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Abstract

Large language model systems can produce fluent responses that appear plausible
even when they are incorrect, making it important to understand which aspects
of the interaction users rely on when evaluating Al-generated content. This the-
sis investigated whether response time influences users’ belief in Al answers and
whether this effect depends on question complexity. We conducted two online ex-
periments using a simulated Al system with fixed, pre-written questions and an-
swers. Participants decided whether they believed Al answers to simple and com-
plex questions shown after either a short (400 ms) or long (6000 ms) delay. Study
1 (n = 36) used a text-based chat interface, while Study 2 (n = 34) replicated the
design in a voice-based interaction. The predicted interaction between response
time and complexity on participants’ beliefs was not statistically significant in both
studies. Study 1 showed the expected descriptive pattern, with higher belief rates
after short delays for simple questions and after long delays for complex questions.
In Study 2, belief rates showed a more general tendency to be higher after short
delays. Additional analyses suggested that latency becomes more relevant when
answer correctness is difficult to evaluate. Despite knowing half the answers were
wrong, participants believed 64.7% (Study 1) and 68.2% of all answers, suggesting
general overtrust in Al-generated content. Overall, the meaning of response times
is not fixed, but depends on context, interaction modality, question complexity, and
users’ ability to evaluate answer correctness.
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Uberblick

Chatbasierte KI-Systeme sind in der Lage fliissige und plausibel wirkende
Antworten auf Fragen zu generieren, selbst wenn diese inhaltlich falsch sind. Da-
her ist es wichtig zu untersuchen, welche Aspekte der Interaktion von Nutzen-
den bei der Bewertung Kl-generierter Inhalte herangezogen werden. In dieser
Masterarbeit wurde untersucht, ob die Antwortzeiten der KI einen Einfluss auf
die Glaubwiirdigkeit der Antworten haben. Des Weiteren wurde beobachtet,
ob diese Glaubwiirdigkeit zusétzlich von der Komplexitdt der Frage abhingig
ist. Zu diesem Zweck wurden zwei Online-Studien mit einem simulierten KI-
System durchgefiihrt, wobei die Fragen und Antworten vorgegeben waren. Die
Teilnehmenden sollten angeben, ob sie die Antworten auf einfache bzw. kom-
plexe Fragen glauben und wie sicher sie sich dabei sind. Die Antworten wur-
den vom System entweder nach einer kurzen (400 ms) oder einer langen (6000
ms) Antwortzeit prasentiert. In Studie 1 (n = 36) wurde eine textbasierte Chat-
Oberflache genutzt. Wahrend der Studie 2 (n = 34) wurde dasselbe Design in einer
sprachbasierten Form repliziert. Die erwartete Interaktion zwischen Antwortzeit
und Fragekomplexitit erwies sich in beiden Studien als statistisch nicht signifikant.
In Studie 1 zeigte sich deskriptiv das erwartete Muster, dass einfachen Fragen
nach kurzer Antwortzeit und komplexen Fragen nach langer Antwortzeit mehr
Glauben geschenkt wurde. In Studie 2 zeigte sich hingegen eine allgemeine Ten-
denz zu hoheren Glaubensraten bei kurzen Antwortzeiten. Die weitere Auswer-
tung deutet darauf hin, dass die Antwortzeit relevanter wird, wenn die Richtigkeit
einer Antwort schwerer zu beurteilen ist. Obwohl die Teilnehmenden dariiber in-
formiert waren, dass die Halfte der Antworten falsch war, glaubten sie im Durch-
schnitt 64,7% der Antworten in Studie 1 und 68,2% in Studie 2. Dies deutet auf
ein mogliches Problem des Ubervertrauens in Kl-generierte Inhalte hin. Insgesamt
zeigt diese Masterarbeit, dass der Einfluss der Antwortzeiten vom Kontext, der In-
teraktionsmodalitédt, der Komplexitidt der Frage und der Fahigkeit der Nutzenden,
die Richtigkeit einer Antwort zu beurteilen, abhingig ist.
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Conventions

Throughout this thesis we use the following conventions:

* The thesis is written in British English.
* The first person is written in plural form.

¢ Unidentified third persons are described in female form.

Where appropriate, paragraphs are summarized by one or
two sentences that are positioned at the margin of the page.

This is a summary of a
paragraph.






Chapter 1

Introduction

Large language model (LLM) chat systems, such as Chat-
GPT, Gemini, Claude, or Copilot, allow users to interact in
natural language rather than being limited to a fixed set of
questions and domains, as earlier rule-based chatbots were
[Walker et al., 2024]. They generate fluent and conversa-
tional responses in seconds. ChatGPT reached approxi-
mately 100 million monthly active users within two months
of its launch [Huschens et al., 2023; Trust et al., 2023], il-
lustrating how quickly such systems entered everyday use.
People increasingly rely on such systems for information
gathering [Xu et al., 2023], learning [Prananta et al., 2023],
and decision support [Liu et al., 2023].

However, LLMs can generate responses that seem plausi-
ble and convincing, yet may contain inaccuracies or fabri-
cated information [Tamanna et al., 2024]. This is especially
relevant when users lack prior knowledge or cannot eas-
ily judge whether an Artificial Intelligence (AI) output is
correct. Prior work suggests that such judgements can be
affected by expectations and interaction design. For ex-
ample, von Felten et al. showed that simply presenting a
product as "Al-assisted" can increase users’ expectations of
its performance, even when the product does not provide
corresponding functional benefits [von Felten et al., 2026].
Modern LLMs are designed to resemble a real conversation
partner through features such as natural language, typing
indicators, or emojis.

LLMs have grown
extremely fast and,
unlike earlier chatbots,
support open-ended,
follow-up-driven
interactions.

Expectations and
interaction design can
shape how users
evaluate Al.



1 Introduction

Human-like interaction
cues may influence
trust and perceived

accuracy in Al
responses.

In human
communication, pauses
are meaningful and
shape how a
conversation partner is
perceived.

Findings on response
latency in chat-based

systems are mixed.

Many Al systems already include voice modes, giving
users the ability to listen to generated responses or engage
in direct spoken interaction. These voice-based Al agents
are now starting to copy oral speech patterns, such as paus-
ing, saying "mm-hm", or adapting the user’s speaking style
[Spillner et al., 2025].

Including these features can make the system appear more

human-like, which has been associated with enhanced trust
[Cohn et al., 2024] and increased perceived response ac-
curacy [Shi et al.,, 2026]. Consequently, users’ belief in
a response may depend not only on the content of the
answer, but also on interaction cues utilised by the sys-
tem [Jung et al, 2024]. One such interaction cue is re-
sponse time. Before users read or hear an Al-generated
answer, they already experience how long the system took
to respond. This thesis investigates whether this response
time influences how much people believe an Al’s answers,
and whether this depends on how complex the underlying
question is.

