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Abstract

It is critical to build tools to study data in an environment where data is
rapidly being gathered and utilized. Visualizing the data may help with this.
The usefulness and efficiency of such informational visualizations are often exam-
ined, but hedonic elements such as sheer delight and aesthetic beauty are typically
overlooked. These characteristics are included in the idea of user experience (UX),
which is a good predictor of a user’s overall rating of an information visualiza-
tion. However, since the discipline is very new and has diverse definitions, there
are many different approaches to measure UX. The goal of this exploratory study
was to see whether the CUE (elements of user experience) paradigm and its mea-
surement tool, meCUE, are adequate for assessing the UX for data visualization.
This study looked at the user experience of information visualizations with mi-
nor differences in terms of animation features to investigate whether UX metrics
might explain user preferences. Small differences in the experiment couldn’t be
seen by using the meCUE technique, hence descriptive study seems to be more
appropriate in this case. Because the meCUE method failed to pick up on even
the smallest differences in the trial, descriptive study seems to be the better option
in this case. The findings demonstrate the subjective nature of UX and highlight
the need of defining a user group. The findings also show that rather of depending
just on & user’s self-report, UX assessment should include research interpretation

and objectivity.



Anpgarna

TlepexTep KoOipeK XKUHAIBIIN, NaiiAa1aHbLIBIT KATKAH aJIeM/Ie OHBI 3€PTTEY dAicTepil
a3ipitey e MaHpi3abl. MyHbI JepeKTep/i BU3yasIM3alsiiay apKbUlbl 2Kacayra 60-
qagpl. MyHgall aknmaparThl BHU3Ya TM3allsTHbIH canachl KebiHece maiijasiaHy ca-
machbl MEH 9CTETHKAJbIK calla CHSKThbI IeJOHIKaJbIK dakTopsapapl ejleMelTiH,
BIHFANJIBIIBIK, KOPCETKIIITEPIHIH THIMILTIN MeH THIMALTITIMER eameneni. ITafina-
-1aHyIIBl ToXKipHubeci TY>KbIPbIMAAMACHI (UX) ocsl pakTopapapl KaMTIAbl XKoHe
naiija1aHylIbIHbIH, aK[NapaTThl BU3yaJiu3allinalay/iblH KaJIIbl PEATUHIIHIH 2KaK-
cbl 60JIKAYLILICH! 60BN Tabbliap!. lereHMeH, UX enmeyaiH KeNTereH 2Kojaa-
pbl 6ap, OHTKeHI epic 9l XKaC »KoHe KOITereH aHbIKTaMaJapbl 6ap. Byt aiapH
asa 3eprrey CUE (mafizananymier ToxipnbeciHif Kypamaac GesikTepi) Mozei
MeH OHBIH AEPEeKTep BH3YaIN3allsIChIHbIH, UX ngeHrefiin esieyre NepCreKTIBa-
;b1 yMiTKepJiep 60.IBIN TaObLIATHIH meCUE eJiiey KypaJbIHbIH ZJepeKTepAl Bl-
3yaJu3auysiay AOMeHiHe HIbIHbIMEH cofikec KeseTiHiH 3eprredi. ATan afiTKanza,
6yn 3eprrey UX ynaiinapbl Naiijaiany sl KaJiay;1apblH TYCIHAIPE aJIaTbIHBIH Ko-
py YIIiH aHEMAINSIBIK 371€MEHTTep TypFhIChIHaH 1aFbIH AYBITKYJIaph 0ap aKna-
DATTBIK, BU3Yalu3alHAIap/AbIH UX omemin esuueni. meCUE azici SKCIEPHMEHT-
Teri Ho3IK ailbIpMALIbLIBIKTapAL! eJell ajJIManbl, Gy karjafifia camajbl 3epT-
Tey:;ep THIMIIpeK OOJIBII kepinexi. Hormxenep UX cy6beKTHBTLIITH KepceTesi
sKoHe NaliaiaHyIbiap TOObIH KepceTyAlH MaHBI3ABLILIFBIH kepcere . HoTmxe-
Jep COHbIMEH KaTap UX 6barasiaybl maiijaaHymbIHbIR e3iHIIK eceOlHe FaHa eMec,
3epTTEYiH NHTePNPeTallAChl MEH o6beKTUBTLIIriHe CYHEeHTeH/Ie naiigasnl 60Iybl

MYMKIH eKeHIH KepceTel.



AHHOTaINA

B Mupe, rie maHHble cOOIPAIOTCS U HCIOIB3YIOTCS BCE Yallle, Ba2XKHO TAKXKe pas3-
paboTaTh criocobObl H3YUEHIIs STUX JAAHHBIX. ITO MOXKHO CAeJIaThb, BU3YaII3HPOBAaB
JaHHble. KavecTBO TakiX MH(OPMALMOHHBIX BH3YaIM3alyil 4acTO M3MepsieTcsi ¢
TIOMOILBIO NoKazaTenell addekTiBHOCTH 1 93(PHEKTUBHOCTH HCIOIb30BaHIS, B KO-
TOPBIX OTCYTCTBYIOT TaKle r'elOHIICTITYECKIIe (PAKTOPBI, KAK PAJOCTb OT HCIOJIb-
30BaHHs I 9CTETUYECKOe KadecTro. KoHuenmus mosb30BaTe1bcKoro onbiTa (UX)
JIefiCTBHTEJIbHO BKJIIOYAET 3TH (haKTOPhI H SIBJSETCA XOPOLUIHM IPEJIHKTOPOM JJ1d
obuieii OUEHKH BU3yaIn3anun nadopManun nois3opareseM. OIHaKO CyIIeCTBYyeT
MHOKECTBO CIO0COOOB H3MEPeHHs IOTOKa, OCKOJIbKY 3Ta 00/1acTh BCe €Ille MOJIO-
Ja U UMeeT MHOXKECTBO onpezeseHnii. B aTom nccien0BaTeIbCKOM I1CCIeI0BAHNN
H3y4aJoch, JeficTBuTe1bHO 1M Mogenb CUE (KOMIOHEHTBI MOJIB30BATENbCKOIO
onbiTa) 1 ee HHCTPyMeHT m3mepennsa meCUE, koropsie 6bliil NPH3HAHbBI MHO-
rooOeIaomuMy KaHAMAATaMI IJIs1 M3MepPeHHsd IOTOKa BHU3yanan3alul JaHHBIX,
MOAXOAAT A1 06JIaCTH BH3Ya Iu3alui JaHHbIX. B yacTHOCTH, B 3TOM HCC/IeI0OBa-
HUH H3MepSICS TOTOK HHPOPMAIMOHHBIX BI3YaII3alli, KOTOPbIE IMen HebOoTb-
LI11e OTKJIOHEHHUS C TOYKY 3DEHHUs] aHMMHUPOBAHHBIX 3J1eMEHTOB, YTOObI BBIACHHT,
MOTYT JIII TIOKA3aTeJH [OTOKa 06bSCHHTD MPEINOoYTeHNs N0Ib30BaTe e, Meton
meCUE He cMor mM3MepHTh TOHKHE pa3/iHM4ds B SKCMEPHMEHTE, U B 3TOM CJIy-
yae Ka4eCTBEHHOE HCCIIENOBaHMe, Mo-BUAUMOMY, IPEBOCXOIUT €ro. PesynbraTel
MI0Ka3bIBAIOT CYObeKTHBHOCTD IMOJIb30BATENBCKOIO naTepdefica 1 NOAIEPKUBAIOT
BaXKHOCTb YKa3aHIIsd Ppynnbl NoJb3oBaTeell. Pe3ynbpTaThl TaKXKe MPEANoIaraloT,
4To onenxa UX MOXET BLIIIpaTb OT TOrO, YTO OHa He OyIeT MoJjaraThbes HC-
KJII0YMTEIHLHO HA CAMOOTYET I0JIb30BaTesl, a OyneT BKII0YATh MHTEPIPETAINIO

Pe3y/1bTaTOB HucceJoBaHlIA 1 OObEKTNBHOCTb.
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1. Introduction

The quantity of data in society is continually increasing. Data comes from a
variety of places, including social networking sites, transactional data, and internet
activities. IBM estimates that 250 million gigabytes of data are generated each
day. According to IDC, 163 trillion GB of data will be generated in 2025 (Figure
1.1).5] The challenge is how to turn this massive volume of data into knowledge

and insights.

Annual Size of the Global Datasphere

180

160

140

120

100

80

Zettabytes

- T 1
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2026

Figure 1.1: IDC’s estimate of the total quantity of data produced in the future

Techniques for gathering and handling this data are receiving a lot of atten-
tion. and the technology is constantlv advancing. However, there is a lack of
emphasis on human abilities and the capacity to understand data. Data visual-
i-ation has the ability to make abstract data comprehension simpler while also
enhancing human talents. It alters the ratio between human cognition and allows

the brain to use its maximum potential. Hidden meanings may be exposed when



complicated data is appropriately displayed. But it’s important to make infor-
mation visualizations in a way that fits human perception and works within its
limits, since people may get overwhelmed by the amount of information given.
As a result, being able to assess how effectively an information representation
is created is critical. Objective usability measures, such as the effectiveness of
an information visualization (can users achieve their goals? how quickly can
such objectives be accomplished? Businesses and academics were concerned in
the subjective experiences of people in order to suit their needs and desires. The
user’s choice will be influenced by the UX: a good information visualization should
deliver a positive user experience. Visualization’s value to the experience cannot
be underestimated. Aesthetics and simplicity of use are additional factors that
usability research occasionally ignores. Few research work has been done about
how to measure the experiences of data visualization, which is now the focus of

data visualization evaluation.

