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Abstract

Statistical analysis is an important step in a lot of quantitative research, however
there is evidence suggesting that there is inadequate statistical literacy in HCI.
Many papers in the past years have incorrectly reported or applied statistics in
their research, introducing skepticism into their validity. Several approaches have
been made to address the problem of inadequate statistical literacy, one of which
includes StatPlayground. StatPlayground is a tool that allows user to control differ-
ent properties of data and observe their effects on the resulting inferential statistics.

We expanded the design of StatPlayground to include more information visualiza-
tion. We also added fine-control of properties, to allow for more exploration, and
foreshadowing of results, to guide and encourage users to explore. In our user
study, we found that our design made the learning process of statistics enjoyable.
While some features, such as foreshadowing of results and locking of propeties,
were largely understood by users, other features were shown not to be intuitive.
In this thesis, we describe the development of our new features in StatPlayground,
summarize our findings, and discuss future work for the project.
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Conventions

Throughout this thesis we use the following conventions.

Text conventions

Definitions of technical terms or short excursus are set off
in coloured boxes.

EXCURSUS:
Excursus are detailed discussions of a particular point in
a book, usually in an appendix, or digressions in a writ-
ten text.

Definition:
Excursus

The whole thesis is written in Canadian English. We use the
plural form for the first person. Unidentified third persons
are described in singular ”they”.
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Chapter 1

Introduction

In this chapter, we describe the problem of statistical illiter-
acy among researchers in HCI. We discuss its effect on the
validation of research and potential causes. Then we intro-
duce StatPlayground, a tool that aims to help fix the prob-
lem, and how additional features can help further improve
the user experience.

1.1 Statistical Literacy in HCI Research

Research is driven by our curiosity to make sense of the Statistics analysis is
an important step
when answering
questions in HCI.

world around us. This journey starts by asking questions.
Our answers come in the form of jigsaw puzzle pieces,
which, individually, do not answer our question until we
have put the pieces together to make an image. In the world
of research, the puzzle pieces are the data we collect and
statistical analysis is what puts the pieces together. While it
may not be the most glamourous discipline in HCI, statis-
tical analysis is important if we want to make sense of and
validate our findings.

Our ability to navigate through research requires that we Statistical literacy is
a multi-faceted
concept.

have statistical literacy, which expands beyond one’s abil-
ity to perform statistical analysis. Researchers need to be
able to make sense of how findings are reported (e.g., what
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it means to read ”(M = 4.34, SD = 0.93)” or ”p = .043”
in a paper) and need to be able identify potential holes in
other works. Statistical literacy is a broad concept, and en-
compasses not only statistical knowledge, but also literacy
skills, mathematical knowledge, context knowledge, and
critical thinking [Gal, 2002].

We summarize statistical literacy as the following:
STATISTICAL LITERACY:
Statistical literacy is the ability to understand, report, and
criticize statistical findings

Definition:
statistical literacy

There is evidence that statistical literacy in HCI is lacking.Evidence of
inadequate statistical

literacy in HCI
Cairns [2007] reviewed 41 papers that used some form of
inferential statistics. Of the 41 papers, 40 (98%) revealed
some sort of error in how statistics was either reported or
analyzed. The papers used in Cairns’ study were presented
at two conferences by the British Computer Society (BCS
HCI ’05, ’06) and two major journals: Human Computer
Interaction (HCIJ ’06’) and ACM Transactions on Computer
Human Interaction (TOCHI ’06’). This imposes a problem,
since papers from such well-esteemed sources are meant to
set the standard in HCI literature.

From his findings, Cairns [2007] expressed concern thatInadequate statistical
literacy is a threat to

HCI research
”within HCI the standard of statistical analysis is gener-
ally quite low for providing convincing results based on
NHST.” The lack of statistical literacy is problematic, as the
misunderstanding of statistics in researchers can in some
cases be grounds for the invalidation of the research it-
self. The misuse of statistics is not only prevalent in HCI,
but in other research areas as well, such as psychology
and medicine [Nickerson, 2000, Silva-Ayçaguer et al., 2010].
This is a problem that urgently needs to be addressed.

1.2 StatPlayground

Cairns compiled a list of possible approaches to address
inadequate statistical literacy in HCI [Cairns, 2007]. One
such approach is the introduction of HCI-specific educa-
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tion in statistics, which is what StatPlayground [Subrama-
nian and Borchers, 2017] aims to fulfill. StatPlayground StatPlayground is an

interactive tool,
which allows user to
explore statistical
concepts.

is an exploratory tool that aims to address the problem of
statistical illiteracy by providing an environment in which
users can explore the relationships between statistical prop-
erties. It does so by adding the abililty to directly ma-
nipulate visualizations, via clicking and dragging, and ob-
serve how these manipulations affect the results. The goal
of StatPlayground is not to replace traditional instruction-
based learning, but rather improve certain statistical liter-
acy skills. Such skills include: the ability to make sense of
statistical information, identify the relationships between
statistical concepts, have better data awareness, and under-
stand statistical procedures better. StatPlayground does not
demand that the user has memorized the different formu-
las for calculating statistics. Calculations are in many cases
carried out by specialized software such as IBM SPSS 1 and
R2. Instead, StatPlayground provides an environment for
users to play around with data to understand the relation-
ships between statistical properties in a ”learning by doing”
approach.

1.3 Contribution of This Thesis

We added new design features to StatPlayground to further Features were added
to StatPlayground to
limit the amount of
text required, to give
the user more
control, and to
encourage
exploration.

improve learning experience. Our contribution includes
the following:

1. Information visualization (InfoViz). We aimed to re-
place text descriptors with symbolic representations.
Assumption checks are represented as visualizations
to provide a more intuitive meaning for the assump-
tions they represent. Colours are also used as a way to
communicate whether assumptions are satisfied and
the varying effect sizes.

2. Fine-level control. The previous version of StatPlay-
ground allowed users to use direct manipulation to

1https://www.ibm.com/analytics/spss-statistics-software
2https://www.r-project.org

https://www.ibm.com/analytics/spss-statistics-software
https://www.r-project.org
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change different properties, such as the mean of a
boxplot. We added fine-level control by enabling
restriction of propeties. These restrictions include
locking of properties at particular values and adding
upper- and lowerbounds to properties, so that prop-
erties are limited to how much they can change.

3. Foreshadowing of results. To encourage exploration,
we have added a foreshadowing feature, which al-
lows the user to preview the different interest points
manipulating a property will cause the results to
change.

1.4 Research Questions

As we conducted our research we kept the following re-
search questions in mind:

RQ1: To what extent does StatPlayground afford the col-
lection of data using InfoViz? Can we eliminate the
use of control panels and labels to convey informa-
tion? Is the user able to check whether the assump-
tions are satisfied? Is the user able to tell when the
difference between means is significant or not? Is the
user able to tell the effect size from the design?

RQ2: To what extent does foreshadowing in StatPlay-
ground motivate exploration? Is the user able to fig-
ure out when the effect size changes categories as the
dataset changes?

RQ3: To what extent are features in StatPlayground dis-
coverable? Does the user know when a feature can
be directly manipulated? Is the user able to figure out
how to finely control the properties in a dataset?

RQ4: To what extent do the expected interactions with
StatPlayground match the user’s expectations? Does
the user know how to manipulate the data? Does the
user know how to lock a property? Does the user
know how to set the boundaries on a property? Does
the user interact with StatPlayground as expected?



1.5 Outline 5

1.5 Outline

This thesis is organized as follows:

• Chapter 2. We discuss in further detail the research
that has investigated the problem with statistics in
HCI. We also discuss how this problem has been ad-
dressed in the past, and the techniques from other
contexts that have inspired our contributions to Stat-
Playground.

