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The utilization of Al in emotion-aware systems has been a rising trend in the latest
years. With emotion-aware systems and interfaces user experience can be improved,
and different modalities can help in achieving this improvement. Facial expression
recognition is an Al based technology, and its output is a type of signal that can be
used in user interface adaptation.

The research methods for this thesis were a literature review and an empirical study
utilizing an adaptive web application with two integrated facial expression recogni-
tion models. The study collected data on detected facial expressions, accuracy in
performing tasks in the application, and on how user interface adaptation affected
the performance accuracy of the participants and the facial expression recognition
models. 25 participants were included in the study, and after completing the tasks in
the application the participants filled a survey reflecting on their emotions through-
out the experiment.

The literature review and conducted study show that emotion-aware adaptive appli-
cations can be designed successfully with cloud-based APIs, but there is still a need
for more research in the field. The performance of the two facial expression recogni-
tion models varied greatly, and improvements in the abilities of detecting faces and
recognizing more emotions is something to research more in the future. An adaptive
user interface improved the user experience of around 20% of the participants, and
10% stated that the user interface was the main factor for positive emotions felt
through the experiment.

Keywords: facial expression recognition, user experience, adaptive user interface,
real-time emotion detection, AWS Rekognition, Google Vision
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Tekodlyn hyodyntdminen tunteita tunnistavissa jarjestelmissa on ollut nousussa vi-
ime vuosina. Tunteita tunnistavat jarjestelmét ja tunteiden tunnistamista hyodyn-
tavat kayttoliittymaéat voivat luoda paremman kayttokokemuksen, ja tdma voidaan
saavuttaa hyodyntamalla erilaisia antureita ja kanavia aistikokemusten vélittdmiseen.
[lmeiden tunnistus on teknologia, joka hyodyntéa erityisesti tekoalyé, néihin erikois-
tuneiden mallien antamia tuloksia voidaan hyodyntéa kiyttoliittymien mukauttamiseen.

Taméan opinnaytetyon tiedonhakumenetelmét olivat kirjallisuuskatsaus sekd empi-
irinen tutkimus, jossa kéytettiin itseohjelmoitua web-sovellusta. Web-sovelluksessa
hyodynnettiin kahta eri ilmeiden tunnistukseen kykenevaa tekodlymallia. Tyon
tutkimuksessa keréttiin dataa mallien tunnistamista ilmeisté ja niiden oikeellisuud-
esta, sovelluksesta loytyvien tehtéavien suorittamisen tarkkuudesta, sekd mukautuvan
kiyttoliittyméan vaikutuksista tehtévien suorittamiseen seké ilmeidentunnistusmall-
ien toimivuuteen. Tutkimukseen osallistui 25 henkeé, ja web-sovelluksen tehtédvien
suorittamisen jalkeen osallistujat tayttivat kyselyn, jossa he kertoivat tunteista ja
tuntemuksista, joita he kokivat tutkimuksen tehtévien suorittamisen aikana.

Kirjallisuuskatsaus sekd tutkimus osoittavat, ettd sovelluksia, jotka pystyvéit tun-
nistamaan tunteita, pystytddn suunnittelemaan ja ohjelmoimaan pilvipohjaisten
APILen avulla, mutta talla alalla tehdyt tutkimukset ovat vahéisid, minkd vuoksi
nédyttod hyodyllisyydesté ja parhaista tavoista hyodyntéa teknologiaa tarvitaan lisda.
Tutkimuksessa kaytettyjen mallien tulokset ja suorituskyky vaihtelivat kesken&dan
paljon, erityisesti oikeiden tunteiden tunnistamisessa kumpikaan malli ei suoriutunut
taydellisesti. Lisad tutkimusta tarvitaan siitd, miten mallit saadaan tunnistamaan
kasvot ja tunteet oikein, seké siitd, miten ne pystyvéit jatkossa tunnistamaan use-
ampia tunteita. Mukautuva kidyttoliittyma paransi kidyttokokemusta noin 20%:1la
osallistujia, ja 10% osallistujista sanoi kiyttoliittyméan vaikuttaneen heihin eniten
positiivisesti tutkimuksen aikana.

Keywords: ilmeiden tunnistus, kayttokokemus, mukautuva kayttoliittyma, tuntei-
den tunnistaminen reaaliajassa, AWS Rekognition, Google Vision
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1 Introduction

The use of artificial intelligence (AI) has been on the rise for several years, but
during the most recent years the technology has taken huge steps forward. This
has made artificial intelligence more accessible for everyone. The average person
can see and use something made or edited by artificial intelligence multiple times a
day, sometimes without even noticing it. With this in mind it’s beneficial to turn
the gaze towards utilizing the technology in an efficient way that is still safe and
ethical. The field of information technology has used Al for different tasks for many
years, but there’s still much to learn on how to utilize it in the best way for a certain

purpose.

Al is used in current interfaces and software design more often. Most cellphones
come with a built in Al assistant, websites offer AI summaries and Al chat bots
can be used anywhere. Besides Al recommendation systems have been used in
technology and applications for multiple years. They have been introduced as early
as the 1990’s, and their aim is to offer personalized recommendations to the users
[1]. The need for filtering options and content has been a part of the industry for
two decades. Recommendation systems, or sometimes called recommender systems,
are tools for filtering content and providing the user with suggestions that might
please them [2]. For example Netflix still uses a recommendation system for its

content, although it no longer is just an algorithmic recommendation system, but
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rather developed with the use of deep learning [3].

Usability and user experience (UX) has been a part of system design for the last
decades, and in the most recent years it has become a marketing chip and a priority
for IT products of all kind [4]. Products are designed to be easy to use and intuitive.
Since this has become a rising trend it would be beneficial to investigate how UX can
be improved with automatization. Al is often utilized for automating tasks in all

fields, so it would be natural to utilize it to also automatize adaptation in interfaces.

The ways that Al could be used for improving UX have already been discussed
for some years. It is currently used in for example designing an interaction system
with inherently good UX [5]. Samples of user data and graphical user interface (UI)
elements can be used as the training set for the Al used for designing tasks, and
it can therefore enhance the design progress [5]. Still good user experience doesn’t
stem from just inputting all heuristics for UX into a language model and expecting

it to succeed.

Real-time human computer interaction (HCI) is a topic that is often mentioned
when discussing adaptive interfaces and adaptation of systems. Human-computer
interaction is fundamentally people and machines interacting with each other, and
it’s been a topic for longer than artificial intelligence has [6]. These systems can
be as simple as a computer, a keyboard and a mouse, so artificial intelligence is
not needed for basic HCI. Deep learning has changed the focus toward HCI being
a real-time adaptive system [6]. Therefore also emotion based interaction has been
researched more. HCI often aims to use multi-modal input, meaning that different
ways of inputting information is used with the system [6]. This means that the
system can receive input with for example a camera and by voice recognition. Real-
time interaction happens when the system can in real-time process the data that it

receives and can respond to that. Even real-time systems have some latency, but a



CHAPTER 1. INTRODUCTION 3

system can be called real-time if its latency is small enough.

Personalization is a part of adaptivity, where the user interface or the experience
is personalized for a specific individual [7]. It uses data about the individual to
adapt to their needs. Adaptivity and personalization has already been utilized in
health care and in education [8]. Personalization still hasn’t reached the every-day
user interface design, and personalization is more often linked to content filtering
than it is to Ul adaptation. Especially contextual UI adaptation could have many

applications once it’s been researched more [8].

The need for personalization and adaptation as a whole comes from different needs
for the same application or interface. UX has best practices and several heuristic
models for a successful use experience, such as the famous Nielsen’s ten heuristics
for software design, upon which more heuristic evaluation systems have been based
[9]. Still a list set in stone doesn’t guarantee a positive user experience for every
user. This is where personalization and adaptive user interfaces can improve the
experience. Different users of different applications need different levels of support,
and even though it is said in Nielsen’s heuristics, that the system has to be the
appropriate level for the user, the users themselves might differ in the support level
that is needed. Since artificial intelligence has been proved as a useful tool for

optimization it could also be used to optimize the UX for the specific user.

Facial expression recognition (FER) systems have gained momentum, and they are
being used in different applications and devices [10]. Facial expression recognition
systems are HCI systems that use a camera as the input method. Facial recognition
has utilized for emotion detection through algorithms analyzing photographs, but
the technology for real-time recognition especially from video footage is a newer
trend [11]. The more traditional FER systems have remained solely dependent on

feature recognition, and while current FER systems also utilize this technology, it
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faces issues with for example label noise [10]. For example medical professionals
are utilizing facial expression recognition already in understanding and monitoring
well-being [12]. Emotion recognition systems are often multi-modal, but for facial

expression recognition a camera is the general choice.

Current challenges with facial expression recognition are about utilizing it in an
ethical way, and on getting accurate readings. Throughout the recent years it’s
been discussed that FER models are often trained with data that could be biased
[13]. In addition to biased datasets FER is a new technology, and privacy issues have
been discussed in detail, especially since a picture or video feed is always needed for

facial expression recognition [13].

Artificial intelligence can be used as an assistant working to improve the experience.
When combined with FER it’s possible to create systems that respond to the de-
tected facial expressions in a way that is beneficial for the user of the interface. Here

the emotional state could be declared as a factor in for example CSS design.

Real-time adaptive user interfaces could be utilized in creating a more positive user
experience, as well as personalize the user interface to respond to what the user needs
from it. This can make the interface easier to use for those who would otherwise need
help navigating it. With real-time adaptation frustration could even be decreased

and productivity increased.

1.1 Research Objectives

The thesis uses a systematic literature review and a case study as its main research
methods. The case study aimed to build a real-time adaptive web application that
utilizes facial expression recognition systems as its input. Through this study the

goal was to evaluate how accurately the current systems work and whether the
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adaptation of the user interface affects the user experience. The facial expres-
sion recognition systems used for this study are cloud based artificial intelligence
driven application programming interfaces (APIs) made by Amazon Web Services

and Google.

The built system utilized Amazon Web Services’ Rekognition and Google’s Cloud
Vision API for facial expression recognition. The system was a web based application
built with React, Node.js and Express. Artificial intelligence Chat GPT 5.3 was
utilized as help when programming the application. The application used a web
camera and took frames from the feed that were sent to both of the FER APIs.
Based on the readings from the FER systems a stress level was determined every
6 seconds. The changes in the stress level prompted the UI to change, and the
aim was to make the UI more pleasing the more stressed the participant looked.
The UI included 12 different levels of support, and the support level could only
increase during the experiment run. After completing the tasks on the application
the participants were asked to answer a survey on how they felt and what caused
the emotions. These methods were used to find does a comforting UI reduce stress
felt by the participants, while the tasks in the application got more difficult. The
raw numerical data on the emotions detected by the FER systems was also saved,
so that the accuracy of the FER readings could be studied by matching them with

the participants’ survey answers.

Artificial intelligence was used as assistance in programming the experiment appli-
cation, in writing the data analysis scripts, and in formatting tables and appendices
in LaTeX for the thesis. Al-assisted outputs were reviewed, edited, and verified by
the author. The specific language models used were Chat GPT 5.3 by OpenAl and

Claude Sonnet 4.6 by Anthropic.

The research questions for this thesis are the following.
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RQ1: How can facial expression recognition technology and AI be used to

create a positive user experience?
RQ2: How accurately do the existing technologies distinguish emotions?

RQ3: What constraints does the existing technology pose in recognizing facial

expressions?

RQ4: How does an adaptive interface affect the user experience?

1.2 Scope and Limitations

The literature used for this thesis has been carefully selected. All references are five
years old at the most, since the field of Al is growing rapidly, therefore requiring

current and accurate literature.

This thesis doesn’t evaluate a self made FER system, but compares two well known
systems and their abilities in a real life setting. Attributes like gender, etc, are not
tracked with the FER systems even though it would be possible. The evaluation of
the two FER providers gives insight into what technologies and models are currently

more accurate and realistic for real-time facial expression recognition.

The case study in this thesis only contained the data from 20 participants. Therefore
not all results might not be generalizable to larger focus groups. The test setting was
controlled and partially time limited, and the experiment procedure was the same
for all participants, no matter the background of the participants. The participants
weren’t asked to describe their emotional state before starting the experiment, and it
was possible that emotional state of the participant throughout the experiment was
affected by the emotions felt previous to the experiment. Therefore some emotions

felt during the experiment might’ve not been completely related to the exercises
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themselves.

In the experiment the only modality that was used was a camera. The only indi-
cations about stress levels were therefore received through pictures. The stress was
calculated purely from facial expressions. For example heart rate monitors could
have been an addition to monitoring how stressed the participants were feeling.
Some people don’t show their stress on their face, and some might avoid being

expressive in an experiment setting like this.

The experiment was conducted with only two providers, and even though the providers
are notable companies worldwide there are many other successful companies pro-
viding facial expression recognition services. For this thesis there was no need to
evaluate more than two systems by different providers. For more accurate view
on the entirety of facial expression recognition systems’ performance more studies
should be conducted. No self-trained datasets or language models were evaluated in

the thesis.

1.3 Structure

Chapter 2 is a literary review on the topics behind facial expression recognition
models and adaptive user interfaces. It also discusses the basics of artificial intelli-
gence that is needed for working FER models. Research question 1 is answered in

this chapter.

Chapter 3 introduces the application that was built for the thesis. It explains the
application’s design and architecture, and how the system works. The two facial
expression recognition APIs used for the application are also introduced here more
deeply. The APIs are Amazon Web Services Rekognition and Google Cloud Vision

API. This is the system that was built to investigate research questions 2, 3 and 4.
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The experiment that the application was built for is introduced in Chapter 4. The
experiment setting as well as the data analysis based on the data from the experiment
is reviewed in this chapter as well. The experiment setting is needed for research

questions 2, 3 and 4.

The fifth chapter introduces and evaluates the findings from the experiment. This
entails evaluation on the performance on the two FER systems and correlations be-
tween emotions and test performances. The research questions 2 and 3 are answered

in this chapter.

The final chapter before conclusion discusses the findings and their rationality. It
also evaluates whether or not the findings correspond with what was found by the
literature review. This chapter answers research question 4. It also suggests how

this study could be taken forward.



2 Using Artificial Intelligence in

User Interfaces

Artificial intelligence (AI) is the product of many technologies, such as machine
learning, neural networks, human-computer interaction and decision making [14][15].
Different kinds of algorithms have been used for a long time to emulate human
behavior but with current technologies artificial intelligence has been able to gain
huge traction. It is being used in all branches of science, medicine, humanistic
studies and education. Even though its history can be traced back to the 1950’s,
the field of AI has taken huge leaps during the last few years [15]. Now, in the
year 2025, Al applications are everywhere, and many people utilize generative Al
on the daily, and it’s gained popularity among personal use as well as use in business
environments. The reason for using Al can range anywhere from reducing personnel
costs and following the trends to using it to make completing tasks more efficient

and reduce human mistakes [15].

Before artificial intelligence as we now know it, expert systems were used. Expert
systems are by definition experts regarding specific information, and AT itself can be
considered as an expert system since it contains vast amounts of expert knowledge

on many topics.
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Artificial intelligence itself has many subsets, one of which is machine learning (ML)
[16]. Artificial intelligence itself can be be purely rule-based mathematical models,
although nowadays when discussing about AI people often mean machine learning
algorithms or large language models, such as ChatGPT. The term "AI" is just easily
linked to these actual terms in peoples minds [17]. These rule-based Al applications
work based on a set of rules, for example "if - then" statements, and it doesn’t adapt

over time [17].

What makes machine learning different is its ability to learn and improve itself [15].
It aims to match human behavior and it learns from its mistakes. KEssential for
machine learning algorithms are neural networks. These artificial neural networks
are build to mimic the way neural networks work in the human brain, therefore
aiming to match the way a human thinks and makes choices [16]. Some of the
most common techniques in machine learning are decision trees and support vector
machines [17]. Machine learning algorithms are trained with large data sets that
are labeled. With the correct labels or annotations on the data the ML algorithms
can acquire a nearly perfect ability of pattern recognition [18]. ML algorithms are
initially pattern recognition machines [16]. Once they have been trained sufficiently

they learn the ability to predict the outcome based on the input they receive [16].

