributed
throughout all different scores.

Nine of the participants found that Quicksight scaled well with
an increasing dataset. Those who did not agree had a SUS score
below 50 or the highest SUS score of 75. When it comes to program-
ming experience, those with the most programming experience
all believed Quicksight scaled well. In addition, the number of re-
sults that were not true positives for trends over time all had low
programming experience (see Table 2). The number of false posi-
tive answers did not group at any certain programming experience
but were instead distributed independently throughout all years of
experience.

Think Aloud
By analyzing the transcripts of the study, we synthesized eight
recurring themes that the participants encountered. These themes
are Autograph, aggregation, grouping, reduction, geospatial visual-
ization, filters, creation of views and synergy between datasets.

The first common theme by the participants was the use of Au-
tograph. Autograph was the most common visual structure to be
used in this study and was most frequently used in the earlier stage
of each study. It was mostly used to first look at some data fields,
then shift them to see more, less, or other data fields. The partic-
ipants did not have to think about what kind of visual structure
was needed and available for the selected fields. As one participant
stated: “Autograph is in itself not bad”. But, some participants be-
came confused when Quicksight shifted from Autograph to the
generated visual structure.

The second theme common to the participants was the use of
aggregating the values. The preselected aggregation was always to
show the sum of all values for a certain point. However, to change
this aggregation to another kindwas hard for the participants. Many
participants spent significant time and effort becoming increasingly
frustrated with having sum as an aggregation. At breaking point,
they asked if there was a way to change it. Some participants did
not ask or find a way to change the aggregation throughout the

study. Most of those who did find the aggregation selection were
frustrated by it always preselecting sum and asked if there was
a way to change the preselected aggregation. A few of the par-
ticipants wanted Quicksight to realize that if the user employs a
certain aggregation more often it should preselect that aggrega-
tion. Some participants forgot that sum was the aggregation and
thought they found errors and trends because of that. However, af-
ter looking into the finding a bit closer they almost always realized
that the aggregation was wrong from what they first thought they
had. Another source of irritation the participants mentioned with
aggregations was that if they have more than one field selected and
wanted to change all aggregations there was not a simple way to
select and change all. Even the participants that knew about the
aggregations did not think of using it on time-typed fields. Even
though the participants did have trouble with aggregations, some
of them mentioned that they liked how fast it was for the larger
datasets.

The third common theme is similar to the second as it is another
kind of aggregation. When Quicksight decides that the number of
points that would be visualized were too many it either grouped a
set of them or removed some points from the visualization. When
Quicksight grouped a set of points it named the group Other, which

Figure 7: Grouping data points into Other group confused
the participants.
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Figure 8: Filters did not work on the Other group but only
individual points.

confused all participants that came across it (see Figure 7). All of the
participants that experienced this grouping did so under the sum
aggregation, and often without having learned how to change the
aggregation. Therefore it often became clear for each participant
that the Other grouping looked like an error since it had a much
higher value than the other points. The participants often tried to
filter away the Other grouping. This was unsuccessful due to the
filter functionality acting on each separate data point and not the
whole aggregation ofOther (see Figure 8). Even whenOther was not
aggregated as a sum but instead used for grouping dates together
as for one participant it was found hard to use. The participant that
got this version of the Other grouping asked if there was a way to
know what dates had been grouped. This participant was not sure
if Other was two days or twenty.

The fourth theme is touching on the first two themes. Some-
times, instead of grouping the number of points, Quicksight reduces
these points altogether. The number of points that stayed varied
between different visual structures as well as fields. This feature
of Quicksight, even though it quickened the visualization, made
the participants unsure of what data was missing. The participants
that noticed this reduction of points wanted to know what was
reduced as it only stated the top x variables. Some participants also
got confused in that the number of variables shown could differ
between fields. Furthermore, this feature caused one of the false
positive responses.

Moving on to the fifth theme common to the participants was
the use of geospatial visualization, or Points on map as it is called
in Quicksight. This visualization was used by all participants in
varying amounts. Most participants claimed that they thought this
visual structure looked nice. However, there was a division between
the participants on whether it was useful or not. One participant
said “Nice maps but I don’t know if it is handy”. Most of the partici-
pants wanted to choose multiple fields for this visualization in the
same way as they did for other visual structures but were not able to.
Some of the participants also tried to use the timestamp as a color
which they thought worked well for the smaller dataset but not as
much for the larger (see Figure 9). “There is too much information”
one participant explained when trying to see the geospatial data
on a point on map with the date grouped as colors.