1.1 Objectives and research queries

Several UX models are evaluated and their usefulness in the area of data visu-
alization is assessed in a literature review on UX and data visualization. The
characteristics of the ux (CUE) framework were identified as a good contender
since it encompasses the most significant features of data visualization and allows
for domain-specific customisation. This exploratory study will use an experiment
to see whether the CUE model and associated measurement metrics are adequate
for quantitatively assessing the UX of informational visualizations, even if the
variations between the scenarios are minor. The numeric data was compared to
the user’s preferences and a qualitative UX evaluation. Animations in informa-
tion visualizations will be the focus of this investigation since they may be both
aesthetically pleasing and functionally useful. A variety of animations are tested
to evaluate whether and how they affect the ux of a job engagement with an infor-
mation presentation. To show what the extra benefit of the quantitative method
is, the same animations will be evaluated u%mg qualitative research.[1]

' In this experiment, the non-instrumental but also technical qualities of a visu-
alization were both affected by animations, therefore they were treated as separate

factors. In this experiment, two styles of graphics will be employed. To begin,



reload animations will be used since they have the most effect on the visualiza-
tion’s aesthetic aspects. The implementation of information systems processes is
represented by the movement that occurs whenever a graph gets loaded, known as
loading motions. Bartram’s taxonomic of movement application areas’ function
description ’application area is linked to these animations. Amcharts and High-
charts are the two most commonly used loading animations in the d3 frameworks.
Transition animations will also be used to adjust the visualization’s instrumen-
tal but also non-instrumental quality. Two animations proposed by Heer and
Robertson would be used to help participants better understand the link between
a "layered bar graph" and a "grouped bar graph" while switching from one to the
other.

As broad ideas, context, systems, and people all have an influence on the user
experience, it is important to describe and scope them. Task-driven interactions
with visualizations will be the focus of this research. In this scenario, the UX
is heavily influenced by both hedonic and pragmatic factors. Considering the
screen upon which the visualisation will be exhibited is an additional contextual
consideration. This study can run solely on a computer monitor for consistency’s
sake. Hence, animation will be the only component that affects the user’s expe-
rience; hence the visuals will only change in terms of animation. When it comes
to data, it’s important to keep things consistent so that it doesn’t interfere with
the user’s perception of what they’re seeing. Other characteristics, such as the
visualization’s color, will remain consistent across all settings. In terms of users,
this study is aimed at inexperienced users who are seeing the representation for
the first time and have a desire for knowledge, which is, in this instance, induced
by the experiment’s tasks. Even if their emotional condition effects the UX, it is
beyond the scope of this study. Because this study aims to draw generalizable re-
sults for any sort of user with an information requirement, the level of familiarity
with information visualizations among users will not be stated or explored. Bar
charts, stacked bar graphs, and grouped bar graphs are used to avoid overrating

the capabilities of human vision and to respect the limitations.

Research questions .
+ For this reason, a literature research was' conducted in order to assess models

as well as definitions of user experience (UX) in order to apply them to data

visualization. Data visualization has also been explored in more detail in order
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to uncover UX concepts that relate well to the area of data visualization. As a
starting point, let’s consider the following question::

RQ1 - What metrics may be used to measure the effectiveness of a data
visualization?

RQ1.1 - What are the definitions and models for user experience (UX)?

RQ1.2 - When it comes to data visualization, what are the most effective

user experience models?

A literature study revealed that the CUE model, as well as the measurement
meCUE, were viable options for quantifying user experience. As a result, the
second question is:

RQ2 - Can the CUE model and associated measuring instrument, meCUE,
be applied to the field of information visualization?

RQ2.1 - How may the CUE paradigm and its measuring tool meCUE be used
to quantify variations in UX, and what does this have to do with evaluating the
user experience (UX)?

RQ2.2 - Can the results of the meCUE survey structures be used to justify

a visualization preference?

The CUE model as well as the meCUE survey were used to assess the UX of
several variants with the same visualization in order to answer these questions.
In terms of motions, the visualization diverged since animations might have both
instrumental and non-instrumental meaning. Other techniques of UX evaluation
were reviewed in addition to the meCUE findings. To translate the quantitative
UX evaluation to a qualitative version, qualitative input about the circumstances
was acquired. After analyzing and discussing the variations in the situations,

a questionnaire was given. The research questions for this study will lead the

answers to the questions above:
RQ3 - What effect do loading and transitions animations have on information

visualizations’ user experience?

RQ3.1 - In a goal-driven engagement with a data visualization, how does
bouncy attempt to load visuals in a bar chart compare to the identical graphic
display withouyt animation? .

RQ3.2 - If a loading animation is used, how does the user experience of g

visualization differ from that of an identical display without the need for a loading

11



animation?

RQ3.3 - How does a from that animation work? How does the UX of a goal-
driven action with a visual analytics with transition animation compare to the
same visual without transition animation?

RQ3.4 — Is there a difference in UX between a pre-planned transformation
movie (with two animation steps, the first of which keeps changing the nightclub’s
width and x-coordinates) and a picture that looks the same but doesn’t have any

transformation animation when the main goal is to communicate?

Although some participants may find the bouncing loading animation beau-
tiful and trendy, it may be seen as disturbing. Both the transition animations
are designed to improve the UX by helping participants comprehend the relation-
ship between the two representations of the graph. Furthermore, the transitions
may improve the aesthetic quality of the impression. The graphics are likely to
promote participation in any situation. Because the differences here between an-
imation and movement are so slight, the disparities between the animations are
likely to be bigger. Visualizations that are seen to have a greater aesthetic qual-
ity may also be thought to be more useable and beneficial. This would confirm
Tractinsky et al.’s that "what is attractive is useful."[8] Even if the differences
between the circumstances are minor, the findings of the meCUE measures are
expected to show significant disparities in the majority of cases. There may be
no discernible change between situations that are quite similar, such as the two
transition animations. The CUE model says that changes in different parts of the

meCUE data between conditions should explain why a participant chose a certain

condition.

1.2 Thesis Outline

This article is organized into six sections: the first, Introduction, provides a short
summary of data visualization throughout the globe as well as research issues.
The second component discusses data visualization and user experience. The
third and fourth parts discuss experimental procedures and findings. The fifth
part includes a description of development, logical structure, and outcomes. In

the last chapter, we reach our findings.



2. Data visualization user ex-

perience evaluation

2.1 Data visualization

Since the digital era, when more data became accessible, the area called data
visualization has grown in popularity. Even while the tabular form was originally
employed in the second century to store astronomical data, it was much later,
during the 17th century, that the numerical method was shown in two-dimensional
graphs. The graphs we know today were devised or refined after that, in the early
18th and 19th centuries. William Playfair, for example, created the graph and the
bar graphs. Universities began to acknowledge the topic of data graphing in the
19th century. In 1977, statistics prof. Tukey realized the value of visualization
and launched exploratory data analysis, a novel technique for data analysis. A few
years later, Tufte published the seminal "The Visual Presentation of Quantitative
Information," which demonstrated excellent data visualization techniques.

We have a lot of information at our disposal because we live in a culture
that is increasingly reliant on data-intensive technology. The enormous number
demonstrates its potential, but the issue of how we should investigate it arises
often. Much attention is paid to technological advancements, such as the ability to
collect, store, and retrieve information. Human talents for interpreting the data,
which are essential to gain a deep understanding in the data, are not given enough
Since there are several tools for exploring and visualizing data, the
dependent on how well individuals use them. Good data analysis,

attention.

outcomes are
. according to Few, will enable us to: .
- To have a better understanding of the current situation

_ To better forecast what will probable happen in the future under certain

13



circumstances, so that opportunities and problems may be avoided.

Dashboards are a common kind of information visualization. A dashboard,
according to Few, is a visual representation of the most relevant information
required to accomplish one or more goals, which is condensed and presented in a
smaller window so that the data can be seen at a glance. Dashboards often offer

information from several viewpoints, as well as the relationships between them.

2.1.1 Data, knowledge, and information

The terms "data," "information," and "expertise" are often employed in visual-
ization to denote differing levels of abstraction, understanding, or truth. There
are instances when the phrases "data visualization" and "visual analytics" are
used interchangeably to describe data communication tactics by coding them all
in to visual objects. DIKW is a common paradigm for human comprehension in
cognitive and sensory space, and it illustrates the difference between data and
information. (Figure 2.1). Ackoff’s first hypothesis was that

- Data is made up of unprocessed svmbols;

- Information is information that has been given meaning and can answer
questions like "who, what, where, and when."

- How questions are answered and information is placed into perspective are
the hallmarks of knowledge. according to this definition.

- Awareness is the capacity to comprehend information while being cohesive

and actionable.

A
y: = .

Figure 2.1: Human perception and cognition often follow the DIKW hierar-
chv ( data-information-knowledge-wisdom). which describes the difference between

data and information.

Few use the phrase "data visualization " to refer to the collection, display, and

interpretation of data for the purpose of informing decision-making. Information

14



visualization is a particular kind of graphical representation. According to Card et
al., "The use of computer-aided, interactive, graphical representations of abstract
material to augment cognition" These computer-based and dynamic visualizations
are more like games than infographics, which are mostly just pictures that don’t

change.

2.1.2 Data interpretation

Visual representations aid in the comprehension and exploration of facts. They
are widely accessible, unlike advanced data methods, which is normally reserved
for skilled professionals. "Une important advantage of exceilent pictorial repre-
sentation," Tukey and Wilk write, "is that it may assist to express clearly and
accurately a message delivered by numbers whose computation or inspection is
far from simple." Visual representations. according to Few. let us perceive more
at once and recall the content better. Comparing the graphical presentation in
Figure 2.2 demonstrates this. The graph shows trends and peaks right away, but

you have to look at the table for a long time to see the same things.

Revenue

Region Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Total
West 28,384 30.288 34,302 32,039 32938 34,382 33,923 33,092 34,934 30,384 33,923 37834 396,433
Centra! 15.934 16.934 17.173 16,384 17.345 16.384 15,302 14,939 14,039 12,304 11,033 9283 177,064
East 11,293 12,384 12,638 12.034 11.034 12,983 12.384 12,374 12,384 13,374 14,394 19.283 157,859
Total 55611 53,606 64413 60.457 61317 64,750 61,600 60,405 61,357 56,062 59,350 66400 731,35

West Cerral East
40000
T /\ﬁ/\/
Reverne 200X

L ’-—_\ "W’/

o

Figure 2.2: Tables versus graphs, where visualizations allow us to perceive more
information at once and retain it better

Visual representations are useful for highlighting certain parts of data and
creating a narrative, so deciding what to express is critical. Depending on the
quantity and primary kevs of the data, the same data might convey several dis-

tinet tales. A specific value might show growth over time as well as a value by
area. There are several factors that go into making a good visualization: what
area.

‘uformation the audience needs, how they process visuals, and how thev want the

information presented. It's vital to know your users and their skill level before

1D



designing any user interface. There have been attempts to define and build up
frameworks for the literacy of data visualization. These frameworks may be used
to determine the degree of expertise and design of data visualizations.

