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Abstract

As Al assistants shift from answering questions to executing ac-
tions, small interaction choices can influence users’ moment-to-
moment experience. We report an exploratory lab study (N=20)
measuring users’ Emotional Background (EB) during three local
device-maintenance tasks in a prompt-based assistant and a menu-
based baseline interface. We derived an EEG-based EB index and
triangulated it with eye tracking and post-task questionnaires. EB
trajectories were task-dependent: the prompt-based assistant pro-
duced higher EB for straightforward app deletion, while the baseline
yielded higher EB for malware checking and troubleshooting. EB
decreases appeared to cluster around three interaction moments:
formulating an initial request, encountering negatively framed
system-health terminology, and processing rapid or ambiguous
automation of consequential actions. Survey responses indicated
greater willingness to delegate non-personal tasks than personal
communications. We discuss these patterns as preliminary evidence
and outline design considerations for pacing, framing, transparency,
and prompt scaffolding.

CCS Concepts

« Human-centered computing — User studies; Laboratory ex-
periments; Empirical studies in HCIL.
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1 Introduction

This is a test local citation [31]

Artificial Intelligence (AI) technology is increasingly being incor-
porated into apps and websites, with Al Assistants (AIAs) emerging
as one of the most promising and rapidly evolving applications. As
AlAs shift from answering questions to executing actions, interac-
tion becomes a negotiation of control. Small design choices, such as
confirmation, pacing, framing, and explanation, may shape users’
comfort in the moment. In this work, we adopt a product-centered
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perspective on Emotional Background (EB) and analyze how de-
sign choices, system behavior, and User Experience (UX) writing
shape the user experience. To ensure conceptual clarity, following
Damasio’s concept of "background feeling" [12], we define EB as an
ongoing, low-intensity feeling internalized in the body that contin-
uously affects our conscious experience. While these feelings are
subtle, unlike emotions in a traditional sense, and can go unnoticed
by the person, analyzing them with an Electroencephalogram (EEG)
can provide insight into the background of bodily sensations that
precede and shape our emotional responses. The importance of EB
during app usage [22] is especially significant for first-time users
[13] as it can strongly influence their early experience with the
product. Ignoring EB can affect users’ early experience, customer
loss, and long-term retention. Additionally, using EB as an evalua-
tion method helps anticipate user stress and discomfort, promoting
a more user-centered approach that improves both retention and
satisfaction. While prior work has examined trust, adoption, and
attitudes toward Al assistants, less is known about how users’ affec-
tive state fluctuates during the moment-by-moment execution of
assistant-mediated tasks. In this work we investigate how various
tasks in a prompt-based AIA for local device maintenance affect
users’ EB, how EB differs between personal and non-personal tasks
delegated to an AIAs, and how EB changes can be captured during
task completion. We measured users’ EB across several tasks, identi-
fied the most prominent drops, and conducted a survey to examine
how users feel about delegating specific tasks to an AIA. Based on
these findings, we present preliminary design considerations and
hypotheses for creating AIA interfaces that support a more positive
and stable EB during interaction.

2 Background

Previous research on AIAs and Al-based chatbots has examined
anthropomorphic features and personality [24] [18] [27] [33], user
relationships with AIAs [29][23], emotional attachment [9] [4][3],
and trust as a driver of adoption and retention [25] [16]. Prior work
also suggests a link between EB and trust in interfaces, showing
that positive emotions can increase trust [11] and shape users’
willingness to engage with AIAs in everyday contexts [30] [8] [2].
However, most of this work emphasizes attitudes toward AIAs
rather than users’ moment-to-moment affective experience during
task execution, which may be especially important, as interaction
unfolds through system initiative, prompt interpretation, and vary-
ing degrees of automation.

To assess such affective responses during interaction, prior HCI
and neurophysiological research has used several measurement
approaches, including the Layered Emotion Measurement tool [10],
and multimodal approaches that combine screen recordings, facial
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recognition, galvanic skin response, and questionnaires [17]. In this
research, we use EEG to track moment-to-moment changes in EB
and relate them to specific interface events during task completion.

Russell’s circumplex model [26] provides a basis for interpreting
emotional responses along valence and arousal dimensions. In this
study, we use it to interpret EEG-based EB results as indicators of
users’ affective responses during interaction tasks, with higher EB
values indicating more positive affect and lower EB values indicat-
ing more negative affect. More positive affect may suggest greater
openness or engagement, while more negative affect may suggest
caution, defensiveness, or disengagement [20]. This is relevant for
interface evaluation because users may perceive one interface more
favorably than another due to a more pleasant emotional response,
even when traditional usability metrics are similar [1]. This mo-
tivates our focus on EEG-based EB to examine how Al-assisted
interaction design may shape users’ moment-to-moment emotional
responses during task execution.

