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Figure 1: The Customer JourneyMap (CJM) for the Utility App under study, each line corresponding to the observer’s assessment
of emotional dynamic changes of the user study participants, values from strong negative to strong positive intensity, one line
per each participant, and average emotional dynamics.

ABSTRACT
User experience research plays a crucial role in software product
development, focusing on user perceptions of the product and the
emotions it invokes. However, many methods for measuring emo-
tions still remain subjective and can lack sufficient accuracy and
objectivity. We aim to address the subjectivity concern by propos-
ing a multi-method user research approach, which could be applied
in the context of interactions with software products and would
be scalable and repeatable in remote user testing conditions. We
combine self-reporting, behavioral observation analysis, direct user
speech, and AI-powered facial expression analysis. We evaluate
our method in two case studies with 15 participants, analyzing the
emotional responses of users interacting with a Utility App and an
App Marketplace, utilizing the Customer Journey Map Framework
for deeper insights into emotional dynamics shifts. The analysis
results indicate that, although AI analysis of emotions has limita-
tions, the overall methodology partially correlates with observer
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analysis. Both methodologies are more effective in reporting emo-
tional downs, while self-reported data tends to show emotional
shifts more boldly.
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1 INTRODUCTION
Emotions are central to User Experience (UX), significantly influ-
encing human perceptions, choices, and actions. The subjective
and complex nature of emotional responses, however, makes it
difficult to quantify and measure these experiences accurately. This
complexity is due to the unique and context-dependent nature of
emotional reactions, compounded by various cognitive biases, in-
cluding rationalization, memory recall, and the tendency to provide
socially acceptable responses.

Our work focuses on evaluating emotions in software usage,
recognizing their vital role in shaping decision-making and user
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interaction with products. We propose a multi-method approach in
which we account for the limitations and applicability of different
methods against our resources and objectives. For example, while
biometric techniques offer precision, they also demand in-person
participants, specific equipment, and software, which were beyond
our scope due to budget and logistical constraints. We employ sev-
eral emotionmeasurement techniques, namely self-reports, analysis
of behavioral observations, direct user comments, and AI-based fa-
cial expression recognition. We integrate them into into a Customer
Journey Map (CJM) for a holistic view of participants’ emotional re-
sponses. Artificial Intelligence (AI) emerged as a more viable option,
although it is not yet fully reliable in capturing and interpreting
emotional feedback due to cultural, individual, and contextual vari-
ations. Hence, incorporating human judgment and analysis was
essential, alongside direct user feedback and self-reports, to provide
a comprehensive understanding of the emotional dynamics shifts.

We evaluate our proposed methodology in two user studies
involving interaction with a desktop Utility App and an App Mar-
ketplace. In both studies, we aim to identify moments within the
user experience during software use that trigger negative emotions
in order to understand the underlying causes and develop strategies
to address them in future product development iterations. At the
same time, we aim to detect, highlight, and enhance interaction
aspects that provoke positive emotions.

Both user studies highlight the individuality of emotional ex-
periences, exemplifying diverse reactions among participants but
also highlighting common patterns. Direct user comments analyzed
through CJM emerged as the most precise and unbiased method.
However, self-reports provided deeper insights at key points of the
user journey. Interestingly, manual observations often coincided
with AI-generated facial expression analyses.

Our findings suggest that while AI-based emotion analysis has
its limits, it aligns to some extent with human observations. Both
these approaches effectively identify negative emotional responses,
whereas self-reports more vividly capture shifts in emotions.

2 RELATEDWORK
In the domain of User Experience (UX), the measurement of emo-
tional experiences encompasses a variety of methodologies, each
providing distinctive perspectives on user interactions and their
emotional reactions to products and services.

2.1 Self-reporting
Self-reporting techniques, such as surveys and questionnaires, cap-
ture subjective user feedback on emotional experiences. They rep-
resent a cost-effective and accurate alternative to more intrusive
biometric methods while capturing nuanced emotional responses
thatmight not be evident through behavioral observations alone. To-
day, various tools and frameworks are in use. In the social sciences,
the Positive Affect Negative Affect Schedule (PANAS) scale [47]
has been widely employed. The pleasure-arousal-dominance (PAD)
emotional framework [31] has been implemented in several mea-
surement instruments, including the Affect Grid [41] and the Self-
Assessment Manikin (SAM) [5].

A notable advancement in self-reporting surveys use came with
the adoption of Robert Plutchik’s wheel of emotions [35] depict-
ing the spectrum of emotions. A recent development in self-report
visual scales is embodied by the use of expressive animated car-
toons [27]. The Product Emotion Measurement Instrument [10]
(PrEmo) is designed to assess 14 different emotions that are com-
monly evoked by product design. Despite the progress on survey-
based measures of emotional response, the accuracy of self-reported
emotions is generally enhanced when they directly reflect the emo-
tions being felt at the moment [37]. Even in this case, though, there
are concerns that not all individuals are aware of and capable of
reporting on their momentary emotional states [24].