Response time is often treated as a technical performance
variable, but it can also carry meaning in conversational
Al In human-to-human interactions, pauses are not simply
silent gaps. They influence how an answer is interpreted
and how the speaker is perceived. Short speech pauses are
part of smooth conversation, whereas longer pauses may
signal hesitation, uncertainty, reflection, or disagreement
[Kendrick and Torreira, 2015; Matzinger et al., 2023; Stivers
et al., 2009]. Therefore, the same answer may be under-
stood differently depending on when it is delivered.

If people extend conversational expectations to Al systems
in this way, response time could also function as a timing
cue in Human-AlI interaction. However, the existing find-
ings on this question are mixed. An instant, short response
can be read as efficient, but it can also suggest that the
system did not properly process the request. In contrast,
a long response can be interpreted as a signal of careful
processing, yet it can also be viewed as a technical failure
[Gnewuch et al., 2018; Holtgraves et al., 2007].



Prior work suggests that the meaning of response time can
be affected by the difficulty of the question and the expec-
tations placed on the responder [Efendi¢ et al., 2020]. In
tasks that were assumed to be difficult and time-consuming
for humans, longer human responses were evaluated more
positively. In contrast, long algorithmic responses were
evaluated negatively because fast computation was ex-
pected. However, when task difficulty was manipulated
directly, the difference between human and algorithmic re-
sponses disappeared. This suggests that complexity may
shape whether a delayed Al answer feels appropriate.

Therefore, this thesis investigates whether response la-
tency influences users’ belief in Al-generated answers and
whether this effect depends on question complexity. We
conducted two online experimental studies in which partic-
ipants evaluated Al answers to simple and complex ques-
tions after either a short or a long response latency, judg-
ing whether they believed each answer and how confident
they were in that judgement. In Study 1, participants in-
teracted with a text-based chat interface, while Study 2 ex-
tended this design to a voice-based interaction in which the
Al answers were presented using a synthetic voice.

In both studies, the hypothesised interaction between re-
sponse latency and question complexity was not statisti-
cally confirmed. However, in the text-based study, belief
rates descriptively followed the expected pattern. In the
voice-based study, this pattern did not replicate. Instead,
participants generally believed answers more often after
short delays. Both studies showed that participants gen-
erally tended to believe Al-generated answers, despite be-
ing informed that half of the answers were incorrect. Ad-
ditional analyses suggested that response latency, together
with complexity, may matter most when participants could
not otherwise judge whether an answer was correct. Ad-
ditionally, response latency also changed how long partici-
pants took to decide.

This thesis makes three main contributions:

Task complexity
influences whether
response time seems

appropriate.

This thesis investigates
the interaction between
latency and complexity
on belief, across text-
and voice-based
studies.

The expected
interaction was not
statistically confirmed,
but latency had a
descriptive influence on
belief and affected

decision time.



1 Introduction

¢ It empirically investigates how response latency and
question complexity together may shape users’ belief
in Al-generated answers.

¢ It examines whether latency effects become more vis-
ible under uncertainty, when users have difficulty
evaluating the correctness of an answer.

¢ [t compares text-based and voice-based interaction,
investigating whether the meaning of response time
changes with modality and question complexity.

Together, this work extends research on response time in
conversational Al by connecting research on pauses in hu-
man conversation, social responses to computers, and trust
in Al, and suggests that response latency functions as a tim-
ing cue that can shape users’ evaluations of generative AL

After this introduction, Chapter 2 provides an overview of
research related to this thesis. Chapter 3 and Chapter 4
present the two experimental studies, followed by a general
discussion of the findings, implications, and limitations in
Chapter 5. Chapter 6 concludes the thesis with a summary
and directions for future work.



Chapter 2

Related Work

This chapter looks at prior research on response time as
a cue in interactions with Al systems. It first discusses
how pauses are interpreted in Human-Human Interaction
and why timing may also matter in Human-Computer In-
teraction (HCI). Next, it reviews previous findings on re-
sponse latency in HCI and conversational systems. The
chapter also explores how task complexity, effort heuris-
tic, and trust in Al can affect user perceptions. Finally, the
chapter points out the research gap that this thesis aims to
address.

2.1 Pauses in Human Communication

Pause in conversation refers to the "delay between one
speaker’s utterance and the other’s response" [Maslych
et al., 2025]. Short pauses are a normal part of human
communication, helping to regulate who speaks next and
when [Jaffe et al., 2001; Sacks et al., 1974]. Generally, turn-
taking between conversation partners is impressively fast.
In many languages, speakers typically switch from one
turn to the next in 200-300 ms [Dingemanse and Liesen-
feld, 2022; Stivers et al., 2009]. In contrast, longer pauses
are more noticeable and can make the interaction seem less
smooth and break the flow [Matzinger et al., 2023].

In human conversation,
people usually take
turns quickly, making
longer pauses
noticeable.



2 Related Work

The timing of an answer
can signal whether it is
expected, hesitant, or

problematic.

The social meaning of a
pause depends on the
relationship between
speakers.

Pauses can affect
perceived competence,
but context is important

for interpretation.

Conversation analysis treats a conversation as a sequence
of paired actions, known as adjacency pairs. The action of
the first speaker, such as a question, a request, or an of-
fer, produces the expectation that the corresponding action
of the second speaker will follow, such as a response, an
agreement, or an acceptance [Schegloff and Sacks, 1973].
Within such pairs, the timing of the second action differs
depending on whether the response aligns with what is ex-
pected, called a preferred response (e.g., accepting an of-
fer), or not, called a dispreferred response (e.g., rejecting
an offer) [Matzinger et al., 2023]. Stivers et al. [2009] found
that confirmations, a type of preferred response, were de-
livered on average 100-500 ms faster than disconfirmations.
Kendrick and Torreira [2015] found that responses with a
gap of 700 ms or longer were more likely to be dispreferred
than preferred. This indicates that pauses can already influ-
ence how a response is interpreted even before it is given,
whether it is expected, problematic, or sounds hesitant.

The social meaning of a pause depends on the relationship
between speakers. Templeton et al. defined long gaps as
longer than two seconds, based on this typical conversa-
tional gap of 200-300 ms [Templeton et al., 2023]. They
found that such long gaps were perceived as awkward and
negative between strangers. In contrast, friends associated
long pauses with a moment of increased connection and
bonding [Templeton et al., 2023].

Matzinger et al. [2023] examined how pause length affects
perceived competence in both native and non-native speak-
ers. Longer pauses were linked to lower ratings of knowl-
edge and confidence for all participants. For non-native
speakers, long pauses were sometimes seen as a sign of lan-
guage processing rather than a lack of knowledge.