Choosing the proper form of visualization for the project is crucial since various
types of visualizations are used for different purposes. There are a wide variety of
visualizations to choose from at hitps: = datavizcatalogue.com. A basic depiction,
such a line or a chart, may have a wide range of different uses. As a ecommon
tool for tracking changes over time, line charts may be especially useful when
comparing several variables. The message may be lost if it is used improperly.
Both 2.3 and 2.4 illustrate this point well. While the figures in Figures 2.3 and
2.4 seem to be in agreement with the facts, the figures in Figure 2.4 appear to be

less clear or even bizarre.

(a) Products sold (b) Servings consumed
a0 as
70 0s ;
€0 % &7
0 ow— a6 e
40 Ty . s !
30 —-'-/-—’ g b - [ . : |
e 03 A el
3 02 | B
o : k)
P S S = Y ‘
LT R g R 0 L&
T E i3 W, Carbs
e==mlce cream e Noodles & Adults [ Children

Figure 2.3: Line and bar charts that match the data’s structure (graphs created
in excel)

There is a fine line between strong focus visualization and "misleading" visual-
sation. When someone is excessively anxious to communicate a specific message
while leaving out. vital information, or when someone is uninformed and does not
employ norms, visualizations may be deceptive. Data visualization is similar to
storytelling in that it allows someone to freely communicate their perception of
a dataset. A single dataset may be interpreted in a variety of ways, telling many
distinct tales. It is thus beneficial to be informed of typical methods for "lying
with statistics," some of which are given below.

An example of this is the "misleading” shortening of the Y axis, which is

common. Tt occurs when the y-axis is tampered with by graph designers who

16



(a) Products sold (b) Servings consumed
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Figure 2.4: Due to a mismatch between the kind of data represented in the bar
chart and the line chart, the results are confusing. Line and bar charts that match
the data’s structure (graphs created in excel)

don’t follow convention. It is common for the y-axis to begin at zero and end
at the highest point in the data set. However, the y-axis might be reduced to
indicate a very minor difference. Figures 2.5 a and b demonstrate an instance of
this phenomenon, where the rise in one figure seems to be rather considerable,
yet the real increase in figure b is nearly undetectable. That the bottom line is
wider than other lines in this situation, implying that it is zero.

Omitting data is just another method that might be deceptive; by omitting
particular data points, patterns that may or may not exist can emerge. If data
is ignored, there is a risk of omitting important information. It's possible to see
trends that aren’t obvious in the original data set, as seen in Figure 2.6a and
b. Cropping the X and Y axis, or both, is another approach to deceiving with a
graphic. Normally, this is merely a completely acceptable method of focusing in
on the facts while excluding unneeded background. The goal should not, however,
be to create a tale greater than what. it already is. To making a trend seem better
than it is, data might be altered to exclude a single increase.

The problem of correlation vs. causality is a last example. Causation is
not implied by correlation. Nonetheless, a correlation is sometimes mistaken for
cansation, as seen by headlines like "People who drink beer live longer; having a

beer is beneficial!" on the internet.
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Figure 2.5: Sample of a truncated y-axis, where the rise in interest in (a) also is
significant, while the real increase in (b) is hardly perceptible.
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Figure 2.6: Example of missing data: (a) displays the original source of data,
while (b) displays half of (a), resulting in a trend that is not visible in (a)

2.1.3 Visual encodings and human perception

Technology has advanced at a breakneck pace, while human evolution has lagged
behind. As a result, it’s critical to create information representations that take
into account human perception abilities while also acknowledging their limits.
Bertin claimed that visual perception follows a set of principles that may be fol-
lowed to perceive information clearly. Pre-attentively, he says, the brain perceives
a wide range of basic visual properties. Ware highlights the significance of using
aspects of nre-attentiveness when depicting abstract information graphically. He
asserts that some fundamental shapes and colors stick out and may be noticed
visually even after a brief exposure.

Few state the following truths concerning perceptual knowledge:

e We don’t pay attention to everything we see since being aware of all that

we see would be overwhelming. So. in visualizations, we should try to make sure
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that important information stands out from other data that isn’t as important.

e We are attracted to patterns we are acquainted with; we just saw what we
anticipated. As a result, information visualization should be based on knowledge
of how people think.

e Working memory is critical to human cognition, yet it is severely constrained.
We only recall the aspects that we were present for. As a result, information
visualizations should be used as a supplement to working memory.

Perception-based criteria may be used to display data in such a way that the
relevant and useful patterns emerge. In order to make abstract data understand-
able, it must be presented in a way that is visible and meaningful. In Figure 2.3,
Ware provided a list of the most essential pre-attentive features that are most
advantageous in information visualization, as shown.

9.3 shows how height and 2D location are seen quite precisely, but breadth,
size, intensity, and blur are not, as shown in Figure 2.3. As a result, the majority
of graphs employ these 2D orientation and length characteristics. In a Stanford
University study, Figures 2.4 and 2.5 show the effectiveness of visual decoding
and the predicted error rates for different encoding schemes. These figures show
the different types of orientation encoding that were tested and show that people
can estimate lengths more accurately when the objects to compare are closer
together. Given how different the predicted errors are for angles and areas, it’s
not surprising that pie charts, which compare areas and angles, are often criticized

as a way to show information.

2.1.4 Gestalt perception rules

Psychology is the study of how people get and keep their ideas in a world that
seems chaotic. The core premise is that resources should be accessed as a whole
rather than as a set of parts. The use of gestalt concepts in the creation of in-
formation visualizations improves their understandability. For example, Lemon,
Allen, Carver, and Bradshaw show how the gestalt principles of similarity, close-
ness, and continuity affect how diagrams are understood, and Rusu show how the
gestalt concept of closure may make graphs easier to read. ¢

The notions of emergence, reification, 'multi-stability, and invariance are cen-
tral to gestalt psychology. The emergence principle describes the mechanism
through which people frequently recognize the whole before the components. The
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Figure 2.7: Pre-attentive visual perceptual characteristics that are most beneficial
in data visualisation for encoding

reification principle is concerned with the element of vision in which things are
believed to contain more spatial features than what is really available; human
perception appears to fill in gaps. The idea of "multi-stability" describes how
ambiguous sensory experiences tend to switch between different meanings in or-
der to get rid of visual ambiguity, even though you can’t see both meanings at
the same time. The idea of invariance describes how similar and different things
can be told apart no matter how big or small they are or how thev are turned or

moved.
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Figure 2.8: The efficiency of visual decoding; findings from a Stanford University
study comparing visual decoding accuracy to predicted error rates for various
encoding methods.
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Figure 2.9: The various types of orientation that were assessed, demonstrating
that when the things to comparison are closer together, people can more exactly
estimate length. From top to bottom: Figure 2.4: position 1,2,3

2.1.5 Discussion

Data visualization may improve data accessibility by extending the user set of
information beyond merely qualified experts. Data visualization, as defined by
Few, is an umbrella word for all activities that involve communication, visual
presentation, and analysis of data with the goal of making better decisions. The
major focus of this thesis is information visualization, which is a kind of graphi-
cal representation. A decent visualization of data should match and respect the
capabilities of human vision. As a result, it is also critical to have a thorough un-

derstanding of the target population, including user demands and characteristics.
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This allows for better decisions about how a narrative should be delivered and
which graphics should be utilized. As a result, Few’s pre-attentive characteristics
list and gestalt psychology’s principles may help us select graphs that are more

effective in conveying information.

2.2 User experience

User Experience (UX) has several different definitions depending on the profes-
sion and the expert. Usability, attractiveness, hedonic, effective, and experiential
characteristics of technology usage are among the meanings. On the allaboutUX
website, there is a collection of definitions. UX encompasses & wide range of
academic topics, and each field has its own perspective on the subject. The
numerous definitions appear to agree that UX is really about the interaction ex-
perience. Some versions have a commercial viewpoint and a marketing-oriented
focus2,3, whilst others are only concerned with the user experience of interactive
goods and are HCI focused.

UX has increased in prominence in recent years, mostly as a reaction to the
prevalent "usability" paradigm, which is task-based and work-related. Users’
experience (UX) is a direct result of the product’s usability, according to industry
standards (ISO 9241-11, 2017). It’s considered that usability is a product that
affects the user’s experience. It is thus possible to apply usability criteria to
examine UX components, but UX also comprises other important features that
research ignores, such as aesthetic appeal and feelings and experiences, that have
been discovered to play a part in explaining why people prefer some methods over
others. Keeping in mind that UX is not something that can be designed, but
rather something that can be built for, it is important to note. ‘The experience
will always be influenced by the setting and the user. A first-time user may have
a very unique dynamic compared to a tenth-time user, implying that the UX
changes through time.

There wasn’t a broad acceptance of what "UX" meant, so the phrase was
used as a buzzword for a number of tasks that dldnt fully fit into the accessible
paradigm. Usablllty, user interface (UI), conversation experlence (CE), systems
engineering (SE), customer experience (CE), quality web attract (QWE), emotion
(E), and the "wow effect” (WOW) are all terms that may be used interchangeably
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when discussing UX, according to Roto, Law, and Vermeeren’s UX whitepaper.
Aside from being tied to UX, these terms have other meanings.

Data visualization seems to fit under a variety of UX definitions. UX was
defined in 1996 by Alben, who gave a broad definition that is still widely used
today: '

Every aspect of a person’s engagement with a data system is taken into consid-
eration, from how they feel when holding it, to how they perceive its operation, to
how they respond to it while using it. It is also important to think about whether
or not the product matches their requirements and whether or not it is appropriate

for the setting in which they want to utilize it.

Hassenzahl defined UX in terms of three primary factors: the user’s condition,
design attributes, and context. He also shows how UX is connected to usability
in his definition, defining usability as a system property. Hassenzahl defined user

experience as:

There are several variables that influence how well an association works, in-
cluding the qualities of the planned system (such as its level of complezity or use-
fulness or functionality), the user’s internal state, and the environment in which
the association takes place (organizational outcomes setting, task significance of

the activity, informed consent of use, etc.).

By contrast, Roto argues that UX is a subjective emotional response to a
product, and one that many descriptions fail to include. The International Or-
ganization for Standardization (ISO) attempted to provide a definition for User

Experience. UX is defined by the ISO as:

The user’s reactions and perceptions as a consequence of using or anticipating

using a system, product, or resource (ISO 9241-11, 201 7).