2.2 Biometric Methods
Biometric methods offer an objective lens through which to view
users’ emotional responses, utilizing data from physiological sources.
These include cardiovascular measures (heart rate, blood pressure,
total peripheral resistance, cardiac output, pre-ejection period, heart
rate variability), electrodermal responding (skin conductance level
or short-duration skin conductance responses), adrenaline levels,
neural images, perspiration, tears, and muscle activity. Some evi-
dence for autonomic nervous system specificity in differentiating
discrete emotions has been reported [6, 12, 44]. The key advan-
tage here is bypassing self-reporting subjectivity, although the
invasiveness and the need for specialized equipment can be seen as
downsides. Some studies promote the development of wearable con-
sumer electronic devices for monitoring human emotions, such as
emotional recognition using heart rate data from a wearable smart
bracelet [43]. Biosensor measures of valence and arousal, calculated
from Electroencephalography and Apple Watch, correlate with
self-reported valence and arousal measured by the EmojiGrid[20],
building a bridge between self-reporting and biometric methods.

Other options might be checking blood pressure, pupil dilation,
or skin conductance[28]. Instead of measuring heart rate, cortisol
levels could be tested through saliva samples[36]. Similarly, galvanic
skin response used widely in pre-testing marketing campaigns and
commercials, can be replaced by a voice pitch analysis[40].

2.3 Observing Behaviours
Kunin [22] proposed the use of facial expressions as scale descrip-
tors to visually depict an individual’s emotional state along a con-
tinuum from positive to negative rather than employing textual
descriptions or numerical values.

The concept that individuals communicate emotions through
facial expressions, as explored by Ekman [11] and Darwin [9], posits
that emotions have an adaptive role in communication, leading to
behaviors that inherently disclose one’s emotional state to others.

Another set of theories that links emotional states to action dis-
positions [14, 25]. According to these theories, it should be possible
to infer a person’s emotional state from vocal characteristics, facial
displays, and whole-body behaviors. Work by Paul and Friesen [34]
focuses on the configurations of facial muscular movements, which
have been shown to provide an accurate representation of the emo-
tions felt by an individual. Paul and Friesen’s “pictures of facial
affect” have been developed to measure perceptions of emotions
in others rather than as a self-report measure of an individual’s
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feelings. Facial behaviors appear to reliably indicate the valence of
a person’s emotional state[39]. That builds a ground for developing
qualitative research methods through interviews and observational
studies, providing a rich tapestry of emotional insights. They allow
researchers to delve into the ’why’ behind user emotions, offering
a depth of understanding that quantitative methods alone cannot
achieve. This approach underscores the importance of a contextual
and nuanced understanding of emotions, paving the way for more
empathetic and user-centered product development. However, the
approach has several drawbacks, including subjectivity bias and
interpretation challenges.

2.4 AI-based Facial Emotion Recognition
With the advances in deep learning, the popularity of AI-based
solutions for facial emotion recognition (FER) has soared in the last
decade [8, 16]. Researchers and practitioners are actively exploring
the applicability of this method of human emotional assessment,
both in regards to the precision of the technique [21], and its fitness
for use in diverse domains, such as tourist satisfaction when visit-
ing sites [15], videoconference user experience improvement [3],
or medical thermal imagery analysis [33]. AI-based FER is also
finding its use in various UX studies, as the recent systematic stud-
ies [29, 46] show. Multi-modality in AI-based FER techniques can
also refer to training machine learning (ML) models on diverse
datasets comprising audio, video, and biometric information [30],
which is out of the scope of this work.

2.5 Our Approach
While most of the approaches to emotional assessment are well-
established on their own, the multi-modal methods field is still
growing, especially when such studies incorporate AI/ML solu-
tions. We situate our work within the growing research area of
multi-method approaches to user emotions assessment in UX flow
analyses, which combine the aforementioned techniques. Such
combined approaches are reported in prior work, that combine
biometric and self-reporting methods for webpage [49] and aug-
mented reality apps [42] UX analysis, and emotional tension and
desirability of software features [17], or combine UX Curve and
self-reporting methods for mobile app UX analysis [13], evaluate
combinations of biometric and AI-based FER methods for UX tasks
in industry [26], report on technological product failure analysis
via facial recognition and eWOM data combination [18].

While we recognize the potential and value of biometric-based
methods, their dependence on specialized hardware limits their
broad adoption both from the infrastructure setup and financial
considerations. In our work, we focus on combining emotion as-
sessment methods that are less infrastructure-dependent and, thus,
more broadly applicable and scalable. We work with self-reporting,
observational, and AI-based FER techniques, that were shown to
combine naturally in the UX studies by recent research on multi-
method UX studies limitations in the context of software use [23].

Given our specific focus on software use, we rely on the Cus-
tomer Journey concept [45], previously successfully used in indus-
try research [4, 48]. Our work closely relates to that of [2], where a
Customer Journey Map is used to incorporate heterogeneous data

within a user study, with the difference that we do not employ
biometric-based methods.