• Chapter 3. We describe the iterative process by which
we implemented StatPlayground. After drafting pa-
per prototypes and software prototypes, we con-
ducted preliminary studies to receive feedback on the
design techniques we used. At the end of the chapter,
we discuss how the feedback given from our partici-
pants influenced our later designs.

• Chapter 4. We describe the final prototype for Stat-
Playground, with which the user interacts to explore
the relationships between sets of data.

• Chapter 5. We describe how StatPlayground was
evaluated using the think-aloud protocol. We sum-
marize which designs and features were intuitive for
our participants and which designs require further
work.

• Chapter 6. We conclude our findings and make sug-
gestions to further realize StatPlayground’s potential.

• Appendices. Supplementary information about the
implementation, investigation, and user studies.
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Chapter 2

Related work

In this chapter, we discuss the different approaches made to
address the problem of inadequate statistical literacy. We
follow up by describing the original version of StatPlay-
ground from Subramanian and Borchers [2017], and de-
scribe three research projects that were the main sources of
inspiration for our contributions.

2.1 Addressing Inadequate Statistical Lit-
eracy

Cairns suggested that, to prevent errors in statistics, HCI Applying standards
for statistics would
oppose growth in
HCI.

should follow a standard, similar to how psychology fol-
lows the APA Manual for NHST [Cairns, 2007, Association
et al., 1994]. However, due to the broad nature of HCI,
Thimbleby [2004] suggests that forcing a standard in HCI
opposes growth its research. The broad nature of HCI is
supported in Cairns’ findings: in his study, 41 papers used
inferential statistics, but the remaining 39 papers, which
were also reviewed, did not.

Some researchers have tried to resolve this problem at Approaches made to
solve problem at a
pedagogical level
and at a visual level

a pedagogical level. Utts [2003] found out what con-
cepts in statistical analysis are typically misunderstood and
Garfield [1995] proposed a set of principles to improve how
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these concepts are taught. Another way of addressing the
problem of inadequate statistical literacy has been to incor-
porate the use of simulations to explain some abstract con-
cepts [Lane and Peres, 2006]. Simulations can be beneficial,
because they make the learning experience more engaging,
however, they run the risk of making the student a passive
observer.

StatPlayground includes the checking of assumptions,
since NHST depends on particular criteria in order for the
resulting statistics to bear any value [Cairns, 2007]. For t-
test and ANOVA, normality is one assumption, as well is
the homogeneity of variance.

2.1.1 StatPlayground: Subramanian and Borchers,
2017

Subramanian and Borchers [2017] placed the groundwork
for our contributions. They created a version of StatPlay-
ground that allows direct manipulation of the mean, me-
dian, and outliers. It presents each distribution as a boxplot
with an accopanying histogram. Coloured switches show
the user whether assumptions (e.g., normality and homo-
geneity of variance) are satisfied. StatPlayground follows
the principle that students learn by constructing knowl-
edge Garfield [1995]. Giving the user the ability to explore
data is also a way to combat errors in statistics [Zuur et al.,
2010].

2.2 Inspiration for Design Techniques

2.2.1 Design by Dragging: Coffey et al., 2013

Applied in the field of engineering, Design by Dragging
is a technique that allows designers to explore the multi-
ple possible configurations to consider when developing
a product, such as a medical biopsy device [Coffey et al.,
2013]. Design by Dragging allows for both forward and in-
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Figure 2.1: A screenshot of StatPlayground from Subrama-
nian and Borchers [2017]

verse design. For forward design, the user clicks and drags
on different parts of the simulated product. The location
at which the user clicks and the direction of the drag are
taken into account when determining which properties are
changed. Inverse design uses the same visual space as that
in forward design, but instead, as the user clicks and holds
down the mouse, visual previews of other possible configu-
rations are displayed close to the cursor. Dragging the cur-
sor to a preview results changes the simulated product ac-
cording to the properties corresponding to the preview. A
widget visualizes the different properties that are affected
by design changes, and the user may use the widget to lock
certain propeties at particular values.

Figure 2.2: Design by Dragging uses direct manipulation
and allows users to lock parameters
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2.2.2 DimpVis: Kondo and Collins, 2014

DimpVis provides an interaction technique that applies di-
rect maniuplation of visualization for navigating through
data throughout time [Kondo and Collins, 2014]. In the ex-
ample of scatter plots, a user touches a data point and a
highlighted path appears to foreshadow its different values
in a sequence.

Figure 2.3: DimpVis uses foreshadowing to visualize the
movement of data points through time. The change in the
dataset over time is triggered by the direct manipulation of
single data points.

2.2.3 OctoPocus: Bau and Mackay, 2008

OctoPocus uses foreshadowing to teach users what ges-
tures that can be performed by clicking and dragging the
mouse in predefined sequences [Bau and Mackay, 2008].
When the user holds down the mouse, a series of coloured
paths appear, stemming from the position of the cursor. As
the user drags the mouse in a particular path, those that
become less likely (i.e., the cursor moves in a direction op-
posite to that of a gesture) fade and eventually disappear,
while gestures that become more likely become more vis-
ible. Fig. 2.4 illustrates how OctoPocus works for three
possible gesture commands.
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Figure 2.4: Foreshadowing used in OctoPocus gives a pre-
view of possible gestures and fades hints that become less
likely as the user moves the cursor





13

Chapter 3

Design Approach

In this chapter, we discuss the process by which we devel-
oped StatPlayground. Followig the DIA cycle, we started
with low-fidelity prototypes ran through iterations of de-
signing, implementing, and analyzing. An online question-
naire was filled out by targeted users, and user studies al-
lowed us to evalaute what designs were preferred and what
designs need to be changed.

3.1 Iterative Design

We developed our prototype according to the Design- StatPlayground was
developed by
following the DIA
cycle.

Implement-Analyze (DIA) cycle. The DIA cycle is an it-
erative process, which starts with a low-fidelity prototype.
This prototype is evaluated, and its findings are used to de-
sign the next, higher-fidelity prototype. The cycle of de-
sign, implemenent, and analyze continues with increasing
fidelity until the final product is complete. In StatPlay-
ground, we started with paper prototypes and then gradu-
ated to flip-book prototypes before implementing our soft-
ware prototypes. Low-fidelity prototypes (paper and flip-
book) were evaluated by an expert in statistics and usability
design. The software prototypes were evaluated by target
users of StatPlayground. The final design is described in
Chapter 4.
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3.2 Design Principles

Throughout the design process, we focused on the follow-
ing principles:

• Remove the need for control panels. We want to
minimize the amount the user needs to remember
about the interface itself, so that more cognitive effort
can go into the motivation of StatPlayground. Placing
controls directly on the item to be controlled is more
effective than using control panels, which are indirect
[Norman, 2013, p.155].

• Only show information when it is needed. We want
to minimize the need for text and instead use sym-
bols, which, when used correctly, convey information
faster and are easier to remember.

• Hide calculations from the user. The user does not
need to know what formulas are used for calculating
the p-value nor effect size, since the goal is that the
user develops an intuitive understanding of statistics.

3.3 Pre-design Decisions

3.3.1 Representing Summary Statistics

The original version of StatPlayground uses boxplots toBoxplots are used to
represent the mean,

median, variance,
and outliers.

represent its datasets [Subramanian and Borchers, 2017].
Boxplots are a suitable representation for summary statis-
tics, since they communicate the information that is needed
to perform inferential statistics.

In the case of comparing two independent dataset, we de-
termine the p-value using the results of the t-test. The fol-
lowing equations are used to carry out a two-sample t-test:

Equations for a
two-sample t-test,
which is used for
determining the

p-value

t =
X̄1 − X̄2

sp

√
1
n1

+ 1
n2

(3.1)
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where

sp =

√
(n1 − 1)s2X1

+ (n2 − 1)s2X2

n1 + n2 − 2
(3.2)

Here, X̄ is the mean, n is the sample size, and s2 is the vari-
ance.