The labeling for a dataset can be done with different types of learning methods, such
as supervised learning, unsupervised learning or transfer learning. For example in
facial expression recognition the learning is often supervised or transfer learning.
Supervised learning is done with a human that labels and annotates the data that
is fed to the ML algorithm [19]. The data has been carefully labeled, and when
the algorithm has been taught sufficiently, it should be able to make the correct
predictions on similar data in the future. The training in supervised learning consists

of training datasets that are annotated and testing datasets that are not [19]. The
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test sets are used to see can the algorithm already correctly make predictions. One
way to label is to make class labels, such as "sad" or "angry" that can be used in

classification in facial expression recognition as well.

Transfer learning utilizes already trained models to complete a different task, that
what they initially were trained for [20]. In this case the model is already taught on
certain topics, and it can for example do some classifications or pattern recognition.
With transfer learning it is fed different kind of data and knowledge on topics, and
this way it is tuned to the new task [20]. Transfer learning is useful if there is not a

lot of actual data to specifically train it with [20].

Neural networks (NN) that are used in machine learning consist of layers, which
consist of artificial neurons. These artificial neurons are made to mimic the way
neurons function in the human brain [21]. The different amount of layers and how
the neurons are located on the layers compose different neural network models.
The layers that all neural networks have are the input layer and the output layer.
Between them there are a selected number of hidden layers [21]. The accuracy and
performance of the model can be improved with additional hidden layers to the
model. The layers consisting of nodes of neurons are connected in a web through
which the information is processed [21]. When there are several hidden layers in the
model it is called a deep neural network [21]. Deep neural networks are used in deep
learning, which is a subset of machine learning [16]. A simplified neural network

model is demonstrated in Figure 2.1.

The different connections between the nodes of neurons have assigned weights, that
affect the output. These weights are summed and the sum is passed onto the acti-
vation function, which is responsible for producing the output [21]. This is how ML

algorithms are trained with datasets. This is demonstrated in Figure 2.2.
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Input layer Output layer

Hidden layer(s)

Figure 2.1: A simplified model of neural network layers
x @
)

Inputs Weights Sum Activation function

Figure 2.2: Weighted sum in producing output

There are several neural network models that have gained popularity. Some of the

most commonly used are the following:
e Multi-Layer Perceptron (MLP)
e Self-Organizing Map (SOM)

e Convolutional Neural Network (CNN)
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The multi-layer perceptron is the most widely used model, but choosing the correct
model depends on the tasks the AI should accomplish [22]. For example for fa-
cial expression recognition the most used models are convolutional neural networks
and MLP [23][24]. The constructs under which facial expression recognition falls is

visually demonstrated in Figure 2.3.

L 4

Artificial Intelligence » Machine Learning

L Meural Networks

Figure 2.3: Hierarchy for facial expression recognition

Deep Leaming

Facial Expression
Recognition

Y
L 4

Computer Vision

Artificial intelligence can be utilized in many different parts of the process of inter-
face designing. It can be used to automate tasks and scripts, modify and generate
content, interact with the user and analyze the user’s behavior [18|. Al in user
interfaces can be made visible to the user for example through AI chat bots and
text-to-speech expansions using Al, but the uses for it go much further than just
what the user can see. The creator of the user interface can use Al in the design
process, it can be made available for the user on the user interface, it can be utilized
to study user amounts and user behavior and even to design new versions of the

user interface based on what was found through the users’ behavior.

2.1 Usability

Usability is core principle of smooth and functional user interfaces [25]. It affects the
user experience and can help the user get more out of the interface and therefore the
whole program or system. Although the importance of usability has been debated

over the years the consensus nowadays seems to be that usability should always
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be treated as an important factor in user experience [25|. One way to impact Uls
and software development as a whole is automatization. Using automatization for
improving the user experience, however, hasn’t been a trend until quite recently [26].
Al is especially beneficial when talking about automating tasks [27|. Automatization
can be a big asset to more efficient ways of improving user experience, and it can
also be applied to analyzing data on user performance, which often can go hand in
hand with good usability and user experience. Often user experience can be split
into four different properties, which are the aforementioned usability in addition to
accessibility, credibility and findability [26]. Out of these four usability describes

how easy the user interface or system is to navigate.

Usability can be defined with the ISO 9241 standards set by the International Or-
ganization for Standardization. The standardization ISO 9241-11 from 2018 states
that usability consists of of three main factors, that are effectiveness, efficiency and
satisfaction [28]. ISO/IEC 25010 from 2008 lists factors for usability to be accessibil-
ity, operability, learnability, user error protection, Ul aesthetics and appropriateness
recognizability [28]. An older standardization from 2006, ISO 9241-110, states that
the key interaction principles are suitability to tasks, controllability, customization,
learnability, conformity with expectations, self-descriptiveness, user error awareness
and user engagement [29]. It can be seen that the standards are updated to better
respond to improving technologies, but the core values stay the same. These stan-
dards shape how user interfaces are designed and realized to create a positive user

experience.

Usability itself can be measured in multiple different ways, and the metrics are
chosen based on what the application that is inspected contains, and what its goals
are. An application that has proper usability naturally fills the requirements set

by standardizations, and these can be monitored for example with UX and user
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requirement testing. Usability testing is done by UX specialists [9]. Often when
evaluating usability the heuristic model by Jacob Nielsen in 1994 is used [9]. The

ten usability heuristics are the following
e visibility of system status e recognition rather than recall

o match between system and real e flexibility and efficiency of use
world

e aesthetic and minimalist design
e user control and freedom

e consistency and standards o well-structured features

e error prevention e use of default values

19]

The user experience of a web application can also be tracked differently depending
on who is acquiring this information, for example a company might include earnings
and page uptime in their metrics for user experience [30]. Some better metrics for
a good user experience in general are the "HEART" metrics, that stand for hap-
piness, engagement, adoption, retention and task success [30]. These metrics guide
analyze the user’s feelings within using the application. The data for the analysis
can be acquired for example with surveys or using human-computer interaction,
where signals are acquired with for example the camera or with eye tracking. The
surveys on the topic can use the Likert scale, where statements are answered with a
five- or seven-point system on agreement [31|. Evaluating usability as a part of the
UX can utilize the Nielsen heuristics as well [9]. Since UX is ultimately subjective
the consensus is, that surveys or questionnaires are currently the best method for

evaluating it [32][33].
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Cognitive load is a factor that affects the user experience but also usability. It
represents the load or stress the user’s cognitive system is under when using an
application or completing a task [34]. A good user experience enforces that the
cognitive load stays small, so that the user is less likely to feel overwhelmed while
completing the tasks. High cognitive load also decreases the ability to learn or
comprehend new information [34]. The user should use their mental resources to
complete the task, not to navigate or understand the user interface or the application
itself [34]. Cognitive load is especially important to observe when discussing multi-
modal systems, that can overwhelm the user more easily than a traditional UI [34].
Therefore UX and cognitive load go hand in hand in UX measurement. Even if
the user interface follows best practices and heuristics for good usability, if the
cognitive load of the user grows too heavy, the UX will be negative. Respectively
a Ul prompting good user experience can help reduce the cognitive load of difficult
tasks. At worst a heavy cognitive load can increase stress and increase human errors
[34]. Higher stress levels increase the overall negative feelings felt by the user, and
the whole UX suffers. Therefore mental factors such as stress can also be used as

metrics for UX.

In the recent years using artificial intelligence to improve Ul designs and usability
has increased drastically [35]. Artificial intelligence as a part of the design process
for user interfaces has also gained popularity lately. Although the need for Ul
designers isn’t going anywhere there are ways in which Al can be utilized for more
efficient design processes. As of now Al cannot be solely trusted upon for designing
user interfaces, but a collaboration between a human and Al can help enhance the
design process while the critical thinking of the designer still is available [36]. The
Al can work as the designers assistant, providing new points of view or identifying
usability issues [36]. Especially testing the UT and its usability can be made easier
with the help of Al [27].
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2.2 Human-Computer Interaction

Human-computer interaction is a field that studies the way humans and computers
interact. HCI is important when discussing adaptive interfaces and Al’s utilization
in the process [37|. It can be viewed as the combination of psychological factors and
technology, and this can be beneficial to understand when studying intelligent user
interfaces and improving usability with Al. The goals for intelligence in technology
are efficiency, effectiveness and naturalness of interaction [35]. HCI is an important
field of study especially for getting responsiveness that feels authentic in the inter-
action. HCI focuses on how to incorporate human feelings, thought processes and
behavior into the design of systems. This can be of great value in improving user
interfaces to be more intelligent and predictive to the user’s needs. There are many
different factors that might affect the users needs and wants towards the interface.
Some of these factors are gender, age, culture and personality [37]. Some of these
factors, such as gender and age, are possible to be observed with different technolog-
ical devices, and the data could then be utilized in improving the user interface to
match the user. Facial recognition plays a role in obtaining this data, even though

there still are factors that influence us that aren’t visible on camera.

Adaptive user interfaces are application Uls that can adapt to the circumstances.
Depending on how the adaptivity is executed in the UI the adaptations can be seen
more or less clearly. Adaptive user interfaces can be split to interfaces that have
adaptability, and those that are self-adaptive or have adaptivity [38]. The former
term describes user interfaces that can be adapted by the user, whereas the latter
terms describe a Ul where the adaptation happens within the system itself [38]. The
combination of both of these is called mixed plasticity [39]. The UI adaptation itself
consists of three different aspects, which are the type of information displayed, the

level of interaction and source of knowledge [39]. The adaptation can happen based
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on a number of factors, that are either set by the user or defined in the system.

In practice user interface adaptation is often done by utilizing deep neural networks
to imitate the experiences the user might desire [25]. By using data sets containing
information about different users’ behavior recorded when using a specific Ul the
neural networks are able to predict future user behavior. The behavior can be
recorded using different tools of behavior analysis, click behavior data and human
action recognition [25]. With improved computational power there is a possibility

for even more efficient use of real-time adaptivity in user interfaces.

Context-awareness, when discussing adaptive systems, means the systems ability to
acquire information about the context in which it is used, and then adapt accordingly
even before the application is completely opened [40]. The factors that affect the
context information have to do with the environment, the platform and device, the
user and the activity [40][41]. For example the used device is part of the context
in which the application is used. Some parts of the context are easier for context
aware systems to acquire, for example resolution. The systems can also utilize GPS
data to gain context, for example in map applications. To extract context about
the user, for example their emotional state, other modalities are needed [41]. Other
information about the user besides their emotional state could be their age or gender
[41]. In a successful adaptive application the application can adapt based on the sum
of context information, rules and UI parameters [41]. Acquiring context information
can happen using different context models and modalities, and for example facial

expression recognition can be used when determining the emotional state [40].

Some popular systems already implement different levels of adaptive user interface
design. For example shopping websites or streaming services might be able to give
the user suggestions on what content they might want to see next [18|. Although

this can be considered an adaptive aspect of the user interface and it might improve
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the user experience, it doesn’t have an affect on the usability on the website. Some
experiments have been conducted on adaptive user interfaces that utilize specifi-
cally data about emotional states, but there hasn’t been huge breakthroughs to

commercially used applications that utilize this data [41][40].

Before the rise of adaptation in Uls there has been personalization. Personalization
can be done based on the user’s previous choices in certain applications. Since
people require different aspects from the same system or interface, there is a need
to personalize the interface to match to the user’s specific needs. If the UI offers
options for personalization the user can improve their personal user experience by
making the UI adapt to their own wishes and needs [38]. Sometimes the line between
personalization and self-adapting user interfaces can be hazy, especially to the user

[38]. Even in literature these terms can be seen used as near synonyms.

Different personality types and different emotions sometimes make the user desire
different types of user interfaces, and they get the best experience when the Ul
matches these factors [37]. Using AI makes the process of connecting the user
interface personally to the user’s needs more efficient, and therefore the Ul itself
could be modified faster, improving the user experience. A way to find out how the
AT could be best utilized for a specific interface is by creating user personas [14]. The
user persona contains information on the main functions the user needs and their
personal context [14]. The personas can be used to help understand how different
user personas could respond to specific changes in the UI, which then help adjust
the AI accordingly to get positive reactions. Tools using artificial intelligence are
also beneficial in creating these personas, because the workload might otherwise be
heavy [14]. Accurately designed user interfaces that give value to usability aspects

help the user feel seen and increase engagement [42].

Although this technique works quite well, it would be even more beneficial for the
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user and their user experience if the system itself is able to anticipate the user’s
needs and make the desired modifications without the user’s help or input. The
personalization that is often offered also lacks in being able to adapt in real time
[43]. If the adaptation could be done by the system, it could also happen in real time.
This is an area that can benefit from the use of Al. There are many ways through
which AI can be used to improve the usability or the user experience altogether.
It can be used for example evaluation, data processing and programming, through

which the adaptation of the user interface can be done [38].

Personalization and adaptation can be considered as the pillars of intelligent user
interfaces, and therefore they are important factors in improving UX [35]. When
Al is used for personalization in the UI to improve the UX it’s important that the
AT understands the contexts in which it is utilized in [44]. Every-day algorithms on
different social media platforms can personalize the users’ feeds based on previous
interactions, and therefore personalize the content to fit the users’ probable prefer-
ences [18]. Often these algorithms are designed to increase engagement or monetary
profits, but it can improve the user experience too. Adaptivity, in turn, can start
as something as simple as responsive web design, where the Ul layout adaptation to
different screen sizes and gadgets is dynamically adjusted to ensure usability [18].
This can for example mean that the user interface is easy to use on a laptop as well
as on a phone. These are also examples where adaptivity is used, but there is no

mandatory need for also using Al, although it can make the process more efficient.

Affective computing means computing which rises from the utilization of emotions
or is aimed to create emotions [45]. The ultimately aim to recognize, analyze and
create emotions [46]. Therefore the acquisition of data on emotional states is crucial
for this field of research. Affective computing has been discussed for longer than

truly adaptive user interfaces, or intelligent user interfaces have been around. As
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early as 1997 Rosalind Picard suggested the definition for affective computing that is
still used today [45][46|. Picard stated that systems that could take human emotions
into account would be more usable and preferred than those that did not [46]. At the
center of affective computing is human-computer interaction that feels natural to the
user. Affective computing analyzes emotions, reacts to them and arises them, and
machine learning has made emotion detection more tangible [45]. The algorithms

that are utilized in affective computing are trained with multi-modal datasets [47].

The two main branches of affective computing are emotion recognition and sen-
timent analysis [46]. The emotion recognition of affective computing focuses on
multi-modal data acquired to detect the emotion [46]. This can be for example
speech recognition or facial expression recognition. Sentiment analysis predicts if
the emotion is positive, neutral or negative [46]. The more modalities of signals the
system has the more accurate the predictions can be, since signals can be combined
to a multi-modal fusion [45]. With enough data sets the system is able to provide

signals that carry emotional tones to them [45].

Artificial intelligence can be utilized in designing an affective Ul to be adaptive
in real-time [39]. By modifying the UI to be adapting to the specific needs the
usability improves creating an altogether better experience for the user [39]. The
interfaces that are able use AI to improve the UX and usability by adapting are
called intelligent user interfaces or adaptive user interfaces [48]. The latter term has
also been used for describing any user interface that can be optimized to the user
in any way, and this includes personalization chosen manually by the user [48]. The
adaptiveness can be achieved with different algorithms and Al isn’t always necessary
in those cases. In recent years the number of user interfaces that are claimed to be
intelligent has increased, and the term itself has also gained more popularity [35].

With the rapid development and trending of Al it is just a matter of time when user
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interfaces can be improved purely with the help of Al even more, so that besides
adapting to the user’s current needs it would be possible to anticipate the user’s
wants and needs successfully beforehand [18]. Multi-modal systems can be of help

in achieving this.

Altogether the aim is for the user interface to work as a natural partner to the
user. There are challenges in how to get the UI to match the preferences of different
people if it is trained using the same deep learning models. Even after the UI is
perfected to the user’s needs their preferences might change over time, so the Ul
has to stay adaptive in these cases too [43]. When the UI is truly responsive to the
user’s emotions the user is easily immersed in it which makes a successful, positive

user experience [49].