3 Method

To evaluate users’ EB during task completion, we used an ex-
ploratory mixed-methods lab design that combined EEG, eye track-
ing, post-task questionnaires, and interview responses. This design
was chosen to capture both time-resolved physiological changes
during interaction and participants’ subjective interpretations after
task completion. EEG was used to identify moment-to-moment
EB fluctuations, eye tracking helped link these fluctuations to spe-
cific interface events, and the survey contextualized participants’
attitudes toward delegating personal and non-personal tasks to an
ATA. Physiological data were interpreted in relation to interface
events and contextual participant feedback rather than as stan-
dalone indicators of emotional state. The study was conducted by
Beehiveor, the Ukrainian Center of Neuromarketing and Behavioral
Research!, an independent third-party organization compensated
for its services. We recorded EEG and eye-tracking data to capture
time-resolved physiological changes and link them to specific in-
terface points. EEG was recorded with a Neuroelectrics Starstim 20
(20-channel) system (1000 Hz per manufacturer specifications), and
gaze data were captured with a stationary Gazepoint eye tracker.
The test followed a within-subject design, in which all participants
performed the same three tasks illustrated in Table 1, in two in-
terfaces (Oasis, CleanMyMac), in counterbalanced order and com-
pleted identical surveys after the completion of the task. The study
was conducted in person in a controlled office setting.

3.1 Recruitment and Participant Details

A total of 20 participants (10 men and 10 women, aged 20-30) were
recruited by the Ukrainian Center of Neuromarketing and Behav-
ioral Research and compensated for their participation. From a
pool of willing participants, individuals were randomly selected
to reduce sampling bias. All participants were informed about the
study’s design, goals, methods, and the technology used, and pro-
vided informed consent prior to participation. Participation was
voluntary, and participants could pause or withdraw at any time
without penalty. Between tasks, participants were offered short
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breaks to mitigate fatigue. Participants reported moderate tech-
nical literacy and sufficient familiarity with the task domain to
complete the study. None had prior experience with the prototype
interface. Before the tasks, participants completed a short briefing
and equipment setup/calibration. Raw EEG and eye-tracking data
were anonymized during collection and permanently deleted af-
ter the report and statistical analysis were completed. The study
was conducted in accordance with the ACM Publications Policy on
Research Involving Human Participants and Subjects.

3.2 Study Materials

We developed an Al-based assistant, hereafter referred to as "Oasis"
(Fig2), that can interact with the user’s local environment, perform
actions on the user’s computer, access personal documents and files
with permission, display system status, suggest apps, and generate
different output formats, as illustrated in Fig. 1. For this study, all
Oasis outputs were triggered either by user prompts or by system
status, and actions were completed only with the user’s permission.
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Figure 1: AIA possible workflows

Clean Disk Space ,Z\

Close these apps to speed up
your Mac and preserve battery
life

Macintosh HD (69.0%)

Cleanup 49.77 GB

my mac is overheating
’Z\, Uninstall unused apps

Close these apps to speed up your Mac
and preserve battery life

Figure 2: Oasis interface with multiple potential outputs
shown beside the input field for illustrative purposes.

For this case study, to measure EB in an AlAs, we also needed
a "baseline" of EB levels for the same tasks in a predetermined,
dynamic graphic interface. We compared Oasis to "CleanMyMac"
(CMM) 3, a familiar menu-based Mac optimization utility with
comparable functions. This baseline interface represented a con-
ventional, predefined graphical Ul allowing us to contrast it with
Oasis’s generative, prompt-based interaction model.
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Table 1: Task Description and Success Criteria

# Task Description

Success Criteria

Delete the unused apps on your computer.
Check if your computer has any malware.

3 Your computer is overheating, and you don’t know why. Find

out the reason and fix it.

User deletes his unused apps.

User can certainly say whether there are any viruses on their
computer.

User finds what would solve the problem in their opinion, and
is satisfied with the result.

@ systom unk
& proto
& Mail Attachments

Welcome to CleanMyMac X

Start with a nice and thorough scan of your Mac.

)

Figure 3: CleanMyMac baseline interface used for the study.

3.3 Data Evaluation

Although EEG was collected across channels, our analysis focuses
on the right temporal region (T4) as a proxy for within-task affective
fluctuations. Given EEG’s limited spatial specificity, we interpret
this metric as a relative within-participant signal and triangulate
it with eye-tracking and questionnaire responses for context. The
Emotion Understanding Index is derived from EEG data by ana-

lyzing brain activity in the right temporal region (T4). It is calcu-
theta + alpha

beta + gamma "
the balance between lower-frequency activity (theta and alpha),

commonly associated with a relaxed wakeful state [14] [15], and
higher-frequency activity associated with active task processing
and emotional responses (beta and gamma) [7]. This EEG-based
ratio approach is consistent with prior work [19] in affective com-
puting and neuroscience. However, it is important to emphasize
that EEG does not explain the causes behind peaks or drops in
EB. Instead, it operates in a binary manner, indicating whether a
user’s emotional response increases or decreases at a given moment,
without fixed boundaries.