To determine the effect size, we use Cohen’s d, which has
the following formula: Equations for

Cohen’s d, which is
used for determining
effect size.

d =
X̄1 − X̄2

SDpooled
(3.3)

where

SDpooled =

√
Σ(X1 − X̄1)2 + Σ(X2 − X̄2)2

n1 + n2 − 2
(3.4)

Different statistical tests perform different calculations, but The above
calculations reinforce
that boxplots
communicate the
relevant propeties in
hypothesis testing.

the equations above show that to explore the different re-
sults in a t-test, the only properties the user needs to con-
trol are the mean, variance, and sample size. All of these
properties, except for sample size, can be represented us-
ing a boxplot. Matejka and Fitzmaurice [2017] showed that
individual data points, Xi

j , can vary greatly and still pro-
duce the same summary statistics, so this information can
be hidden for the most part (unless they are outliers).

3.3.2 Representing Assumption Checks

The original version of StatPlayground uses a coloured A similar design used
for normality testing
in the original version
of StatPlayground
was used.

histogram to illustrate whether the datasets are normally
distributed. We maintained this design, and placed his-
tograms next to their respective boxplots to show that they
represented the same data.

Representation of the assumption checks was designed af- Assumption checks
suffered from
insufficient DIA
iterations.

ter our preliminary study, so these components were not
evaluated until the final evaluations. This mistake is likely
responsible for the design’s failure during final evaluation,
which we will discuss in Chapter 5.
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3.4 Preliminary User Study

We ran the preliminary user study in two separate phases
of the DIA cycle. The first phase focused on the implemen-
tation of fine-control menus. The second phase focused on
choosing a design for foreshadowing, and, unexpectedly,
visualising results. An audio recording was made of each
session, and users were encouraged to think aloud. The
time spent with each user ranged from 15 minutes to 24
minutes.

3.4.1 Fine Control of Properties

Figure 3.1: Fine-control menu prototype. The menu opens
then the user hovers over its respective property.

Figures 3.1, 3.2, and 3.3 illustrate the early prototype of theWe determined the
participants’

expectations, then
asked for feedback

on our design

fine-control menu. The objective of this user study was to
determine whether the designs used for each part of the
fine-control menu were suitable signifiers for their respec-
tive features.

We used the following structure when conducting user
studies for evaluating the fine-control feature:
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Figure 3.2: Fine-control menu prototype. When the prop-
erty is locked, the lock icon changes the the property turns
grey.

1. Present the participant with the design, and allow the
user to explore the interface.

2. Ask the participant how they would expect features
to be implemented:

(a) Fine controls, bounds: ”How would you set a
minimum or maximum value of an outlier?”

(b) Fine controls, locking: ”How would you lock an
outlier?”

(c) Simultaneous manipulation: ”How would you
modify both the mean and variance at once?”

3. Show the participant what the expected interactions
were.

4. Ask the participant for feedback.

All participants interpreted the lock button as expected, The lock feature was
generally understood
by users.

however one participant was sure what property was be-
ing locked. This confusion is likely the result of placing
the lock button too far away from the property used in the
user study (the outlier). A suggestion, from another user,
to move the lock button closer to the outlier supports our
assumption.
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Figure 3.3: Fine-control menu prototype. When an upper-
bound or lowerbound has been set, a blue circle indicates
the maximum/minimum value and the region between the
property and the circle indicates the allowed range of the
property.

None of the participants interpreted the signifiers for set-The signifiers for
setting upperbounds

and lowerbounds
needed

improvement.

ting upperbounds and lowerbounds as expected. One
participant expected that clicking the upperbound button
would add data points to the dataset. The rest of the partic-
ipants expected that the arrows were meant for moving the
property itself left and right.

3.4.2 Foreshadowing of InfoViz

We came up with four different designs to represent fore-
shadowing in StatPlayground, and had four participants
test each of them. The order in which each participant in-
teracted with the different designs was different, so as to
reduce bias from the learning effect.

Design 1: Vertical Lines In this design (Fig 3.4), the userForeshadowing
design, which uses

labels and fading
interest points

clicks and drags on the mean or the median, and a series of
vertical lines appear in front of the selected boxplot. Aster-
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isks are used as labels to indicate effect size (* being small,
*** being large). Each line becomes more opaque when the
mean or median is closer to the line’s value. The lines be-
come more translucent when the mean or median is far-
ther and therefore less likely. The fading behaviour is in-
spired by the similar technique used in OctoPocus [Bau and
Mackay, 2008]. All the lines are the same colour.

Figure 3.4: Prototype for foreshadowing effect size using
vertical lines to indicate interest points

Although not the top pic among the participants, this de- Participants liked that
the design was clearsign received positive reviews due to its clarity.

Design 2: Horizontal Gradient In this design (Fig 3.5), Foreshadowing
design, which
represents Cohen’s d
as a gradient

while the user holds the mouse down, a gradient bar ap-
pears below the selected boxplot. Red indicates that the
effect size is smaller than ”small”; green indicates that the
effect size is large. Interest points are marked using aster-
isks.

Figure 3.5: Prototype for foreshadowing effect size using a
gradient
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Reviews were mixed for this design. One participantThis design had
mixed reviews ranked this design as their favourite among the four, but

preferred to see regions to indicate effect size rather than a
gradient to represent Cohen’s d.

Design 3: Persistant Box Plot Colours In this design, noNo foreshadowing,
but show the current

effect size
foreshadowing is used. However, the user is always aware
of the effect size, as the colour of all boxplots change with
respect to the effect size. In this prototype, we used arbi-
trary colours to indicate effect size.

3 out of 4 participants preferred this design the most. TwoMost participants
preferred this design of the participants expressed that the arbitrary assignment

of colours confused them, implying that meaningful as-
signment of colours was needed.

Design 4: Preview Box Plot Colours In this design, noNo foreshadowing;
show the effect size

only as the user is
moving the data

foreshadowing is used. Moreover, the user does not know
what the effect size is, until they click and drag on the box-
plot. The selected boxplot changes colour while it is se-
lected, and returns to the default colour when the user lets
go of the boxplot. We used arbitrary colours to indicate ef-
fect size.

All four participants rated this design as their leastNone of the
participants preferred

this design
favourite. Two of the four participants did not understand
what the change in colours meant. The other two who
understood the behaviour did not like the implementation
and preferred to have the boxplot colours to be persistent.

3.4.3 Questionnaire

We wanted to determine whether using colours as an ade-An online
questionnaire tested
different prototypes

for experimental
design

quate way of conveying experimental design, without the
need for using arrows as indicators. Images of the online
questionnaire can be found in Section B.1. The question-
naire gave a scenario of a study that could be carried out
either using between-subjects design of within-subjects de-
sign. We provided four designs:
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1. Between-subjects design, using black icons with ar-
rows as indicators

2. Between-subjects design, using coloured icons as in-
dicators

3. Within-subjects design, using black icons with arrows
as indicators

4. Within-subjects design, using coloured icons as indi-
cators

First, the participants were asked to interpret the four We tested whether
participants were
able to interpret the
designs, then asked
which designs they
preferred more.

different designs, to determine whether they were able
to tell whether a design was indicating between-subjects
design or within-subjects design. Then, the participants
were asked, for each type of experimental design, which
method of indicating experimental design was preffered
(black icons with arrows or coloured icons). The terms
”between-subjects” and ”within-subjects” were not used in
the questionnaire; instead the users interpreted the designs
using the example provided. Participants were also asked
why they chose their preferred designs.

Results

Figure 3.6 shows how participants interpreted each design. Coloured design was
largely
misinterpreted for
within-subjects
design.