3 PROBLEM AND METHODOLOGY
Defined as a complex psychological state, emotion typically emerges
as an instinctive response to a stimulus, occurring spontaneously
without conscious intent. This led us to the idea to assess the emo-
tional trajectory of users as they interact with our two products
(a Utility App and an App Marketplace) in a real-time setting. We
aim to identify the emotional triggers impacting users positively
and negatively at crucial points in their customer journey, creat-
ing a detailed map of the user emotional engagement. We employ
a methodology combining low-moderated usability testing with
several data collection methods, such as self-report questionnaires,
observational analysis, direct communication, and AI-based facial
emotion recognition.

3.1 Main Challenge
The principal challenge in quantifying users’ emotional reactions
during interaction with product interfaces lies in the subjective
nature of emotions themselves. Emotional experiences are deeply
personal and can vary significantly from one individual to another,
influenced by many factors, including personal history, expecta-
tions, and the context of the interaction. This variability introduces
a level of complexity that makes capturing a universally accurate
representation of users’ emotional states non-trivial. We hypothe-
size that by employing a multi-method approach we move towards
a more objective emotion evaluation.

3.2 User Study Participants
In both of our studies, we engage 15 participants, selected for their
alignment with the demographic characteristics of the existing
user base of the Utility App and the App Marketplace, via an online
platform dedicated to facilitating user studies. It was imperative that
these individuals had no prior exposure to both products, ensuring
that their feedback and reactionswould be uninfluenced by previous
experiences.

3.3 Defining the Customer Journey Map
We determine the most popular user flows for the Utility App and
the App Marketplace using data from Google Analytics and our
internally configured application analytics, based on the number of
unique user sessions. Utilizing this data, we identify the pathways
frequently navigated by newcomers and subsequently develop de-
tailed Customer Journey Maps for each product. These maps are
instrumental in foreseeing potential emotional shifts, enabling us to
designate specific collection points for self-reported emotional feed-
back and tracking the observations during the user study course.

3.4 User Studies
Our objective is to analyze the emotional triggers impacting users
at key junctures of their experience. To achieve this, we conduct all
sessions remotely via 60-minute video calls, during which partici-
pants share their screens. Written tasks lead participants through
each CJM phase, enhanced by two questionnaires designed to delve
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Figure 2: Emotional Spectrum, positive and negative emo-
tions.

into the user’s emotional experiences. Observers’ cameras are in-
tentionally deactivated to maintain the purity of user responses,
minimizing any external influence on their genuine reactions.

3.5 Observation
The observing researchers follow and pinpoint the frequency and
intensity of positive and negative sentiments expressed by users
at each step of the customer journey, providing their measure of
emotional response levels. Their evaluations include a 5-point scale
assessment of both verbal and non-verbal (behavioral) expressions
of sentiment, with ratings ranging from 1 (indicating strong neg-
ative emotions) to 5 (indicating strong positive emotions), based
on the observer’s subjective interpretation. The study also includes
such metrics as the number of user comments with negative and
positive sentiments in total and for each CJM step. This approach
helped to gain an understanding of the reasons behind emotional
ups and downs.

3.6 Self-reporting Questionnaires
Emotional Spectrum. The collection of self-reported data is de-

signed to ascertain both the valence (positivity or negativity) and
the intensity of users’ emotional responses. To facilitate this, our
questionnaire is structured around Russell’s circumplex model of
emotion [38]. The Emotional Spectrum tool is utilized at 2 pivotal
points in the user journey to record a broad range of emotional
experiences. Users are asked to assess their feelings of Frustration,
Confusion, Boredom, Excitement, Happiness, and Contentment
(Figure 2), providing a comprehensive insight into the emotional
dimensions encountered during their interactions with the Util-
ity App and the App Marketplace. At two key moments in the
respective CJMs, participants are asked to rate the intensity of their
emotions on a 1 to 7 scale, reflecting their experience (Figure 3).

Delight. In our study we also evaluate Customer Delight [1, 7, 19,
32]. Although there are various models of delight, they generally

Figure 3: Self-reporting questionnaire, assessing participants’
feelings of Frustration, Confusion, Boredom, Excitement,
Happiness, and Contentment, 1 to 7 scale.

include a positive reaction to an unexpected experience. According
to the Emotional Spectrum, delight is associated with high energy
and pleasure (see Figure 4). For our assessment, participants provide
responses to the statement “I felt delighted while using this app”
on a 7-point scale, from “Strongly Disagree” to “Strongly Agree“.

3.7 AI-Based Facial Expression Analysis
We aim to evaluate the efficacy of facial expression analysis tools
by comparing their outcomes with traditional assessment meth-
ods, with the ultimate goal of streamlining the time required for
such evaluations. To achieve a more nuanced understanding of the
emotional spectrum encountered by users, we explored various AI-
based tools tailored to our specific needs. The selected technology is
capable of recognizing a range of emotions and their intensities, we
employ it as third-party tool with expression measurement models
for the voice, face, and language, with an open API. The emotional
spectrum it analyzes is similar to that of our questionnaires, en-
compassing Confusion, Boredom, Excitement, and Happiness. We
conduct this analysis with an emphasis on the intensity of these

Figure 4: Delight in the Emotional Spectrum. Delight is asso-
ciated with high energy and pleasure.
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emotions, rated on a scale from 0.0 to 1.0, allowing us to delve
deeply into the emotional nuances experienced by the users during
product interface interactions.