According to ISO, these impressions have taken into account the user’s emo-
tions and physical and psychological reactions that occur before, during, and after
use. The ISO definition, as per Law et al., is highly promising, although several

terms will need more explication.
As stated by Hassenzahl;] the user’s interior life, the platforms, and thé setting

[] e
all have a "ole in these consumers’ views and responses, hence the ISO definition

will be used in this thesis.




2.2.1 Methods of UX assessment

Roto et al. looked at UX assessment approaches and identified five different types:
lab research, field research, surveys, expert evaluation, and blended methodolo-
gies.

Lab investigations are particularly useful for prototype assessment in the early
stages. Participants are given a task to complete using one or more user interfaces.
"Think aloud" is a popular technique. The analyst watches the person and tries to
figure out what mental models they have. This is comparable to a usability test,
except it additionally considers the user’s experience. Field studies are typically
useful and encouraged since they look at actual settings, which are critical to
UX. People are watched and questioned during prototype testing in field studies.
Surveys may offer input in a short amount of time and are simple to conduct on a
broad, worldwide basis. It’s usual to have an appropriate review of a design at the
early prototype phase. Expert assessments performed prior to the user research
may help you avoid wasting money on a costly user study.

It’s also difficult since there are no pre-defined heuristics in UX. Using point
of view inspection in the assessment to allow experts to concentrate on one partic-
ular experience feature is one technique to conduct an expert evaluation. Mixed
approaches are often employed since it is vital to acquire richer data in many
ways. Observing followed by interviews are two examples. Because it is difficult
to discern subjective sentiments from a single observation, observations should
generally be combined with other data-gathering approaches. "A word of caution
when evaluating these results, which are based on the views of user experience
assessors rather than hard facts," Mao et al. warn.[3]

Psycho-physiological measures are an objective way to assess user experience.
Heart rate, skin sweat, and facial muscles are just a few examples. Facial muscles,
in particular, are a potential arena for measuring positive and negative emotions.
Psychological measures have the benefit of allowing the researcher to assess instant
sensations without interfering with the user’s involvement. On the other hand,
existing technology still necessitates the use of intrusive measuring equipment,
which affects the user’s experience and increases the cost of study. Furthermore,

[}

only a few areas value infmediate feelings.
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2.2.2 Models of user experience

The many perspectives on UX, and also the term’s broad definition, result in a
wide range of opinions on the subject. Different assessment approaches concen-
trate on different elements of the user experience: They include anything from
psychological needs analysis to task-oriented user objectives and guidance. A
divide between academics and practice, partially driven by a lack of publicly ac-
cessible, consistent assessment techniques, contributes to this variation. In fact,
UX assessments are often still dependent on usability methodologies since R and D
teams have typically concentrated on usability while marketing departments have
been responsible for communicating a certain experience. A change in assessment
methodology should accompany a shift in perspective on product interactions

from usability to experience.

Hassenzahl’s user experience model

Roto et alwhitepaper .’s elaborates on this concept more (2011). Among other
things, the user state refers to a person’s desire to utilize a certain product, as
well as their expectations and previous experience with the product. Among
the many factors that go into determining how well a product is received by
customers is their impression of the brand’s overall aesthetics, usefulness, and
functionality. Many factors impact context, including social context, physical,
task, and technological and informational background.

Hedonic and pragmatic traits are further distinguished in Hassenzahl’s model
of UX (Hassenzahl et al., 2000), with pragmatic features aiding in achieving hedo-
nic aims. Hedonic and pragmatic product attributes are described by Hasenzahl
(2003) as follows:

In addition to classic usability metrics like learnability, efficiency, and effec-
tiveness, there are pragmatic attributes that are closely linked to these metrics.

useful functionality (utility) and mechanisms to evaluate this utility are nec-
essary for manipulating the environment (usability)

It is the non-instrumental parts that the user enjoys that are called hedonic.
As an example, consider features that entice customers based on how they perceive
the product, how they behave, or how t’hey think about it.

Encouragement of skill development and the spread of information.. Attempt-
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ing to provide the user with new insights and surprises, for example, by providing
an unexpected but yet welcome tip.

The product must be able to transmit identification, since people express
themselves via tangible items. e Identification. Personal homepages, which may
be used to show oneself to others, are a form of identity. Sometimes the possession
is designed to convey a favorable image.

e Evocation, the ability of a product to elicit memories in users. In addi-
tion, prior encounters with items have an impact on how a person views the new
product.

A clear separation is made between objective quality factors and user percep-
tions of these qualities, as outlined by Hassezahl. In addition to objective features,
the user’s traits and the context in which the product is used can influence the
perceived quality. In the end, these perceived traits lead to a judgment of ap-
peal. UX should be addressed as a dynamic and subjective idea, rather than as
a one-size-fits-all paradigm, according to Hassenzahl (Hassenzahl, 2008b). This

paradigm sees usability measurements as product characteristics.

Model for the components of the user experience

There is a similarity between Mahlke and Thiiring (2007)’s Elements of Ux (CUE)
model and Hassenzahl’s approach. Pragmatic and hedonic aspects may be com-
pared towards the model’s instrumental but also non-instrumental properties,
which are likely to influence the user’s emotional response. Users’ traits, as well
as the system’s attributes and the context/task, have an influence on the UX of
an encounter. Research has shown that interaction traits may directly influence
emotions, and that they are not just influenced by the product’s quality attributes
alone (Aranyi van Schaik, 2016) .

In a research based on the CUE model, Mahlke showed that there was no
link between instrumental and non-instrumental qualities. They used a selection
of the SUMI survey to measure the usability (instrumental qualities) and the
classical aesthetics questionnaire to measure the aesthetic (the non-instrumental
qualities) for this validation study. Classical aesthetics and expressive aesthetics
are distinguished in this questionnaire. Examples of classical aesthetics include
order and clarity in design. The potential of a design to defy expectations is at
the heart of expressive aesthetics.In contrast, Hassenzahl claims that this ques-
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tionnaire’s expressive component measures more symbolic or motivating elements
of an interactive product’s visual attributes than it does obviously aesthetically
aspects. After each task, the SAM survey and physical data, such as heart rate,
were used to gauge the emotional response of the user. Individuals were asked
to rate the systems according to their own preferences. In this investigation, the
physiological assessments were not very accurate or important.

An attempt to standardize UX assessment was made with the development of
the meCUE ('modular evaluation of user experience’) questionnaire.

Three distinct modules were built and tested for this review.

Product attributes (both instrumental and non-instrumental) comprise the
first module, user emotion constitutes the second, and repercussions resulting
from user experience constitute the last module.

This model’s modularity allows researchers to tailor the meCUE assessment

approach to individual research objectives by selecting the necessary elements.

Model of Honeycomb User Experience

The User experience Honeycomb Model is a well-known approach to user experi-
ence design. Rather of focusing just on usability, this approach was designed to
assist individuals realize the importance of prioritizing their design goals. It is the
combination of these six aspects that determines the value of a product to its user,
ond that balance is determined by the context, content, and the people who use
it. The honeycomb model for user experience (UX) is seldom addressed or utilized
in scholarly literature, but it is often used in practice since it communicates the
idea in a clear and concise manner.

The honeycomb paradigm has been used to data visualization. At the very
least, an information visualization must be useable, attractive, believable, aes-
thetically acceptable and technically suitable in order to be a success on the user

experience level.

2.2.3 Contextual factors

UX models are often used to assist desxgners in refining their concepts and prod-
ucts by examining how end users interact with various aspects of the system UX

is a highly subjective, dynamic, and context-dependent area, hence contextual im-
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pacts are critical to grasp. The system, the users, the context, and the temporal
aspects are the four key areas of UX impacts, according to studies. Users, con-
text, and time will all be addressed in this section, which builds on the previous

models’ attention to system impacts.

The user

Human-Computer Interaction (HCI) has shifted its focus from focusing on
what computer can do to focusing on what humans can do, stressing the need of
knowing the user. Beginners, intermediate users, and advanced users may all be
grouped together. An individual user’s cognitive, behavioral, and socioeconomic
characteristics, as well as his or her demographics, determine the level of expertise
he or she attains in the application. Previous experiences with the substance have

an effect on these abilities.

Context
The actual environment or place where the system is utilized, as well as the

circumstances in this environment, such as whether there is adequate light, decent
internet, and so on, are referred to as the context. The social-economic context,
this same market background, this same historic context , and the use context

can all be considered.[1]

Aspects of moment

When it comes to the user’s experience, timing is everything. Animations
might be attractive ab first, but if they’re used often, they can become a nui-
sance and take up too much of one’s time. It has been shown by Wilamowitz-
Moellendorff et al. that pragmatic quality (primarily usability) gains in value
with time whereas hedonic quality loses its significance. Also discussed by Roto
et al. is how changes in the UX over time have an effect on UX. Prior to their
initial meeting with a system, people may have had indirect interactions with it
because of expectations established by linked technology, brand, advertising and
presentations or other people’s thoughts on the system. This is important to keep
in mind. What Roto and others call "anticipated UX" is what they’re referring
about heres It’s also possible that after using a product, individuals may reflect
on previous uses Or modify their opinions about it, which is called episodic UX.
To put it another way, "momentary UX" relates to how you feel when using a
product. It’s also worth noting that aggregate UX, which is the whole total of user
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opinions over an extended period of usage, is identified by Roto and colleagues.
‘ Instead of concentrating on long-term use, a design and evaluation approach that
prioritizes the momentary enjoyment of a product is more appropriate.|[7] So far,
most UX evaluations have been centered on short-term, instantaneous UX, such
- as analyzing the UX of that first interaction with a system. Only a few pieces
of research have been published that concentrate on long-term UX. According to
. the research, timing is often overlooked, and having good experiences early in life

f is not as important for getting people to use something for a long time.

2.2.4 Discussion

Most UX frameworks incorporate usability as a direct influencing aspect, including
metrics like efficiency, effectiveness, and satisfaction. UX is concerned with how
people perceive their engagement, while usability is concerned with how easy it
is to use and achieve objectives. So, it shouldn’t be a surprise that all usability
factors affect how the user sees the product, and most UX models make this clear.