This suggests that the same pause duration can have differ-
ent meanings depending on the context in which it occurs.
The next question is whether these interpretations of pause
also apply to Human-Computer Interaction.



2.2 Social Responses to Computers

2.2 Social Responses to Computers

In many interactions with computers, users do not have
access to the same social cues that are available in face-
to-face communication, such as body language, facial ex-
pressions, and gaze. Despite this reduced channel, peo-
ple still tend to respond to computers in a social way.
According to the Computers Are Social Actors paradigm,
this happens because people apply social rules learned in
Human-Human Interaction to computers when the tech-
nology mimics human characteristics, e.g., natural human
language or voice [Reeves and Nass, 1996]. Furthermore,
Reeves and Nass [1996] found that people may do it au-
tomatically, even when they are aware that they are inter-
acting with a machine. Simply the fact that a system has a
name can already trigger people to interact with it socially
[Nass et al., 1994]. A related concept is anthropomorphism,
which describes the tendency to attribute human qualities
to non-human entities [Zlotowski et al., 2015]. A clear ex-
ample of anthropomorphism is how people interact with
personal assistants like Apple’s Siri. Users often treat Siri
as if it has emotions and may thank the system after re-
ceiving feedback [Bhat, 2025]. Gestures and voice are also
strong triggers of anthropomorphism because they are cen-
tral parts of human communication [Salem et al., 2011].
Generally, anthropomorphism is associated with a more
positive perception of the competence and trustworthiness
of autonomous systems [Haresamudram et al., 2024].

Al chatbots and voice assistants are particularly important
in this context, as they are designed to generate human-
like text or speech, making such social responses even more
likely. According to Social Information Processing theory
[Walther, 1992], people form impressions of a conversa-
tion partner not only through what is said and how it is
phrased, but also through the timing of a response, a so-
called chronemic cue [Kim et al., 2026]. Response latency
is one such time-related signal and may function similarly
to pauses in human conversation because it provides in-
formation that users can interpret in a social way [Kim
et al., 2026; Walther, 1992].

Human-like cues can
trigger social responses
to computers and
increase perceived
trustworthiness.

In conversational Al,
response latency may
function as a chronemic

cue.



2 Related Work

In traditional HCI,
longer system response
times are usually
evaluated more

negatively.

In conversational
systems, delayed
responses can increase
humanness and social

presence.

2.3 Response Latency

2.3.1 Delays in HCI

Response latency, or system response time, refers to
the time interval between a user’s input and the sys-
tem’s response [Shneiderman, 1984]. In HCI, there
are three thresholds for how delays are experienced
[Miller, 1968; Nielsen, 1993]. Delays of 100 ms are perceived
as direct cause and effect, e.g., between a mouse click and
a button’s visual response. Delays of about one second are
tolerated without disrupting the user’s thought flow. And
delays of up to 10 seconds are tolerated as the maximum
time to complete one step of a task before users lose at-
tention. For tasks such as scrolling or dragging, delays of
less than 200 ms are needed to maintain a sense of control
[Dabrowski and Munson, 2011]. Longer system responses
can reduce satisfaction and increase stress and frustration
[Schleifer and Amick III, 1989]. Google conducted an ex-
periment by increasing the delay for search results from 100
to 400 milliseconds [Schurman and Brutlag, 2009]. This in-
crease resulted in a significant decrease in the number of
searches. In these systems, the relationship between de-
lays and user evaluation is linear: the longer the delay, the
worse the reaction.

2.3.2 Delays in Conversational Systems

However, in conversational systems, e.g., chat-based sys-
tems, this relationship does not always hold because
users may treat such systems more as conversational part-
ners than as systems for direct manipulation. Gnewuch
et al. [2018] conducted an online experiment with different
groups in a customer service setting. They created a chat-
bot to compare an instant delay with a dynamically calcu-
lated delay. The instant delay was about 200-400 ms, which
is similar to the short network delay due to the limits of
Internet data transmission. To calculate the longer delay,
they used the Flesch-Kincaid formula Kincaid et al. [1975],
which measures sentence complexity based on word and
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syllable counts. Participants who interacted with the dy-
namically delayed chatbot rated it as more human-like and
reported greater social presence and satisfaction [Gnewuch
etal., 2018].

Tan et al. [2026] reported a similar pattern in the context of
Human-Al Interaction. They conducted a between-subjects
study with a GPT-based chat interface to test three response
times: 2, 9, and 20 seconds. Delay was defined as the time
interval between the participant’s prompt submission and
the first generated token. The study also varied the task
type, comparing creation tasks with advice tasks. Partici-
pants’ interaction behaviour, such as how often they sub-
mitted or edited prompts, was unaffected by latency but
mostly by the type of task. However, the delay did affect
how participants judged the Al's responses. When the Al
replied after 2 seconds, its answers seemed less thought-
ful and less useful than those after 9 or 20 seconds. The 9-
second delay was rated as the most useful. At 20 seconds,
some participants started to doubt the system’s reliability
[Tan et al., 2026].

Moon [1999] observed a similar trend in a chatbot-based
context. They investigated which factors influence per-
suasiveness in a lab experiment. Chatbot’s messages were
most persuasive when the response delay was neither too
short nor too long: a delay of 5 to 10 seconds resulted in
greater persuasiveness than a short delay (0 to 1 second) or
a long delay (13 to 18 seconds) [Moon, 1999].

Other findings align more closely with the expectation that
chatbots should respond quickly. Holtgraves et al. [2007]
compared a chatbot implemented to respond after either a
1-second or a 10-second delay. Participants rated the bot
as more extroverted and more reliable when it responded
quickly than when it responded slowly. The ratings of emo-
tional stability and friendliness did not differ between con-
ditions [Holtgraves et al., 2007].

A similar preference for shorter response times has been
found among younger adults. Wang and Lo [2025] tested
a chatbot as a virtual companion, comparing younger (18-
23) and older (56-81) adults with either fast replies within

Moderate Al response
delays may make the
system seem more
thoughtful and useful.

Persuasiveness may be
highest when chatbot
delays are neither too
short nor too long.

Some findings suggest
that users still prefer
faster chatbot

responses.
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2 Related Work

The same response
time can signal effort in
humans but inefficiency

in algorithms.

Whether response time
is evaluated positively
depends on perceived

task complexity and

source.

0.1 s or delayed ones ranging from 10 to 60 s. Participants
interacted with the chatbot daily over five days and were
asked to report on its social presence, satisfaction, and in-
tention to use. Younger adults reported higher satisfaction
and engagement with instant responses, while older adults
felt more comfortable with delayed responses [Wang and
Lo, 2025].