All users correctly interpreted the designs that used the
black icons with arrows as indicators. One user incor-
rectly interpreted the design for between-subjects design
using coloured icons. Users had the most trouble interpret-
ing the design for within-subjects design using coloured
icons, with only 5 correct interpretations. 1 participant in-
terpreted incorrectly, and 3 participants didn’t know how
to interpret the design.

Figure 3.7 shows which designs the participants preferred. Participants
preferred the
coloured design for
between-subjects
design

For the between-subjects design, participants preferred the
design with coloured icons (1 preferred black icons, 8 pre-
ferred coloured icons). For within-subjects design, partic-
ipants were split on their preferences (5 preferred black
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Figure 3.6: User interpretation of the different indicators
used to differentiate experimental designs.

icons, 4 preferred colourd icons). Quotes on the partici-
pants’ reasonings for their choices can be found in Section
B.1.1.

Figure 3.7: User responses to ”Which design did you
like more?” for both between-subjects design and within-
subject design.

From the results, we determined that our design was suit-We needed to
redesign the

representation for
within-subjects

design.

able for representing between-subjects design using colour,
however we needed to update our design for within-
subjects using colour. From the feedback provided by the
participants, we determined that it was better to use a sin-
gle colour to represent the population, rather than change
the convention of using a different colour per group in
between-subjects design to using a different colour per in-
dividual in within-subjects design.



3.5 Abandoned Feature: Simultaneous Manipulation 23

3.4.4 Participants

6 participants, ages 25-32 (3 females) volunteered to use the 6 participants
evaluted the low-level
prototypes

interactive prototype. All participants had either some or
very little knowledge in statistics. All participants under-
stood terms from summary statistics, however terms such
as p-value and effect size were not universally understood
and had to be explained. Only 4 participants evaluated the
different designs for foreshadowing.

The questionnaire was filled out online by 9 participants 9 particpants
provided feedback on
experimental design
prototypes

within the age range of 20-35. The exact ages and genders
were not recorded. All participants had either some or very
little knowledge in statistics.

3.5 Abandoned Feature: Simultaneous
Manipulation

In the beginning of our research, we hoped we could add
the ability to manipulate multiple parameters (e.g., mean
and variance) simultaneously. There are tools that en-
able simultaneous manipulation of multiple parameters via
touch screens [Nielsen et al., 2016, Coffey et al., 2013], how-
ever, the scope of StatPlayground is limited to WIMP in-
teractions. While drafting paper prototypes in the early
iterations of the DIA cycle, we struggled to design a so-
lution that had a natural mapping of gestures to property
manipulation. In our preliminary user study, asked partic- We decided not to

implement
simultaneous
manipulation after a
lack of interest
shown by user.

ipants, ”How would you modify both the mean and vari-
ance at once?” to see if they could come up with a solution
that would make sense to them. One suggested the use of
keyboard shortcuts, as implemented in Adobe Illustrator1,
but followed up by saying that it is sufficient to modify the
mean and variance independently. The remaining partici-
pants were not able to come up with a solution. Since users
from the preliminary user study did not show a direct in-
terest or need for simultaneous manipulation, this feature

1https://helpx.adobe.com/illustrator/using/
default-keyboard-shortcuts.html

https://helpx.adobe.com/illustrator/using/default-keyboard-shortcuts.html
https://helpx.adobe.com/illustrator/using/default-keyboard-shortcuts.html
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was abandonned.

3.5.1 Resulting Changes

Feedback from particpants was carefully taken into consid-We made the
fine-control buttons

more uniform and
made sure they were

close to their
subjects.

eration. For the fine-control menu, we fit the upperbound
and lowerbound icons into a button, similar to that of the
lock button. By using the same button style, the expecta-
tion is that the user would conceptually cluster the upper-
bound/lowerbound buttons and the lock buttons together.
We also moved the lock button closer to the outliers and
mean, which are represented as circles. The position of the
lock button stayed for the taller boxplot propeties, such as
the median and whiskers.

We implemented a combination of Design 1 and Design 3We combined the
participants’ most
preferred designs.

for adding foreshadowing. The boxplots will always have
a colour that indicates the current effect size, and a set of
vertical bars appear during click-and-drag to signify effect
size interest points. We assigned meaningful colours to rep-
resent the varying levels of effect size.

We made adjusted the prototype used for representing
within-subjects design, however, this feature was not fur-
ther evaluated in this thesis, and requires more attention in
the future.
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Chapter 4

Interaction Design

In the previous chapter, we discussed how we developd
StatPlayground according to the DIA cycle. In this chapter,
we describe the final interactive design of StatPlayground.

4.1 Design Layout of StatPlayground

Figure 4.1: Screenshot of StatPlayground with two datasets
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The layout of StatPlayground is divided into three main
sections: the dataset configurations, the series of distribu-
tions, and the statistical results.

In the dataset configurations, the user can add distribu-
tions to the dataset, determine the experimental design,
and choose whether the confidence interval is visible or not.

The area for the series of distributions is the main focus of
the StatPlayground. It is where the user is able to manip-
ulate the dataset and use the design strategies to infer the
results of the statistical analysis.

The bottom section shows the statistical results.

4.2 Configuring the Dataset

To create a dataset, the user adds distributions to the work-How to create a
dataset ing space by clicking the ’+’ icon to add the distribution as

a boxplot to the dataset. If the user wishes to configure the
distribution before adding it to the dataset, they may select
the type of distribution from a drop-down menu. The user
may also set the mean, median, and sample size. These con-
figurations will be used to influence where data points will
be created within the distribution.

The user has the option of viewing the confidence intervalsHow to show/hide the
confidence interval of each distribution checking or un-checking the respective

field. By default, the confidence interval is hidden. The
confidence interval is represented as a line segment that
hovers in front of the boxplot.

A drop-down list is used to select whether the experimen-How to set the
experimental design tal design is between-subjects or within-subjects. The selec-

tion of the experimental design is symbolically represented
via groups of person-shaped icons to the left of each dis-
tribution. For between-subjects design, each set of icons is
assigned a different colour. This represents the concept that
different groups of people are associated with each distri-
bution. For within-subjects design, all sets of icons are the
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same colour. This represents the idea that all subjects have
taken part in all treatments.

4.3 Manipulating Properties

4.3.1 Changing Values

The boxplots can be directly manipulated by clicking and How to manipulate
the mean, median,
variance, and outliers

dragging on particular parts on the horizontal axis. Prop-
erties that can be directly manipulated are the mean, me-
dian, and outliers. The variance can also be manipulated by
clicking and dragging on the end of either whisker. When
the user hovers the mouse cursor over these properties, a
tooltip appears to show the name of the property and its
corresponding value. Additionally, the cursor changes in
style from Cursor A in Fig 4.6 to Cursor B to indicate hori-
zontal movement. to indicate to the user that they can per-
form a click-and-drag action. Fig 4.2 illustrates a boxplot
might look when the user hovers over the median.

The user can turn a data point into an outlier with a single How to create/delete
an outlierclick anywhere outside the boxplot on the centre axis. Out-

liers may also be removed by clicking them and dragging
them within the boxplot region.

The sample size is presented as an input field to the left of How to edit the
sample sizeeach boxplot. Its value can be changed by either typing a

numerical value, or by using the arrow buttons inside the
input field.

4.3.2 Fine Control of Properties

The user can contstrain properties by opening the fine- How to trigger the
fine-control menucontrol menu (Fig 4.3). The fine-control menu opens when

the user double-clicks on the mean, median, whiskers, and
outliers. The menu is presented as three circular buttons.

One button has a lock icon and, when clicked, prevents the How to lock a
property
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Figure 4.2: A tooltip appears when the cursor hovers over a
property (e.g., the median), indicating what property is be-
ing hovered and its current value. The cursor style changes
to indicate that the property can be clicked-and-dragged
sideways.