To validate the efficiency of the AI-based approach for this par-
ticular study, we select a single user test recording for analysis,
for each type of software product under study, the Utility app, and
the App Marketplace. We have created an in-house dashboard that
finds anomalies in data and helps to understand the user emotional
dynamics at each CJM stage. The algorithms are calibrated on in-
terviews where a person’s face is located in the top left corner of
the interview recording frame. Ensuring the participant is facing
directly toward the monitor and front camera was crucial, as well
as minimizing any other visual elements that could include people’s
faces. Also we document the time codes for each step and segment
the recording, allowing the AI-based tool to exclusively analyze
the participant’s facial expressions during their interaction with
the app interface. It is crucial to isolate user reactions from any
potential bias introduced by their interaction with the research
platform, such as when reading instructions.

4 USER STUDY: THE UTILITY APP
4.1 Participants
We recruit 15 participants (9 females, 6 males; average age 42.5;
located in the USA; English native speakers) through an online
research platform. The pre-screening process is designed to evenly
distribute participants based on the existing segmentation of user
profiles. This segmentation is determined by the type of computer
they have and are using the most; the year of the device; previous
experience with the apps from the same product category. Addition-
ally, they had no prior experience using or exploring this particular
Utility App. All studies are conducted remotely via video confer-
ence calls, requiring participants to have an active front camera so
we could record and analyze their facial expressions. Participants re-
ceive compensation from the recruiting platform upon completing
the 60-minute study.

4.2 Customer Journey Map
Using the data gained from product analytics, we design a Customer
JourneyMap of themost common flow of the user new to this Utility
App prior to the user testing sessions. The defined CJM consists
of 30 steps starting with the landing page of the Utility App (CJM
Step 1), followed by the downloading and installation of the Utility
App (CJM Steps 2-6), opening it for the first time (CJM Steps 7-9),
running the main App’s feature (CJM Steps 10-13), starting a free
trial account (CJM Steps 14-23), returning to the App to complete
the main task (CJM Steps 24-30).

The CJM serves as a foundational framework for our subsequent
user testing. By mapping out the user journey, we highlight key
interaction points within the app, which allows us to pinpoint stops
where users experience significant emotional shifts.

4.3 Incorporating the Observer Data
Observers assign subjective ratings from 1 to 5 (where 1 is strong
negative emotions, 3 is neutral, and 5 is an exceptional positive
reaction) reflecting shifts in the participants’ mood during the user
test.

Average emotional change. By evaluating the average emotional
level across respondents, we obtained a generalized picture, ac-
counting for outlier cases, see Figure 1. The overall flow didn’t
cause significant emotional drops or peaks of excitement for the
majority, indicating no major design flaws eliciting strong negative
reactions or, conversely, exceptional excitement. However, some
common patterns are observed. For instance, a drop when the user
faces the necessity to sign up for a trial to continue the process (CJM
Step 14, 2.93 out of 5); emotional rise when the task is completed at
the end of the journey (CJM Step 29, 4.2 out of 5).

Emotional changes per user. Collecting data for each interviewee
allowed us to understand that not every user experiences emotional
shifts; some remain neutrally indifferent through the app’s flow, as
shown in the Figure 1. However, observations enabled us to discern
what emotional changes are possible, under what circumstances
they occurr (specific events within the app that trigger such emo-
tions), and their intensity. We focus on peak points and drops to
pinpoint exactly what aspects of the app caused these emotional
changes. If a particular behavior or attitude is observed in even one
participant out of our sample, this could likely be observed within
the broader population, so we record that too.

Emotional drops generators. We observed that 6 steps on the CJM
triggered emotional drops in some users: a UX issue during the
installation process (Step 3); looking for the App to open it (Step
6); facing the need to sign up for a trial account (Step 14); facing
the need to enter credit card information (Steps 19-20); difficulties
with returning to the app after signing in (Steps 21-25); facing an
unexpected pop-up (Step 27). Most of the mentioned emotional
drops were caused by unexpected user interface behavior and/or
the need for a commitment.

Positive emotions drivers. Four steps on the CJM lead to a positive
emotional shift in some respondents: opening the app after the
installation process (Step 9); a screen showing the preliminary
results of the main feature running (Step 12); a success screen after
signing up for a trial (Step 20); and a success screen after finishing
the task (Step 29). It is worth mentioning, that all observed cases
were linkedwith the feeling of accomplishment during the customer
journey.

Analyzing emotional changes for each user revealed that certain
stages (e.g., Step 20), could significantly drive positive emotions.
However, due to the UX design flaws, these same stages could also
lead to frustration among users who encounter these specific UX
issues.

4.4 User Comments as Data
Each step on the CJM is enriched with user comments, both positive
and negative. Direct quotes from users serve as a powerful data
source, helping to determine the triggers of emotional state changes
in subsequent analysis of emotions.