2.4 Complexity and the Effort Heuristic

The impact of a delay may depend on what users believe
the system is doing during the wait. One relevant factor
is the perceived complexity of the task being performed.
Efendi¢ et al. [2020] investigated how response times in-
fluence trust in human and algorithmic predictions. They
refer to the term effort heuristic by Kruger et al., according
to which people often judge an outcome more positively
when they believe that more time and effort have been in-
vested [Efendi¢ et al., 2020]. In seven studies, participants
read brief scenarios describing predictions, such as fore-
casts of future sales or a student’s academic success. These
predictions were described as having been generated either
quickly or slowly, and either by a human or by an algo-
rithm. The main finding was that the same response time
led to opposite judgements: a slowly generated prediction
was rated as more accurate when it came from a human,
but as less accurate when it came from an algorithm.

The researchers explained this through perceived task com-
plexity. For humans, prediction was perceived as a diffi-
cult task, so a slow response was read as a sign of careful
thinking and higher quality. In contrast, for algorithms, the
task was viewed as easy, so a slow response conflicted with
expectations and was not associated with higher predic-
tion quality. When the authors directly manipulated task
difficulty, response time influenced perceived accuracy in
a similar way for both humans and algorithms [Efendi¢
et al., 2020].

A more recent study examined a similar issue within the
context of generative Al Kim et al. [2025] conducted sev-
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eral studies on how response latency influenced users’
evaluations of ChatGPT recommendations. Participants
watched pre-recorded videos or viewed screenshots of an
interaction with ChatGPT. In the first study, the Al pro-
vided travel recommendations within 4 or 30 seconds. Kim
et al. [2025] found that faster responses resulted in higher
satisfaction and perceived usefulness. Another study var-
ied response latencies (2 or 8 seconds with different levels
of information complexity, defined as the number of recom-
mended destinations (4 or 30). Results indicated that faster
responses were preferred for simple recommendations, but
when the information was complex, the advantage of a fast
response disappeared. In the qualitative interviews, partic-
ipants described longer response times as a sign of effort
and "thinking" [Kim et al., 2025].

These findings suggest that the same response latency can
be interpreted differently, depending on whether the source
is human or an algorithm and on how complex or difficult
the task appears. Question complexity may then serve as a
moderator of response latency effects.

2.5 Trust and Overtrust in Al

Trust in computer systems is a central factor in how users
engage with them, especially when these systems offer de-
cision support [Seymour and Van Kleek, 2021]. Prior HCI
work describes trust as both confidence in the system and
willingness to use the information it provides [Madsen and
Gregor, 2000; Seymour and Van Kleek, 2021].

Al systems can generate fluent and convincing responses,
but these are not always correct, as LLMs may pro-
duce errors, biased outputs, or hallucinated information
[Cohn et al., 2024; Tamanna et al.,, 2024]. Overtrust in
Al is problematic because it can spread misinformation
and lead users to follow harmful or misleading advice
[Bhat, 2025; Klingbeil et al., 2024]. In a behavioural experi-
ment with financial incentives, Klingbeil et al. [2024] found
that participants often followed advice labelled as Al ad-

The advantage of fast
Al responses may
disappear when the
information is more

complex.

Overtrust is problematic
because users may rely
on Al advice even when

it is incorrect.
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2 Related Work

When accuracy is hard
to verify, users rely on
source credibility and
interaction style.

Voice can increase
anthropomorphism and
perceived accuracy in
interactions with LLMs.

vice even when it conflicted with available information and
their own assessment.

When people cannot verify the accuracy of the information,
they often rely on the perceived credibility of its source,
e.g., how the information is presented or the system’s in-
teraction style [Jung et al., 2024]. Users may perceive Al
systems as both technological tools and social partners. In-
terface features such as typing indicators or gradual text
presentation can make an Al response appear human-like,
thereby increasing perceived presence and affecting users’
trust [Bhat, 2025].

Cohn et al. [2024] noted that previous work has linked an-
thropomorphism to trust in conversational agents, avatars,
and robot systems. Moreover, Cohn et al. [2024] found
in their study that adding a voice to an LLM increased
anthropomorphism ratings of the system and perceived
information accuracy compared to a text-only condition.
This aligns with Seymour and Van Kleek’s argument that
users’ relationship with voice assistants falls "somewhere
between the clear-cut categories of human and machine",
unlike that with other smart technologies. In addition, re-
search shows that special vocal qualities such as natural-
ness, rhythm, intonation, and accent can shape trust dif-
ferently and more strongly influence perceived trustwor-
thiness than voice gender, which plays a secondary role
[Danielescu et al., 2023].

2.6 Summary and Research Gap

Previous research shows that the effect of response times
on user interaction with chat-based systems remains un-
clear. On the one hand, users expect chatbots to respond
quickly because such systems are assumed to process input
instantly [Efendi¢ et al., 2020]. On the other hand, instant
responses can also make a system appear suspicious and
less human-like [Gnewuch et al., 2018].

Response times may also function as a social cue, mimick-
ing human behaviour [Kim et al., 2026]. Applying anthro-



2.6 Summary and Research Gap

13

pomorphistic features to Al systems, such as delay, presen-
tation style, usage of human language and voice, can shape
users’ trust in systems and its outputs [Cohn et al., 2024].
As the correctness of Al-generated content cannot always
be verified [Jung et al., 2024], such cues may convince them
directly.

At the same time, the effort heuristic suggests that re-
sponse time depends on the perceived complexity of the
task [Efendic et al., 2020]. This indicates that complexity is
a factor influencing whether a delay appears appropriate.

However, most evidence on the impact of response la-
tency and complexity on user evaluations comes from
studies in which delays were described in text form
[Efendi¢ et al., 2020] or shown in pre-recorded videos [Kim
et al., 2025; Zhang et al., 2024]. Kim et al. suggested that
future research should involve real chatbot interactions to
improve ecological validity. Some studies that used real in-
teraction with LLMs varied latency together with other fac-
tors, such as task type [Tan et al., 2026]. Other studies took
a similar approach in earlier chatbot systems, combining
latency with message complexity [Gnewuch et al., 2018].
In both cases, researchers measured perceived humanness,
usefulness, and satisfaction, rather than whether people
believed the response was accurate. It remains unclear
whether response latency and complexity of a query to the
Al interact with each other and influence users’ perception
of credibility under real, experienced delays.
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Chapter 3

User Study 1: Text-Based
Interaction

In the previous chapter, we already noted that response la-
tency in Human-AlI interactions can have social meaning
and act as a timing cue. It may depend on the complexity
of the question being asked. However, it remains unclear
whether these two factors interact and influence how plau-
sible an Al-generated answer appears in the context of actu-
ally experienced delays. Study 1 investigated this question
in a web-based experiment in which participants evaluated
responses from a simulated Al system, preceded either by
a short or a long response latency, while the complexity of
the questions was varied. In this chapter, we outline our re-
search question and hypotheses, describe the study design
and procedure for the first online experiment, and present
the results and discuss our findings.