2.3 Image Recognition

Computer vision means the ability of a computer to read visual input, such as
video feed or images [50]. The most utilized applications of computer vision are for
example object recognition and image classification, which are also used in image
recognition [50]. For computer vision to work there is a need for the correct technol-
ogy, which is neural networks. Neural networks are especially beneficial for feature

extraction, which is essential in image recognition [50].

Convolutional neural networks have multiple layers, and at least one convolution
layer [51]. In addition to these the CNNs include for example pooling layers and
activation layers [52]. The input for the CNN, such as an image, is converted into
pixels with specific values, that can be read by the CNN. The feature extraction
needed for image recognition is done in the layers of the network. The first filters
catch low-level features, such as edges and color variations [51]|. Each following layer

captures more and more complicated features, for example shapes [52]. Once all
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possible levels of abstraction are captured the network is able to form a prediction.
For feature extraction all the features have to first be correctly labeled, which is
done with the correct training data set [52]. Similarly parts of facial expression
can be considered features that are labeled for the CNN to correctly capture and
form the prediction. After the feature extraction for image recognition the image
classification has to be done to receive the final output. The output can be for
example probabilities, forming the final prediction. CNNs are exceptionally efficient

in image classification tasks, and they respond well to small changes [53].

Image recognition systems using CNNs often give the output and prediction with
confidence scores. The prediction itself is based on confidence as well. For example
Amazon Web Services’ facial expression recognition model Rekognition provides
the output this way. Before making the final prediction, in the final layer of the
CNN classification is done. Here the prediction to be given is chosen based on
confidence scores for different options or categories [54]. The classification can be
done between two or multiple options. The option with the highest confidence
score is the prediction, and the confidence score stands for the probability being the
correct solution [54|. The functions on the output layer of the CNN can use different
methods and different factors to calculate the confidence score. To get the most
accurate confidence score regarding the true, correct prediction calibration should
be done [54]|. More often than not the given confidence score is uncalibrated, and it
consists purely of performance of training and validation datasets [54]. Especially
difficult to score correctly are features or categories that are not well represented
in the data that was used to train the used model [55|. These situations can result
in overconfidence. This issue happens when the model is met with input it isn’t
familiar with, but based on the training datasets it still gives a high confidence score
to a wrong prediction. Multiple different classification models have been suggested

to mitigate this issue with confidence scoring, such as ensembles and calibration
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with histograms [54][55]. Post-hoc calibration has gained popularity as a normalizer
between a possible false high confidence score, since it can be implemented without

changing the architecture of the model [56].

Nowadays many providers have their own image recognition models usable with
APIs. APIs are known for having a black-box problem, where even though the
API can be used successfully for a program or application to work, the source code
isn’t available [57]. The black-box problem means that the user of the API has no
way of seeing everything that happens once the API is called. The same black-box
problem has also been discussed regarding Al [58]. In general Al users don’t know
the specifics behinds the models they are using [58]. Machine learning and deep
learning are fields with complex technologies behind them, and the architecture of
the models isn’t commonly open for the public [58]. Since image recognition models
provided by different companies are usually used by APIs the black-box problem is
present with image recognition and facial expression recognition as well. Sometimes
there is no available information about how the input values are analyzed and how
the scores are derived. The datasets on which the models are trained might not be
available for all. Therefore it can be harder to examine the correctness of the scores,

or evaluate possible biases in scoring.

2.4 Facial Expression Recognition

Facial expression recognition is a technology that utilizes artificial intelligence and its
methods as a means for recognizing human emotions [59]. Different combinations
of models and technologies should be used to get the FER system to match the
specific tasks it’s desired to accomplish. The basic emotions that all systems often
are designed to recognize are happiness, anger, sadness, surprise, disgust and fear

[60]. Different systems may recognize less or more emotions. The ability to recognize
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and distinguishing similar emotions from one another differs from system to system.
Even well trained FER systems can struggle with recognizing certain emotions, and

they can make mistakes [59].

One of the most commonly used set of emotions is the one set by Paul Ekman in
2003 [61]. Ekman argued that the six universal basic emotions can be recognized
with facial expression regardless of culture, and the emotions are happiness, anger,
fear, disgust, sadness and surprise [61]. Although Ekman’s is not the only model for
basic emotions it is widely used [61]. Many facial expression recognition models also
utilize these basic emotions, or some of them. Many crowd-sourced datasets are also
labeled based off Ekman’s model [61]. Although Ekman’s model has been criticized
it still is used as a base for many facial expression systems, because scientific research
has also backed his model up [62]. Some of the issues that have been brought up
are that cultural differences can sometimes be seen in the display of emotions, and
for FER the environment affects the input so much, that this set of emotions might

not be sufficient [62].

Facial expression recognition can help make any human-computer interaction feel
more meaningful and resemble actual interaction between humans [59]. Appropriate
responses to the emotions the user is feeling also increase the user’s trust in the
program [63]. Since facial expressions are a major part of communication, with
the information about the emotions the user is possibly feeling, the computer can
adapt its responses accordingly, so that the user gets a more positive experience [59].
Although FER technologies aren’t perfect and can’t recognize all emotions they give
great insight on what might be beneficial for the user at the moment. Besides using
it to adapt the user interface in real time it is also a great tool for statistics of the
users, if there is a possibility to record the footage. Based on the recorded footage

and consequent data the designers of the application or interface get a clear image
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of what sparks joy in the users and what is confusing for them.
The way facial expression recognition is done in most of the models is
1. Model receives input (e.g. image)
2. Face detection
3. Image pre-processing
4. Landmark detection
5. Feature extraction
6. Classification
7. Model produces output (e.g. emotion)

Building a facial expression recognition system begins with a large amount of facial
expression data that is correctly labeled and of a good quality [59] Data sets can
be specified by their content and their environment therefore creating different cat-
egories for the sets [60]. The data can also be either dynamic, such as a video, or
static, meaning still images [64]. It’s important to have the data sets annotated in

a careful way to avoid any mistakes sprouting from false annotations or labels [59].

There are multiple databases that are available to use, and many FER models are
trained and tested on them [65]. Most of the available databases are categorized
to reflect the six basic emotions set by Ekman. The data sets can be split into
spontaneous and posed sets [65]. There are more posed data sets available, which
is why they are still used more often in training FER models [65]. The issue with
this method is that posed facial expressions don’t always correspond directly with

naturally presented emotions. Some of the recognized databases include CK+, FER-
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2013, AffectNet and Ferv39k [65]. Different databases contain datasets of tens of
thousands of images or video. The databases have specific resolutions, and can have
hundreds of subjects. There are also databases specifically consisting of content
of certain nationalities or of certain ages. For example there are databases made
specifically for children’s emotion recognition [65]. Most of the available databases
contain images that are posed, but there are also datasets such as the Ferv39k that

contain video material captured to be spontaneous [65].

FER systems require a camera through which they are able to see the user’s face
where the facial expressions are seen. The system has to distinct the face from the
background so only the needed parts of the footage are studied. When processing
the camera feed it’s important to pay attention to part of the program that get
rid of excess background [66]. After the face is detected specific facial features are

extracted from the feed and passed onward to the model [64].

The way facial expression recognition is performed mirrors image recognition. The
recognition process begins with face detection. The base key to face detection is to
find the region of interest, this being the face, so that it can be more closely studied
[66]. This step of the process can be executed with different detection algorithms,
that are chosen based on the requirements of the situation. One of the best known
algorithms is the Viola-Jones algorithm and Haar-like features, which use pixel val-
ues and integral images for the detection [59][65]. The methods and algorithms
used for dace detection can be categorized under knowledge based, feature based,
template matching and appearance based methods [65]. Different methods start rec-
ognizing sections of the image differently. Knowledge based methods extract facial
features such as nose or mouth, feature based methods can extract structural fea-
tures such as shapes and texture, appearance based methods detect certain patterns

using machine learning, and template matching methods aim to match the input
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with predetermined templates [65].

Image processing and image pre-processing focus on extracting the main part of
the capture for the system. This means that all non-essential objects, such as the
background, are removed from the capture [59]. The footage going forward in the
system should only include the information needed for the recognition process. If
the image contains too much noise or the studied features are not clear to see the
system fails [66]. Image pre-processing also includes adjusting contrast and lighting
in the way that makes features stand out for the system [59]. Sometimes gray scale
conversion is included in the image pre-processing [66]. This part of the process
aims to make the image as clear for the system to perform well as possible. Mostly
all relevant information from any image will be unaffected even when the image is

being gray scaled. Gray scale images also need less power from the computer [66].

The next step needed for all FER models is feature extraction, as it is for image
recognition as well [59]. Feature extraction is a detection method, and it aims to ex-
tract the most valuable information from the capture [66]. FER models can be split
into static and dynamic methods for feature extraction [65]. Static method focuses
on deriving the information from a still image, whereas dynamic method extracts
features from a sequence of frames, such a video feed [65]. The algorithms that are
used in feature extraction can be classified as either geometric or statistical [59].
Common statistical feature extraction algorithms are local binary pattern, principle
component analysis and active shape model [59] [66]. Geometric feature extraction
aims to recognize the key facial features, such as the nose, mouth and eyes [59].
Some techniques that are used are for example histogram-oriented gradients and

local binary patterns [65]. Different FER models are utilizing different techniques.

Similarly as in image recognition, the final step that directly aims to get the results is

classification [59]. Classically the algorithms strive to categorize the facial expression



2.4 FACIAL EXPRESSION RECOGNITION 29

features, which will result in the prediction of the emotion felt in the capture. The
classification for facial expression recognition is categorized for example by emotions.
The emotion classification is often achieved by using algorithms like support vector

machines, decision trees and k-nearest neighbor [65].

Common issues with FER technologies are for example the changing environments
[59]. A change in lighting or position of the camera can have an effect on the results,
and this kind of variation is not optimal for systems and applications. Overexposure
and shadows can affect how well facial expressions, especially subtle changes in them,
are detected by the camera and the model [65]. The models might also recognize
emotions differently depending on ethnicity and gender [66]. Since most of the
available training and testing data is of posed images and video detecting natural
and spontaneous emotions is harder for the models. The prediction often is more

accurate if the person using the model poses for the camera as well [65].

Mitigating these issues could be achieved by using diverse databases, that contain
images of people of different ethnicity and ages, as well as images from good and
bad lighting conditions [65]. FER systems often tend to work better in theory than
in real life situations [66]. FER models also require a huge amount of storage and
they are often heavy-weight [67]. In order to get FER systems more accessible for
everyone the systems should be made more lightweight so that even less powerful

computers might be able to utilize the model.

Currently recognizing facial expressions and emotions in different settings is being
utilized to some point, but it still hasn’t reached its peak. FER and emotion recog-
nition have been used in the medical field, games and customer feedback, but it
seems there’s still no one clear way on how to most efficiently utilize it [68]. The
topic of using FER solely to improve user experience and learning more about how

the UX could be improved has also been discussed, but lacks in conducted studies.
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It’s stated that reviewing and analyzing the UX with questionnaires or integrated
questions in the Ul can by themselves disturb the user and therefore affect the UX
negatively [69]. With the ability to see the user’s emotions as they are using the Ul
the analyzing of their emotions and therefore the UX can be more realistic and effi-
cient [69]. Using facial expressions as a way to affect the UI has just been theorized
for a few years. There seems to be a lack of utilizing this technology though, and
there’s more land to explore about how facial expressions could help navigate a user
interface [49]. It’s clear that this addition to user interfaces would tremendously

improve the human-computer interaction and when working well also the UX [49].

2.5 Facial Expression Recognition from Footage

Facial expression recognition can be done from existing footage but also real-time.
Facial expressions and changes in them can happen very quickly in the real world,
and usually people are able to detect changes in them instantly. The recognition of
different facial expressions is a key part of human communication [70]. The detection
process is almost instant in our brains, and when can perceive information constantly
from each others faces. This is not the case in facial expression recognition models.
Specifically dynamic facial expression recognition (DFER) models are trained to
work so that recognition happens fast from dynamic input, such as a video [70].
DFER aims to capture the dynamic changes in facial expressions as another human
would notice them in real life, essentially tracking changes in the expressions and
analyzing them simultaneously [70]. This has proven to be difficult technology and
computing power wise. For example 3D CNNs have been used, but there still are

few commercial models that are able to track changing emotions real-time [70].

In practice facial expression recognition is done mostly by taking a frame from the

dynamic input, since static facial expression recognition models are currently more
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reliable. The frame is then treated as a single, static image, which is easier for all
models to analyze, and the analysis is done similarly as image detection is [70]. The
frequency with which the frames are captured to be analyzed can be chosen by the

user.

Third party and external APIs are known to cause some latency [71]. Since even
real-time FER models are usually utilized via APIs there is always latency in the
process of facial expression recognition. A cloud based model can give the solution
is milliseconds, but the recognition is not truly real-time. Still FER models take a

lot of computing power and latency issues increase when resources are scarce |72].

Another issue with API based facial expression recognition is the amount of API
calls needed for a real-time, dynamic output. Since APIs need the input from the
used device, such as a frame from a video feed, frequent calls mean frequent capture
of frames. This can easily lead to a memory issue with the used device [72|. The
taken frames can be large in resolution, and therefore might need to be adjusted
before calling the API too. The connection to internet also has to be sufficient when
cloud APIs are called so that possible connection issues wouldn’t cause additional
latency |72]. Since using APIs certainly cause some latency always, it isn’t optimal
for dynamically and continuously recognizing facial expressions. The user won’t get

a real-time adaptive experience with using FER APIs.

For a more efficient approach to facial expression recognition using a locally run FER
model can decrease some of the latency coming from using external APIs. Locally
run FER models can access the needed information without using the internet or
APIs. A locally run FER model needs immense amounts of memory and computa-
tional power, so this isn’t a realistic choice for all environments [72]. With a locally

run FER model any network issues are also mitigated [73].
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Training a custom FER model can mitigate some issues that are present when using
cloud based FER APIs. By using a custom trained and custom built FER model
the user is in charge of how the predictions are made, i.e. how for example neural
networks are designed in the model. By using custom training and testing data sets
the user can be certain about correct and incorrect predictions. The use of a self-
made, custom FER model eliminates the black-box problem of not knowing what is
going on behind the system. However building these systems isn’t easy, which can

be the reason for the rising utilization and approval of API used FER models.



3 System Design for Case Study

This chapter gives insight into the technical attributes of the system that was built
for the study. The system was built to be used on a single laptop with one screen
and a built-in web camera. Artificial intelligence programming tools provided by

ChatGPT 5.3 were used for assistance in programming the application code.

3.1 System Design

The system built for the study was a web-based application with an adaptive user
interface. It utilized two facial expression recognition models from two providers.
The application was created to be run locally. The frontend was built using React,
and the program included three JSX files. Backend was created using Node.js, for
framework specifically Express. The backend was needed for passing information
between the frontend and the external APIs. API keys were used in the program,
which made the backend crucial, to keep the keys safe. The FER systems that were
integrated to the design were Rekognition by Amazon Web Services and Google
Cloud Vision API. Both the frontend and the backend needed to be running at
the same time for the program to work on the laptop. The hierarchy for the built
system is seen in Figure 3.1. The full code can be found on https://github.com/

sarakeskilohko/fer-adaptive-ui.


https://github.com/sarakeskilohko/fer-adaptive-ui
https://github.com/sarakeskilohko/fer-adaptive-ui
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Figure 3.1: File structure of the system

src/ - main.jsx

| App.jsx

| AppView. jsx
|___MathTask. jsx
|____Fer.js

| Logger.js
|____Runtime.js
| Utils.js
|___levels.css
| themeBase.css
| themeA.css

themeB.css
server/ index.js

T:::.env (credentials)
package. json
vite.config.js
README . md
.gitignore

The frontend handled UI changes and the logic behind it, basic functions necessary
for a successful UX and camera capturing. It used React. The captures from the
web camera were taken at intervals of 6 seconds, and they were sent to the backend
as base64. The intervals for the captures were kept frequent to ensure true adapta-
tion to facial expressions. The captures were requested with getUserMedia. From
the video feed the frames were extracted using canvas element and transmitted to
backend using a HTTP POST-requests. The frames were preprocessed and down-
scaled to 320 pixel compressed JPEGs before they were sent to be analyzed. This
choice was made to keep the needed memory load slightly smaller. The API calls to

both providers were simultaneous and done in the same request.