4.5 Incorporating Self-Reporting Data
To augment our methodology with quantitative data, we implement
two self-reporting questionnaires at key points within the CJM. The
Emotional Spectrum questionnaires are placed accordingly: a) after
opening the app (Step 9); b) after creating a trial account (Step 25).
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Additionally, we measure the Delight Rate at the end of the user
journey to gauge overall satisfaction and emotional uplift (Step 30).
These points on the CJM, identified through our hypotheses, are
anticipated to trigger significant mood changes in users.

Table 1: First Questionnaire results. 1 to 7 scale, distribution
of the number of respondents per each answer, % of total
respondents

Emotion 1 2 3 4 5 6 7
Frustration 67% 13% 13% 0% 7% 0% 0%
Excitement 0% 0% 13% 20% 13% 40% 13%
Confusion 73% 13% 0% 7% 0% 7% 0%
Happiness 0% 0% 7% 27% 20% 33% 13%
Boredom 60% 20% 7% 13% 0% 0% 0%

Contentment 0% 0% 7% 40% 0% 33% 20%

First Questionnaire. Participants reported low levels of negative
emotions (1 to 7 scale; average per sample): Frustration = 1.67,
Confusion = 1.67, Boredom = 1.73; medium level of positive ones:
Excitement = 5.2, Happiness = 5.2, Contentment = 5.2. However,
respondents were more inclined to report the absence of negative
emotions than assigning the highest positive rating to positive emo-
tions. Overall, 10 respondents (67%) reported the lowest possible
levels of Frustration, 11 respondents (73%) reported the lowest possi-
ble levels of Confusion, and 9 respondents (60%) reported Boredom;
however, just 2 respondents (13%) reported the highest levels of
Excitement and Happiness accordingly, and 3 respondents reported
the highest levels of Contentment. See Table 1 for details.

Second Questionnaire. Fewer respondents reported low levels of
negative emotions compared to the First Questionnaire: Frustra-
tion (4 respondents, -40%) and Confusion (7 respondents, -26%);
11 respondents reported the lowest level of Boredom (+13%). The
number of respondents that reported the middle levels (answer 4
out of 7) of Excitement, Happiness, and Contentment rose: +27%,
+13%, and +7%, respectively. See Table 2 for details.

On average, respondents reported higher levels of Frustration =
3.13 (+1.46) and Confusion = 2.47 (+0.8); a bit lower level of Boredom
= 1.53 (-0.2); and lower positive emotions: Excitement = 4.6 (-0.6),
Happiness = 4.47 (-0.73), Contentment = 4.8 (-0.4), as shown in
Figure 5.

Table 2: Second Questionnaire results. 1 to 7 scale, distribu-
tion of the number of respondents per each answer, % of total
respondents. Arrows show the change compared to the First
Questionnaire (increased, decreased)

Emotion 1 2 3 4 5 6 7
Frustration ↓ 27% 20% 7% ↑ 27% 7% 7% 7%
Excitement 0% 7% 7% ↑ 47% 7% ↓ 27% 7%
Confusion ↓ 47% 7% 13% 20% 13% 0% 0%
Happiness 7% 7% 0% ↑ 40% 20% 20% 7%
Boredom ↑ 73% 7% 7% 13% 0% 0% 0%

Contentment 0% 7% 7% ↓ 33% 20% 20% 13%

Figure 5: Dynamics of the average emotions rates, data from
First and Second Questionnaires compared, 1 to 7 scale.

Delight Rate. 8 out of 15 respondents reported being delighted
with the Utility App, opting for the highest ratings of 6 and 7,
resulting in an average score of 5.07. Together with the observed
and discussed earlier shift towards negative emotions, we conclude
that certain interface behaviors are likely to trigger an emotional
decline in the middle of the CJM, as shown in Figure 6.

Figure 6: Delight rate. 1 to 7 scale, % of total respondents.

4.6 AI Facial Analysis Results
The AI-based FER analysis focused on Boredom, Confusion, Excite-
ment, and Happiness. The emotional intensity scale spans from 0.0
(not observed) to 1.0 (intense). The general tendency goes in line
with the data gathered by the observer and self-reported data: we
see the drop in Excitement and Happiness that happened after 00h
20min (Figure 7). The timing corresponds to Step 15 of the CJM (the
user faces the necessity to sign up for a trial and create an account
to continue).

Happiness emerged as the leading emotion throughout the cus-
tomer journey, showing a broad range from 0.09 to 0.91, with peak
intensities at Steps 1, 9, 13, and 26. Similarly, Excitement peaked at
the same steps of the CJM, however, with a lower intensity, ranging
from 0.05 to 0.62. The analysis revealed that Boredom exhibited a
higher intensity range (0.09 - 0.61, peaking at 0.99) compared to
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Boredom

0.4326369

0.5015686

0.06394072

0.0919989

Excitement Confusion Happiness

Figure 7: AI Facial Expression Intensity Analysis, 0.0 to 1.0 scale (Frustration, Confusion, Boredom, Happiness).

Confusion, which ranged from 0.09 to 0.55, with specific peaks oc-
curring at Steps 6-7, 13, 15, and 22-23. Notably, the highest recorded
Boredom level (0.99) occurred when a respondent was engaged in
reading the description on the interface page.