Figure 4.3: The default fine-controls menu, shown when
the user double-clicks on a controllable property.

property from moving. When the property is locked, it
turns grey to indicate to the user that it cannot be moved
until it is unlocked. Cursor C in Fig. 4.6 is used when
hovering over the lock button to indicate that the button
is meant to be clicked.

The other two buttons are reserved for setting the upper-How to set a value
upperbound or

lowerbound
bound and lowerbound of the selected property. The text
within these buttons follow the mathematical notation of
’[...’ and ’...]’ to indicate the lowerbound and upperbound
respectively. When the user clicks and drags one of these
buttons, the button transforms into a small circle with a line
that connects back to the property. The circle represents
the minimum or maximum value, and the line represents
the available range of the property. Fig. 3.3 shows what
the fine-control menu looks like when a boundary has been
set. To unset a boundary, the user clicks and drags the circle
back to the current value of the property. Cursor D in Fig.
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Figure 4.4: The fine-controls menu, where the upperbound
has been set. The user will not be able to move the set prop-
erty beyond the blue circle.

4.6 is used to indicate that the user can drag the button. Fig.
4.5 shows the different cursor styles applied.

Figure 4.5: Cursor styles used for both boundary buttons
(left) and lock button (right).

4.4 Performing Assumption Checks

A histogram of the distribution is shown above each box- How to check for
normalityplot (Fig. 4.7). Each histogram will either be red or

green, depending on whether the histogram is normally
distributed. A red histogram indicates that the data is not
normally distributed. A green histogram indicates that the
data is normally distributed.

When the a new distribution is added to the dataset, a hor- How to check for
homogeneity of
variances

izontal bar appears in front of the boxplot, and is animated
to move to the top-left corner of the dataset space (Fig. 4.8).
This horizontal bar represents the variance of the distribu-
tion. These horizontal bars allow for the user to get an
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Figure 4.6: The different cursors styles used in StatPlay-
ground. Cursor A is the default style. Cursor B indicates
that a boxplot property (e.g., the mean) can be clicked and
dragged horizontally. Cursor C indicates that a button (i.e.,
the lock button) can be pressed. Cursor D indicates that a
button (e.g., the lower bound button) can be clicked and
dragged.

Figure 4.7: Left: The histogram is green when the dataset is
normally distributed; Right: The histogram is red when the
dataset is not normally distributed.

overview of the variances of all boxplots. The horizontal
bars will all be green or red, depending on whether the as-
sumption of homogeneous variances is met or not met, re-
spectively.

When the user hovers the cursor over a histogram, a tooltipTooltips act as
discoverable labels appears to indicate what assumption is being checked, and

whether the assumption is met or not, (e.g., ”Normality
Test: Pass”). Likewise, when the user hovers the cur-
sor over the horizontal bars to represent the variances, a
toolltip appears to indicate whether the variances are ho-
mogeneous (e.g., ”Homogeneity of Variance Test: Fail”).
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Figure 4.8: Left: Three bars representing the variances of
three datasets are green when the assumption of homo-
geneity of variances is satisfied; Right: The bars are red
when the assumption is not satisfied.

4.5 Viewing the Results

The results in text-form are shown at the bottom of the page The effect size and
p-value are printed in
simple text form

and are updated in realtime. The results section tells you
the effect size and p-value. StatPlayground uses Cohen’s d
to determine the determine the effect sizes: small, medium,
and large. The assignment of effect size to Cohen’s d is
shown in Table 4.1

The exact p-value of the statistical results is not presented
to the user. Instead the user views the p-value as either
”< 0.05” or ”≥ 0.05”.

Effect Size d

Small 0.20
Medium 0.50

Large 0.80

Table 4.1: Effect sizes and their corresponding Cohen’s d
value

The results of the statistical analysis are reflected in the Different colours
represent different
p-values and effect
sizes

colour of the boxplots in the dataset (Fig. 4.9). Regard-
less of the effect size, if the p-value is greater than or equal
to the threshold, 0.05, all boxplots will be red. If the p-
value is less than 0.05, then the boxplots will be assigned
the colours yellow, yellow-green, and green for effect sizes:
small, medium, and large, respectively. Table 4.2 summa-
rizes the colours associated to the different combinations of
results.

The colours for the varying effect sizes are also used as fore- The same colours
are used to
foreshadow interest
points for effect size

shadowing for the user (Fig. 4.10). When the user holds
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Effect Size p-value Colour in StatPlayground

Small/Medium/Large ≥ 0.05 Red
Small < 0.05 Yellow

Medium < 0.05 Yellow-Green
Large < 0.05 Green

Table 4.2: Table of colours used in StatPlayground assigned
to each combination of effect size and p-value

Figure 4.9: Top: The colour of a boxplot when p ≥ 0.05;
Bottom, left-to-right: Yellow boxplot for small effect size,
yellow-green boxplot for medium effect size, and green
boxplot for large effect size.

down the mouse, as they click and drag the mean or me-
dian, a series of vertical lines appear in front of the selected
boxplot. These lines represent the interest points at which
the effect size and p-value would change. The lines are as-
signed the same colours as the colours assigned to the dif-
ferent effect sizes: yellow, yellow-green, and green.

Figure 4.10: Foreshadowing of interest points are projected
on top of the boxplot. Interest points that are closer to the
selected property are more opaque than those that are far-
ther away, and therefore less likely.
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Chapter 5

Evaluation

In this chapter, we describe how the later versions of Stat-
Playground were evaluated. The evaluation was run in two
phases. In the first phase, we collected data from 8 partic-
ipants, however the audio data for two participants failed
to record. As a result, some changes were made with ac-
cording to the feedback from the remaining 6 participants.
We also adjusted the format at which the evaluation was
held. We then ran another phase of user studies with seven
participants.

5.1 User Study: Phase 1

5.1.1 Format

We asked the participants how much they knew or remem-
bered about statistics. Slides from the lecture that all stu-
dents had attended were available for the participants’ ref-
erence. We verbally explained different terms, such as vari-
ance, effect size, and p-value. After explaining the terminol-
ogy, we presented the user the interface, which had already
been set up with two boxplots. We described the same sce-
nario to each participant, and pointed out on the interface
that each boxplot represented each group. Before provid-
ing the user with a list of tasks, we explained some of the
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basic components. We explained that the user can click and
drag on different parts, and excluded the new features (i.e.,
foreshadowing, use of colour, fine controls) from our expla-
nation. We used the think aloud protocol in the study, and
encouraged the participants to verbalize their thoughts as
they were asked to complete each task. After the tasks were
performed, the evaluator asked the user for their general
feedback feedback.

5.1.2 Tasks

We observed whether the user was able to perform the fol-
lowing actions:

1. Move the data by clicking on mean

2. Move the boxplot to a position where the null hypoth-
esis cannot be rejected

3. Move the boxplot to a position where the null hypoth-
esis can be rejected

4. Determine whether the assumption check for homo-
geneity of variance is satisfied

5. Determine whether the assumption check for normal-
ity is satisfied

6. Lock an outlier

7. Set an upperbound on an outlier

5.1.3 Participants

8 participants (two females) took part in the study. All
participants are university students and had at some point
attended a lecture that covered introductory statistics. To
minimize the learning effect, participants were not allowed
to have participated in the preliminary study. Due to tech-
nical failure, the data from two participants could not be
used.
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5.1.4 Limitations After Phase 1

We decided our research required another iteration of the
DIA cycle for three main reasons.

Firstly, it was discovered that the audio was not captured We were only able to
collect data from 6
out of the 8
participants.

for two participants meant that only data from six partic-
ipants was usable for analysis. Although the screen was
able to capture the participants’ mouse movements, with-
out audio, it was impossible to interpret when the partici-
pants tried to click or what motivated their mouse move-
ments.