3.1 Research Question & Hypotheses

Study 1 explored how response latency shapes users’ per-
ception of Al-generated answers and whether it interacts
with question complexity. In particular, we investigated
whether short and long response delays are interpreted dif-
ferently for simple and complex questions.

Study 1 investigated
response latency and
question complexity
effect in a text-based Al
interaction.
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Hence, we defined the following research question:

RQ Does response latency of an Al system influence
users’ belief judgements of its answers, and does
this effect differ depending on question complex-
ity?

In the following hypotheses, question complexity refers
to the complexity of the question asked before the Al-
generated answer. Participants then judged whether they
believed the Al answer.

We formulated the following hypotheses:

H1 Response latency interacts with question complex-
ity in influencing users’ belief judgements and con-
fidence ratings of Al-generated answers.

H1.1 For simple questions, the belief rate and confidence
rating after short latency are higher than the belief
rate after long latency.

H1.2 For complex questions, the belief rate and confidence
rating after long latency are higher than after short
latency.

H1.1 is based on the general expectation of users that
computational systems respond fast [Shneiderman, 1984].
Chatbots that reply after a longer delay have been rated
as less reliable than those that reply quickly [Holtgraves
et al., 2007]. When a response to a straightforward question
takes longer than expected, it can signal low competence
and malfunction, reducing user trust and satisfaction.

H1.2 builds on the effort heuristic, according to which peo-
ple judge an outcome more positively when they believe
that more time and effort have been invested [Efendi¢
et al., 2020; Kruger et al., 2004]. For complex tasks, a longer
delay can be associated with deep processing of a difficult
request [Kim et al., 2025]. The long pause here may increase
how plausible the answer feels.
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3.2 Method

This section describes how Study 1 was designed and con-
ducted. It covers the experimental design, stimulus devel-
opment, procedure, counterbalancing, participant sample,
technical setup, and the measures used to assess partici-
pants” evaluations of the generated responses and the sys-
tem’s behaviour.

3.21 Study Design

The study used a 2x2 within-subject design with two inde-
pendent variables: response latency and question complex-
ity. The response latency was manipulated by showing the
Al response after a short or long delay. The complexity of
the question was manipulated by asking the simulated Al
agent simple or complex questions. Each participant saw
all four conditions, allowing comparisons within-person.
Table 3.1 provides an overview of the resulting four exper-
imental conditions.

Question complexity

Response latency Simple Complex
Short (400 ms) Short-Simple  Short-Complex
Long (6000 ms) Long-Simple Long-Complex

Table 3.1: Experimental conditions in Study 1.

Our primary dependent variables were belief judgement
and confidence rating. For each item, participants first re-
ported whether they believed the Al's answer. Afterwards,
they rated their confidence in that judgement. Additionally,
reaction time and time to confidence rating were collected
as exploratory measures (see Section 3.2.7 for more details).

Study 1 used a 2x2
within-subject design
with latency and
complexity as
independent variables.
within-subject design

Belief judgements and
confidence ratings were
the primary outcome

measures.
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The study used a
simulated chat interface
with pre-written

answers.

Each trial consisted of a
user question, a
manipulated delay, and

a fixed Al response.

The latency
manipulation contrasted
an instant 400 ms delay
with a clearly noticeable

6000 ms delay.

3.2.2 Stimuli & Materials

The study simulated a chat-based Al interaction designed
after commonly used conversational Al systems such as
ChatGPT, Claude, or Copilot, in which the user’s request
is displayed on the right side and the system’s response on
the left. However, we did not use a live language model.
All questions and answers were pre-written and fixed be-
cause LLMs produce different answers to the same ques-
tion. This ensured that answer content, length, and phras-
ing were identical for all participants.

This approach follows similar methodological choices in re-
lated work. Tan et al., for instance, designed their front-end
to "mirror" common LLM assistants such as ChatGPT, in-
cluding a chat-bubble layout in which user messages were
displayed separately from Al response [Tan et al., 2026].

The core unit of the study was a trial consisting of a ques-
tion coming from the user, followed by a delay, and then
an answer provided by the Al agent. With this setup, we
wanted to imitate an interaction between a user and an Al
chatbot. We were interested in if the complexity of the ques-
tion primes certain expectations during the waiting period,
and if these expectations interact with the length of the de-

lay.

Response Latency

The short delay (400 ms) and a long delay (6000 ms) were
chosen to create a clear contrast between conditions, based
on response latencies reported in prior work on chatbots
and conversational timing (see Section 2.3). The short de-
lay is comparable to the response times of chatbots used
in practice, which typically range between 200 and 400 ms
due to network transmission [Gnewuch et al., 2018], and
is significantly below the two-second threshold identified
by Shneiderman as acceptable for system responses. It is
also close to the average gap observed between turns in
human conversation [Stivers et al., 2009]. The long delay
of 6000 ms is below the tolerable waiting times reported in
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prior work, from around 8 seconds in speech-based appli-
cations to the 10 second upper limit identified by Nielsen
for holding users” attention. It also fits into the range of
waiting times used in recent studies on Al response latency,
in which medium to long delays were rated more positively
than short ones [Tan et al., 2026].

Question Complexity

As mentioned in Section 2, previous research indicated that
the meaning of the waiting time can shift depending on
how complex the task appears. Therefore, we decided to
manipulate the question complexity in our experiment. We
differentiated between simple and complex questions.

Simple questions often relate to fact- or memory-based
information, involve one relation and can be answered
with a short sentence or yes/no response [Yani and Kris-
nadhi, 2021]. In contrast, a complex question involves
multiple relations or reasoning steps [Etezadi and Shams-
fard, 2023]. Moreover, complex questions typically start
with "Why", "How", while simple queries begin with "What",
"When", or "Which" [Etezadi and Shamsfard, 2023]. There-
fore, in our simple questions, we asked for definitions, spe-
cific facts or terms, and in the complex items, we asked for
reasoning or explanations. We aimed to define complexity
in terms of cognitive processing and structure, rather than
perceived difficulty.

We developed the questions for the study through a multi-
step process. Our initial idea was to look first at the already
established question datasets, e.g., Natural Questions, Triv-
iaQA, Al2 Arc, and SciQ, which we used as a useful start-
ing point for further question generation. However, many
questions from these databases would be too familiar. With
these questions, participants would easily verify whether
the Al is right based on their prior knowledge, and the de-
lay may become irrelevant. To give more space for possible
delay effects, we needed questions where participants, in
the best case, are uncertain, and therefore have to rely on
other systems’ cues, such as how long the Al took to re-

Question complexity
was defined by
cognitive structure
rather than subjective
difficulty.

The question set was
designed to make
answer correctness
difficult to judge from
prior knowledge alone.
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Answers were designed
to be plausible,
regardless of their
factual correctness.