However, it’s worth noting that the AI-based approach to emo-
tion detection has its limitations and does not always accurately
convey human emotions. We observed that it has difficulty distin-
guishing smiles arising from surprise, discomfort, nervousness, and
genuine joy from interacting with the app. For example, at Step 13
of the CJM, where the respondent finishes utilizing the main feature
of the app, the AI analysis indicated a high level of happiness (0.83)
for a respondent. Yet, the observer notes a drop in excitement and
a low level of happiness at this point. This discrepancy highlights
challenges in relying solely on AI for emotional analysis.

5 USER STUDY. THE APP MARKETPLACE
5.1 Participants
We recruit 15 participants (7 females, 8 males; average age 37.4)
through an online research platform with diverse worldwide partic-
ipants. The pre-screening process is designed to evenly distribute
participants based on the existing segmentation of user profiles.
This segmentation is determined by Software Awareness (Light,
Moderate, and Power users), which considers the number and types
of desktop applications installed (excluding pre-installed applica-
tions) and the amount of time spent on the computer per week
(ranging from 10 to 30+ hours). We recruit 5 Light users, 5 Mod-
erate users, and 5 Power users. Additionally, they had no prior
experience using or exploring this App Marketplace. All studies
are again conducted remotely via video conference calls, requiring
participants to have an active front camera and screen sharing, so
we can record and analyze their facial expressions and and actions.
The platform compensates the participants upon completing the
60-minute study sessions.

5.2 Customer Journey Map
The defined Customer Journey contains 20 steps and begins with an
overview of the main page on the App Marketplace website (Steps
1-5), then progresses to signing up (Steps 6-8), activating a free
trial (Steps 9, 10), downloading (Step 11), and installing the desktop
product App Marketplace (Steps 12, 13), completing an overview
(Steps 14-16), and finally installing and experiencing a Vendor’s
app (Steps 17-20). Throughout the entire customer journey, users
have one primary task to complete: finding a solution to enhance
their screenshotting experience on their computers. Consequently,
they need to locate the appropriate Vendor’s app, install it, and
take a screenshot. The whole journey can be divided into 3 main
stages: the first is the website experience (Steps 1-11), the second
is the Desktop App Marketplace (Steps 12-16), and the third is the
Vendor’s app (17-20). The Emotional Spectrum questionnaires are
administered after completing the Sign-up process (Step 10) and
upon finding the proper Vendor’s app within the Marketplace (Step
16). At the end of the journey (Step 20), an assessment of overall
user delight is conducted.

5.3 Incorporating the Observer Data
Average emotional change. We observe that the average magni-

tude of emotional fluctuations throughout the customer journey
is insignificant, ranging from 2.4 to 3.33 (Average = 2.86); that is,
there are generally no extremely negative or positive moments.
However, certain steps do show more noticeable fluctuations. It
starts from Step 3, which is finding the app that will help to com-
plete the task on the website. The average rate of Excitement there
is 3.33 (+0.47 from the average 2.86). The second emotional uplift
happens at Steps 14 and 15, where the participants finish the instal-
lation process and start the onboarding to the App Marketplace,
rated 3.07 (+0.21). The third uplift occurs at Step 16, 3.13 (+0.27)
when choosing an application to perform a task; there is a slight
emotional uplift, characterized by joy and intrigue, stemming from
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CJM | App Marketplace

1st questionnaire 2nd questionnaire Delight

Exploring website Signing up for trial account Marketplace overview and search Interacting with the vendor’s appInstalling App Marketplace

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Figure 8: Customer Journey Map for the user study of the App Marketplace use, observer’s assessment of emotional dynamic
changes from strong negative to strong positive intensity for each participant, and average intensity dynamics.

the anticipation that the user had found what they were looking
for. We observe an emotional drop almost immediately when users
experience the number of required steps for app installation (Step
17), granting permissions for screen recording and full disk access
(Step 18), rated 2.4 (-0.46), and eventually, the difficulty some par-
ticipants experience in finding the app’s interface at Step 19, rated
2.71 (-0.15), and the necessary functionality within the application
at Step 20, rated 2.33 (-0.53).

Emotional changes per user. We also combine the observers’ as-
sessments (from 1 to 5) with the participants’ direct speech and
identify the reasons for such changes in their reactions. If a specific
behavior or attitude is observed in even one participant out of a
sample of 15 people, it could likely be observed within the broader
population.

5.3.1 Emotional drops generators. We observe 7 steps that trigger
the most frustration among 5 users (given the lowest rate of 1): shar-
ing the name (Step 8); sharing credentials (Step 10); downloading
the App Marketplace application (Step 11); granting permissions
(Step 13); installing the Vendor’s app (Step 17); interacting with
the Vendor’s app (Steps 18-19). The most common reason for these
is a mismatch between the expected actions needed during the
installation process of the App Marketplace and the Vendor’s app.
Participants expected to be able to install apps without providing
any personal details. Additionally, technical bugs were encountered
in Step 8 and Step 10, where input fields were disabled.