Secondly, the version of StatPlayground used for this eval- Bugs interrupted the
cognitive process
and made it difficult
to evaluate some
features.

uation still contained many bugs and missing implementa-
tion. For example, users would be able to create an outlier,
but the boxplot would freeze after doing so. Participants
had to refresh the application each time this would happen,
and the need to refresh the application was a distraction
for the participants. In another example, the histograms
would sometimes be green, indicating that the data is nor-
mally distributed, when it was clear that the distribution
was heavily skewed or bi-modal. A similar problem ap-
peared for the test for homogeneity of variance. These bugs
made it difficult to make sense of the colours used. In an
attempt to work around this problem, we asked the partic-
ipants to imagine that the correct colour was assigned.

Thirdly, the evaluation itself had several problems. Infor- There were problems
with how we
conducted the user
study.

mation was only communicated to the participants ver-
bally, or by pointing at the screen. This required that par-
ticipants used their memory to make sense of the prototype
and the example scenario provided. Forcing participants
to remember information created a distraction when ask-
ing them to perform the different tasks. Moreover, there
was a lack in structure with how the investigator commu-
nicated with the participants. The investigator was incon-
sistent with how instructions were delivered; some partic-
ipants were asked to figure out how to interact with a fea-
ture, whereas other participants were told. A lack of script
led the investigator of the user study to overexplain details
when participants expressed confusion.
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Resulting changes

It might have been acceptable to use the data from only sixAnother iteration of
the DIA cycle was

needed
participants. However, due to the bugs in the implemen-
tation that hindered the evaluation process, and due to the
lack of structure and consistency in how the evaluation was
carried out, it was decided that another iteration of the DIA
cycle was needed. A detailed list of changes made after
Phase 1 can be found in Appendix B.2.2.

We made sure that information was presented to the par-Participants were
given ”cheat sheets”

to eliminate the need
to memorize

contexual
information.

ticipants both visually as verbally. The evaluator presented
the participants with a ”cheat sheet”, which quickly ex-
plained stastical terms. It also contained a picture of a box-
plot, drawn in the same manner as displayed in StatPlay-
ground, with labels to identify which parts represented the
mean, median, variance, and outlier. This was to make
sure that all participants were on the same level of knowl-
edge going into the tasks. The scenario description was
also printed out, as well as the list of tasks for the partic-
ipant to perform. During evaluation, the evaluator made
sure to read out the tasks word-for-word to ensure consis-
tency with how the questions were being asked. After the
tasks were performed, the evaluator asked for feedback in
further detail.

A tutorial was made to replace the need for an instructor.Addition of a Tutorial
Page It goes through all the features offered by StatPlayground.

This tutorial is created as a separate page on the StatPlay-
ground application, and is the first page the user sees upon
opening the application. The tutorial is not interactive, but
the user can easily switch back and forth between the tuto-
rial page and the interactive page.

The upperbound and lowerbound buttons were still mis-Changes were made
to the design based

on feedback.
taken for indicators. As suggested by one participant, the
arrow icons were replaced with mathematical notations
”[...” and ”...]”, Bugs were also fixed which made features
like the assumption checks more testable.
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5.2 User Study: Phase 2

5.2.1 Format

Phase 2 of the evaluation followed the following structure:

1. Establish a base knowledge. We prepared a hand-
out with the relevant terminology used in StatPlay-
ground and a labelled image of a boxplot (Fig. B.5).

2. Provide context. We prepared a second handout,
which described the example scenario used for the
user study (Fig. B.6). Our example described the com-
parison of stress induced by two different designs for
a web portal. All participants had experience with the
web portal used in the example.

3. Go through the tutorial. Participants were told to
take their time to go through the tutorial and inform
the investigator when they were ready. The investi-
gator performed small tasks (e.g., re-organize papers,
check mobile phone, grab a drink) to minimize pres-
sure on the participant to finish the tutorial quickly.

4. Set up the working space. The investigator asked the
participant to create two boxplots, each boxplot rep-
resented an alternative design for the web portal. The
investigator reiterated the meaning of each boxplot as
they were created (e.g., ”This boxplot represents the
old design”).

5. Perform the tasks to manipulate the data. The fol-
lowing section lists the different tasks the participants
were asked to complete. The tasks were read out
verbatim and were presented to the participant as a
handout (Fig. B.7).

6. Collect feedback. If the participant tried to complete
certain tasks that were different from expected, they
were asked what their though process was. Partic-
ipants were also asked what they found confusing
about the design, what they didn’t like, and whether
they found StatPlayground useful.
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5.2.2 Tasks

The tasks given to the participant were as follows:

1. How might the dataset look if the new design did not
affect the change in heart rate?

2. How might the dataset look if the new design reduces
the amount of stress (i.e., minimizes the increase in
heart rate) with a medium effect size?

3. Change the distributions so that the following as-
sumptions are both met:

(a) Homogeneity of Variance: The spread of all dis-
tributions are similar

(b) Normality: Each set of data is normally dis-
tributed

4. Create an outlier to represent a user that drank
espresso before using the new design. This user
would have a higher heart rate than the rest of the
group.

5. How would you manipulate this outlier, so that they
would have the same heart rate regardless of how
stressful the user interface is?

6. How would you manipulate this outlier, so that the
heart rate will increase by a minimum of 55 bpm, re-
gardless of how stressful the user interface is?

5.2.3 Participants

We collected data from 7 participants (two females), all of7 participants
volunteered, who
have never used
StatPlayground

previously

which are university students, and have basic experience
with statistics. To minimize the learning effect, participants
for this user study were not allowed to have participated in
the preliminary study nor the first round of user studies.
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5.2.4 Results

Quantitative Results

Table 5.1 shows the accuracy at which tasks were per-
formed according to the expected behaviour.

Expected Behaviour Correct Incorrect Accuracy

Moved the data by clicking
and dragging the mean or
median

5 2 71%

Used the boxplot colour and
hints to determine when the
null hypothesis could not be
rejected

5 2 71%

Used the boxplot and hints
to determine where the null
hypothesis would be rejected,
with a medium effect size

3 1 75%1

Used the component to de-
termine whether homogene-
ity of variance was met

2 5 29%

Used the component to check
that normality was met

7 0 100%

Changed the variance using
the whiskers

7 0 100%

Created an outlier by clicking
in the correct location

5 2 71%

Opened fine controls by
double-clicking on the prop-
erty

3 4 43%

Locked the outlier by clicking
the button

6 1 86%

Click-and-dragged the
bounds button to set mini-
mum value

4 3 57%

Table 5.1: Table of how accurately participants used the ap-
plication according to the expected behaviour.

1Three participants were asked a different question, and were thus
excluded from the result
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Moved the data by clicking and dragging the mean or me-
dian The two participants who did not click and drag on
the mean or median clicked on the body of the boxplot

Used the boxplot colour and hints to determine when the
null hypothesis could not be rejected One participant re-
lied on the Results section only One participant did not dis-
cover the desired region, and stopped prematurely in the
“medium” range

Used the boxplot and hints to determine where the null
hypothesis would be rejected, with a medium effect size
The participant who failed to complete this task relied on
the Results section only

Used the component to determine whether homogeneity
of variance was met The five participants who failed to
complete this task did not know where to find this feature.

Used the component to check that normality was met
All participants correctly completed this task

Changed the variance using the whiskers All partici-
pants correctly completed this task

Created an outlier by clicking in the correct location
One participant tried to right-click on the working space to
create an outlier One participant did not know how to add
an outlier, and when told how to create an outlier, tried to
double-click instead of single-click.

Opened fine controls by double-clicking on the property
Four participants tried to right-click on the property.