Answer length was
controlled within
complexity levels to
reduce possible
confounds.

spond. We iteratively generated and refined the questions
using ChatGPT and Claude LLMs. The goal was to find
such questions where prior knowledge is minimised while
maintaining ecological validity by selecting topics which
users might themselves query in a real-world scenario.

Answer Development and Plausibility

Each question was paired with a single answer generated
using ChatGPT and Claude and manually reviewed. All
answers were pre-written and pre-defined as correct or in-
correct. We aimed to introduce more uncertainty about the
accuracy of the answers in order to motivate participants
for an active evaluation for each trial. Half of the sim-
ple and half of the complex answers were factually correct,
while the remaining half contained incorrect information.
Correct and incorrect answers were written to sound plau-
sible. For this work, we used the definition of "plausibility"
by Agarwal et al., who define it as "the degree to which a
response appears logical and coherent within the context
of general world knowledge" [Agarwal et al., 2024]. For ex-
ample, in our question-answer dataset, one plausible but
incorrect answer to a simple question about the planet with
the shortest day in the solar system was that Saturn is the
answer, although the correct answer is Jupiter. An incor-
rect response to one complex question explained that metal
feels colder than wood because of the low starting internal
temperature, whereas the actual reason is that metal con-
ducts heat away from the skin more rapidly.

We controlled answer length to reduce its potential influ-
ence and keep reading time more consistent. Answers
to complex questions were longer because they required
more explanation than answers to simple questions. In our
stimulus set, complex answers consisted of two to three
sentences with 24-34 words, whereas responses to simple
questions included one sentence and were limited to 12-17
words. This approach was inspired by Zhang et al. [2024],
who similarly operationalised longer chatbot responses as
approximately twice the length of shorter responses.
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Which planet has the shortest day in the solar system? o

Figure 3.2: The screen shown at the start of each trial: a user question is displayed

alongside a "send" button.

3.2.3 Procedure

The user study was conducted entirely online and without
assistance. Each participant entered the website and first
saw a welcome page, which provided general information
about the experiment and the technical requirements. Par-
ticipants were then directed to an informed consent form.
To proceed, they had to provide consent by selecting a
checkbox.

After that, participants had the opportunity to complete a
tutorial to get familiar with the study procedure and user
interface. There were three practice trials: the first demon-
strated the basic trial flow, while the other two introduced
the countdown timer that each actual trial has. Participants
were informed that half of the answers they would see were
correct and half incorrect, and were to make their decisions
as quickly as possible based on their immediate impression.

Each trial followed the same structure. After the page
loaded, a simple or a complex question was displayed, as
shown in Figure 3.2. A send button to the right of the
"user’s" question was activated after 1500 ms to prevent
the immediate sending of the question. This short block
of sending was also included to motivate reading the text
of the question first. Participants had to actively click the
"send" button to submit their question to the "AI" and re-
ceive an answer from it. We did this to give them a sense of
control over the interaction and make the interaction seem
more natural. As shown in Figure 3.3, after sending, a typ-
ing indicator was displayed for the duration of the assigned
delay condition (400 ms or 6000 ms).

The online study began
with general information

and informed consent.

Participants completed
practice trials and were
informed about a 50/50

answer accuracy.

Participants actively
sent each question to
"Al" before experiencing
the delay.
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Question 80 of 102

77%

Which planet has the shortest day in the solar system?

Figure 3.3: After the question has been sent, the "send" button is deactivated, and
an animated typing indicator is displayed for the duration of the assigned delay

condition.

The typing indicator
was used to make the
waiting period feel like

answer generation.

Participants judged
each answer under time
pressure based on their

immediate impression.

The content was blurred
S0 participants could
not reread it before
rating confidence.

A common way to visually represent typing and waiting
for a reply in a chat setting is by using three moving ani-
mated dots [Gnewuch et al., 2018]. Because these indica-
tors suggest an ongoing process, participants might asso-
ciate the delay more with the effort than with inefficiency
[Gnewuch et al., 2018]. By adding such animation during
short or long delays, we aimed to signal answer generation
and to provide a more natural interaction.

Following the delay, the full Al-generated answer to the
question was shown to participants at once instead of be-
ing displayed word by word. This ensured that delay ma-
nipulation was related only to the waiting time before the
answer was displayed and was not confounded with the
speed of answer presentation. Once the answer appeared,
they had 13 seconds (a value derived from pilot studies,
see Section 3.3) to decide if they believed it by clicking
"Yes" or "No" to the statement "I believe this answer is cor-
rect". Figure 3.4 shows this decision moment, including
the countdown progress bar that visualised the remaining
time.

If a participant has made a decision, the text of the question
asked, and the corresponding Al answer were blurred to
prevent rereading, so the focus remains on the immediate
reaction, illustrated in Figure 3.5. Participants then rated
the confidence in their judgement on a 7-point Likert scale
and moved to the next trial by clicking "Next Question".
If no decision was made within the time limit, the current
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Question 80 of 102

77%

Which planet has the shortest day in the solar system?

Saturn has the shortest day in the solar system, lasting a little under 12 hours.

| believe this answer is correct.

Yes No

Figure 3.4: After the delay, the Al-generated answer appears below the question.
Participants indicate their belief decision by clicking "Yes" or "No", with a count-

down bar visualising the remaining response time.

trial was marked as a timeout, and participants were asked
to proceed with the next trial without giving a belief and
confidence decision.

The main study had 102 trials in total, two of which served
as attention checks. They followed the same format as regu-
lar trials. However, participants were explicitly told which
button to select. Using the attention checks, we were able
to verify which participants had actually read the content
and which had answered randomly.

After all trials were completed, participants were asked to
fill out a demographic questionnaire, followed by a percep-
tion questionnaire. They also completed a short reading
speed task to collect how quickly they read. Finally, partic-
ipants were directed to a debriefing page, where they were
informed about the true purpose of the study, the two ma-
nipulations we did, and clarifying that the Al system had
been simulated and all answers were pre-written and fixed.
The study took approximately 45-60 minutes to complete.

Attention checks helped
identify random

responses.

The study concluded
with questionnaires, a
reading-speed task,
and a debriefing.
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Not confident

| believe this answer is correct.

Yes

How confident are you in your judgment?

1 a 3 4 5 6 7 Very confident
Next Question

Figure 3.5: After a belief decision has been made, the question and answer are
blurred. The example shows a "Yes" decision together with a confidence rating of 2
on the 7-point Likert Scale.

Delay assignment was
counterbalanced so that
items were not tied to a

single latency condition.