The frontend rendered the single page application, which contained a Ul with in-
structions, exercises and camera settings. Mathematical exercises were implemented
solely in the frontend. The rendering for the this was done with the help of KaTeX,
developed by Khan Academy. KaTeX is a LaTeX based mathematical documenta-

tion tool for web based rendering [74]. Besides KaTeX, rendering was done with
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returning HTML for the web application.

The frontend also contained a randomization for choosing the FER engine for each
run. Even though the output from both FER engines was logged at the same time
the logic for Ul adaptation required the results from just one provider. To keep it
unbiased a randomizer was created in the frontend, so the application chooses the

responsible provider for each beginning run.

The backend used Express as a framework and Dotenv Node package manager
(NPM). It included functionality for both AWS Rekognition and Google Vision.
Environment variables were necessary for the external APIs, and API credentials
were securely stored. The need for a backend also stemmed for safety measures
regarding API keys. The FER systems were different to the extent that it was nec-
essary to create two sets of functions. Both AWS Rekognition and Google Vision
had their corresponding functions for reading and analyzing the values gotten from
the FER APIs. Since both FER systems used for the application were cloud-based
the frames were analyzed on the cloud. The APIs returned the results as numeri-
cal emotion data which was normalized in the backend, before it could be further
utilized. This data was read by the logic functions for Ul adaptation and it was
saved to the CSV files. During a successful run the application created two CSV

files containing different data about the run.

The system architecture can be seen in Figure 3.2 and the data flow of a working

system is displayed in Figure 3.3.

3.2 System Logic

The system used React states for its changes in content. The first state that the

application had was the state, where isTesting wasn’t yet set to true. Outside of
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Figure 3.2: System architecture

this state all buttons for manual testing were seen on the Ul, and choices between Al
could be made. After the camera was turned on and participant code was written
the test could be started and this is when isTesting was set true. In the testing
window the participant wasn’t able to see anything that could be used to manipulate

the test run.

The states of the application also affected the FER systems’ analysis. The FER
analysis was turned on when the participant clicked on a button affecting the
isTesting variable. This way no FER data was received before the participant
had read through the instructions and gotten comfortable on being in front of the
laptop. The FER systems started getting frames when the actual exercises were

available for the participant. Similarly once the final stage of exercises was submit-
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Figure 3.3: Data flow during a system run

ted isTesting was changed to false, meaning that the participants filled out the

survey while their emotions were no longer tracked.

Since both of the APIs used for the application were able to detect faces it was
determined in the program that no Ul adaptation or facial expression detection was
done while a face wasn’t detected. This helped discard analysis rows from the data
that contained no useful information. In these cases the emotions detected by the
FER systems were consistently classified as "unknown" and therefore couldn’t be

utilized.

The changes on the Ul were based on set numbers. When the distress of the user
reached a specified stress level the function enabled a change to a higher support level
of UL The stress level was a value between 0 and 1, and the corresponding changes
between levels happened in the following points with the function stressToLevel().
These levels are presented in Table 3.1. The UI support level could only increase, so

once a more comforting level had been reached it couldn’t regress back to the initial
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UI state.
Table 3.1: Stress range s to support level
UI Level Stress range (s) UI Level Stress range (s)
0 0<s<0.008 7 0.056 < s < 0.064
1 0.008 <s<0.016 8 0.064 < s < 0.080
2 0.016 <s5<0.024 9 0.080 <5< 0.100
3 0.024 <5<0.032 10 0.100 < s < 0.120
4 0.032 <5 <0.040 11 0.120 <5 < 0.140
5 0.040 <5 < 0.048 12 0.140 < s

6 0.048 <5 < 0.056

The fact that the splits are between values of 0 and 0.2 is determined by the fact
that upon testing the application it was noticed that the stress values never reached
higher than this point. When a threshold was reached a new Ul level was displayed

smoothly without changing the content.

The logic for mathematical exercises was a traditional test setting. The UI included
a timer, and after the time had run out the indications on correct and wrong answers
were displayed, before the participant could move on to the next stage. The math
exercises were split into five stages all of them containing five exercises. The Ul
wasn’t adaptable before starting the math exercises, which changed the mathStarted
variable to true, which in enabled the adapting Ul. Each of the five stages was its
own state, which were logged in the CSV. The states involved information about why
the stage was ended, either submitted by the user or by a timer that was run out,
and how many correct answers the participant was able to score. The mathematical
exercises in the experiment were hard-coded, so that every participant could have

an identical test to perform. The exercises were created carefully and designed so
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that each stage increases in difficulty. The last stages specifically were designed to

cause frustration even in mathematically skilled participants.

The application was set to have a cooldown window after the Ul level was changed.
The cooldown was 7 seconds, and during this time the UI couldn’t adapt again, no
matter what values the FER systems retrieved from the frames. This choice was
made not to make the test setting feel too hectic or draw attention away from the

tasks at hand.

3.3 Facial Expression Recognition Integration

The frames for the FER systems were captured by the laptop’s web camera used
in the experiment. The video was streaming constantly throughout the experi-
ment, and the frames were captured from the feed. The material was captured with
getUserMedia() without audio. The video material itself nor the frame captures
from it weren’t saved anywhere locally to be accessed after the experiment run had

ended. Before the frames were sent to be analyzed they were encoded to Base64.

The frames were polled every 6 seconds in the frontend, and this was done simul-
taneously with AWS Rekognition and Google Vision API. The first call is done
immediately after the participant has started the exercises. A faster rate of analysis
could’ve given even more accurate results, but for the purposes of the study a cap-
ture every 6 seconds was justified. The UI wasn’t designed to change too fast not to
confuse the participant, so there was no need for more frequent FER analysis loops.
Between the 6 seconds all variables stayed constant. The frames were then sent to
backend, where analysis is done when frames are received. The backend also has a
limit for 4,5 seconds between analyses as a safety precaution, so that frames cannot
be analyzed too often. The AWS Rekognition and Google Vision were utilized with

app.post("api/emotion/frame”). Both APIs returned values that they acquired
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from the analysis of the frame. The analysis was done in the backend since both
of the APIs required security credentials to work. This architecture was chosen to

keep the API keys secure.

Before the returned values were used for changing the Ul of the application the values
were normalized and smoothed. The data from both APIs is normalized so that all
values were from 0 to 1. The normalization was needed since the APIs produce values
differently. After the normalization stress and confidence were calculated. The
stress was explicitly used for the UI changes. The variable stress included negative
feelings, and it was calculated with emotionsToStress(). For AWS Rekognition
the calculation was done with the weighted sum of 0.40 * angry + 0.30 * sad +
0.20 * confused + @.10 * surprised. For Google Vision the stress was created
with @.45 * anger + 0.35 % sorrow + 0.20 * surprise. This together created
the stress variable, the values of which were studied in the frontend and used for UI

adaptation.

The stress variable was then passed to the frontend. Here exponential moving av-
erage (EMA) smoothing was done. The EMA smoothing was utilized so that the
changes in stress levels would increase without huge jumps so that the stress-based
UI adaptation would happen stage by stage. The smoothing was applied every
0,5 seconds. The smoothing followed the common smoothing formula where the
value is multiplied by the smoothing factor smoothed = previous + « (current
- previous. The « used for the experiment was set to 0,25. This means that the
stress value moved only 25% towards the actual value of the stress predicted by
the FER systems. The newer value was therefore closer to the previous value, and
no jumps happened. Finally the smoothed value was read and the UI is adjusted

accordingly.
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3.4 User Interface

The user interface for the application was designed so that adaptive changes happen
level by level, and the jump between the levels wasn’t noticeable. The content of
the UI was the same for all participants, the differences in experiment runs came
from the support level CSS that adapted based on facial expressions. The aim of
the changes in the Ul weren’t so that the focus on the tasks would falter, but rather

to ease some stress that calculations with time limits were inducing.

The user interface included a header, containing a description of the study and in-
structions for the participants. A navigation bar was implemented for navigating the
application. This included all necessary buttons for controlling the camera, setting
the participant code. Before starting the experiment the Ul displayed more buttons,
and once the experiment was started, all buttons not necessary for the participant
were hidden. Finally a panel for math exercises was added to the interface. This
panel is where the five sets of five exercises were displayed for the participants using
KaTeX. The layout stayed the same throughout the whole experiment, to keep the

focus on the exercises, not on navigating the UI.

The Ul had a base CSS that is applied always. In addition there were rules for each
of the 12 UI support levels, that separated the levels from one another. The main
differences between levels were the color schemes, font sizes and shapes. The user
interface was defined so that for lower levels the color scheme were dark blue, and
the more distressed the participant was the more the support level increases. The
highest support UI levels included more bright colors, such as warm yellow. The
shape and size of the buttons on the Ul also changed gradually with each support
level. From level 8 onward there were small icons floating in the header of the screen,
designed to lessen the stress felt by the participant. The icons were colored to match

the UT’s current color scheme, and they were only placed on the top of the screen
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not to disturb the exercises themselves. Figure 3.4 visualizes the header on a high
support level.

Thesis Study

During this study you will complete short math exercises while the camera records facial data.
Follow the steps below.

Figure 3.4: Icons in application header at support level 10

Once a specific support level was reached based on the logic for UI adaptation the
correct CSS was set to be enabled. Continuous smoothing was applied in nearly
all elements of the UI to keep the changes between UI support levels discrete and
pleasing. With even more support levels the changes between each support level UL
could’ve been made even more seamless. Although the Ul had modest animations
for this reason, all animations were disabled in the math exercise panel. This was

done to avoid any additional lagging that could be avoided easily.

The color schemes of the application and its different UI levels are shown in Figure
3.5. While the increase of colors was designed to increase comfort and decrease stress
the colors weren’t as bright as they could’ve been. The point of the different colors
wasn’t to be distracting, and bright neon colors might've lessened the engagement
of the participant. The choice for using shades of yellows and oranges was made to

prompt positive emotions, since these colors have been linked to emotions of warmth

and joy [75].

Low UI support level

Medium UI support level

High UI support level

Figure 3.5: Color schemes in the application
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The user experience was in the core of the program, and therefore the Ul was
designed so that the user essentially pays no mind to how the interface looks. The
changes in emotions prompted by the UI changes could happen subconsciously. For
easy navigation buttons were at points highlighted to guide the user to proceed. This
was done with .nextAction in the CSS. Once a certain support level was reached
it was not lowered back to a previous one during any point of the test, since this
jump could’ve caused more negative emotions. Figure 3.6 shows the whole UI with

the supervisor view on support levels 0 and 12.

Study sections

(a) UI support level 0 (b) UI support level 12

Figure 3.6: The whole user interface of the application

3.5 Data Acquisition and Logging

Data logging was done in the frontend and backend. The backend logged the numeri-
cal values that were returned by the FER APIs, and the frontend logged information

about the Ul level that was displayed, as well as the progress of the math exercises.

The application was set to produce two different CSV files. One file contained
information about the frames captured by the program and the analysis that was
conducted by the FER engines. The event CSV contained information about set

events in the application. These events were proceeding in the math exercises.
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This CSV also calculates the time that was used in performing the exercises. The
information was used to reflect on stress levels, and whether stress levels were lower

when the participants were able to perform all tasks within the time limit.

The information about recognized emotions and the UI level provided by the appli-

cation are logged in a CSV containing the rows displayed in Table 3.2.

Table 3.2: Structure of the Frame CSV File

Column Name Type Description Purpose

participantCode  String Participant identifier = Data grouping per
participant

testld String Session identifier Distinguishes sepa-

rate runs if many
per participant

timestampISO ISO date- Time of frame analysis Timing of different

time exercise stages
elapsedMs Integer Milliseconds since Analysis for how
starting exercises long stage comple-
tion took
phase String Which math stage is Analysis for emo-
being completed tions per math
stage
aiEnabled Boolean Are FER engines used Verifying that
for analysis FERs are working
smoothedStress  Float Stress value derived Validating Ul

from FER system in changes based on

use stress
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Column Name Type

Description

Purpose

supportLevel Integer

uiDriverProvider String

usedStress Float

usedConfidence  Float

UI design level

Which FER system
was chosen for UI
adaptation

Stress value that was

used for adaptation

How certain is the

emotion prediction

Analysis on effects
of each level
Analysis of two dif-
ferent providers ac-
curacy

How stressed par-
ticipant felt at dif-
ferent moments
Analysis for FER

engine performance

In addition to these for both AWS Rekognition and Google Vision API specific

information about the run was logged for the analysis of the performance of these

FER engines and their accuracy. The logged information is displayed in Table 3.3.

Table 3.3: Logged data for FER engine performance analysis

Column Name Type

Description

Stress Float

Confidence Float

RawEmotions JSON ob-

ject

Stress level from the
FER engine

How certain is emo-
tion predicted by the
FER engine

Numerical data values
for each recognizable

facial expression
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Column Name Type

Description

AiSkipped

Faces

Boolean

Integer

Was the specific frame
used for UT adaptation
Does the FER engine

in question recognize a

face in the frame

The information about succeeding in the mathematical exercises and the duration

that completing these tasks took is logged in the CSV for events, which includes

the rows displayed in Table 3.4 as well participantCode, testId, timestampISO,

uiDriverProvider, phase, supportLevel and elapsedMS which are also seen on

the CSV dedicated for captured frames.

Table 3.4: Structure of the Event CSV File

Column Name Type

Description

Purpose

stage Integer

answeredCount  Integer

correctCount Integer

durationMs Integer

Math exercise stage
under completion
Number of submitted

answers

Number of correct an-
swers
Time required to com-

plete the stage

Performance  seg-
mentation
Analysis of perfor-
mance in relation
to stress and task
difficulty

Accuracy measure-
ment per stage
Task duration anal-

ysis
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All logged information was used either to study how the Ul changes affect the
emotions felt by the participant, or how well what the participant felt correlated
with what the FER engines predicted for the participant’s emotions based on facial
expressions. Participant codes and test ids were needed, because the survey for
acquiring data about the participants’ individual experience wasn’t integrated in
the application UL. When the survey was opened after the experiment was run
successfully the participant code was automatically set to the correct one on the

survey.

3.6 Amazon Rekognition

Rekognition by Amazon Web Services is a facial expression recognition system that
is developed by Amazon Web Services. It’s cloud-based, and can be used for both
pictures and videos [76]. It has multiple uses besides using it for facial analysis or
facial detection. The main use cases for the product are face-based user identity
recognition, label and object recognition especially regarding media libraries, face

liveness detection and facial search |76].

Face detection in Rekognition is done by analyzing facial landmarks [76]. Once
a face is detected, the landmarks are analyzed, and based on this the values and

confidence scores are given.

AWS Rekognition can give out nine different values based on what the FER model
can recognize from the frame. The values are HAPPY, SAD, ANGRY, CONFUSED,
DISGUSTED, SURPRISED, CALM, UNKNOWN and FEAR. These correspond with Ekman’s
basic emotions. The values that are returned by the API are floats, such as 82.6.
In the experiment application all of these values acquired were normalized in the
program code to be percentage values, such as 0.826. Out of the possible emotions,

anger, confusion, sadness and surprise were the ones that factored in the stress value,
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and the weights for these emotions in the stress factor were calculated with 0.40 *
angry + 0.30 * sad + 0.20 * confused + 0.10 * surprised;. For confidence on
the emotion recognized Rekognition provides a value between 0 and 100, ultimately a
confidence percentage [76]. An example of how the emotion predictions are provided

is seen in Figure 3.7.

"SAD": 0.95405021667480471859
"CALM": 0.11642252922058105025
"CONFUSED": 0.06403604984283446655
"ANGRY": 0.01253509521484375000

"DISGUSTED": 0.00379371643066406250
"SURPRISED": 0.00013031065464019775
"HAPPY": 0.00010625520721077919
"FEAR": 0.00002193450927734375

Figure 3.7: AWS Rekognition output

3.7 Google Vision

Google Vision, or sometimes called simply Vision API or Cloud Vision API, is
a cloud based API, that can be used for facial expression recognition. Its more
popular use cases, however, are for example text and landmark recognition [77].
The input for Google Vision has to be given as base64 encoded images [77]. Besides
face detection and facial expression recognition Google Vision can be used for custom

purposes and labeling custom content is possible with Google Vision [77].