Positive emotions drivers. The 2 most exciting steps (rated 5) for
participants were when they found the right Vendor app in the
marketplace (Step 16) and saw the full functionality of the Vendors’
apps (Step 19), realizing these could perform more complex and
useful actions.

We observe that the same step, such as Step 19 “Launch vendor’s
app,” could act as both an emotional drop generator and a positive
driver for different participants. Users who are more knowledgeable
about software (Power users) andwith prior experience using utility
apps were more likely to experience positive emotional uplifts
(given rates 4 and 5). Meanwhile, those less familiar with such apps
(Light users) tended to be more frustrated and negative (given rates
1 and 2).

5.4 Incorporating Self-Reported Data
First Questionnaire. Generally, participants’ self-assessments of

their emotions begin with low levels of negative emotions: Frustra-
tion = 1.53, Confusion = 1.73, Boredom = 1.33) and medium levels
of positive ones: Excitement = 4.2, Happiness = 4.2, Contentment
= 3.93. We observe that Contentment is the emotion that partici-
pants felt less intensely than Excitement and Happiness, by 0.27
points (see Table 3). Respondents were more likely to give nega-
tive emotions the lowest rating of 1 while showing reluctance to
assign a higher positive rating of 7 to positive emotions. However,
we recommend analyzing the data as percentages of given ratings,
ranging from 1 to 7, for each emotion, rather than the absolute
numbers.

Table 3: First Questionnaire results. 1 to 7 scale, distribution
of the number of respondents per each answer, % of total
respondents

Emotion 1 2 3 4 5 6 7
Frustration 80% 7% 0% 7% 7% 0% 0%
Excitement 7% 7% 13% 27% 33% 7% 7%
Confusion 60% 13% 20% 7% 0% 0% 0%
Happiness 7% 7% 13% 27% 27% 20% 0%
Boredom 87% 0% 7% 7% 0% 0% 0%

Contentment 20% 0% 7% 20% 47% 7% 0%

Only one participant, P3 (Moderate user), rated their positive
feeling (Excitement) with the highest score of 7 in the first ques-
tionnaire. The lowest score of 1 for positive emotions, was given by
only one participant, P9 (Medium user), for both Excitement and
Happiness. Contentment received the lowest score of 1 from three
participants: P2 (Power), P11 (Moderate), P14 (Light). When exam-
ining the extreme ratings for negative emotions, we do not find
instances of the highest possible rating of 7. In the first question-
naire the highest given rate is given to feeling Frustration, and it’s
5 (only 1 participant, P12. Moderate). For Confusion and Boredom
only one participant, P4 (Power), gave the highest rate of 4.



Evaluating a Multi-method Approach for User Emotional Dynamics Assessment in Software UX Conference’17, July 2017, Washington, DC, USA

Table 4: Second Questionnaire results. 1 to 7 scale, distribu-
tion of the number of respondents per each answer, % of total
respondents. Arrows show the change compared to the First
Questionnaire (increased, decreased)

Emotion 1 2 3 4 5 6 7
Frustration ↓ 67% 7% 7% 0% 7% 13% 0%
Excitement 13% 7% 13% ↓ 20% 13% ↑ 20% 13%
Confusion ↓ 53% 13% 13% 7% 0% 13% 0%
Happiness 7% 7% 7% 27% 7% ↑ 33% 13%
Boredom 87% 7% 7% 0% 0% 0% 0%
Contentment 20% 13% 13% ↑ 27% 0% ↑ 27% 0%

Second Questionnaire. After the second measurement, users were
generally more conscious of their judgments. The level of negative
emotions, Frustration, and Confusion, slightly increased: Frustra-
tion = 2.13 (+0.6 points), Confusion = 2.27 (+0.54 points), and only
Boredom marginally decreased = 1.2 (-0.13 points). The level of Ex-
citement remained nearly unchanged at 4.27 (+0.07 points), while
Happiness saw an increase to 4.6 (+0.4 points). Only Contentment
experienced a decrease, moving to 3.53 (-0.4 points) (Table 4; Fig-
ure 9): No observed differences were found in the self-reported data
among Power, Moderate, and Light users.

Delight. Almost half of the participants (7 out of 15) expressed
delight with the App Marketplace, selecting ratings of 6 and 7
(Figure 10). As a result, the average rating amounted to 5.2. However
we consider evaluating data in dynamics and in comparison rather
than reporting absolute average values.

5.5 AI Facial Analysis Results
Our observations indicate that Confusion is the predominant emo-
tion encountered throughout the journey, generally ranging from
0.44 to 0.55, with its most intense occurrences (at Steps 4, 19, and
20) reaching up to 0.66. The second most intense emotion identified
is Boredom, with a maximum of 0.64 observed at Steps 4, 10, and
12. Happiness was noted for having nearly 4 significant spikes,
varying from 0.58 to 0.67 at Steps 1, 4, 10, 12, and 20, yet it remained
low, between 0.04 and 0.13, during other times, but remains low

Figure 9: Average emotions rate, data from First and Second
Questionnaires compared, 1 to 7 scale.