The sixth theme that affected most of the participants was the
filtering function. As one participant said “Filter is good to clear out

Figure 9: Showing more colors made the information un-
clear.

wrong stuff”. This reasoning was used by most participants as they
used filters to clear out what they did not want to see rather than
what they wanted to see. However, the participants did not always
get the results as they imagined. One of the most common faults
was when trying to filter values greater or less than X. Choosing
greater than, participants believed the filter functionality would
remove the points greater than the specified value. This was instead
the opposite as to what Quicksight did which created confusion.
When participants wanted to filter the time to a smaller span, it
was usually not done by the slider close to the visualization. It was
instead done through the filter function. Some participants asked if
it was possible to filter on a certain weekday or a certain time on
each day but they were not able to do that. One participant reacted
on the way Quicksight updates when applying a filter. Even though
the filter is only supposed to be active on one visual view, it updated
all current views making the participant confused as if the filter
had been applied to all the views. Few of the participants filtered
more than one view at a time. Some of the participants that did
not use this feature explained their wish to do so for time filtering.
However, due to the lack of specific time filtering they needed, they
did not use this feature.

The seventh common theme was the creation of a new visual
view in Quicksight, which can be done in multiple ways. Either by
selecting add in the top left corner of the website or by changing
the datasets. The third option is creating a new sheet which also
creates a new visual view. Most of the participants stumbled onto
the creation of a new visual through changing the datasets. When
finding the feature this way, the participants did not realize what
they had done and could not replicate it. This led many participants
to actively choose to create a new sheet instead of a new visual view.
Some of these participants figured out that they could duplicate the
image if they wanted to, but they would most often just keep each
visual view on each sheet.

The last theme common for the participants was the synergy
between the two datasets. Most participants assumed that it would
be possible to combine the two datasets into one visual view. When
they could not find how to do it, they asked if it was possible. Since
Quicksight does not allow for datasets already stored in SPICE to
be combined they had to try to find other solutions. A few of the
participants gave up directly and focused on the other tasks. Those
who did not give up tried working around the problem using filters.
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DISCUSSION
As shown in the results section, the SUS score was higher for the
even-numbered questions than the odd-numbered questions. In
particular Q9, I felt very confident using the system, had a low score.
Most of the participants found that they did not feel confident using
the system. At the same time, Q2, I found the system unnecessary
complex, had quite a low value and was the second closest to a
passing grade compared to the regression analyzis. The only passing
question mentioned the thought of inconsistency in the system,
where the participants found it consistent. This, together with the
rest of the results where Q8, I found the system very cumbersome.,
and Q10, I needed to learn a lot of things before I could get going with
this system., had bad scores and Q5 almost a passing score, indicates
that the system has a rather well thought of design. But at the same
time, the participants did not feel like they were using the system
as well as they wanted.

Even as the participants had to fill in the SUS questions before
any actual findings, the results showed that there were more false
negative results for participants with a low SUS score. The three
participants who answered with a 1 on Q9 all had low SUS scores,
and one of them had the lowest score. Meanwhile, two out of the
three that rated Q9 with 3 or above had the highest SUS scores for
this study.

Since the general consensus of Autograph was positive and that
it was frequently used by the participants could be a reason for
the high score for Q2. Meanwhile, those who used Autograph ex-
tensively had more of a “what you see is what you get”-approach
thus giving away the feeling of control of the system and therefore
presumably getting a low score on Q9. In addition, those who used
Autograph the most used fewer of the other features Quicksight
provided, which strengthen the belief that Autograph gives a what
you see is what you get approach.

The most difficult question for the participants was to find trends
between the datasets. Quicksight is able to do a union on different
datasets. However, it was not possible to do so when Quicksight
had both datasets stored in SPICE. Therefore, the participants were
not allowed to use this feature. All participants, therefore, found it
cumbersome which may be a reason for the Q8 score to be low. In
the results, only one participant could find a trend, which is a very
low score. There was only one more person that tried to answer
this question, with the answer later evaluated as a false positive.
Both these participants used filters and found their trends with the
time field on both datasets. Few participants gave this question a
chance after knowing that they could not combine the two datasets
into one view. If this study would have allowed the participants
to combine the datasets by uploading the data again it could have
changed some of the results.

The highest rate of false positive was for the geospatial question,
and this was because the answers were not sufficient. Many par-
ticipants liked the look of Quicksight’s map feature and therefore
used it extensively. Even though all participants felt like the maps
looked good and gave a good overview, it was difficult to extract
higher-valued information. Even so, since this was the clearest vi-
sual structure for geospatial data most participants did not try other
visual structures for this type of data. However, the only one with
a sufficient and correct answer did not use this feature. In addition,

the participant who found a trend that was only applicable for a
small timespan did not use the map feature either. Both of these par-
ticipants moved away from the map structure due to the inability
to visualize location together with time. Those who stayed with the
map feature also tried to combine the time field with the geospatial
field. This by either setting the time as a color or by working with
the filter function. When the participants grouped time in color
most of the circles looked the same size due to the small differences
between days. As stated in the related works, the use of color to
show a span of values such as time is not preferred. This is due to
the nonexisting natural order between different colors. When they
tried to filter on dates they often found it too cumbersome to be
helpful.