The Vision API returns likelihoods of emotions, rather than the emotion confidence
scores themselves. The API has six distinct values it can return, which are UNKNOWN,
VERY_UNLIKELY, UNLIKELY, POSSIBLE, LIKELY, or VERY_LIKELY [77]. The vague-
ness of these return values indicate, that this FER API only works for specific cases.
Google also informs that specific individual facial recognition isn’t implemented in
their API [77]. The emotions which can be recognized and used for the likelihood

predictions are joy, sorrow, anger, surprise |[77|. Google Vision doesn’t have a "neu-
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tral" or "calm" emotion to recognize, unlike most FER models. The five stages of
likeness work similarly as AWS Rekognition’s confidence, although since its not a
continuous scale the values aren’t as descriptive. The values that the likelihoods are
bound to can be set by the user, and in the application the corresponding numerical

values can bee seen from Table 3.5.

Table 3.5: Likelihood scale for Google Vision

Label Value

VERY UNLIKELY 0.00

UNLIKELY 0.25
POSSIBLE 0.50
LIKELY 0.75

VERY LIKELY 1.00

Based on the likelihoods the stress score for the application was calculated with using
emotion likelihoods from sorrow, anger and surprise with weights 0.45 x anger +

0.35 * sorrow + @.20 * surprise.

Google Cloud Vision API recognizes faces using bounding polygons, and the facial
expression recognition is completed by the engine’s studying of landmarks [77]. The

landmarks are for example eyes and nose.

3.8 Constraints in the Technology

Due to the budget limit for the thesis the API calls were restricted to a set amount
per day. This restriction was done by environment variables and the backend. Since
the application was run on an older laptop with little memory it had to be designed

to be still manageable. This means that there was latency.
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Constraints that were posed by the providers of the technology were the range
of emotions recognized, and the way the recognition was returned as values. The
two FER model APIs also worked differently, which prompted the need to normalize
results gotten from the APIs so that they would be comparable. The most significant

differences are displayed in Table 3.6.

Table 3.6: Comparison of AWS Rekognition and Google Vision

Criteria AWS Rekognition Google Vision
Recognizable emotions | 8 4

Output Continuous float (0-100) Categorized (5 points)
Confidence Confidence/probability score (%) | Likelihood of emotion
Stress calculation angry, sad, confused, surprised anger, sOrrow, surprise

AWS Rekognition’s strength was that it was able to recognize many emotions, and
the most common emotions were on this list. Rekognition also returned a confidence
score, that was calculated into the predicted emotions by the program. Google
Vision however was only able to return likelihood values, and these likelihoods were
regarding only four emotions, which were joy, sorrow, surprise and anger. This was
a very narrow list of emotions, and a successful integration of Google Vision was
more difficult than Rekognition for this exact reason. With likelihood values of
only four emotions the API often returned "unknown", meaning that no emotions
from their list of allowed emotions was detected. The likelihoods weren’t returned as
continuous numbers, but as discrete steps. Therefore changing the steps between the

values didn’t give any additional information; the steps were still the five likelihoods.

Neither of the APIs included ways to train own datasets for the detection of more
emotions. For example Google Vision could’ve been improved with the possibility

to recognize a multitude of emotions. Practically the program had to built around
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what the FER systems were able to provide, and modifying the systems to better

correspond the target system wasn’t an option.

Both APIs needed to be used on the cloud. This meant that for the application
to work a stable internet connection was required. When discussing large amounts
of data moved between the client side device and the cloud this can cause latency.
The fact that both APIs were cloud based also meant that the facial expression
recognition could not be purely in real-time with what the camera captured, since

a little latency is always included in cloud based systems.

The obvious constrictions for both of the APIs are camera-related issues. Poor
lighting, bad resolution or wrongly setup camera can ruin the whole experiment. In
the experiment done for this thesis it was ensured before each run that the lighting
was sufficient and that the camera was set up so that the participant’s face can be
clearly seen. Even though these constrictions weren’t met in this experiment they
are still significant issues that can arise in a similar study. For long time usage
both of the FER models can also become quite expensive, which is why budget

restrictions were set to the application.

Both FER APIs include the black-box problem present often with APIs. Neither
FER model indicates what databases or datasets were used in the training, and there
is no visibility on how the APIs work in practice on the cloud. The only output
the user sees are the confidence scores the APIs provide. How confidence scores are

calculated specifically is also in the black-box problem for both FER models.

As for all facial expression recognition models the systems are only able to recognize
what is shown on the face. Some participants might have not been expressive, in
which case the emotions aren’t logged either. This is an obvious constraint with all

FER systems, especially when the system is not multi modal.
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3.9 [Ethical Aspects

Ethical issues regarding Al and FER have been discussed for years. This thesis isn’t
going to go into detail about all ethical aspects of using AI, but rather mentions
the most important ethics to consider when using facial expression recognition. Al-
though Al regulations are more and more discussed and EU has had some bills about
stricter laws regarding the use of Al, as of 2026 the Al field isn’t properly regulated.
EU has implemented the Al act which regulates some areas of Al use and touches
facial expression recognition too in a way, for example prohibiting compiling FER

databases from sources such as CCTV [78].

When discussing Al in facial expression recognition it’s important to pay attention
to the privacy of everyone on camera. Cameras can utilize face detection or facial
expression recognition sometimes without the people on the camera knowing about
it, which raises concerns [79]. People have the right to know how their data is
processed, so this is an issue with consent [79]. With privacy concerns it’s also
important to note that the providers of these models and applications have to care
for their privacy and security, since they process individual data that can be used

for identifying [79].

Biometric data, specifically facial data is a form of information that is being used
more and more by companies all over the world [80]. This makes it crucial to con-
sider the ethical concerns on utilizing facial data, since some companies are known
to utilize the facial data even without consent [80]. Especially facial recognition,
through which an individual can be recognized, poses serious ethical issues. Fa-
cial data can be used for detecting an individual in public even when they aren’t
aware their facial data is being utilized, and this can lead to major problems such

as discrimination and manipulation [80].
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The ways that facial data is used in training AI based facial recognition models
isn’t always ethical either. Companies can perform web scraping, using images on
the internet for training their model, or even collect it with placing cameras in
public spaces [80]. In European Union the General Data Protection Regulation,
GDPR, lists facial data as sensitive biometric data in Article 9, and this creates
strict restrictions for how facial data is processed and stored [80]. The GDPR doesn’t
explicitly list emotions as identifying data, and as of 2026 there is less research done

on emotion recognition and its ethical issues than on facial recognition and its issues.

As with all cloud-based APIs, using FER models through APIs have security risks.
Cloud-based APIs can be vulnerable for hacking and malicious API traffic, and
therefore need to be designed to be secure [81]|. The same risks can affect any FER
APIs, and although the ones used in the experiment were by internationally known
providers it doesn’t mitigate all risks. In FER APIs the information sent with the
API call is biometric data, and therefore vulnerable. Using a third-party provider for
APIs and cloud services can increase risks for information hijacking or leaking and
exploitation [82][83]. Still cloud computing includes a variety of security measures
that are and should be implemented to keep transmitted and stored information as

safe as possible [82].

Another issue that comes with cloud-based solutions are the geographical matters.
Popular cloud services more often than not are located in multiple different countries
and even continents [83]. This can reduce the individuals’ control over their data,
since the physical location of the data isn’t known [83]. With the use of cloud-based
APIs for facial expression recognition, as with the use of all cloud services, the user
has to put their trust in the data processor and the cloud service provider. A way
to mitigate the risks that come from using cloud services would be to process all the

facial data locally, therefore avoiding using the internet and use of remote services.
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As it has been stated previously, FER models can sometimes be biased. The data
that the models are trained on can lead to outcomes that are discriminatory, which
can in turn lead to more dire issues such as racial profiling [79]. It has also been
discussed whether the basic emotions that most FER models recognize are sufficient,
with people from different backgrounds presenting their emotions differently [84].
Another issue with FER models is the previously mentioned black-box problem,
especially with APIs. An every-day user only knows what the company wants to

share about their system or model, leaving users essentially in the dark.

Ethical facial expression recognition has established best practices that should be
followed for as ethical use as possible. These practices include for example informed
and adaptive consent, transparency, cultural sensitivity and privacy and data min-
imization [85]. Algorithmic bias has to be mitigated as well as possible, and par-
ticipants shouldn’t feel uncomfortable while they’re being recorded [85]. It is also
stated that commercialization should be regulated, so that companies wouldn’t be
able to provide FER technologies purely for money without any regard for ethics
[85]. Needless to say there is still a long way to go to have FER as a working part

of the daily life, but steps have been also taken in the right direction.

As for the experiment done for the thesis, before the experiment the participants
were made aware that the camera would be on but no content will be recorded to
be used later on. The data in the application was only saved locally. The locally
saved files were two CSV files per run, containing data on predicted emotions, Ul
support levels and math stage progress and accuracy. These files only included a test
run number generated by the program and a participant id set by the experiment
supervisor. No data such as names, ages or genders are saved or analyzed for the

research.
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For the study only facial expression recognition was utilized, and no facial recog-
nition was done. This ultimately means that only facial landmarks were being
detected, and although this is still biometric, personifying data the APIs that were
used were not able to perform pure facial detection, for example detecting the same
person in front of the camera multiple times. An question that can rise from uti-
lizing facial expression recognition this way, is whether the participants were fully
displaying the emotions they felt. The camera could only capture what the par-
ticipants were comfortable expressing, meaning that the application ultimately was

only able to recognize what the participants were comfortable expressing.

The frames from the camera are handled in the backend to keep them secure, and
sent to both APIs. AWS Rekognition security is built on top of AWS Identity
and Access Management (IAM), which ensures secure usage for clients [76]. In the
experiment the only access was for the experiment supervisor, and no one else was
able to access the traffic in the API. Amazon also advises best practices for privacy
in all their products. They handle their privacy policy according to GDPR, and
since all parts of the experiment were done in Finland, GDPR applies [86]. Likewise
Google Cloud has vast privacy policies regarding all their cloud based product [87].
They too base their policies on GDPR [88|. Both providers state that the data

handled by APIs is not being used for further training of FER models [76][87].

If a system like the one built for this experiment was in commercial use more ethical
aspects would have to be taken into account. For a study as small as this one it
was quite simple to gain the consent for utilizing cloud-based APIs for processing
facial expressions recognized with a camera, and the participants were made aware
that their data wasn’t being stored locally or in the cloud. The ethical issues rise
if companies or websites started utilizing similarly behaving applications without

the user being aware of this happening. If the data collection and analysis was



3.9 ETHICAL ASPECTS o6

happening without the user’s knowledge the data could be used for profiling and
manipulating experiences. This stands to show how important it is to follow the

GDPR, since it requires transparency if data is being recorded and stored [89].



4 Empirical Study

The case study investigated the abilities of two facial expression recognition models,
Amazon Rekognition and Google Vision, on how well they perform in accurately
analyzing the facial expressions. It was also used to evaluate whether an adaptive
UI could affect the user experience positively. The study was constructed so that
the adaptiveness of the Ul was determined based on the readings of the two FER

engines.

4.1 Research Design

The application examined for this thesis was a web-based application with an adap-
tive user interface. The user interface was adapted based on the results from Amazon
Rekognition and Google Vision. The study involved 25 people of different ages and
backgrounds. The participants were chosen based on willingness to participate and
convenience. The participants received no compensations for their participation.

The study was experimental, and was done in a controlled setting.

The participants completed the experiment individually, and the setting was the
same for all participants. For each participant the application randomized which
provided or FER model would be the one to drive the adaptation of the UI. The

randomization was done so that each participant could only complete the tasks once,
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as not to be prepared for another round of similar tasks if they had to complete the
test twice with the different providers. The experiment required a well-lit room and
a laptop with an internet connection. The participants were also given a pen and
one piece of paper. This was done so that the mental resources would be directed to
solving the questions, not stressing about not being able to use simple mathematical
methods for calculations. Everything in the UI content stayed the same despite the
FER provider. The participants were instructed to follow the directions on the user
interface. These directions explained to the participants how they were to complete
the tasks at hand for the experiment. After completing the tasks the participants
were directed to a survey where they were asked to answer questions regarding the

experiment, and how they felt during it.

The mathematical exercises were chosen so that the difficulty increases with each
level. The levels were designed so that it would increase the participant’s stress
levels while the calculations still remained achievable at first. The final math stages
were designed to be so hard that every participant could feel some stress. If the
stress levels of the participant increased according to the used FER systems the UI
adapted to prompt more calming emotions in the participant. The FER systems
monitored the camera frames frequently so that the UI could adapt accordingly

almost in real-time.

The survey questions were conducted based on the research questions of the thesis.
The aim of the survey was to find out what emotions the participants truly felt
during the experiment, and did the adapting UI affect their emotions in any way.
The survey was split into two sections discussing these topics. The FER system
for each run was randomized in the application, therefore creating the possibility
for comparing two different FER systems and their abilities. The survey and the

facial expression data were used to evaluate the FER systems’ performance, and
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the survey with the Ul data were used to evaluate the effects of an adaptive user

interface.

The data collected from the study consisted of two CSV-files containing data about
UI support levels and the emotions detected by the FER systems, as well as a study
where the participants could more accurately explain their thoughts and feelings
throughout the experiment. Data about each participant’s performance was also

collected, to see whether answering correctly decreased stress levels.

4.2 Procedure

All of the experiments in this thesis were conducted with a MacBook Pro 2020 and
its own web camera. Each participant completed the test using the same equip-
ment. All participants were made aware that the program uses the camera feed for
taking frames, but it doesn’t save live video anywhere. The participants were given
no information about what the actual study setting included prior to starting the
experiment. This choice was made to avoid preparation for the study, for exam-
ple revising mathematical skills. The participants were given the laptop ready to
use, and the study servers were already running. The only instructions given by
the experiment supervisor were to follow the instructions on the screen, but if the
program suffered an unforeseeable issue, such as a crash, then alert the supervisor

of the experiment for help.

The experiment was always started by the supervisor, so that the settings were
correct for use. This meant turning on Al, inputting the participant code and
turning on the camera. At this point the experiment supervisor could also check the
camera lighting with the camera feed preview showing, as to ensure that the lighting
conditions were sufficient for the experiment to take place. Then the supervisor

started the test run so that information meant only for the supervisor was hidden
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from the UI. Once the participant view of the application was enabled there was no
possibilities for manually changing the FER model provider or to turn the camera
off. This could only be done by aborting the test run or finishing the complete test
run. After this the laptop was given to the participant and the supervisor no longer
interacted with the participant. The participants nor the supervisor knew which

provider was in charge of the Ul adaptation during each run.

The instructions on the user interface informed the participant, that they were to
complete five sets of mathematical exercises. The exact nature of the exercises were
not revealed at this point. The instructions advised the participant to click "Start
Exercise" once they felt they were ready to begin. Before the user clicked this no
frames were captured with the camera, although the user was able to see the camera
feed preview. Under the camera preview it was stated that the camera is only used
during the test. This was set up so that the user could check that their face was
clearly seen on the feed, as the study required this. The instructions stayed visible
on the screen for the whole duration of the test, and the way they were presented is

seen in Figure 4.1.

Instructions

. Click Start exercise to begin.
. Solve the 5 exercises shown on screen. You are given a pen and paper, but no calculators are allowed.
. Click Submit to check answers.
. After feedback, click Next to continue to the next stage.
. Continue until you've completed all exercises, and end the run with Complete test.
6. When the test ends, click Open survey and complete it.

In any issues with the device or program, tell the supervisor. Do not refresh the page.

Figure 4.1: Instructions for the participants

After the participant started the exercise the camera feed preview was hidden, so
that the focus would be turned to the first stage of exercises. The five exercises
in the first stage were additions and subtractions. This stage had a timer of 90

seconds. After completing the stage the user would submit their answers, and the
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user interface indicated with red and green colors which solutions were correct and
which not. If the timer ran out before the user had submitted the solutions the
indication for correct answers appeared automatically once time time was out. Once
the "submit" button was clicked the timer also stopped. After this the user could
click "Next Stage" to move on to the following set of exercises. The second stage
of exercises included multiplication, fractions and one square root calculation. The
time limit for this stage was 120 seconds. Moving on to the following stage worked
similarly as previously explained. The third stage included simple differentials,
specifically derivatives, and the time limit was set to 120 seconds. The fourth stage
entailed more difficult differentials, and the time limit was 180 seconds. The final
stage had a timer of 180 seconds as well, and the exercises included calculations
with complex numbers, one integral, and two approximation exercises. An example
of how the exercise screen was seen by the participants is shown in Figure 4.2, and

the stage information in Table 4.1. All of exercises can be found in the appendices.