The QUX paradigm, for example, sees UX as a total of specific characteristics
at various interaction levels. The model includes 9 clearly measurable components,
such as product-specific characteristics, ambient impacts, and even emotive user
responses like contentment. As part of a thorough literature search and inte-
grating characteristics that are often mentioned but not founded in a strong UX
theory and framework, this model was developed. Although there are substantial
variances, there are some parallels between the QUX and ISO factors.

It is common for other models to describe UX in terms of utilitarian and non-
utilitarian attributes. Hassenzahl’s UX model and the CUE model both explain
how these two features affect emotional user responses, and this distinction is
evident.[4] This difference may be connected to Morville's honeycomb model, in
which utility, usability, findability, and believability are all important traits. Value
and appeal, on the other hand, aren’t necessary (Table 2.1). However, rather than
being a product characteristic, desirability might be considered as an emotional
consumer response. In contrast to other models, these three models emphasize
how important context isto UX, but they don’t explain how context affects UX

[}
in a clear way.

The honeycomb UX method concentrates on pragmatic aspects, while Has-

senzahl’s UX model focuses on hedonistic traits. Hassenzahl does point out that,
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Hassenzahl'’s Model CUEe UX Model Hon-
User Experience eycomb
g Model
| Hedonic / non- || Stimulation Aesthetic qual- | Value (result of
| instrumental Identification ities  Symbolic | all factors) De-
characteristics Evocation qualities Motiva- | sirability
tional qualities
Pragmatic / || Manipulation Usability Useful- | Usefulness  Us-
instrumental char- ness ability Findabil-
acteristics ity Accessibility
Credibility

" Table 2.1: shows the pragmatic and hedonic features of the Hassenzahl UX design,
Honeycomb UX model, and CUE paradigm.

although persona quality will ultimately lead to judgments of satisfaction and
fulfillment, hedonics should not be allowed to eclipse pragmatic factors, which
have also been demonstrated to have detrimental implications. All these instru-
mental and non-instrumental features are emphasized in the CUE model, which
incorporates a considerable portion of what other models describe. Components

are important in different contexts, according to all theories.[3]

2.3 TUX evaluation of data visualization

It is possible to use Few’s data visualization effectiveness profile to examine key
portions of UX models for information visualization, as defined in Few’s profile.
Pragmatic and hedonic /non-instrumental components in various UX frameworks
may be connected to the informational and emotional subtypes of these charac-
teristics.

Interesting (product understanding)

o Usability: Meet the demands of the user; the info should be helpful.

o Completeness: the proper quantity and kind of information, as well as con-

text for understanding

o Perceptibility: provide information in a way that a person can understand

[}

with minimum effort and accuracy.

¢ - . b - b " . .
e Objectivity: the information visualization’s validity, correctness, and preci-

sion.
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. e Intuitiveness: a visual analytics should be intuitive in the sense that it is
basic and simple to comprehend. It is user-dependent.

Evocative

e Aesthetics: The visualisation must be visually appealing.

e Inviting the user to investigate the material is essential.

: When evaluating UX in terms of hedonic and pragmatic features, Hassenzahl
et al. say that the balance between these aspects is dependent on the mode
" of use. During "active mode," when the action is considerable and goals are

generated on the fly, the attraction of websites is totally impacted by hedonic

~ qualities. Goal mode is a location whereby the hedonic and pragmatic factors

play an important part in behavior, where the goals impact. UX models must

explicitly address usability metrics in this context since information visualizations

are typically used in goal mode to satisfy a particular information need. When

choosing a good UX model for information visualization, it’s important to think

about how websites and information visualizations are different.

The majority of information visualizations are based on pictures, but the ma-
jority of websites are text-based. To further emphasize the value of the material,
websites typically provide qualitative data (such as videos or photographs) rather
than relying just on their presentation. On the other hand, data visualization
relies on the display of quantitative information. 2]

The UX paradigm must thus include visual components, in particular. It’s
clear that these other user experience models emphasize status and identity above
the actual world. Since it is not something a person owns O is affiliated with, data
visualization does not allow for identity or status. A few user experience theories
have a stronger case for this assertion than others. Hedonistic features in data
presentation are emphasized more in Hassenzahl’s model and in the evaluation
procedures that are built around it. A problem with this paradigm is that it seems
to undervalue accessibility and usability, which are both equally important to the
hedonic domain, and so does not cover all of the hedonic domain’s aspects. Visual

and aesthetic aspects are well-represented in the CUE model, which also gives

significant weight to non-instrumental elements. A wide range of interpretations

and applic'ations may be drawn from the theory and its'tools. While engagement
is seldom mentioned as a necessary attribute of data visualization, it may be

considered a "quasi-quality” of the medium. Because the assessment model is
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made up of separate parts, extra items, even ones with special status, may not be

included in the data visualization process.



3. Method

3.1 Participants

- Suleyman Demirel University students and teachers participated in the survey.
- The sample was selected to be 18 years or older and younger than 65 to ensure
" that it includes individuals who have most likely come into contact with (digital)
graphs. No further participation limits were imposed in order to make the research
as generalizable as feasible. Participants were given chocolate if they answered all
questions correctly, in order to encourage them to respond honestly and not simply
click arbitrarily. The experiment was first undertaken with 50 people. Another 50
people completed the experiment after the UX questionnaire was changed to assess
the meCUE construct ’emotions,’ as stated in the’measures.’ Because people could
only participate once, the experiment required a minimum of 120 volunteers.
Because of the small number of variables across the scenarios, the result was
expected to be minimal. Several data inclusion criteria were developed to assure
the dependability of both crowdsourced internet data and crowdsourced internet
data. Participants must have first viewed the animation. As a consequence, they
should have switched between views. Because the questions are basic and can be
inferred from the graphs, there should have been more than two valid answers
for each task. This criteria allows for no more than one inaccurate answer in
every three. A long enough time limit on the first UX questionnaire is necessary
to weed out users who just clicked through the questions without providing any

meaningful responses. Slattery and Yates’ study showed that their fastest reader

can read 246 words per minute while being right, hence the preceding completion

time restrictions are based on their findings. Furthermore, it is ?xpected that

clicking the response just on the 7-point Likert scale would take probably half a

second. Incomplete responses excluded four candidates, while the remaining 24
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were rejected for the reasons listed below. More over two-thirds of the participants
were weeded out (27 out of 100). One hundred and four people participated in
all three types of questionnaires, resulting in an overall sample size of 74. Each
round’s participants’ sexes are shown in Figure 3.1.

Experiment Version

- e
A el A 3 A R SE I B iteration 2 (emotions)
Male Jl_ v il

Other !

0 5 10 15 20 25 30 35 40
Number of Records

Figure 3.1: The gender distribution of experiment participants

Iteration 1’s participant age characteristics are M = 32, SD = 9.39. Iteration
2’s participant age characteristics are M = 29, SD = 8.05. General participant
age characteristics : M = 31, SD = 8.85. (Figure 3.2)

50 55 60 65

Figure 3.2: Age distribution of participants as a boxplot with the mean

3.2 Measures

The meCUE survey, based upon the CUE model, was used to quantify the user
experience of the interaction between both users and graph. Because they are
not well-suited to data visualization, variables such as emotions, status, devo-
tion, intent to use, or brand trust were omitted from the first experiment. The
term "status" does not apply to data visnalization since it is not anything that
a person owns or is associated with. Because the engagement in this research
is goal-based, conceptions like "commitment," "intention to use," and "product
loyalty" are less appropriate. Instead, these constructs depend on the goal as
well as the experiment itself. Because the variations in the circumstances were
thought to be too tiny to have a detectable influence on emotions, the notions of

emotions” (both pro and con) were left out. The first iteration uses the meCUE
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Item

Age
Gender

Education level
Nationality
Employment status

Total time taken for the experiment

Date experiment
Answer speed per questionnaire
Number of clicks (switches between views) per condition

Correct answers per condition

questionnaire to obtain quantitative user experience data, while the second uses
an open question to get qualitative data. Afterwards, the situations are evaluated
against one another, and a more favorable state is demanded. When conducting

an experiment, Prolific is used to gather information about participants and the

experiment itself.

MeCUE survey module III was utilized instead of objective but also non-
instrumental product qualities in a second iteration of this experiment to measure
negative and positive feelings about the visuals. First and foremost, the emotional
components of the meCUE survey were omitted since the circumstances were
thought to have no influence on them and to shorten the questionnaire. However,
based on the input from the initial iteration, it seems that certain settings do
in fact elicit feelings. In a second version of the experiment, it was decided to
quantify emotions. The qualitative UX questions were changed with the variables

given below in this iteration, but the rest of the measurements remained the same.

3.3 Tasks

Participants have to perform activities in order to engage with the graph. Each
visualization exercise consists of 3 multiple-choice questions. Low-level analytic
activities that Amar et al. indicated were primarily concerned with seeing how

individuals behave were used to build them.

Part 1 (the loading animation graphs):

e 1. Obtain a value



e 2. Operation of the filter

e 3. Locate the extreme.

Part 2 (graphics with animation transitions):

e 1. Locate the extreme.

e 2. Get two values and compare them

e 3. Recover the value

3.4 Procedure

The research is divided into two sections, each with three conditions. There
is no animation in one of the situations for each section, while the other two
components contain animation with a tiny variation between them. In a within-
subjects study on their experience, the participants rated all six visualizations.
As a result of its higher power and lower unpredictability, the within-design was
chosen as the best design for subjective judgements. Within parts 1 and 2, Latin
square random was used to address within-subject study issues such as attitude
development, weariness, learning, and carryover effects. The research method is
shown schematically in Figure 3.3.

The responder was asked a series of questions regarding his or her experiences
with the vision immediately after each one. All 3 visualizations and UX question-
naires in part 1 were completed, so users were given a choice of which one they
liked best. They were also asked whether they thought animation enhanced the
graph or made it casier to understand. The individual might then go on to the
next segment and repeat the procedure. Before the experiment is completed and
the user is returned to Prolific, the participant gets the opportunity to provide
additional comments after the second section. After that, the answer is examined,
and if it is complete, the participant gets paid by Prolific.