5.2 User Study: Phase 2 41

Locked the outlier by clicking the button One partici-
pant had to be told to click the “lock” button

Click-and-dragged the bounds button to set minimum
value Three participants only single-clicked the button,
and did not drag it

Qualitative Results

In the feedback portion of the user study, the investiga-
tor went over any unexpected behaviours produced by the
participant, and asked what the user thought of the inter-
face.

Question: What didn’t you like about the interface, or
what was confusing?

• One user expressed that they didn’t understand what
the hints represented. And why the hints were repre-
sented as a 2-tail test rather than a 1-tail test

• 2 users would have preferred if the Results section
was presented in a location that could always be visi-
ble, and didn’t have to scroll down

• One user would like to see vertical lines to show
where on the x-axis the value is

• One user would have liked to be able to see precisely
what value the upper/lower bounds are being set at

• One user expressed that because all features would
use the same shade of red to indicate ”incorrectness”
and the same shade of green to indicate ”correctness”,
the features themselves ended up being clustered to-
gether

• One user pointed out that the layout for within-
subjects design didn’t make sense, in both the inter-
active application as well as the graphic used in the
tutorial
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• ”I think the colours just sort of confused me a bit, be-
cause I think the tutorial doesn’t tell you what the yel-
low means”

• From the user who used the Results section and
didn’t use the hints or boxplot color to determine the
interest points: ”At the beginning I was a bit confused
with the colours. I thought it was about normality.”

• ”The colours are helpful, but they are confusing a
bit.”

• Regarding the hints: ”I didn’t really understand
them. You told me medium, but I don’t know what
”medium” means.”

Question: What do you like about the application?

• ”I like the simplicity of the tool actually. Usually the
other stats tool that you use there you know bunch
of buttons and so many things that you tend to get
confused. So that’s not there, which is good.”

• ”I like the fact that it looks like an interface an not a
table. Which is what most websites use.”

Other Unexpected Behaviour One user tried to interact
with the histograms by clicking and dragging

5.3 Limitations

Although we implemented features such as confidence in-Our evaluations were
limited by time and

motivation of the
participants

terval. Due to time constrictions and limited backend im-
plementation, we did not give the participants enough time
to fully explore the interface. Participants who volunteered
for our study were not all equally motivated, this is re-
flected in the amount of time spent in the tutorial (shortest:
1min 45 seconds; longest: 14 minutes). The amount of time
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spent on the tutorials was reflected in how much the user
remembered.

The positive responses of the participants about the overall
design need to be taken with a grain of salt due to the the
possibility of response bias [Furnham, 1986].

5.4 Discussion

In this section, we discuss why participants might have
interpreted our design differently than expected using
Gestalt laws [Soegaard, 2015, Wulf, 1922].

5.4.1 Gestalt Laws

Gestalt Law of Similarity In our implementation of Stat- Red and green did
not have the same
meaning for different
components

Playground use the colours red to indicate incorrectness or
that something was wrong. In the design process, we used
red to indicate failure to reject the null hypothesis. How-
ever, in statistics, failure to reject the null hypothesis should
not be preceived as ”failure” as it does for the assumption
checks.

Gestalt Law of Proximity We placed histograms directly Changes observed in
one object (e.g.,
location of boxplot)
was assumed to also
affect nearby objects
(e.g., normality
check)

above their respective boxplots because they are associ-
ated with the same data. However, when we were dis-
cussing only effect size with the participants, they got con-
fused by the colour changes in the histogram. This might
have only been problem with the software, since the his-
togram would recalculate everytime the data points in the
distribution moved around. This was also affected by the
fact that the test for normal distributions was only pseudo-
implemented. And depending on the change in histogram,
the result of the test for normality would change between
pass and fail when the true shape of the data has not
changed (e.g., when moving the mean). Although the data
between the histograms and the boxplots are the same, for
the sake of exploring data, it would be better to group areas
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in terms of purpose. In addition, because a pseudo func-
tion was implemented for the normality assumption check,
some changes to the the dataset caused the normality test
to pass or fail when nothing should have changed. This
sometimes led participants to draw incorrect conclusions.
For example, a user thought that, because the normality
test suddenly changed while moving the mean, the user as-
sumed that this was the sign for the p-value changing from
not significant to significant.

Gestalt Law of Past Experience Because in western cul-Past experience
might have led to

different
interpretations of

colours.

ture, red tends to be associate with ”bad” and green tends
to be associated with ”good”. Something that would be in-
teresting to determine is whether people associate ”good-
ness” or even colour with ”similarity”. This is something
that could be determined using an implicit association test
[Greenwald et al., 1998].

The users who right-clicked to open the fine control menusUsers preferred
right-click did so most likely because of experience with context

menus, whereby the user right-clicks on the mouse for
more options.

5.4.2 Shortcomings of Exploration

Some participants were not the most comfortable with ver-Shortcomings of
think-aloud protocol balising their thoughts, and required a lot of probing from

the researcher. The researcher also noticed that some users
got nervous when the users did not understand something.
Although we tried to reassure the participants that their
knowledge in statistics was not being tested, the task made
it difficult for participants to forget this. The benefits ofShortcomings of

forcing discoverability discoverability are reaped when the user has motivated
enough to explore the interface. However, not all users
might have the patience nor motivation to look for all pos-
sible features.
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Chapter 6

Summary and Future
Work

In this chapter, we discuss the findings of our research, its
limitations, and proposals for future research.

6.1 Summary and Contributions

This topic was inspired by the findings that knowledge in We added fine
control of properties
and foreshadowing
of statistical results
to StatPlayground

statistics is lacking in the field of HCI, and requires atten-
tion to protect the validity of future research. Research
in the past has sought to address this problem in several
ways. In this thesis, we focused on providing a space for
users to play around with data to explore the relationships
and make connections. We extended previous research by
adding fine control of properties and incorporating infor-
mation to the workingspace using colours and presenting
zones to foreshadow statistical results.

We worked in an iterative process, abiding by the DIA cy- We worked in an
iterative process and
received feedback on
design options using
the think aloud
protocol

cle. After looking at techniques applied in previous re-
search, we came up with different prototypes to be evalu-
ated by users in a think aloud protocol. From our findings,
we tweaked our design and continued to implement our
design.
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To evaluate our design, we ran a user study with eightWe ran a first set of
user studies, but

discovered that the
data for two users

had not been
recorded correctly.

participants. Unfortunately, technical failure with the lap-
top used to carry out the study resulted with incomplete
recordings from two participants. To validate our design,
we needed feedback from more participants, so we decided
that another set of user studies was needed.

Before running the new set of user studies, we made someWe made changes to
the design, fixed

bugs, and ran
another set of user

studies

adjustments according to feedback from participants, and
fixed some bugs which made the user study process dis-
tracting. In addition, we created a tutorial, so that the user
could see how each feature is meant to work before com-
pleting the tasks. As well, we made adjustments to the
context and questions asked. Changes to the format of the
study were also made. The example scenario provided to
the participants was changed to one that was well under-
stood and relevant. Participants were also provided with
a concise cheat sheet for statistical terms used in the user
study, as well as the list of questions. We ran the user study
with seven participants.

Users spent varying amounts of time on the tutorial, andForeshadowing and
use of colours

showed to be helpful,
however work still

needs to be done for
fine controls

this may have impacted their ability to remember what fea-
tures and interactions were available. Most participants
were able to use the foreshadowing feature and the colours
of the boxplots to determine whether the results had a sig-
nificant p-valueand what the effect size was. Users were
also able to easily check whether the assumption of nor-
mality was satisfied. However, most users did not know
how to use the interface to check the assumption of ho-
mogeneous variances. Participants also had a tendency to
use right-clicking as a mechanism to open the fine-controls
menu instead of the expected double-click. While the lock-
ing of properties was straigthforward for most users, three
of the seven users assumed that the signifier for setting
upper- and lowerbounds was a single-click button and not
a click-and-drag feature.