640 + 235 — 118 =

Next stage

Figure 4.2: Exercise section once solutions were submitted

The stages were designed so that the difficulty increased distinctly after each stage.
The timers were implemented on all levels to keep the participants focused on the
task, while still creating slight time pressure. Once a stage was submitted by the

user or the timer ran out there was no possibility to retake that stage of exercises.

After the participant had completed all five stages of exercises the user interface
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Table 4.1: Math Task Stages

Stage Difficulty Question Type Time Examples
Limit (s)
Addition,
1 Very easy 90 47 + 28
subtraction
Multiplication,
2 Easy 120 125-24
fractions
Simple r) =4x® — Tw + 2.
3 Medium P 120 f@)
differentials Enter f'(x)
Difficult x) = sin(z) - e”.
4 Hard 180 /@) (@)
differentials Enter f'(x)
Approximation,
5 Very hard 180 Multiply (3 — 44)(—2 + 51)

complex numbers

indicated the user to click on an "Open Survey" button, which opened another tab
in the same window. The participants then filled out the survey, after which the
experiment was finished, and the participants were thanked for their time. The
UI adaptation was done during the mathematical exercises. Once the user had
submitted the final stage of exercises the interface stopped adapting, since the user
would only interact with the survey from that point on. One run for a participant
took 10-25 minutes. In order to get the most authentic results the test was only run
once per participant, and the randomization of choosing the FER engine for the run

was done by the application, not by the participant or the experiment supervisor.

The survey questions reflected the research questions of the thesis. They handled
bias from the participant regarding their emotions, emotions prompted by the UI

adaptation and emotions prompted by the math tasks. At the end of the survey the
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participants were thanked for their time and the supervisor was able to download

the CSV files from the run.

4.3 Data Analysis

The data acquired for the data analysis came from the system itself, specifically the
CSV files with FER outputs and performance data, but also from the self-reported
data acquired by the survey at the end of the experiment. The survey was split into
three sections. One section focused on how completing the exercise stages felt, the
second focused on how the participant felt overall throughout the study, and the
final section aimed to get insight on whether or not the changes in the UI prompted

any feelings in the participant.

The first section of the survey was used to determine what kind of stress levels the
FER systems should have detected. This section consisted of questions about each

stage
e How stressed did the participant feel during the stage
e How the participant would rate the difficulty of the stage
e How confident the participant felt during the stage

In addition to these the participant was asked to rate their math skills to evaluate,
if deeper previous knowledge on the topic correlated with feeling less stressed. Hy-
pothetically the more stressed the participant reported feeling during each stage the

higher the detected stress should’ve been.

The second section of survey questions focused on asking what kind of feelings the
participants felt throughout the experiment. This section is used for evaluating the

overall performance of the FER systems. Since both FER models output raw data



4.3 DATA ANALYSIS 64

on the facial expressions they detected they can be compared to the emotions the

participants reported.

The final section of the survey questions was used to determine whether an adaptive
UI has any effect on the emotions felt by the participant. This was determined by
studying if an increase in the Ul support level resulted in more positive feelings later
on in the study. The final two questions of the survey are open questions asking
what affected the whole experiment most in a positive way and in a negative way.

This was included in the survey to drive the analysis to a correct direction.

After the data was acquired by the application and by the survey it was exported
and stored into a folder. The folder was accessed with a Python program designed
to build graphs and analyze the data. Data mapping and analysis was done imple-
menting simple Python scripts. The survey answers were exported as a CSV file,
and the numerical data from the survey was analyzed. Before data analysis any
unusable frames were deleted from the CSV files. These frames were the ones were
for example no face was detected, and they could be seen from the files as rows

stating aiSkipped = true.

The performance of the FER models was done by evaluating the two models against
each other. For each frame on each run the calculated stress scores of each provider’s
model were analyzed to see if the scores corresponded. Stress scores were also
analyzed with the progress in the math exercises. The scores were also matched
with how stressful the participants reported feeling in the survey. It was also studied
how the UI support level changes affected the stress scores. The differences between
support level changes between the two providers was also analyzed. The performance
of the participants, specifically the number of correct answers per math stage, were
also compared with the stress scores, to see if doing well on the exercises lessened

the detected stress or increased their confidence in themselves.
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The accuracy of both of the FER models were analyzed with the help of partici-
pants’ reported emotions during the experiment. The raw data of the emotions were
compared with what the reportings stated. Free text questions on the survey were
analyzed if the data showed abnormalities. The free text questions in the survey
inquired what caused the most positive feelings and negative feelings in the partici-
pants during the experiment. This could be used to understand possible deviations
from hypothesis. It was also meaningful to analyze the free text answers to discover
if the exercises were too hard for participants, causing them to give up on the tasks

altogether.

4.4 Limitations

The case study has some limitations to its realization. The environment is aimed
to be as simple and tranquil as possible on account of outside disturbances that
might cause the emotions seen on the test subjects’ faces to be seen. Because every
human has their personal thoughts there still might be factors affecting the emotions
captured and read by the FER engines. Therefore it cannot be said with complete
certainty that the emotions captured by the facial expression recognition systems

are solely by the impact of the user interface.

Since Al systems are trained with different although vast data sets, there can always
be biases that are passed forward to the recognition systems. The purpose of this
study wasn’t to evaluate these possible biases, but it aimed to get results that were

able to be validated and are trustworthy.

The types of facial expression recognition systems and Al that were evaluated in this
thesis have multiple different use cases, and therefore different systems will also fit
best to for different situations. Although this experiment studied how well the two

current systems worked, there can be better use cases for each of the systems, where
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their performance would be better. It should also be noted that Al is a rapidly
developing field, which means that the current systems by these developers might
be undergoing improvements frequently. Executing this study after some time using

the same FER systems can therefore give slightly alternating results.



5 Results

The analysis of the results of the CSV files and the Google Forms CSV is done with
the help of 12 Python scripts. The scripts were developed with the assistance of
artificial intelligence programming tools, specifically Claude Sonnet 4.6. The scripts
for the analysis can be found at https://github.com/sarakeskilohko/thesis_

analysis.

5.1 Evaluation of Facial Expression Recognition Sys-
tems

The experiment had 22 successful runs out of all 25. The reason for dismissing
the three runs was in each case network issues leading to no API responses and
therefore no valid FER data. For the 22 successful runs 45.5% were completed with
AWS Rekognition and other 54.5% with Google Vision. Randomization for the FER

model provider in the application was responsible for these results.

The FER models of both providers analyzed frames they received every 6 seconds.
Total number of frames that were analyzed were 1450 per provider. Frames were
skipped when a face wasn’t detected in the frame or when API calls occurred too
often for the UI to stay adaptive and not confusing. This lead to 31% of frames of

all runs to be skipped for both of the APIs. Since participants took different amount
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of time to finish the exercises, time isn’t a variable in the results and findings. Time

is rather measured by progressing to the next stage in the math exercises.

The stress score calculations show that AWS Rekognition based stress scores were
always higher than Google Vision based stress scores. The stress scores, their means,
medians, min and max values are presented in Table 5.1. The correlation between
calculated stress by using AWS Rekognition and Google Vision is nearly zero, and the
normalized stress values are presented in Figure 5.1. The correlation was calculated
with Pearson correlation coefficient, where the value r = 0 represents no linear
correlation.

AWS vs Google Stress — Correlation
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Figure 5.1: Correlation between AWS and Google calculated stress

The average stress value was highest at exercise stage 4, and at this stage the
standard deviation was also the highest. The lowest stress scores were recorded
at exercise stage 2, where the deviation also was at its lowest. This is visualized
in Figure 5.2. Generally the stress scores didn’t gradually increase as the partici-
pant progressed in the math stages. The mean and median values for stress scores
throughout the math stages, as well as the standard deviation, are presented in

Table 5.2. The distribution of mean values of stress scores by each provider can be
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Table 5.1: Stress score data, scale (0-1)

AWS Rekognition  Google Vision

Mean 0.0716 0.00609
Median 0.0130 0.0
Standard

0.1060 0.0268
deviation
Min 0.0 0.0
Max 0.430 0.262

seen in Figure 5.3.
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Figure 5.2: Average stress scores and standard deviation during different stages

The FER models’ accuracies can be studied with self-reported information from the
survey. The most detected emotions through all the stages were calm and joy. High-
est correspondence with survey reported emotions and FER model detected emotions

were for AWS Rekognition at around 70%. Detected emotions were mainly neutral
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Table 5.2: Stress score statistics by stage and provider
Stage Provider Count Mean Median Std Min Max
AWS 252 0.0683 0.00950 0.103 0.0 0.392
Very Easy
Google 252 0.00996 0.0 0.0323 0.0 0.200
AWS 279 0.0632 0.0100  0.0981 0.0 0.388
Easy
Google 278 0.00843 0.0 0.0327 0.0 0.262
AWS 269 0.0707 0.0140 0.108 0.0 0.389
Medium
Google 269  0.00765 0.0 0.0320 0.0 0.262
AWS 282 0.0787 0.0140 0.112 0.0 0.430
Hard
Google 281  0.00199 0.0 0.0121 0.0 0.100
AWS 368 0.0753 0.0175 0.107 0.0 0.397
Very Hard
Google 367  0.00367 0.0 0.0204 0.0 0.175

or positive for both models, at 68.7% of frames contributing to this. Heatmaps of

recognized emotions are presented in Figure 5.4, and Figure 5.6 shows the most

detected emotions by wider categories.

5.2 Adaptive UI Behavior

Since the detected stress scores varied between AWS Rekognition and Google the

amount of Ul support level increments also varied. Figure 5.9 shows the differences

between UI support level changes between providers per math exercise stage. No Ul

support level changes occurred in the 5th math exercise stage, and isn’t therefore



5.2 ADAPTIVE UI BEHAVIOR

71

Stress Over Time — Aligned by Math Stage
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Figure 5.4: Most detected emotions per stage
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seen on the figure. Overall UI support levels increased more than twice as much with

AWS Rekognition than with Google Vision. Seven of the runs with Google Vision
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Figure 5.6: Most detected emotions for the same run

the participant’s Ul stayed at the lowest support level, and only one participant
using Google Vision as their FER provider reached support level 12, the highest
level. For AWS Rekognition nine participants reached the highest UI support level.
Altogether 45% of runs were able to reach the highest possible support level, as can
be seen on Figure 5.7. The numerical data on what was the highest Ul support level
that was reached is displayed in Table 5.4. Figure 5.8 shows that the number of level

change trigger events was much higher with AWS Rekognition than the number of
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triggered events with Google Vision. At most Google Vision was able to achieve half
of the level change events that were triggered with AWS Rekognition. The specific

amounts of triggered level change events per support level can be seen in Table 5.3.

Highest Ul Support Level Reached per Run
(n = 22 runs) 10 runs
(45%)

10 A

8 runs
(36%)

Number of runs

lruns
(5%)

7 12
Highest support level reached

Figure 5.7: Highest support level reached during runs
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Figure 5.8: Amount of triggered Ul support level increments per FER provider

Each support level was triggered at least once, and for example the first support
level after the starting level 0 was triggered 63.6% of the runs. The highest support

level was triggered in just 45.5% of the runs.

For 36.4% of the runs the only UI support level that was reached was the initial level

0, and the participants didn’t receive any UI adaptation. For 45.5% of participants
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Table 5.3: Ul support level trigger counts

Ul support level Trigger count Percentage

1 14 63.6%
2 13 59.1%
3 11 50.0%
4 11 50.0%
) 11 50.0%
6 11 50.0%
7 11 50.0%
8 8 36.4%
9 9 40.9%
10 10 45.5%
11 10 45.5%
12 10 45.5%

the UI support level was able to reach the highest possible option.

Google Vision triggered seemingly much less Ul support level increments than AWS
Rekognition did. Average stress detected by AWS Rekognition was also higher than
that detected by Google Vision. For AWS Rekognition the average stress score
was around 0.075, where as Google Vision’s detected average stress score was under
0.01. Average support level that was present during runs with AWS Rekognition was

support level nine, and for Google Vision the average was support level two. The
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Table 5.4: Highest support level reached per run

Max level reached Runs  Percentage

0 8 36.4%
1 1 4.5%
2 2 9.1%
7 1 4.5%
12 10 45.5%

contrast between the two providers, the stress scores and the average Ul support
levels reached is made clear by Figure 5.10, which shows AWS Rekognition’s detected

smoothed stress scores at nearly 0.08, whereas Google Vision doesn’t reach 0.01.

The highest average stress scores were detected when the participant had support
level four visible, and the lowest average stress scores were recorded at support level
two. The standard deviation in detected stress scores was at support level nine, and

the least deviation was detected at the highest support level, level twelve.

5.3 Task Performance

Overall performance of all participant throughout different math exercise stages can
be seen in Figure 5.13. From the plot it can be seen that there is a considerable
amount of variation from stage 1 (very easy) to stage 3 (medium), and after this
variation decreases. This means that in the earlier stages the participants performed
very differently regarding correct answers, whereas in the last two stages nearly all

participants performed nearly equally well. The biggest amount of variation can
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Ul Level Increases per Stage by Provider
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Figure 5.9: Ul support level increments per FER provider
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Figure 5.10: Average stress scores per stage and FER provider

be seen in the medium stage of exercises, where some got zero correct answers and

others nearly 100% accuracy.

Figure 5.14 shows that the mean accuracy is higher when the UI was adapted than
it was with no adaptation. The standard deviation is also increased when the adap-
tation occurred, meaning that more participants scored differently during the math

stages.

The connections between self-rated math skills and correct answers through different

stages can be seen in Figure 5.15. The detected average stress levels through different
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Figure 5.12: Accuracy throughout stages

math stages categorized by the math abilities that the participants reported having
can be analyzed from Figure 5.16. Those who rated their skills to be at the highest
level averaged a 0.0 stress score, whereas the highest stress scores were reported by
those who rated their math abilities to be at level two out of five. However in Figure
5.17 it can be seen that those who rated their math abilities to be at the highest
level also reported feeling the most stressed through all the math stages, whereas

those who rated their skills to be at the lowest level reported having nearly same
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Figure 5.13: Stress scores and accuracy on performance
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Figure 5.14: Accuracy scores regarding Ul adaptation

level of stress during the experiment.
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Math Ability Groups (Low / Mid / High) vs Survey Stress, FER Stress, and Accuracy
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Figure 5.15: Self-rated math skills, stress levels and performance
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Figure 5.16: Self-rated skills and detected stress per stage

5.4 Survey Reports

The self-rated math abilities varied within the participants, and the distribution can

be seen in Figure 5.18.

40% of participants reported feeling that the difficulty of the exercises increased

gradually, and 64% reported feeling very time pressured during the experiment.

The self reported survey findings state that 53% of participants found stage 5 to be
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Figure 5.17: Self-rated skills and self-rated stress per stage
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Figure 5.18: Self-rated math abilities

the most difficult one, and 36% found stage 4 to be the most difficult.

60% of participants reported noticing no changes in the UI during the exercises, but

only 31% of participants actually had no changes.

Out of those who noticed change 50% reported feeling more supported when the Ul
changed, but 50% also stated not feeling more comfortable completing the exercises
after the changes. 37.5% of participants who noticed change reported the change
decreasing their frustration, and 37.5% reported feeling somewhat distracted by the

UI changes.

During the experiment runs most participants reported the emotions they felt the
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most to be focused. Many also reported feeling calm. The amount of answers
for frustration are the highest at the third math stage. All participants reported
being either somewhat aware of their emotions or very aware of them. 44% of
participants reported the most negatively affecting factors in the experiment being
difficult calculations, and 40% reported time limit being the most negatively affecting

factor. More detailed reportings are presented in a heatmap in Figure 5.19.
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Figure 5.19: Most survey-reported emotions per stage



6 Discussion

6.1 Findings

6.1.1 FER in Creating a User Experience

The findings of the experiment suggest that adaptive user interfaces can improve
user experience, but that it doesn’t improve the experience for all participants. The
two providers of FER models used in the experiment have immense differences in
their accuracy and ability to recognize specific emotions. Neither of the models is
on their own enough to create an adaptive Ul that feels natural and responses to
changes in facial expressions without latency or notable delays. There is still promise
behind the findings to keep improving emotion-aware systems to respond to specific

signals in real-time.