The average time it took participants to finish the test was 953 s = 15.8m
(Figure 3.4). One outlier was omitted from this computation f%md graph, which
was a person who had spent 178768s (= 50 h.) on the study. This user was unable

to complete the experiment in one sitting.
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Part 1 - Loading animations

1 Condbons smeimized ]

Figure 3.3: The research technique is shown in a diagram
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Figure 3.4: Experiment participants’ time spent on the experimen

3 5 Data analysis

Lxperiment participants’ personal information is included in the data acquired
hroughout. the experiment. Randomization group assignments and which visual-
ts found most appealing from each section. Task-specific infor-

zations participall
nation for all six activities was gathered for each participant, including objective

nteraction features and inner UX Likert values. Figure 3.5 depicts a schematic

lepiction of this data.

A test-retest approach, ANOVA, was used to assess meCUE data. Bonferroni-

djusted p-values
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prolific information

participant

task experience

participant_external_id int participant_id int experience_id int
nationality varchar partiopant_external_id int participant_id int
Studen?_status warchs randomization_group_part1 task varchar
sex varchar randomization_group_part2 int UX_question varchar
age int preferation_part1 varchar UX_question_category varchar
total_time_taken int preferation_motivation_part1 varchar likert_score int
highest_education_level preferation_ part2 task_remarks varchar
start_date date preferation_motivstion_parn? number_of_clicks int
employment_status varchar adiitional_remarks varchar number_of_correct_answers int
task_answer1 varchar

task_answer2 varchar

task_answer3 varchar

Figure 3.5: The information gathered throughout the experiment, as well as the
relationships between the various components

The qualitative replies in the further remarks area were examined in more
detail to discover what comments participants had on certain visualizations as
well as how these comments varied by condition. The responses are scored on a
scale of -2 (negative) to 2 (positive). The following are the definitions:

LY

o -2 - Strongly negative words like "irritating," "awful," "stressful," and so

O1l.

-1 - A pegative descriptor such as "a little off-putting." "I wasn’t a huge fan

of," and so on.

0 - Neutral remarks and positive and negative comments that balance others

ont are acceptable when discussing non-UX issues,

1 - Words like "easy to understand," "pleasant," and so on are all examples
of positive adjectives.
9 - Overtly enthusiastic comments such as "T adore it," "I really like the

1 z I
animation," and s0 Ol

the data compared two separate animations rather than three scenarios,

no animation, paired-sample t-tests were used to examine the
's results, which evaluated the animation after detailing

Since
one of which had

comparison questionnaire
etween the two conditions.
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We looked at the chosen graphs for both sections to see if the differences in
UX found in the meCUE survey could explain why this decision was made.
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4. Results

4.1 meCUE questionnaire results
Divergent stacking bar graphs, an informative technique to illustrate Likert scales
are used to display the outcomes of the Quantitative approach (from 1-strongly

disagree).

4.1.1 Product characteristics (n = 38) in meCUE iteration

1
The aesthetics, functionality, and usefulness of the product were evaluated in

the initial iteration. The descriptive statistical analysis of the responses to the

" . I & ey 4 ;
meCUE questionnaire’'s Likert scales on product attributes are shown in Figure

4.1.
Mean sb N
Loading animations  Aesthetics Bouncy Loading 5.28 145 19
Calm Loading 5.37 135 19
Static Loading 531 148 19
Functionality = Rouncy Loading 545 0.08 19
Calm Loading 665 084 1
Static Loading 6.62 085 19
Usability Bouncy Loading 6862 0.85 19
Calm Loading 6.75 0.61 19
Static Loading 6.70 0.61 19
Transition animations  Aesthetics Direct Transition 538 159 19
Staged Transition 535 176 19
Static Transition 496 174 19
Functionality  Direct Transition 563 150 19
Staged Transition 5.56 160 19
Static Transition 5.78 153 19
Usability Direct Transition 5.56 147 19
Staged Transition 551 151 19
5.62 145 19

Static Transition

Figure 4.1: Quality of product constructs of meCUE descriptive statistics
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Animations for loading

" - ¢ 1 "ulrli ].On,._ ',. 1

Aesthetics
The Huynh-Feldt value for the sphericity deviation was 0.882. The kind of

loading animation has no effect on the overall aesthetics of the UX, according
the meCUE findings, F(1.764, 62.280) =.229, p =.768. Figure 4.2 depicts these
findings. |

Aesthetics  Bouncy Loading

Calm Loading ' Dty
|
:;'u

Static Loading

-20,0% 0,0% 20,0% 40,0% G0.0% 80,0 40 45 5.0 55 6.0 6.5 7.0

Likert Scale Scores (3 of participants) Average with 95% Confidence Interval

Figure 4.2: On §he Likert chle, ratings range between disagree (red) and agree
totally (blue), with mean findings and 95 percent Cls on the left as well as average

scores on the right..

Functionality
The Huynh-Feldt value for the sphericity deviation was 0.873. The kind of
loading animation has no effect on the overall aesthetics of the UX, according

the meCUE fndings, F(1.748 64.665) =2.752 p =.078. Figure 4.3 depicts these

6,0 6,5 7.0

0,0%  20,0% 40,0% 60,0% B80,0% 100,09%40 45 5,0 55
Likert Scale Scores (% of participants) Average with 95% Confidence Interval

findings.

Functionality Bouncy Loading

i
Calm Loacdng 1

Static Loading

Figure 4.3: On the Likert Scale, ratings range between disagree (red) and agree
totally (blue), with mean findings and 95 percent CIs on the left as well as average

scores on the right.

Usability
The Huynh-Feldt value for the sphericity deviation was 0.853. The kind of

loading animation has no effect on the overall aesthetics of the UX, according
the meCUE findings, F(1.706, 63.110) =1.934, p =.199. Figure 4.4 depicts these

findings.
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Usability Bouncy Loading

_ | M’

|
— N

0ok 200% 200% S00% B0.0% 100.0%40 45 50 55 8.0 &5 7.0
Likert Scale Scores (% of participants) Average with 95% Confidence Interval

Figure 4.4: On t.;he Likert Scale, ratings range between disagree (red) and agree
totally (blue), with mean findings and 95 percent Cls on the left as well as average

scores on the right

Transition animations

Aesthetics
The Huynh-Feldt value for the sphericity deviation was 0.795. The kind of

loading animation has no effect on the overall aesthetics of the UX, according
the meCUE findings, F(1.590, 58.846) =2.175, p = .133. Figure 4.5 depicts these

findings.

Staged Transition

Aesthetics  Direct Transition - ! : .“ \:" l—*——i
20,00 00%  20,0% 40,0% 60,0% B0,0%40 45 5.0 55 6.0 65 7.0
Likert Scale Scores (% of participants) Average with 95% Confidence Interval

Static Transition

Figure 4.5: On the Likert Scale, ratings range between disagree (red) and agree
totally (blue), with mean findings and 95 percent Cls on the left as well as average

scores on the right.

Functionality
The Huynh-Feldt value for the sphericity deviation was 1. The kind of loading
animation has no effect on the overall aesthetics of the UX, according the meCUE

findings, F(1.581, 47.604) =1.229, p = 299. Figure 4.6 depicts these findings.

Functionality Direct Transition ‘

Staged Transition !

Static Transition E .
200% 00% 200% 400% S00% B80.0% 40

Uidert Scale Scores (% of participants)

45 5,0 55 6.0 65 70
Average with 95% Confidence interval

6: On the Likert Scale, ratings range between disagree (red) and agree

Figure 4.
) findings and 95 percent Cls on the left as well as average

totally (blue), with mear
scores on the right.
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Usability

The Huynh-Feldt value for the sphericity deviation was 0.973. The kind of
loading animation has no effect on the overall aesthetics of the UX, according
the meCUE findings, F{1.946, 43.975) =.208, p = .807. Figure 4.7 depicts these
findings.

Usability Diract Transition ﬁ

Staged Transition E

Static Transition i
-20,0% 0,0% 20,0% 4003 60.0% 80,0% 4.0 4,5 5.0 55 5,0 6,5 7,0
Likert Scale Scores (% of participants) Average with 95% Confidence Interval

Figure 4.7: On the Likert Scale, ratings range between disagree (red) and agree
totally (blue), with mean findings and 95 percent Cls on the left as well as average

scores on the right.

4.1.2 Results from the second iteration of meCUE (n =
35)

Measuraments of positive and negative sensations were made in the second in-
stallment of the experiment. Emotional statements are often opposed by a large
majority of people. The descriptive statistical analysis of the responses to the

meCUE questionnaire’s Likert scales on product attributes are shown in Figure

4.8.
Mean SD N
Loading animations Negative Bouncy Loading 260 194 as
Emotions  caim Loading 229 188 3
) Static Loading 213 152 35
Positive Bouncy Loading 271 160 35
Emotions  calm Loading 292 156 35
Static Loading 288 1.56 35
Transition animations  Negative Direct Transition 265 152 3s
Emotions  staged Transition 2.80 179 35
Static Transition 271 171 35
Positive Direct Transition 2.81 1.59 35 |
Emotions  gtaged Transition 270 159 35
254 1.42 35

Static Transition

Figure 4.8: The emotion components of meCUE have descriptive statistics.
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Loading animations

For the positive and negative sentiments categories of the meCUE questionnaire
Figure 4.9 displays the average and 95 percent statistical models for the Likert-

type scales.

Negative
The Greenhouse-Geisser estimation of sphericity deviation was 0.686. The

kind of transition animation had no effect on the construct negative feelings of
the UX, according to the meCUE data, F(1.373, 46.079) = 2.977, p =.078.
Positive
The Huynh-Feldt value for the sphericity deviation was 0.936. The kind of
loading animation had no effect on the construct good feelings of the UX, accord-

ing the meCUE findings, F(1.872, 39.984) =.719, p =.477.

Negatre2 Bouncy Loading
Ematicnrs

Calm Loading

Static Loading

Positive Bouncy Loading
Emotions

(almLoading

static Loading
2,0 2,5 3,0 35 4,0

Average with 95% Confidence Interval

-80,0% -€0,0% -40,0% -20,0% 00% 20,0% L5
Likert Scale Scores (% of participants)

Figure 4.9: The emotion components of meCUE have deseriptive statisties.

Transition animations

On the meCUE questionnaire, there are two sets of Likert scales: one for happy

sentiments and the other for negative feelings (see Figure 4.10 for details).

Negative
The Greenhouse-Geisser estimation of sphericity deviation was 0.952. The

kind of transition animation had no effect on the construct negative feelings of

the UX, according t0 the meCUE data, F(1.382, 64.751) =.378, p =.678.