To examine whether the descriptive differences observed in mean
EB values were statistically supported, we conducted separate one-
way ANOVA tests for each task, comparing EB values between the
two interface conditions. Because this was an exploratory study
with a small sample, the tests were used to identify patterns for in-
terpretation rather than to establish generalizable effects. This task-
level analysis was selected to remain consistent with the study’s
comparative design and to allow future extensions with additional
interface conditions or task types.

lated using the formula: Index = This ratio reflects

4 Findings
Across all three tasks, CMM generally showed higher EB than Oasis.
In Task 1, CMM was higher at most steps, particularly during “App
Opening” and “Action,” although the interface difference was not
statistically significant, F(1, 6) = 1.76, p = 0.233. In Task 2, CMM
maintained higher EB across all steps, while Oasis showed especially
low values during “App Opening” and “Seeing Results”, F(1, 6) =
5.89, p = 0.029. In Task 3, CMM again showed higher EB across most
steps, especially during “App Opening” and “Action”, F(1, 6) = 5.70,
p = 0.038. The results suggest that interface design significantly
shapes users’ EB within interfaces, but it is strongly task-dependent.
The figures below show the arithmetic mean of EEG EB mea-
surements for all participants at each task step, reflecting users’
relative EB levels. The indices shown in the Y-axis are the activity
of the brain, which is measured in arbitrary units that do not have
fixed boundaries and are interpreted relative to the task.

Task 1: Delete the unused apps on your computer. During the
"action" step, Oasis showed lower EB (Fig. 4).

B oasis cMM

0,35
0,30

0,10
0,05
0,00 A

APP OPENING DELIBERATING ACTION

EMOTION
UNDERSTANDING INDEX

SEEING RESULTS

Figure 4: EB Results for Task 1

This may be explained by the constrained choice set in the Oa-
sis prototype, which reduces cognitive load [34] and speeds up
decision-making, but may also lead to a more detached or neutral
emotional response because there are fewer elements for users to
engage with emotionally. For example, when users were tasked with
uninstalling apps with Oasis, the process was completed so quickly
and effortlessly that it caused confusion and wariness. During the
test, most users were startled by how immediate and seamless the
action was, especially since uninstalling an app is typically seen as a
major, irreversible step. The lack of friction or a clear confirmation
step left some users uncertain (therefore lowering their EB), as they
expected greater gravity for such a significant task.

Task 2: Check if your computer has any malware. Some indicators
for Oasis cross the "negative threshold" (Fig. 5), signaling a decrease
in EB when users encounter certain terms.
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Figure 5: EB results for Task 2

In this case, thinking about or typing words such as “virus” may
cause an aversive response, as mental imagery and imagined threat
can engage emotional and physiological processes that overlap with
responses to perceived threats [21] [6]. The word "virus" carries
strong negative connotations, prompting a rejection of the very idea
it represents. This reduction in EB may be explained by the negative
associations that such terms can evoke, including danger, threat,
or harm. As a result, users may experience discomfort or anxiety
when engaging in actions related to these negative concepts.

Task 3: Your computer is overheating, and you don’t know why.
Find out the reason and fix it. EB indicates a more positive affective
state in both cases (Fig. 6). The only phase in which EB is lower for
the AIA condition is during app launch. This may stem from the
interface’s interaction model, which requires users to formulate a
request to achieve their goal. In contrast, CMM presents users with
a menu of predefined options, allowing them to browse and find
something that meets their needs without the pressure to construct
a request. The final step, "seeing the result”, was excluded from the
analysis because participant expectations and resulting outcomes
varied substantially. This led to highly dispersed data, making it
difficult to evaluate consistently.
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Figure 6: EB results for task 3

Taken together, the three tasks suggest that EB responses were
not determined solely by interface type but also varied with task
context, wording, and the degree of perceived control. Oasis ap-
peared more emotionally challenging in moments where users had
to formulate requests, interpret negatively framed concepts, or pro-
cess rapid automation of consequential actions. CMM appeared
more stable in tasks where predefined options reduced uncertainty.
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However, these patterns should be interpreted as exploratory be-
cause the study was designed to identify candidate interaction
moments for future testing rather than to establish generalizable
effects.