Figure 10: Delight rate. 1 to 7 scale, % of total respondents.

0.04-0,13 at all other times. Excitement was observed to be the least
intense emotion, with its intensity ranging from 0.03 to 0.56 and
displaying 5 notable spikes at the same steps as Happiness, which
ranged from 0.42 to 0.57 (at Steps 1, 4, 10, 12, and 20). (Figure 11)

Conducting a reality check for data accuracy through human
analysis is essential. For example, AI-based technique recognized
the highest levels of positive emotions, such as Excitement (0.57)
and Happiness (0.67), during a moment when the user was, in
fact, experiencing significant frustration, manifested through a
forced smile at Step 10. This misinterpretation arose when the
participant faced a bug that blocked them from inputting their
payment information and activating the trial at Step 10.

6 DISCUSSION
The objective of our multi-method study was to identify interaction
points within the primary user flow of software products use that
could elicit negative emotions, with the aim of mitigating these
effects. Additionally, the study sought to identify positive triggers
within these emotional aspects to facilitate scaling. Below, we dis-
cuss our findings.

6.1 Approach Comparison
Retrospectively, we assessed each approach on four criteria (value,
complexity, accuracy, and potential) using a scale of low, average,
and high, as detailed in the Table 5:

• Value refers to the quality of data obtained through the
methodology, which could be transformed into actionable
insights.

• Ease relates to the consumption of time and resources.
• Accuracy denotes our evaluation of the data’s veracity.
• Potential pertains to the scalability and adaptability of the
approach, indicating future focus areas.

For value, we conclude that observational methods and Cus-
tomer Journey Maps that include direct user feedback provide
the most actionable insights for improvement. Self-reported
data, while less actionable, offers a broader understanding of
emotional change dynamics and can be compared with sub-
sequent measurements. AI-based FER insights failed to yield
novel information.
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Figure 11: AI Facial Expression Intensity Analysis, 0.0 to 1.0 scale (Frustration, Confusion, Boredom, Happiness).

Table 5: The results of internal assessment of used types of
approaches, conducted by the study team

Method Value Ease Accuracy Potential
CJM, including di-
rect speech

High Average High High

Observation
marks

High High Average Average

Self-Reported
Data, Emotions

Average High Average Average

Self-Reported
Data, Delight

Average High Low Low

AI facial analysis Low Low Low High

The AI approach turned out to be the most complex one, requir-
ing significant resources. We find self-reporting and observational
methods to be the least complex, demanding minimal researcher
effort. Given the biases considered (rationalization, recall, social ac-
ceptability), we deem direct feedback in CJMs as the most accurate,
whereas self-reported Delight data displays inconsistencies with
other methods. AI-based FER technique we employed was also rated
lower in accuracy, as we observed that despite AI’s proficiency in
facial expression recognition, the lack of contextual understanding
leads to false positives. AI-based FER technique, however, received
the highest mark in potential. We anticipate that with technological
advancements, AI could become more efficient and provide imme-
diate post-session results. Contextual understanding, crucial for
empathetic engagement and broader emotional spectrum analysis,
remains a human domain. CJM also received a positive potential
rating, suggesting future optimization to reduce complexity of its
application. The scalability of the Delight [1, 7, 19, 32] measurement
received a low mark, as this metric exists in the industry, but there
is no consensus on how to model delight. There is limited potential
for scaling this method in a specific study, but we recognize its
potential for quantitative measurement in a live product.

Overall, employing multiple approaches yielded a more compre-
hensive overview than using them imdependently.

6.2 Study Outcome
Through questionnaires and observations, we gained insights into
customers’ emotional interactions with the software, delineating a
detailed emotional journey. We identified emotional shifts within
this journey, highlighting the most and least engaging moments.
Emotional lows pinpointed areas requiring immediate improve-
ment to enhance user experience, which we have incorporated into
the UX Backlogs for future software updates. Positive emotional re-
sponses were documented as best practices, guiding future product
modifications.

7 CONCLUSIONS AND FUTUREWORK
The subjective nature and the complexity of emotional responses
make them difficult to quantify and measure. Our study showed
that orchestrating several emotion assessment methods can enrich
collected data. We find the most important part of this study is its
direct results application to improve user experience of the Utility
App and the App Marketplace. Part of the study gave us actionable
insight into what can be improved. Another part gave data that
can show the emotion dynamics change over time. Our approach
refers to continuous testing, collecting data, mitigating negative
emotional factors, and enhancing positive ones, that leads to higher
user engagement, higher user satisfaction, loyalty, retention, and
brand perception.

Our future work will focus on continuously extracting actionable
enhancements and evaluating their impact on emotional feedback,
with measurements planned annually or after major updates. In
future evaluations, we will incorporate previous findings and ex-
plore advancements in AI to improve the efficiency of our analysis.
Another possibility is considering sentiment analysis over user’s
comments and interview transcripts, as a complementary emotion
assessment technique.

Our initial cycle covered two software types, demonstrating
the applicability of our methodology. In the next phase, we plan to
extend our research to additional products, e.g., to software from the
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Security category, with the aim of further refining the applicability
of our approach.
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