Positive
The Huynh-Fe

loading animation had no effect on the construct good emotions of the UX, ac-

cording to the meCUE data, F(1.727, 58.378) = 1.394, p =254

Idt value for the sphericity deviation was 0.859. The kind of
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Negativa Direct Transition

CMULITS
Staged Transition L |
N —
Static Transition l I —— | [
FPositree Oérect Transition l L I
Emotions ] - |

Staged Transition

Static Transition
-80,0% -60,0% 40,0% -20,09% CO0%  20,0% 15 2.0 25 3,0 35 4,0
Likert Scale Scores (% of particigants) Average with 95% Confidence Interval

Figure 4.10: The emotion components of meCUE have descriptive statistics.

4.1.3 Overall UX (n = 73)
As measured by the meCUE questionnaire, the entire user experience is shown in

Figure 4.11.

Task Name Mean s N
Bouncy loadirg anim=tion 275 27 73
Calm loading animation 3.38 2.08 73
Non-animated 338 1.65 73
Direct transition animation = 2.62 2.26 73
Non-animated transition 2.62 213 73

73

Staged transition animati.. 255 222

Figure 4.11: Measuring the overall UX using the meCUE questionnaire yielded

descriptive data.

Loading animations

An estimate of sphericity deviation by Huynh-Feldt was 0.927. According to the
results of meCUE, the kind of transition animations had a significant impact on
the measure of overall UX: F (1.854, 133.458) = 4.294, p =.0I8. There were sig-
nificant differences in the bouncy load level’s mean and other averages, according
to Bonferroni corrections. Even though the dynamic loading condition (p =.081)
was lower, the tranquil in as (p =.045) was still lower. It is shown in Figure 4.12

that the loading animations have an average overall UX rating and accompanying

95 percent confidence Tanges.

Transition animations

The Huynh-Feldt value for the sphericity deviation was 0.925. The kind of tran-

gition animation hs

«d no significant effect on the indicator of total UX, according
to the meCUE findings, F(1.847, 133.154) — 067, p —.935. (Figure 4.13)
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Bouncy Lozding I ’

Calm Loading
Static Loading

) : | 2 3 4 5

7 3 4 -3 .2 3

Average with 95% Confidence interval

Figure 4.12_: The overall UX of loading animations is rated with a 95 percent
confidence interval ranging from -5 (bad) to 5 (outstanding) (good).

Direct Transition
Staged Transition PN
Static Transition [——Q——-,

-5 .} -3 2 E o 1 > 3 . ¥

Average with 95% Confidence interval

Figure 4.13: The overall UX of loading animations is rated with a 95 percent
confidence interval ranging from -5 (bad) to 5 (outstanding) (good).

4.2 Comparison of Results

4.2.1 Questionnaire for comparison (n = 73)

Participants were invited to fill out surveys after an overview and presentation
of the animation changes. Both bouncy and silent loading animations had a
considerable impact on the visual appeal of the graph and the ease with which it
couid be compreliended. Resuits are shown in Fig 4.14.

To compare the mean Likert Scale scores for both animations, a paired t-test
was used. In terms of £(80) =-5.81, p 0.00, this animation differed significantly
from the calm animation (M = 285 SD = 1.75). The Likert evaluations for
both animations on the questions were completed in the same way as the graph’s
animation contributed to the graph’s beauty. A significant difference in ratings
was found between the bouncing (M = 3.62, SD = 1.78) and the serene (M —
5.41, SD = 1.52) animations (p = 0.00, t (80) =6.34).

Although the animation was merely a visual depiction of the chart, partici-

pants overwhelmingly felt (M = 4.20) that perhaps the calm animation helped

them hetter eomprehend it.

Animations were more interesting to lock at than they were to learn from, but

they were still useful for getting information across.
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The bouncy animatioh added to the
beauty of the graph

The baunry ansanon helped in
roaoading of e gragh

The caiire anematon aciied Inthe
beauty of the graph.

The calm animation helped in
understanding the graph.

The direct animation added tothe
beauty of the graph

The diract animmation helped in
urderstarding the graph.

The staged smmatron sdded to the
beauty of the graph.

Tha staged animation helped in
understanding the graph

FAwerage with 95% Confidence Interval

Figure 4.14: For all animations, responses on the Likert - type scales of the

comparative questions

4.2.2 Graphs that are preferred (n = 73)

In all rounds of the experiment, participants were asked to choose the graph condi-
tion they liked. More people (n = 47) prefer smooth animations over bouncy ani-
mations and non-animated animations while loading a graph, respectively. There

was no measurable difference between those who liked animation graphs (n =

27 and 28) and those who chose non-animated graphs (n = 23). Figure 4.15

illustrates these findings visually,

Part
[ Loading animations

50
W Transttion animations

8

Number of Records

13

n;ammahun The bouncy loading  Thecat= loading o anmation
animation animation

The direct transition
animation

tramsition animation

Figure 4.15: Optimal circumstances with the loading animated conditions on the
right and the transition animated conditions on the left

Figure 4.16 shows that people who prefer animated scenarios have a lower
average age as those who favour non-animated ones. In spite of the outlier, the
'S . - A

mean and 95 percent confidence interval show that animated circumstances are
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favored by much more young people, whilst non-animated settings are chosen by

even more senior people. This seems to be influenced by an outlier (Figure 4.17).
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Figure 4.17: Age of the participant groups that favor a given situation (median

and 95 percent CI).

4.3 Optional qualitative findings (from n = 73)

Figure 4.18 lists the number of gualitative responses. The animated circumstances

elicited somewhat greater (optional) emotions in both segments.
The qualitative responses to the loading animation circumstances were mapped
from 2’ (negative) to 2 (positive).Figure 4.19 depicts the results of the this map-
sm -2 (negative

; ading animations, it’s clear that the bouncing animation
i it comes to loading amm !
ping. When
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Task Name

Bouncy loading animation 19
calm loading animation 19
no loading animation 12
Direct animated transition 11
Staged animated transition 16
non-animated transition 9

Figure 4.18: The number of qualitative responses based on the circumstances

receives more negative feedback than the quiet and non-animated situations. The
peaceful animation has received the most favorable feedback. Both animated
circumstances have more critical and positive comments linked with them when

it comes to transition animations. They generate more negative and positive

responses.
Task rame Mappivg (-2 Negative, 2 Positive) (¥in) Tasik harna Mapping (-2 Negative, 2 Positive) (bin) :F:Wl-?m_z »
o B wig " Positive
E ® Direct g 0
Bouncy o PP 5
o 5 anirated =
Inading B s punan RO SN @280 = 5 5:
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Figure 4.19: A summary of the qualitative mappings between -2 (negative) and
2 (positive) (positive)

4.4 Additional evaluations

4.4.1 The mean amount of clicks for condition (n = 73).

Respondents were t
in all conditions. The click - through rate did not seem to be affected by the
in a i0ns.

mstances in either section of the trial. Figure 4.20 shows the findings.

allied on the amount of times they changed their opinions

circu
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Transition animations
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Figure 4.20: The 95 percent confidence intervals for the overall number of impres-
ions (switches in between two views) each condition for the loaded animations



5. Discussion

For both loading and transition animations, participants’ emotions were quite
diverse. Even when it comes to the transition animations, there is a wide range
of preferences among participants. Some people find staged animation to be
an advantage, while others find it unpleasant and unnecessary. Having made
this difference, it’s clear that app developers must know exactly who they’re
building their apps for. Animations are preferred by younger individuals whereas
non-animated states are preferred by older people. The meCUE questionnaire
indicates that there are only very minor variations between the two scenarios. In
contrast, there is indeed a clear attraction for load animations, which the meCUE

surveys cannot identify.

5.1 Animations for loading

Respondents seem t0 favor the calming loading animation. Overall, meCUE's
evaluation of user experience suggests that the most relaxing animation has the
greatest UX, followed by a condition with no animation, which receives a score
that is virtually comparable. The bouncy animation condition has a worse overall

user experience than the other options. The click-through rate demonstrates that

users move between two views on average six times under all settings, indicat-

ing the same degree of engagement. A non-animated state has the same overall

user experience as a calm animation state, which is surprising considering the

ence of serene animations in the gaming industry
lity, and aesthetics of a product are all affected by

(négative and positive). Even though the bounce

¢ . . o
animation seems to trigger more negative than good feelings, the findings are
y. As a result, this data cannot explain the wide range in

promin
The usefulness, functiona

the loading animation settings

nonetheless noteworth
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liking and overall UX. Although the questions don’t seem to be sensiti
to quantify small changes, the product quality constructs don’ e enovel
the essential condition diff i ind; ° con' seem fo cover
© ’ ifferences, which would indicate a problem with cont
validity. It’s also questionable whether or not the number of partici o
any bearing on the bad sentiments elicited by the cartoon’s bourI:cin lc;pz'mts ‘has
People have a hard time connecting graphs and statements about ingnatlon'
seen by the poor scores on these claims. A sampling of the qualitative c e
from participants includes "don’t try to tie visuals to sentiments" and "(;Hll)ml('mts
the terms are unusual; I don’t have a unique experience with graphs." o
| Comparison questionnaire findings suggest that silent animation is preferred
in terms of user experience and preference. [9] For both "aesthetic quality" red
iyseful for understanding," the quieter animation is 1.5 points better th}:m atI}ll
bouncing animation. When the contrast between the two écenarios is clea ~le
stated and made plain, people appear driven to give an opinion. The diﬂ?ere1 .
between the "bouncy" and "calm" steering animations may have influenced tlrll'ce
as may the words used to characterize them. >
Qualitative teedback indicates that the final product is more in line with par-

ticipant expectations, which is a good sign. This comment was made prior to
explanation. Respondents often complain that the

the comparative and animated
"irritating." Despite the meCUE

bouncing loading animation is "distracting" or
e to identify an emotional reaction, this indicates why respondents

survey’s failur
n = 10 negative comments are asso-

prefer silent animation over active animation.

d with the bouncing animation, whereas n = 0 negat
animated graphs are described as "simple

ciate .
ive comments are asso-

ciated with the calm animations. Non-
" and "not exciting yet convey the data well" by participants. Par-

animated control (liked by n = 16) and the tranquil animation
) had almost comparable numeric UX, but qualitative

but effective
ticipants The non-

condition (favored by n = 51
feedback indicated 2 considerable difference in preference. Despite the fact that
both animated and non-animated replies are often good, a tranquil motion re-

ceives twice as many positive comments (n=19 affirmative) like a non-animated

variant (n = 10).
'Accordingly, although the measured UX with the non-animated graphic is al-

|
t comparable, users clearly prefer the calming animation. The meCUE survey

MOS
fect of the bouncing animation on the user experi-

cannot measure the negative €
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ence. It’s possible that the popularity of the peaceful animation condition in the
produces quality is due to participants’ dislike of the non-animated graph. How-
ever, the quantitative survey findings do not reflect this. Thus, the results show
that the meCUE survey did not sufficiently capture all of the user’s experiences

and feelings.