3.24 Counterbalancing & Randomisation

Because Study 1 used a within-subjects design, each par-
ticipant saw trials from all four experimental conditions:
simple-short, simple-long, complex-short, and complex-
long. Each question pair was presented only once to each
participant. To ensure that each pair was not always asso-
ciated with the same response latency, the assignment of
trials to delay conditions was counterbalanced.

We divided the 50 simple and 50 complex items into equally
sized subsets. The assignment to these two subsets was
randomised. The counterbalancing logic was based on the
participant ID number. For participants with an even num-
ber, the first subset of simple (complex) items was pre-
sented with a short delay, and the second subset with a
long delay. The odd number group received the reversed
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assignment. By changing the delay assignment between
participants, we reduced the risk that item-related charac-
teristics, such as topic, answer length and complexity, were
confounded with latency.

100 trials were divided into 25 blocks of four, each contain-
ing one trial per experimental condition. Block order and
trial order within each block were randomised. This was
done to reduce potential carry-over and order effects. Two
additional attention-check trials were inserted at fixed po-
sitions (trial 33 and 67).

3.2.5 Participants

We recruited 41 participants through convenience and
snowball sampling using personal networks. Participation
was voluntary and uncompensated. No specific domain
knowledge was required because the study focused on the
general perception of Al responses. Participants needed
sufficient English proficiency to understand the texts in the
trials. One of the requirements was to use a desktop or lap-
top to minimise differences in user experience between par-
ticipants.

The final sample (n = 36) ranged in age from 22 to 65 years
(M =29.9,SD = 8.3). 17 participants were female, 19 were
male. Demographic data for one person were not saved
because of the session timeout, and the participant later
provided it themselves. 22 participants had a Master’s de-
gree, 10 had a Bachelor’s degree, and four had completed
high school. The majority were native German speakers
(n = 28), followed by Russian (n = 4), with the remaining
four reporting Portuguese, Ukrainian, Turkish, and Bulgar-
ian as their first language. Most participants reported using
Al tools daily or several times per week.

Trials were divided into
blocks and randomised
to reduce order effects.

Participants were
recruited using personal
networks and required
no specific domain
knowledge.

The final sample
consisted mostly of
young adult, highly
educated, frequent Al

users.
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A custom web
application was built to
simulate an Al
chat-based interface.

Participants completed
the study remotely
using a desktop or

laptop.

3.2.6 Apparatus

For the study, a web-based application was implemented
with the Symfony 6.4 framework (PHP 8.4) and a Mari-
aDB database, and deployed on a Linux container (Debian
11) hosted on a server provided by RWTH Aachen Univer-
sity. The website was publicly accessible through HTTPS.
Response delays were controlled from the server through
the application’s logic to ensure that all participants expe-
rienced the same delay durations.

Participants could access the study website remotely using
their own devices via a web browser of their choice. Device
metadata and browser version are logged automatically for
each session. Participants were instructed to use a desktop
or laptop rather than a mobile device. Moreover, they were
asked to find a quiet environment without distractions, en-
sure a stable internet connection, and respond without us-
ing external resources during the task.

3.2.7 Measures

Primary Measures

Belief Rate. In each trial, participants had to decide
whether they believed the generated Al answer. The de-
cision was made by clicking on the "Yes" or "No" button.
We defined belief rate as the proportion of trials where a
participant believed the Al response, calculating the mean
of the belief decision across all trials per condition. For each
participant, four belief rate values (one per condition) were
computed.

Confidence Rating. After each belief decision for each trial,
participants rated their confidence in their judgements on
a 7-point Likert scale, varying from 1 (not confident) to 7
(very confident). As for the belief rate, for each participant,
we calculated the average confidence per condition.
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Exploratory Measures

Reaction Time. For each trial, we collected how long it took
participants to make a belief decision. We defined reac-
tion time as the time interval between the Al answer being
shown to the users and their belief decision click. It was
analysed to explore whether the delay condition or com-
plexity influenced participants” decision speed.

Time to Confidence. Moreover, we recorded the interval
between the belief decision and the confidence rating. This
measure was used to explore how much time they spent
rating their confidence, as a potential indicator of uncer-
tainty.

Timeouts. Trials in which participants did not provide a be-
lief judgment within the 13 second time limit were recorded
as timeouts. We used the number of timeouts as a criterion
for participant exclusion.

Answer Accuracy. According to our experimental design,
there were two ways to give a correct response: pro ques-
tion: believing a correct Al answer or rejecting an incorrect
Al answer. Based on this, we calculated answer accuracy as
a further exploratory measure.

Post-Study Measures

Demographics. After completing all trials, participants re-
ported their age, gender, highest level of education, oc-
cupation, native language, English proficiency (1-5 scale),
frequency of Al chatbot usage, and technical affinity (1-5
scale).

Interaction Perception. Participants were asked to give
their impression of the interaction. They rated to what ex-
tent prior knowledge, answer wording, and response time
had influenced their decisions on a 5-Point Likert scale,
ranging from 1 (not at all) to 5 (very strongly). Additionally,
we assessed on a 5-point agreement Likert scale if partici-
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Pilot studies were used
to refine the setup,
timing, stimuli, and

study flow.

The long delay was
increased from 4000
ms to 6000 ms to make
the contrast clearer.

The second pilot led to
a time limit and less

familiar questions.

pants noticed differences in delays during the experiment
and if they perceived the system as "thinking".

Qualitative Feedback. Participants were asked to answer
three open-ended questions: what they based their judg-
ments on, which aspects of the interaction influenced their
evaluation most, and whether they noticed any patterns or
developed a strategy during the study. Furthermore, the
questionnaire included a free-text field at the end, where
the participants could leave their comments.

3.3 Pilot Studies

Before starting actual data collection, we conducted sev-
eral pilot studies to verify the technical setup, evaluate
study flow, estimate session duration, and identify poten-
tial problems with the data set and study design.

First pilot (1 participant, 20 trials). Initially, the long delay
was set to 4000 ms. This value was chosen based on the
observation that, in human communication, silence tends
to start feeling unusual after 4000 ms [Maslych et al., 2025].
However, the first pilot study revealed that the contrast be-
tween the short delay of 400 ms and the initially chosen
long delay of 4000 ms was not sufficiently distinguishable.
Therefore, we increased the long delay to the final value of
6000 ms for the next pilot sessions.

Second round (3 participants, 80 trials each). These three
full-length trial runs uncovered two problems. First, reac-
tion times varied very widely, from 1.7 to 59.6 seconds, with
a mean of 13 seconds. In several trials, participants showed
long response times, which suggests they were trying to re-
call information from memory rather than reacting to the
Al answer itself. To increase the potential effect of the de-
lay, we introduced a 10-second time limit for reading the
answer and making a belief judgement. We visualised it by
a visible count bar (see Figure 2). Second, many questions
appeared to participants to be familiar, which obscured the
effect of the delay manipulation. Therefore, the trial data
set was edited: questions associated with high prior knowl-
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edge were replaced, and the total number of trials was in-
creased from 80 to 100. Adding of a response time limit
made the study duration shorter, which allowed us to make
a larger trial set without increasing the length of the exper-
iment.