From Figures 5.3 and 5.11 it can be seen that even with Ul adaptation, the stress
scores didn’t generally decrease once Ul adaptation took place. On UI support
levels 9, 10 and 11 the deviation between detected stress scores was the highest,
so at these higher support levels, according to the FER models, some people felt
very stressed while others were at ease. From 5.3 it can be derived that AWS
Rekognition’s detected stress scores increasing throughout the experiment even when

UI adaptation occurred, whereas Google Vision’s detected stress scores stayed more
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consistently around 0, meaning that the participants weren’t feeling more or less
stressed. As can be seen from the Table 5.2 the median stress score for all the math

stages in Google Vision was 0.0.

The reason for stress scores increasing for some participants even when UI adapta-
tion happened could be explained by the increasing difficulty of the exercises the
participants were to complete. For some participants the exercises might have been
difficult enough so that no comforting changes in the UI could have decreased the
stress. Participants also reached the higher UI support levels at different points of

their runs, and for some the UI barely adapted due to low detected stress.

The stress smoothing choice made to improve the UX by limiting erratic changes in
the UI due to high stress scores in few frames proved to be the correct choice, as can
be seen in Figure 5.3. As the figure shows there are spikes of high stress scores seen
on the graphs that AWS Rekognition and Google Vision detected. The smoothing
ensured that the Ul to reacted more gradually instead of jumping to a higher Ul
support level too fast, causing a distraction to the participants. Since only 40% of
participants reported noticing any change in the UI the stress smoothing can be
considered to have helped in the gradual increase of the level, therefore improving

the UX altogether.

The system as a whole was a HCI application, where emotion-awareness was pursued.
The UI adaptation was achieved when the FER models detected stress, although
the stress detection itself varied widely between the two providers. Around 10% of
participants reported the Ul to be the factor that affected their emotions positively
the most during the study, so it can be said that the adaptation improved the
UX of at least 10% of the participants. The FER models however didn’t accurately
recognize all emotions that were expressed by the participants, which ultimately tells

that for a truly emotion aware system more modalities should be used to correctly
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recognize the emotions of the user. However there are great differences even between
the two providers used in the experiment of this thesis, so choosing the most accurate

FER model can also help with improving emotion-awareness and therefore the UX.

6.1.2 Evaluation of FER model accuracy

From Figure 5.5 it’s visible that AWS Rekognition more closely aligns with what
the participants reported feeling throughout the experiment runs, since around 70%
of participants reported the same emotions AWS Rekognition detected, and only a
little over 30% of participants’ reported emotions corresponded with Google Vision.
This means that AWS Rekognition can more accurately detect emotions, although

it’s success rate still isn’t 100%.

AWS Rekognition and Google Vision both detected mostly neutral emotions, al-
though Google Vision doesn’t include a true neutral emotion, but rather the most
frequently detected facial expression was "joy". For both of the FER models these
neutral or happy emotions were detected the most, so there can be some similari-
ties in the ways the models detect emotions. This can be seen in Figure 5.4. Still
the difference between average stress scores tells that the emotions that are used in
calculating the stress score are detected in different ways. These emotions are nega-
tive ones, for AWS Rekognition angry, sad, confused and surprised, and for Google
Vision anger, sorrow and surprise. The emotion output with confidence scores and
likelihoods can also affect the score calculation. Especially since Google Vision’s
likelihoods are given at a five-point scale the normalization for the detected emotion

can be less accurate than AWS Rekognition’s scale of confidence (0 — 100).

Even though there are similar emotions detected at the runs in general and the cate-
gories of detected emotions are somewhat linked, the calculated correlation between

the two providers during the same runs is actually only 0.09, as can be seen from
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Figure 5.1. The figure depicts that Google Vision’s normalized stress values stayed
the most at a 0.0 score, meaning that no stress was detected. This has to do with
the limited emotions that the FER model can recognize, as well as the limited scale
on which the predictions are given. Table 5.2 shows the mean and median values
for stress scores through the different math stages, as well as standard deviation.
It can also be seen that AWS Rekognition always reached higher stress scores than
Google Vision did. If both of the FER models produced the output more simi-
larly or were able to categorize the same emotions, the correlation might be better.
Choosing FER models that are more similar with each other could’ve improved the
correlation as well. Different type of normalization could have also changed some
values, but overall the bigger differences come from the predictions based on contin-
uous confidence scores and the five-point likelihood scale and their differences. The
fact that Google Vision produced stress scores of around 0.0 much more than AWS
Rekognition is also behind the fact that participants who got Google as their FER

model provider barely received Ul adaptation, since stress scores always stayed low.

As stated in previous chapters many databases and datasets used in training and
testing FER models can lead to biased results, depending on how diverse and robust
the data is. Therefore in addition to the confidence scores and the five-point scale
the models can be differently biased. They could have been trained and tested on
different databases, and since the technology behind the APIs isn’t available to the
public, it isn’t possible to know what kind of biases these databases might have. This
bias might lead to different results for different participants, but with the amount of
data that was gathered from this experiment it’s not possible to rate how the bias

might be showing in the results.

As for the FER models used in the experiment it’s clear that AWS Rekognition

provided more accurate representation of emotions. The choice of the provider
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makes a difference in an experiment setting such as this, and when designing an
application utilizing facial expression recognition it is crucial to choose the FER
provider carefully to get the best results. For an emotion-aware, adaptive application
AWS Rekognition could on its own be a working addition, but only if it’s ensured
that the users face forward and keep their faces visible to the camera, so that all
faces and facial expressions can be detected. On the other hand Google Vision would
not be sufficient for an adaptive application, and it would need to be customized
to include more emotion categories, better normalized to handle the output data
and be used in addition to other modalities for detecting stress levels and emotions

correctly.

6.1.3 Constraints of the Experiment and FER Models

Constraints within the experiment for using FER models came from example from
skipped frames that were not used in the calculation of stress scores. Frames were
skipped when no face could be detected by either of the FER models, which in the
end led to almost a third of all frames being skipped in the FER analysis and stress
calculation. This speaks for the fact that the user’s face must be clearly visible for
the camera feed to capture accurate emotions in real-time. When the user expresses
emotions but their face is for example turned away enough so that the model isn’t
able to detect a face, the expressions cannot be analyzed either. This means that for
an accurate, emotion-aware application utilizing just facial expression recognition
the user has to concentrate on keeping their whole face visible to the camera. Having
to pay attention to these details can in general have negative effects on the UX. In
the application of the experiment when no face was detected the stress score for
that frame was kept at the same value that was detected previously, but in real life
the stress scores could have changed if a face could be detected at all times. In the

experiment it was seen that the skipped frames occurred mostly when participants
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looked down on the table where the laptop was located or moved to either side.

One of the biggest limitations with the tested FER models are with Google Vision’s
ability to recognize emotions. Since the model can only recognize four emotions it
can produce very limited results for detected facial expressions. This was clearly
seen in the experiment too, since the emotion correspondence with what the par-
ticipants reported feeling matched much more closely with AWS Rekognition than
with Google Vision. For a robust application a sufficient FER model is needed, and

for this purpose Google Vision wasn’t sufficient enough.

The way normalization was done for Google Vision can also affect the scores. The
numerical values that were assigned to each of the five stages were 0,0.25,0.5,0.75
and 1.0, meaning that the gaps between each likelihood are equal. That means
that for example LIKELY and VERY_LIKELY are as near each other as UNLIKELY and
POSSIBLE. The stress scores calculated with AWS Rekognition and Google Vision in
the experiment might have correlated better if the normalization scale was designed

differently.

The evaluation of the FER models is studied by math stage and by Ul support level,
not frame by frame. Therefore it’s possible that in a certain math exercise stage
of at a certain Ul support level the participant has experienced multiple different
emotions and expressed them, but the FER models only receive a limited number
of frames, and the results are analyzed mostly by the stage of by the support level,
since the frame count is too high to analyze them frame by frame. The participants
also wouldn’t have been able to report their actual emotions per each frames, i.e.
every six seconds, so there is no way to know for sure if the detected emotions
could correspond frame by frame with what the participants felt. Even though
the application aimed to be real-time there was always some latency, so the Ul

adaptation couldn’t occur at the exact moment the stress was felt or detected. The
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latency is an issue with all real-time FER models that are used through APIs.

6.1.4 Impact of an Adaptive User Interface

From the self-reported information from the survey it can be seen that for 50% of
the participants the adaptation started at the easiest stage, so high enough stress
scores were achieved already in the first stage. Two participant received the first
adaptation at stage three, and one at stage four. It can be derived that those who felt
the most stressed started expressing their stress already in the first stage, and those
less stressed expressed in later on or not at all. No one experienced adaptation in
the final stage, either the highest support level was already reached by this point or

the participants didn’t express stress enough for the support level to adapt anymore.

Only 40% of participants reported noticing changes in the UI. Truly for 69% of
the participants the Ul adapted, so multiple participants didn’t notice the changes
even when they occurred. The changes were designed to be slight as not to dis-
tract the user, and therefore it’s not a negative result that the users didn’t notice
these changes. The changes in the Ul could’ve still affected the stress levels of the

participants subconsciously.

Besides adaptation in the UI the more stressed the participants felt the worse their
UX could have been. Based on the survey reportings the level of mathematical
abilities was somewhat linked to how stressed the participants felt, as can be seen
on Figures 5.16 and 5.17. Based on the self-rated stress levels it seems that those
with the highest rated abilities in mathematics also rated their stress to be the
highest, while other rated levels of abilities follow a similar trend, the lowest rated
abilities being a little higher rated on stress levels. However the detected stress
scores implicate that participants who rated their abilities lower experienced more

stress, and those who rated their abilities to be higher scored significantly lower
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stress scores as well. This suggests that the abilities to complete the exercises was
connected with how stressed the participant felt, and therefore could have affected

the UX.

In Figure 5.12 it can be seen that the most accurate answers are given at the easiest
stage, and the accuracy decreases as the stages progress. There is a lot of deviation in
the answers at the second and third stages, where some participants have answered

all exercises correctly, and some have answered none.

Altogether the accuracy decreased when participants progressed in the math stages.
At the same time UI support levels progressed to higher ones. However Figure 5.14
suggests that after Ul adaptation the accuracy still increased. This can be because
in most runs the first adaptation occurred already in the first math stage, meaning
that the participants’ answers were only done on adapted UI. Therefore it cannot be
said that adaptation helps with performance on the exercises, but since the exercises
also got more difficult through the stages that also affects this finding. The mean
accuracy for a stage where adaptation happened was 0.78, and the mean accuracy
before the adaptation was 0.89. The mean accuracy for after the adaptation was
0.5. The accuracy decreases but the difficulty might be more to blame here, rather

than the UI adaptation.

As stated earlier, around 10% of participants listed the Ul as the biggest factor for
positive feelings. Therefore it can be argued that at least for some participants the
changes in the Ul made a difference, and they had an improved UX. However around
15% of participants reported the Ul changes being somewhat distracting, so the UX
was worse for some participants because of the adaptation. At the same time 15% of
participants reported feeling less frustrated when the UI adaptation occurred. 20%
of participants reported feeling somewhat more comfortable after the UI adaptation,

which can also be considered towards a more positive UX.
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It can be interpreted that the Ul adaptation affected the UX for better and for
worse, depending on the participant. To say clearly which one of these is the more
popular direction there would be need to conduct more studies on a larger sample
group. The self-rated stress scores somewhat correspond with the scores calculated
based on the FER models, as can be seen in Figure 5.15. The participants overall
reported feeling more stressed the further the stages progressed, and that was the
consensus with the FER models as well, specifically for the smoothed stress scores.
Therefore it can be said that while the FER models were unable to correspond with
the actual emotions of the participants accurately they still follow the same trend

in the increasing stress scores.

The usability standards introduced in chapter two state that usability is effective-
ness, satisfaction and efficiency. Satisfaction with the application and the user in-
terface can be analyzed through the survey reportings. 48% of the participants
stated that the factor for their positive emotions during the experiment was suc-
ceeding in the exercises and understanding them. This can be interpreted so that
this percentage of participants felt at least some what satisfied with the applica-
tion. Even when they reported feeling more stressed throughout the levels they
found something that increased their positive emotions. 10% of participants also
reported feeling supported and comfortable when completing the exercises, which
also indicates satisfaction. As for effectiveness the accuracy of completing exercises
decreased in general when proceeding to the harder levels, but this was also the way
the system was designed, so the accuracy not improving while the UI adapted wasn’t
a complete impossibility. Measuring efficiency wasn’t ideal for this experiment, since
all participants either used all the time they had available for the exercise, or gave up
and submitted no answers before the timer ran out. Therefore efficiency is difficult
to evaluate. The efficiency of the Ul adaptation itself can always be improved, since

latency with the external API makes the whole adaptation process less efficient,
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since the adaptation always occurs with a delay.

All in all the FER models’ output and adaptation accordingly can be a supportive
addition to user interfaces and the way they adapt to the users’ preferences, but as
of now there is still the need to study the effects more closely. A FER model itself
has to be carefully selected if accurate emotions have to be detected, and mitigating
the issue with delays and latency can prove to be difficult. A FER model in itself
might not be enough to get an accurate reading of the user’s state of mind, and
having to use and pose for a camera creates issues with spontaneous and natural
situations and environments. Adaptive user interfaces themselves can offer support
for certain users, but not everyone is fond of them, which is why there’s still the need

to examine how the adaptation can be done so that it suits each user’s preferences.

6.2 Constraints and Limitations

The limitations in the experiment have to do with the sample size, since only 25
participants completed the experiment. Therefore the findings might not be gener-
alizable to the public. Some of the participant shared a similar background, and the
sample group could have benefited from being more diverse regarding background

and age.

The black box problem can cause constraints on an experiment such as this one.
Since there is no information about what kind of datasets were used to train either of
the FER models used in the experiment, it is unknown if the FER model predictions
contained bias, or if they would’ve respond better to posed facial expressions, since
most databases contain posed training data. Since at best the FER models’ detected
facial expressions corresponded with reported emotions at around 80% match it
is clear that not all emotions were detected correctly by either of the providers.

That being said both the environment and the FER models themselves might need
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improvement for more accurate results.

The stress caused by the exercises in the experiment might not reflect real-life ap-
plications where FER models and adaptation could be utilized to improve UX. The
experiment rather created a high-stress situation where the stress was designed to
increase quickly, and the participants were aware of the camera. Knowing that
frames are taken from the video feed the participants could’ve been more aware of
expressing their emotions, which might not correspond with a spontaneous, natural
setting. The difficulty of the exercises could also have been too difficult for some of
the participants, therefore causing them to give up and no longer expressing stress

in the experiment.

The experiment lasted altogether around 10-25 minutes depending on the specific
participant. Since this is generally a short amount of time the effects of an adaptive
UI might have been better seen at a longer experiment, where the stress scores could

have fluctuated more gradually too.

With the FER models the most significant constrain came from Google Vision and
its ability to recognize different emotions. Since it can only detect four emotions
the category "joy" was clearly the emotion that was detected the most during the
experiment runs. This is because Google Vision doesn’t include a "neutral" emo-
tion that can be detected, so the closest one would be joyous. Besides the lack of
recognizing different facial expressions the output given on a five point scale limits
the data. The data has to be normalized to be analyzed or studied further, and the
normalization has to be done by splitting the five point scale in some way, and this

leads the numerical values to be set with specific factors representing the likelihoods.
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6.3 Future Work

For future reference there is a need to conduct more studies. A sample group should
be larger than the 25 participants that was used in this experiment, since deviation
was high between participants. Only a smaller percentage of participants noticed
changes in the UI, and future studies would benefit from more self-reported emotions
and feelings to further evaluate the FER models and the way adaptation affected
the users. The sample group should be chosen to be diverse, and the tasks the
participants should have to complete other kinds of tasks besides math exercises.
To truly see how the adaptation of the Ul affects the participants the experiment
runs could be longer to see the affects in a longer run. A similar application could
also be tested in a more spontaneous environment, where the camera isn’t directly
in front of the user, to see how the FER models perform in a situation that more

likely mimics real life.