5.2 Animations for transitions

Crossover animations have a minor preference over those without whenever it
comes to changeovers. The meCUE poll indicates that the animation conditions
have a slight advantage in terms of overall user experience. This suggests that
participants change between both the two images on average nine times in all
scenarios, which is consistent with the click-through rate (the rate at which par-
ticipants move between the two views).

Loading animation parameters have a consistent effect on product qualities
and emotions (negative and positive). Animated transitions get a little aesthetic
advantage over non-animated transitions according to the meCUE questionnaire,
but the difference is not statistically significant. Despite the fact that the variance
is not meaningful, the meCUE data show that the variation in choice is mostly
due to aesthetic differences. The transition animation might theoretically improve
usability by helping participants comprehend the relations between the main views
of the chart; however, this is not evident in the meCUE data.

When comparing the qualitative input to the preferences, fairly comparable
scores are discovered. Positive and negative reactions are more qualitative in both
animated and non-animated settings. It can be observed, for example, that some

individuals find the produced animation irritating and superfluous, while others

praise it. The animated circumstances are the source of both extremely favorable

and very negative comments. [6]
In terms of ’added aesthetics’ and ’helping in the comprehension,” the two

imation score pretty similarly on the comparative questionnaire. It’s worth

an
on lasted almost twice as much time as
¢

noting, though, that the staged animati
: n opposed to the load animations circumstances, the

the direct rendering. Whe
¢ . . |
shows how split views are, resulting in a less obvious

higher standard deviation

average choice.
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In conclusion, when it comes to transition animations, individuals have diverse
tastes. According the meCUE data, both animation transitions have a modest
average preference, which is attributable to the greater visual quality. However,
neither of the meCUE values were significant. When looking at individual indi-
viduals, there are those who have a strong preference, which is balanced out by
others who have had opposing experiences. Since no two users are the same, there

is no such thing as a "one size fits all" approach to user experience.

5.3 Implications for measuring user experience

Overall, the meCUE questionnaire findings reveal relatively comparable responses
for the circumstances, which is most likely due to the little variances between
them. Except for the 'overall UX,” the meCUE questionnaire findings reveal some
variances in product attributes and emotions, but none are significant. It’s hardly
surprising, therefore, that these findings don’t always explain for variations in de-
sire.A comparison of the situations may be necessary to determine why some
individuals like a given image with accompanying animation over others. Accord-
ing to participants, images and contrast are given more importance and are seen
as a preference. This supports this theory.In the current meCUE questionnaire
statements, this point of view is simply not possible to be captured.

Increasing the sensitivity of this survey by include additional dimensions in
the CUE model’s features of the product is one possibility. Due to the component
nature of the review procedure, certain buildings may be included and others may
be excluded. Identities or statuses would not be included in this research since
they have no impact on information visualization. As a result of the difficulties
participants had in relating specific emotions to graphs, questions on emotions will
need to be re-examined in future studies. An animation’s impact extends beyond
aesthetics to include characteristics like interpretation and enga,gément that aren’t
adequately captured by the existing set of meCUE questionnaire questlon.s, .as
previously mentioned. There must be an effort to (%eﬁne all Product characterlst.lcs
for a domain, bearing in mind tl}at all these attributes might change dependl.ng

on the application. "

As well as blurrin .
ficial to do so. According to Aranyi and van Schaik, under the

g the distinction between product attributes and sentiments,

it may be bene
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CUE model, interaction characteristics and emotions may be directly linked to
one other. It is possible to offer these features as product aspects of UX in the
this way, even if they are intertwined with emotions. User experience (UX) may
be improved if a clear delineation between product quality and customer emotion
is established.

In addition, the circumstances with greater aesthetics also scored better on
usability, despite the fact that loaded animation improves nothing but aesthetics.
This result is consistent with Tractinsky’s aesthetic-usability effect, which states
that if something is more attractive, it is also viewed as more useable. This
demonstrates that perceived and objective usability vary, but it also raises the
issue of how adept people are at identity their UX based on distinct product
features. Do consumers always understand why they prefer or even have a richer
outcome with a certain system? According to some study, while building a UX,
one should watch rather than listen to the user. This is a crucial point to examine
in future research using the meCUE questionnaire since the meCUE technique of
assessing UX relies exclusively on the user’s self-report. This same feature shows
that objective behavioral or physiologic data might be a viable option for assessing
UX.

Aside from the constraints listed above, another drawback is that user expe-
rience might alter with time, and thus a strong first impression does not ensure

ued usage. The evolution of user experience OVer time is seldom studied,

contin
st, after a few viewings, they

and although animations may be entertaining at fir

may become annoying. Future studies should confirm if this is the case when ever

a visualization is used more often. Hedonics are crucial at initially, but charac-

y will become increasingly significant with time. For the

teristics such as usabilit
animations presented in this experiment, this should also be explored and studied.

Allowing users to switch down the brightness animation might result in a more

pleasant UX over time.[10]
It was proposed that bigger variations

eCUE approach to determine whethe
more correctly after it was proved that it was ineffective for analyzing tiny dif-
. . . [] . .
ferences between conditions. Qualltatlve feedback ratings may Pe suspect since
one person, but they suggest that qualitative strategies
h over quantitative ways when the changes between

between conditions be explored using

the m r larger differences could be evaluated

they were only assessed by
for evaluating UX may triump

5



situations are minimal. There is a need for further research that focuses on certain
user groups since this study has shown that age determines which representations
individuals prefer. It’s intriguing to see how various user characteristics alter the

user experience.
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6. Conclusion

1Could the UX of a data visualisation be quantified quantitatively?" was the ini-
tial study topic. Exhaustive research in the field of data visualization has yielded
o wide range of definitions and conceptions of user experience. The phrase "user
experience" still has many varied meanings, as seen in this literature review. Dif-
ferent UX models concentrate on different aspects of the user experience. There
are several approaches for evaluating user experience, both objective and subjec-
tive. Because the purpose of this experiment was to investigate the user experi-

ence of a data visualisation while also achieving a goal, a methodology was built in

which instrumental characteristics like usability were well represented. Because

ion visualizations are dependent on images, aesthetics is equally vital.
n’t tangible things, factors like identity
e criteria, the CUE model seems to be

informat
Because information representations are

and status aren’t as vital. BRased on thes

the greatest fit for the data visualization area. In the experiments, this model

was employed.
"What parts of the CUE model and also its measuring instrument meCUE may

r the area of information visualization?" was the second research

be employed fo
ations between the conditions in the meCUE data,

topic. There are no major vari
here are some minor vari
ature of the changes between the situations, but also by
the diversity of perspectives among the participants. Contrary viewpoints may be
cancelled out by qveraging findings across this group- The only significant change

determined by the meCUE survey was the bouncy animation’s 'overall UX,” which
r two circumstances. Despite the fact that the measured UX

condition, the preferences show a clear preferénce
[}

however t ances. These minor discrepancies are created

not just by the delicate 1

was poorer than othe
is almost identical to the semi-
for the tranquil animation-

First, the product criteria of usability, usefulness, and beauty plainly do not
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include all elements of information visualization UX. Each application has its
own set of structures for measuring product quality. Future study should estab-
lish what additional components need be included to the meCUE questionnaires
to apply this to data visualization. As previously said, identity and status are
instances of terms that pertain to physical items rather than data visualization.
Engagement, interaction aesthetics, believability, and attractiveness, according to
other models and theories, might be good candidates for further categories. Fu-
ture study should determine if these components overlap more with additional
variables or together, as well as appropriate measurement questions.

Separating emotion from product attributes is also logically correct, but it is
unworkable in practice since people cannot always link emotions to the product
features that cause them. In this research, people reported experiencing negative
emotions connected to bouncy animation, but this was not included in the esthetic
framework. In reality, the CUE paradigm may not be able to separate emotions
and qualities as much as it now does since people understand emotional sensations
better than they do the product elements that create them. Incorporating user
emotions such as "joy of use" and "desirability" into UX design may help users
better connect with the product they’re using.

Finally, quantitative UX research employing the meCUE approach has several
limitations in the context of this study as compared to qualitative research. To
begin with, the impact size is quite tiny, implying very substantial changes need
a large number of individuals. Second, qualitative research enables partigipants
to openly express their thoughts, allowing for more precise responses as to why a

certain depiction is chosen.

When it comes to informatio
rtant role in the user experience. Data visualization may be

depending on the context in which they
favoured by participants over other

n visualizations, loading and transition anima-

tions play an impo
both improved and harmed by animations
he calm loading animation was
1ations. As an example of a distracting or unnecessary animation,

loading anin - cali
& ed to detract from the data visualization’s

the "bouncing loading" motion was us
(UX). If the CUE model is correct, the use of a calm load-

user experience in this case. Despite the fact that the
ubstantially identical in the non-animated scenario,
he UX were thoroughly studied. There was a

are used. T

overall user experience
ing animation enhances the

meCUE-evaluated UX was 8
this implies that not all parts of t
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slight preference for both transition animations, but generally, people had a wide
range of opinions on the subject. While some participants found the energetic
transitions amusing, others considered them obtrusive and intrusive on the ears.

The uniqueness of UX is highlighted by these various experiences. The anima-
tion transitions enhanced the UX for one participant, but they were a distracting
from the graph’s message for others. As a result, just one UX design is not rec-
ommended. Deviations among the participants may be reduced by more precisely
defining a user group. Furthermore, even if the motion was just for aesthetic pur-
poses, several participants reported improved use of functionality. This program
calls into question the validity of inner UX and might be used to argue for more

objective UX metrics.
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