Q8, I found the system very cumbersome to use, had quite a low
score as seen in the results. This might be partially due to the par-
ticipants trying to overcome the point on map feature through
various means. Another cause might be due to the frustration many
of the participants felt with the aggregation of data. The aggrega-
tion of data is an efficient way to tackle the scalability challenge
by reducing what is shown. However, in addition to the difficulty
in finding this feature, the participants found it cumbersome to
always change the aggregation. As they stated, they either wanted
Quicksight to realize what aggregation the user wanted or to be
able to set the standard themself. However, a few of the partici-
pants had yet to discover this feature before answering the SUS
questions. Therefore they could have answered this question with
other aspects in mind. One aspect that speaks for this is that Q5, I
found various functions in this system were well integrated, almost
had a passing grade. Since the aggregation feature could be seen as
not well integrated due to its cumbersome nature the participants’
responses could be contradictory.

There were some features that, for this study, did more harm
than good due to the unchangeable nature. These features, the
grouping and reduction of data mostly confused the participants.
Some participants did not notice how the grouping worked. That
led to frustration when trying to remove this error as they believed
it was. The reduction of data was most often not found by the partic-
ipants. Those who did figure out the function could not distinguish
between visualizations which had been reduced or not.

Quicksight’s filter functionality was used by most of the partic-
ipants. Even though confusion happened when they did the first
filtering they quickly got used to how filters work in Quicksight.
Filtering was something the participants liked since it could reduce
the amount of data shown. They could also use this feature to check
whether the data had been reduced or not. However, when it came
to time filtering, the participants used it instead of the more ac-
cessible slider. Furthermore, the participants felt hindered if they
wanted to filter time in other ways than the way they could on the
slider. Even as the participants could not filter on a certain timespan
each day or a certain day of the week some participants could still
find trends for this without filtering.

During the study there were twelve participants. All participants
spoke Swedish and most were about the same age. This made the
study quite narrow and the results could have varied with a more
diverse and larger group. Since there were only twelve participants
the study could not show any statistical significance. In addition,
this study was made in a closed environment and could therefore
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not replicate how software engineers would go about this challenge
when in a team. By giving out a reward for the participants it
is possible that their motive might have changed the results in
comparison to how it could be in real life. However, since the study
was quite long and needed as many participants as possible this was
the chosen way to recruit them. It would have been interesting to let
the participants use the tool for a longer amount of time. However,
due to the scope of this thesis that was not possible. Using the SUS
the study showed one way to measure perceived usability. The
results for the perceived usability could be different if one would
use another method, such as the SUM method, to measure this.

Future Work
In the future, it would be interesting to redo this study with more
participants to gain a statistical significance. In addition, it would
be interesting to see if there would have been other results if the
SUS questions were asked after the study was finished. This could
change the results since many of the features had not yet been
discovered after the first half of the study.

CONCLUSSION
A qualitative study was performed to test the usability of AWS
Quicksight and to find opportunities and difficulties with the sys-
tem. The results showed that the perceived usability was not good.
Especially the confidence with the system was very low. The study
indicated that the system was painless when working with data
that was not noisy. For this type of data, Autograph was found
easy to use and a preferred way to visualize data. When working
with noisy data Quicksight was more troublesome. The automated
manipulation of data was unclear for the users. There was a high
risk for the participants to get a false positive finding due to these
manipulations. Furthermore, the study showed a significant amount
of participants being frustrated with the default aggregation being
sum. The study showed that users like the map visualization and
felt like that was the only approach for geospatial data. However,
due to the limited design of this feature few participants were able
to extract useful information from this visualization.
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A
A.1
During this session you will create a visualization using AWS Quick-
sight and answer some questions regarding the data and the tool.
During the session screen and audio will be recorded. You are encour-
aged to think aloud during the session.

Consent of data usage:
– I consent that the data generated can be used for the pur-
poses of the report in question and that the data can be
published provided that the risk of exposing the identity of
the respondent is minimized.

Consent of quotes:
– I consent that any quote from the voice recording may be
used anonymously unless I clearly specify otherwise in the
session.

A.2
To be filled in before the first task.

– What is your age?
– What is your gender?
– Where are you from?
– How many years of programming experience do you have?
– Have you heard of AWS Quicksight before this study?
– Have you used AWS Quicksight before?
– If yes, approximately how many hours have you used it for?

A.3
To be filled in after the first task.

– Q1: I think that I would like to use this system frequently.
– Q2: I found the system unnecessarily complex.
– Q3: I thought the system was easy to use.
– Q4: I think that I would need the support of a technical
person to be able to use this system.

– Q5: I found the various functions in this system were well
integrated.

– Q6: I thought there was too much inconsistency in this sys-
tem.

– Q7: I would imagine that most people would learn to use
this system very quickly.

– Q8: I found the system very cumbersome.
– Q9: I felt very confident using the system.
– Q10: I needed to learn a lot of things before I could get going
with this system.

A.4
To be filled in during the second task.

– Can you find any potential error in any sensor data?
– If yes, what?
– Can you find any trends in either dataset over different times-
pans?

– If yes, what?
– Can you find any trends in the geographical data?
– If yes, what?

– Can you find any trend between the pollution and the num-
ber of vehicles?

– If yes, what?
– Do you think that your visualizations scaled well with the
increasing datasets?

– Why?
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