Users however reported that, overall, they enjoyed the ex-Participants saw
potential in

StatPlayground
perience of using the tool. They liked that the design was
simple compared to other statistical tools they have used in
the past.



6.2 Future Work 47

6.2 Future Work

6.2.1 Further Testing

The current design of StatPlayground is meant to support ANOVA needs to be
testedANOVA testing, but this feature still needs to be evaluated

by participants.

In the previous chapter, we discussed some of the problems Our evaluation laid
groundwork for futher
iterations of the DIA
cycle

encountered by users with the interface. More iterations of
the DIA cyles are needed to further improve the design, so
that it is more intuitive for the user. It would be interest-
ing to introduce techniques from social psychology, such
as the implicit association test ([Greenwald et al., 1998]), to
determine what choice of colours affect how users perceive
information.

6.2.2 Inverse Design

In StatPlayground, a user might want to see what different Inverse design is a
feature that was not
implemented, but
might be useful for
users

configurations are possible with a given set of results. For
example, if the p ≥ 0.05, there are several ways the data
might look; the boxplot means might be closer together
with larger variances, or the means might be farther apart
with smaller variances. Design by Dragging gave this tech-
nique the term ”inverse design” [Coffey et al., 2013]. This
technique would work well with our fine-control feature,
as it would allow the user to isolate the properties they
would like to study. Applying the same techniques as used
in OctoPocus Bau and Mackay [2008], since not all config-
urations are equally likely in statistics. For example, it is
much more likely to observe similar means with smaller
variances than dissimilar means and extremely large vari-
ances.
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Appendix A

Implementation

The prototype used for this thesis was developed using An-
gular1 v5.2.7. The evaluations were carried out on a Win-
dows laptop with a 14-inch (16:9) LED display. Video and
audio were captured using OBS Studio2 v21.1.2.

Future updates on the StatPlayground project will be found
on the Media Computing Group website3.

1https://angular.io
2https://obsproject.com
3http://hci.rwth-aachen.de/statplayground

https://angular.io
https://angular.io
https://obsproject.com
http://hci.rwth-aachen.de/statplayground
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Appendix B

User Study

B.1 Questionnaire for Experimental De-
sign

Figures B.1, B.2, B.3, and B.4 show screenshots of the on-
line questionnaire for testing the different designs for ex-
perimental design. The questionnaire was generated using
Google Forms.
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Figure B.1: Scenario used for explaining experimental design
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Figure B.2: Questions to determine how participants interpret lines and arrows to
indicate experimental design.
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Figure B.3: Questions determining how participants interpret colour to indicate
experimental design.
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Figure B.4: Questions asking for the participant’s preference for indicating experi-
mental design.
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B.1.1 Qualitative Feedback

Between-Subjects Design

Quotes from participants who preferred the coloured icons
(8 out of 9 participants):

• ”easier to tell visually”

• ”I think the colors represent that, for example, yellow
people are in the same group or they have the same
function so you can clearly see that there are 3 groups
in this case.”

• ”It’s easily noticable with the color difference that
there were 3 different groups”

• ”Becuase if we use color it is posible to remove the ar-
rows so the information representation become sim-
pler and clearer”

• ”More clear that its representing 3 different groups”

• ”It is easier to distinguish the difference”

• ”Less boring than the black ones”

• ”Better to compare them”

Quotes from participants who preferred the black icons (1
out of 9 participants):

• ”Easier to understand”

Within-Subjects Design

Quotes from participants who preferred the coloured icons
(4 out of 9 participants):

• “easier to tell visually”
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• “The color was at first confusing to me. It took me
time to figure out that it represents all geoup took all
the exams. Again for the black version it could ap-
pear that Only one group took all three exams. So i
would choose color version but i think the design is
bit confusing and could be better.”

• “Information is simpler than the black one”

• “the second one assign the same group with colours
instead of arrows which is great!”

Quotes from participants who preferred the black icons
with arrow (5 out of 9 participants):

• “The colored design makes it confusing whether the
people are the same or that they are random for each
exam. It’s not possible to know from the colored de-
sign if the same people are doing the different ex-
ams.”

• ”Easier to understand which sample group was”

• ”Clearer that it’s one group only”

• ”It makes me understand that the three blockplots are
related”

• ”I was not sure about the second one (colored de-
sign)”

B.2 Evaluation

B.2.1 Scenario Used for Phase 1 of Evaluation

Scenario A pizza chain restaurant would like to boost its
sales by investing in more advertisement. They have cre-
ated two different commercials to be aired across Germany.
The data shows the increase in pizza sales across all restau-
rant locations in the country.
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• Purpose of the Study: Compare the increase in pizzas
sold as a result of airing two different commercials.

• X-Axis: The x-axis is the increase in pizzas sold after
airing the commercials. 0 means that the pizza sales
did not increase.

• Box Plot #1: The data points in Box Plot #1 are the
restaurants affected by Commercial #1.

• Box Plot #2: The data points in Box Plot #2 are the
restaurants affected by Commercial #2.

• Locking an Outlier: One restaurant has poor cus-
tomer service, and its pizza sales are not affected by
the success of the commercial.

• Setting a Boundary (Upperbound): One restaurant
has limited open hours, and can only sell a maximum
of 30 pizzas.

B.2.2 Changes to StatPlayground Following Phase
1 of Evaluation

Changes to the Assumption Checks

• Added tooltips to the homogeneity of variance com-
ponent and the normality component, that would
read the name of the assumption and whether it
passed or failed. (e.g., ”Homogeneity of Variance:
Pass”)

• Added pseudo-implementation for the normality
test, so that it would fail if the histogram had more
than one peak, or if the tails were very different.

Changes to the Fine Controls

• Fine controls no longer open automatically. Rather,
the user has to double-click on a property to open the
fine control menu
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• Changed the icons to set the upperbounds and lower-
bounds. Instead of using arrows, the icons were re-
placed with ”[...” and ”...]”. This was meant to elim-
inate the problem of mistaking the upperbounds and
lowerbounds properties as indicators or controls for
moving the property

• The graphics used to represent the upper and lower-
bounds were made smaller, so as not to distract the
user

• The upper and lower bounds are not always shown,
only when the property is selected

Changes to the Results

• Instead of displaying the results above each boxplot,
they are placed at the bottom as summary

• The results section was given a title ”Results”

• Hide results for chosen test (since not implemented)

• Add placeholder ”N/A” strings when there are not
enough results to produce

Addition of a Tutorial Page

A tutorial was made to replace the need for an instructor.
It goes through all the features offered by StatPlayground.
This tutorial is created as a separate page on the StatPlay-
ground application, and is the first page the user sees upon
opening the application. The tutorial is not interactive, but
the user can easily switch back and forth between the tuto-
rial page and the interactive page.

Other Changes

• Make it configurable to show/hide the confidence in-
tervals
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• Show component for experimental design

• Remove feature to select the test type, since the fea-
ture was not implemented

B.2.3 Scenario and Tasks Given in Phase 2
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Figure B.5: An image of the paper handout presented to participants in Phase 2 of
the evaluation. This page describes the properties of a boxplot, similar to that used
in StatPlayground. The page also provides short summaries on the terms effect size,
p-value, and [statistically] significant
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Figure B.6: An image of the paper handout presented to participants in Phase 2 of
the evaluation. This page describes the example scenario used to provide context
for the participant, and describes what components in StatPlayground describe the
different variables in the scenario.
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Figure B.7: An image of the paper handout presented to participants in Phase 2 of
the evaluation. This page contains the list of tasks that the user must complete.
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