Another factor that might affect the participants’ emotions and therefore their atti-
tude toward the experiment are the feelings and events previous to the experiment.
The experiment in this thesis did no research into what the participants felt like
before they started the experiment, and the FER models also started to analyze
frames only after they were made aware of the exercises. Underlying emotions can
affect what the participants express, and therefore future studies could take into
account what the participants feel like before the experiment run, and how the UX

is affected by that.

In general based on the experiment it can be said that FER models that produce
the output with confidence scores are more accurate and easier to utilize than those
that give the results on a specific point scale, with no continuous values between
the points. It could also be beneficial to try to train a custom model for recognizing

facial expressions. The custom model could be run locally, and it could be studied
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if latency and delay could be minimized this way. With a custom trained FER
model there is no black box problem, and any biases can be known to the study
conductors. In addition to this a more frequent loop of frame analysis could be
tried to see, how fast the Ul is able to adapt to the emotions expressed by the user.
Since the experiment application prohibited the API calls to be at most every six
seconds, the response to facial expressions wasn’t as real-time as it could have been

with more frequent API call loops.

For a more robust way to acquire information about the users’ emotions more modal-
ities should be used. For example hear-rate monitors might give more insight into

how stressed a user is feelings.



7 Conclusion

As the utilization of Al in UI design and adaptation is increasing the need to design
application to be emotion-aware is a possibility that can lead to improved UX. One
way to incorporate emotion-awareness in UX improvement and UI adaptation is
through utilizing facial expression recognition. This thesis included designing and
implementing a web application with an adaptive UI, that responded to signals
gotten from two different FER models. The experiment also evaluated the accuracy

of these models.

The application for the experiment was an adaptive web application that utilized
AWS Rekognition and Google Vision APIs simultaneously. The application received
frames from the device camera feed, and the APIs analyzed the images, producing
an output with categorized emotions. Based on the outputs a smoothed stress
score was calculated from the negative emotions that were detected, and once the
stress score reached a certain threshold, the application adapted, aiming to prompt
more positive feelings. Altogether the application had 12 different UI support levels
that aimed to improve the UX while the user progressed in the application. In
the experiment the participants needed to complete math exercises that gradually
got more difficult while the FER models analyzed their facial expressions. 25 user
took part in the experiment, and the FER outputs and participants’ process in the

experiment were logged in CSV files for further analysis.
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The first research question aimed to discover how facial expression technology can be
used in creating a positive user experience. Based on the findings of the experiment
FER models can be used in creating adaptive, emotion-aware applications. The
FER models have to be sufficiently accurate in order for the UI to reflect the true
feelings of the users, and real-time adaptivity is key to keep the Ul responding to

rising stress levels, therefore providing comfort and improving the UX.

On the second research question investigating how accurately the currently available
FER models recognize facial expressions, the findings show significant differences
between models from different providers. The experiment evaluated the accuracy of
AWS Rekognition and Google Vision, and the findings show that AWS Rekognition
corresponded with the emotions reported by the participants up to accuracy of 70%,
whereas Google Vision’s output corresponded with just around 30% accuracy with
the self-reportings. There was barely any correlation between the facial expressions
most recognized by the different FER models during the same runs, although both
models recognized neutral or positive emotions the most. This speaks for the fact
that the choice of the FER model provider affects the results of an experiment

greatly.

Regarding constraints of the FER technologies it was found that the amount of
emotions that can be recognized as well as the way the output if produced affects
the results. From the calculated stress scores it could be seen that AWS Rekognition
which gave the output on eight different emotions and the confidence score (0-100) on
specific emotions, the stress scores corresponded the self-reported stress levels much
more closely, than the scores calculated based on Google Vision’s output. This is a
result of Google Vision only being able to detect four emotions, and the likelihood
of the emotions is given on a five-point-scale, that had to be normalized to be able

to be comparable with the AWS Rekognition results. Both of the models weren’t
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able to detect faces and therefore neither the facial expressions if the user’s head

wasn’t facing the camera, which lead to frames being skipped from the evaluation.

The final research question examined how an adaptive interface can affect the UX.
The findings state that around 20% of participants gained comfort from the adap-
tation of the UL. Around a third of participants noticed no adaptation in the UlI,
although the UI adapted to their stress levels. This speaks for the fact that the
adaptation was able to occur without it being distracting. On average the stress
scores increased while the experiment progressed, even with the Ul adaptation pro-
viding comfort. This is explained by the fact that the content of the exercises also
increased greatly in difficulty, prompting more stress. Still, 10% of participants
listed the UI to be the factor for positive emotions during the experiment, which
can count towards an improved UI. To see how UI adaptation affects stress scores

in the long run more studies with larger sample groups are needed to be conducted.

This study provides a functional web based application where adaptation is based
on the output of two FER models. This proves that an emotion-aware, adaptive
application can be designed and implemented around cloud based APIs, even though
the APIs have to be chosen carefully, and latency in the adaptation frequency has
to be considered. It also speaks for the fact that existing APIs have significant
differences in their accuracy, and the choice for the correct FER API for the purpose
has to be considered carefully. Specifically the differences between AWS Rekognition
and Google Vision outputs from the same data are evaluated in the study. These
contributions increase the understanding of FER based adaptive applications and
the accuracy and limitations of AWS Rekognition and Google Vision, working as a

base for future work.

The findings of this thesis suggest that FER models can be utilized by incorporating

them into adaptive applications, but they still cannot be trusted to recognize all
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facial expressions or emotions. To create a more emotion-aware application there is
a need for more modalities to be used with the FER models, and the FER models
themselves should be improved to recognize emotions more accurately. Especially
the shortcomings of Google Vision speak for the fact that FER technology could
and should still be improved to achieve accurate results that can better be utilized
in applications. Since most of the available databases are trained with datasets
consisting of posed images the models still have a hard time recognizing spontaneous
facial expressions, and constructing more robust and diverse databases is something
that would benefit the field in the future. Transparency in how and with what
databases FER APIs are trained would improve mitigating biases in the recognition
systems, and standardizing how outputs are produced would ease integrating APIs
from different providers into one application. While this thesis can be used as a
foundation for future work in the field of utilizing FER models in adaptive user

interfaces there is still a need for more studies around the topic.
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Appendix A Post-Study Survey

The participants of the experiment filled out the following survey immediately af-
ter completing the experiment tasks. Responses were collected via Google Forms.
Likert-scale questions used a 1-7 scale. Questions 22-26 allowed multiple selections
from a fixed list. Questions 28-31 were conditional and presented only to partici-

pants who indicated they had noticed a change in the user interface (Q27).

Part 1: Background

Q1. Participant Code

[Free text]

Q2. How would you rate your mathematical abilities in general?

Passable OO0 0O OO Fapert

1234567



APPENDIX A. POST-STUDY SURVEY A-2

Part 2: Stage 1 — Additions and Subtractions

Q3. How stressed did you feel when completing the first section of calcu-

lations (additions, subtractions)?

Not ot oll OO 0O 0O O OO Eatremely

1234567
Q4. How confident did you feel during this stage?
Not at oll OO 0O 0O OO Extremely

1234567

Q5. Select all the boxes that match your emotions during Stage 1 (addi-

tions and subtractions).

0 Happy 0O Calm [J Focused  [J Neutral
O Stressed 0O Frustrated 0O Confused [O Anxious

[J Bored [ Sad O Irritated [0 Surprised

Part 3: Stage 2 — Multiplication and Fractions

Q6. How stressed did you feel when completing the second section of

calculations (multiplication, fractions)?

Not at oll OO 00O 0O OO Extremely

1234567

Q7. How would you describe how you felt in this stage compared to the

previous stage?
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Less stressed 11 0 0 O O OO More stressed

1234567
Q8. How confident did you feel during this stage?
Not at oll OO 0O 0O 0O OO Extremely

1234567

Q9. Select all the boxes that match your emotions during Stage 2 (mul-

tiplication, fractions).

(0 Happy 0O Calm [J Focused [ Neutral
(] Stressed [ Frustrated [ Confused [ Anxious

(] Bored (] Sad O] Irritated [ Surprised

Part 4: Stage 3 — Simple Differentials

Q10. How stressed did you feel when completing the third section of

calculations (simple differentials)?

Not at oll OO 0O 00O OO Extremely

1234567

Q11. How would you describe how you felt in this stage compared to the

previous stage?

Less stressed O O 0O OO OO More stressed

1234567

Q12. How confident did you feel during this stage?
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Not ot oll OO 0O 0O O OO Eatremely

1234567

Q13. Select all the boxes that match your emotions during Stage 3 (simple

differentials).

U Happy O Calm [J Focused [ Neutral
O Stressed [ Frustrated [0 Confused [ Anxious

(] Bored (1 Sad O] Irritated O Surprised

Part 5: Stage 4 — Difficult Differentials

Q14. How stressed did you feel when completing the fourth section of

calculations (difficult differentials)?

Not ot oll OO 0O 0O OO Eatremely

1234567
Q15. How would you describe how you felt in this stage compared to the
previous stage?

Less stressed O 0 0O OO O More stressed

1234567

Q16. How confident did you feel during this stage?

Not at all OO 00O OO Extremely

1234567
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Q17. Select all the boxes that match your emotions during Stage 4 (dif-

ficult differentials).

) Happy 0O Calm [J Focused [ Neutral
O Stressed O Frustrated O Confused [O Anxious

(] Bored (1 Sad O] Irritated [ Surprised

Part 6: Stage 5 — Complex Numbers and Differen-

tiations

Q18. How stressed did you feel when completing the final section of cal-

culations (complex numbers, complex differentiations)?

Not ot oll OO 0O 0O O OO Eatremely

1234567

Q19. How would you describe how you felt in this stage compared to the
previous stage?
Less stressed (0 0 0O 0O OO More stressed
1234567
Q20. How confident did you feel during this stage?
Not at oll OO 0O 0O 0OOQO Extremely

1234567

Q21. Select all the boxes that match your emotions during Stage 5 (com-

plex numbers, complex differentiations).
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(0 Happy 0O Calm [J Focused  [J Neutral
O Stressed O Frustrated O Confused O Anxious

(] Bored 0 Sad 0] Irritated O Surprised

Part 7: Overall Task Experience

Q22. Which stage did you think was the most difficult?

O Stage 1 [0 Stage 2 [ Stage 3 [ Stage 4 [ Stage 5

Q23. The difficulty increased gradually during the stages.

Strongly disagree O 0 0 0O 0O O O Strongly agree

1234567

Q24. I felt time-pressured during the exercises.

Strongly disagree (1 1 0 110 OO 0O Strongly agree

1234567

Q25. I was aware of my emotions while completing the exercises.

Strongly disagree O 1 0 0O 0 O O Strongly agree

1234567
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Part 8: Adaptive Interface Experience

Q26. Did you notice a change in the user interface during the test?

O Yes O No

Questions Q27-Q30 were presented only to participants who answered Yes to (Q26.

Q27. If yes, did you feel more supported when the user interface changed?

O Yes O Somewhat O No

Q28. If yes, did you feel more comfortable completing the exercises when

the user interface changed?

] Yes O Somewhat 1 No

Q29. If yes, did the change help you feel less frustrated?

O Yes 0 Somewhat O No

Q30. If yes, did the change in the user interface feel distracting?

O Yes O Somewhat O No
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Part 9: Open Feedback

Q31. What affected your emotions and experience positively the most?

[Open text response]

Q32. What affected your emotions and experience negatively the most?

[Open text response/




Appendix B Math Task Question

Bank

The following questions were included in the tasks the participants of the experiment

had to complete. Questions were organized into five stages of increasing difficulty.

Each stage had a timer. Answers were entered as plain text and parsed by the

system.

Table B.1: Stage overview

Stage Topic Questions Time limit
1 Additions and subtractions ) 1 min 30 sec
2 Multiplication and fractions 5 2 min
3 Simple differentials ) 2 min
4 Difficult differentials 5 3 min
5 Complex numbers and integrations D 3 min
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Stage 1 — Additions and Subtractions

Time limit: 1 minute 30 seconds.  Answer type: integer.

Q1. 47+ 28 = Answer: 75
Q2. 86 — 39 = Answer: 47
Q3. 284 + 367 = Answer: 651
Q4. 915 — 428 = Answer: 487
Q5. 640 + 235 — 118 = Answer: 757

Stage 2 — Multiplication and Fractions

Time limit: 2 minutes.  Answer types: integer, fraction (reduced form), or deci-

mal.

Q1. 72-6 = Answer: 432

Q2. 125-24 = Answer: 3000
7

Q3. <§) of 1600 = Answer: 1400

7
Q4. — + — = (reduced fraction) Answer: 10
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25
5 — = Answer: 5
Q v/25

Stage 3 — Simple Differentials

Time limit: 2 minutes.  Answer types: derivative expression or integer. Equivalent

notations were accepted (e.g. e*x and exp(x) ).

Q1. Differentiate f(z) =4x® — 7z +2. Enter f'(z). Answer: 122? — 7

Q2. Differentiate f(z) = (z? +1)(z — 3).  Enter f’(z) expanded. Answer:
322 — 6z + 1

Q3. Differentiate f(z) = e” +1In(x). Enter f'(x). Answer: e* +§

Q4. If f(x) = 2* — 62% + 9z, compute f'(3) = Answer: 0

Q5. If f(z) = sin(z) + 22, compute f'(0) = Answer: 1

Stage 4 — Difficult Differentials

Time limit: 3 minutes.  Answer types: derivative expression or integer. Partic-
ipants were required to apply the product rule, quotient rule, and chain rule where

applicable.

Q1. Differentiate f(x) = 2®In(x).  Enter f'(z). Answer: 2z n(x) + x
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3z + 2
x2

Q2. Differentiate f(z) =
3+ 4
-

Enter f’(x) in simplest form. Answer:

Q3. Differentiate f(z) =sin(x)e”.  Enter f'(z). Answer: e®(sin(x) + cos(x))

2
Q4. Differentiate f(z) =1In(1+ z?). Enter f'(z). Answer: | _:;2
Q5. If f(x) = cos(x), compute f'(0) = Answer: 0

Stage 5 — Complex Numbers and Integrations

Time limit: 8 minutes.  Answer types: decimal (1 d.p.), integer, or complex num-

ber in a + bi form.

Q1. Approximate /137 to 1 decimal place = Answer: 11.7

Q2. Approximate In(7) to 1 decimal place = Answer: 1.9
2

Q3. Compute/ (2x 4 3)dx = Answer: 10
0

Q4. Multiply (3 —4¢)(—2+5i) = (enter in a + bi form) Answer: 14 + 23i

Q5. Solve 22 +42+13=0 (enter ONE root in a + bi form)

Accepted answers: —2+3i  or —2—3i
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All logic, parsing and normalization can be found in the thesis repository https:

//github.com/sarakeskilohko/fer-adaptive-ui


https://github.com/sarakeskilohko/fer-adaptive-ui
https://github.com/sarakeskilohko/fer-adaptive-ui

	Introduction
	Research Objectives
	Scope and Limitations
	Structure

	Using Artificial Intelligence in User Interfaces
	Usability
	Human-Computer Interaction
	Image Recognition
	Facial Expression Recognition
	Facial Expression Recognition from Footage

	System Design for Case Study
	System Design
	System Logic
	Facial Expression Recognition Integration
	User Interface
	Data Acquisition and Logging
	Amazon Rekognition
	Google Vision
	Constraints in the Technology
	Ethical Aspects

	Empirical Study
	Research Design
	Procedure
	Data Analysis
	Limitations

	Results
	Evaluation of Facial Expression Recognition Systems
	Adaptive UI Behavior
	Task Performance
	Survey Reports

	Discussion
	Findings
	FER in Creating a User Experience
	Evaluation of FER model accuracy
	Constraints of the Experiment and FER Models
	Impact of an Adaptive User Interface

	Constraints and Limitations
	Future Work

	Conclusion
	References
	Post-Study Survey
	Math Task Question Bank