Exit Survey. We also conducted a survey with the test partici-
pants, in which we measured their EB when asked about tasks they
would delegate to their AIAs. The "ref" values correspond to the
initial task instructions presented at the beginning of this testing
stage. Numbered task list (Fig. 7):
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Figure 7: Exit Survey

(1) Clean up unnecessary files, (2) Access to calendars, emails, Zoom,
and Google Meet, (3) Protection against viruses, (4) Email manage-
ment and replying to emails, (5) Downloading videos, (6) Manage
tasks and projects, (7) Conversion, editing, and document man-
agement, (8) Password manager/generator. The lowest scores are
associated with the tasks of deleting unnecessary files and man-
aging and responding to emails, both of which involve handling
the user’s personal data and content. Users are most positive about
access to their calendar, Zoom, Google Meet (typically work-related
tools), downloading videos, or creating and managing passwords,
which are tasks that do not require access to a person’s photos and
files and do not take control over personal communications, which
may explain the higher comfort level with these tasks.

5 Discussion and Implications for Design

EEG results indicate that emotional comfort decreases when users
feel rushed by automation, encounter negatively framed concepts,
or are uncertain about how and why the system acts. In contrast,
emotional stability and engagement increase when interactions are
transparent, positively framed, and allow the user to feel in charge
of the process. These patterns reveal that users’ emotional well-
being in AIAs interactions is not solely determined by usability, but
by how interfaces support trust and a sense of control.
Synthesizing these observations, we outline a set of preliminary
implications for the design of emotionally aware Al assistants.

1. Balancing system speed with user processing pace. Although
Al systems are designed to be efficient and fast, they should in-
corporate elements that simulate a "thinking process" within the
interface by introducing a slight delay or visual or textual feedback,
indicating that the system is processing the user’s request thought-
fully. For high-impact actions, brief pauses, progress feedback, or
confirmation steps may help users process what the assistant is
doing and preserve a sense of control.
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2. Mitigating emotional friction with neutral or positive framing.
EB readings dropped drastically when users engaged with nega-
tively charged terms such as "virus" or "malware". This suggests
that linguistic framing may contribute to avoidance or discomfort
responses. Interfaces that involve "negative" or threat-related ac-
tions should reframe them using neutral or positive language, e.g.,
"optimize system health" rather than "remove virus". Assistant be-
havior can further minimize anxiety by allowing the system to carry
out these operations in the background, always with explicit user
consent. By doing so, users are not forced to confront the negative
concept directly, reducing emotional friction.

3. Build trust through transparency and gradual exposure. Trust
in Al systems develops incrementally. To bridge the trust gap, AIA
interfaces should communicate clearly and transparently by provid-
ing visible explanations of how data is accessed, used, and protected,
narrating each action taken in response to user input. Start small by
introducing Al involvement through low-stakes, low-risk tasks that
help users build confidence before progressing to more personal or
high-impact interactions.

4. Provide contextual guidance in open-ended prompts. Lower EB
observed during the app opening (prompt formulation) stage sug-
gests that AIA interfaces should provide light guidance during
open-ended prompt creation, such as contextual hints or example
phrases, to reduce uncertainty and maintain engagement.

6 Limitations

It’s worth noting that results may differ across users of varying
ages and technological proficiency levels. Younger users may be
more comfortable delegating tasks to AIAs because technologi-
cal familiarity can lower emotional barriers [32] and convenience
may outweigh privacy concerns [28], whereas older adults may
be more cautious, especially with sensitive tasks [5]. We also ac-
knowledge that the sample is geographically homogeneous, as all
participants were recruited from Ukraine, which may limit the
generalizability of the findings to other cultural contexts and user
populations. Additionally, because self-reporting was used only in
the post-experiment survey, there was no direct comparison be-
tween subjective and physiological EB measures. The findings are
also bounded by the limited prototype and restricted set of tasks,
as EB responses may be shaped by specific interface elements and
may differ across other interface designs and interaction contexts.
Therefore, these results should be interpreted as exploratory and
as a basis for future research.

7 Future research

Future research should examine EB during longitudinal real-world
assistant use to reduce novelty effects and capture interactions
with varying stakes. Future studies should also include moment-
by-moment self-report or interview probes alongside physiological
measures, allowing closer comparison between users’ subjective
experience and EEG-derived EB patterns.

8 Conclusion

This study explored how different task types influence users’ EB
in a prompt-based AIA, compared personal and non-personal task
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delegation, and evaluated EEG as a method for capturing these
responses. Across tasks, EB decreases appeared most often around
prompt formulation, negatively framed system-health terminology,
and rapid or ambiguous automation, suggesting that pacing, fram-
ing, and perceived control may be important design considerations
for AIAs. EEG revealed subtle emotional fluctuations, showing that
EB decreases during moments of confusion, over-automation, or
when tasks involve personal information. Users maintained higher
emotional stability in neutral, low-risk tasks, underscoring the
importance of perceived control and framing. Based on these find-
ings, we outline preliminary design considerations, emphasizing
thoughtful pacing, positive or neutral task framing, and transparent
communication to help maintain a stable EB. These results sug-
gest the potential value of EEG-informed evaluation for guiding
emotion-centered design and developing AIAs that support calm,
confident user experiences.
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