Third round pilot (2 participants, 100 trials each). Two
final pilot runs were conducted to verify the revised data
set and to see how participants coped with the new time
limit. One participant had many timeouts (24% out of 100),
which indicated the limit was too short. For this reason,
we increased the time limit to 13 seconds, corresponding to
the mean response time observed in the second pilot round.
Additionally, we discovered that participants used the con-
fidence rating phase to reread the text of the trial. To ad-
dress this, we blurred the question and the answer after a
belief decision was made to ensure that the confidence rat-
ing based on the participant’s gut feeling, influenced by the
preceding delay, rather than a revised assessment.

3.4 Results

This section reports the findings of Study 1. After describ-
ing data preprocessing and exclusions, the primary anal-
yses explore whether response latency and question com-
plexity affected participants’ belief judgements and confi-
dence ratings. Next, exploratory analyses provide further
context on response behaviour, trial believability, and par-
ticipants” impressions of the interaction.

3.4.1 Data Preprocessing

Python was used for data preparation and statistical anal-
yses using the pandas and pingouin libraries. Participants
were excluded from the main analyses if they:

e Failed at least one of the two attention checks and/or

e Had more than 10 timeouts out of 100 trials.

Final pilots increased
the time limit and
introduced blurring after
belief decision.



30

3 User Study 1: Text-Based Interaction

Five participants were
excluded due too many
timeouts, resulting in

final sample of 36.

Belief rates means
followed the predicted

pattern.

Complex answers were
believed often, but the
predicted interaction

was not significant.

Five of the 41 participants were excluded from the analysis
on the basis of the timeout criterion, with timeouts rang-
ing from 14 to 21 trials. Moreover, individual timeout trials
were excluded from the analyses, because no belief deci-
sion and confidence rating were recorded for these cases.
All participants passed the attention checks. The final sam-
ple consisted of 36 participants with a mean of 4.4 timeouts
per participant (SD = 1.8).

3.4.2 Primary Analyses
Belief Rate

First, we analysed the belief rate for each condition. Over-
all, participants believed 64.7% of the Al answers. The
means and standard deviations are displayed in Table 3.6
and Figure 3.7. As shown, complex trials achieved slightly
higher belief rates than simple trials. In addition, for com-
plex questions, belief rates were higher in the long-delay
condition than in the short-delay condition. For the simple
questions, the pattern was reversed.

Response latency

Complexity Short Long

Simple 62.47 (SD = 12.00)  60.08 (SD = 14.00)
Complex  66.94 (SD=1191) 69.44 (SD = 12.42)

Table 3.6: Mean belief rates (%) per condition with stan-
dard deviations.

To test our hypothesis, the interaction effect between delay
and complexity, we used a 2 (Latency) x 2 (Complexity)-
ANOVA with repeated measures. The analysis showed a
significant main effect of Complexity, F(1,35) = 19.99, p <
0.001, n% = 0.364. The data show that complex questions
were believed more often than simple questions. There
was no significant main effect of Delay, F(1,35) = 0.002,
p = 0.962, r}% < 0.001, meaning that short and long de-
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Figure 3.7: Belief rate by response latency and question
complexity in Study 1.

lay did not vary in belief rate overall. The interaction be-
tween question complexity and delay was also not signifi-
cant, F(1,35) = 1.98, p = 0.168, n% = 0.054. Although the
means showed the predicted effects, the interaction did not
reach statistical significance.

Confidence Rating

In general, the participants reported an intermedi-
ate level of confidence in their belief judgments
(M = 37,SD = 0.93) on a scale from 1 to 7. Ta-
ble 3.8 and Figure 3.9 provide the means and standard
deviations for each condition. The confidence scores were
similar across the delay conditions for both simple and
complex questions.

The confidence ratings were analysed using the same 2x2
repeated-measures ANOVA, with complexity and delay as
within-subjects factors. The results showed a similar pat-

Confidence ratings
were intermediate and
similar across delay

conditions.
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Confidence was slightly
higher for complex
trials, but no significant
interaction.

Response latency

Complexity Short Long

Simple 3.61(0.98) 3.65 (0.87)
Complex  3.76 (1.04) 3.77(0.99)

Table 3.8: Mean confidence ratings per condition. Values
represent M (SD) on a scale from 1 to 7.
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Figure 3.9: Confidence ratings across response latency and
question complexity conditions in Study 1.

tern to the belief rate: a significant main effect of complex-
ity, F(1,35) = 4.99, p = 0.032, n% = 0.125, meaning partici-
pants were slightly more confident in their judgements for
complex question-answer pairs than for simple ones.There
was no significant main effect of latency, F(1,35) = 0.34,
p = 0.563, nf, = 0.010, and no significant interaction be-
tween latency x complexity, F(1,35) = 0.09, p = 0.760,
nf, = 0.003.
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3.4.3 Secondary Exploratory Analyses
Reaction Time

As defined in Section 3.2.7, we additionally measured reac-
tion time to explore whether response latency and question
complexity affected participants” speed. Because answers
to complex questions were longer than to simple ones (see
Section 3.2.2), reaction times, measured from the appear-
ance of the written answer to belief decision, were likely
confounded with reading time. Mean reaction times were
6171 ms (SD = 985 ms) for simple-short trials and 6318 ms
(SD = 1095 ms) for simple-long trials. For complex ques-
tions, mean reaction times were 9176 ms (SD = 1747 ms) in
the short-delay condition and 9423 ms (SD = 1763 ms) in
the long-delay condition. The ANOVA showed a highly
significant main effect in complexity, F(1,35) = 328.99,
p < 0.001, 17% = (0.94, consistent with this difference in
answer length rather than reflecting differences in decision
speed. However, there were also a significant effect of re-
sponse latency, F(1,35) = 6.60, p = 0.015, 17;27 = 0.159, sug-
gesting that participants decided slightly more slowly after
a long delay. There was no interaction effect between com-
plexity and response latency, F(1,35) = 0.48, p = 0.493,
17% = 0.014. Thus, the latency effect did not differ between
simple and complex questions.

Time to Confidence

Participants also took slightly longer to rate their confi-
dence after long delays than after short delays. Mean time
was 1800 ms (SD = 610) in the simple-short combination
and 1972 ms (SD = 628) in the simple-long. For complex
questions, mean time to confidence was 1797 ms (SD = 660)
in the short-delay condition and 1903 ms (SD = 877) in
the long-delay condition. The ANOVA indicated no signif-
icant main effect of complexity, F(1,35) = 0.22, p = 0.646,
17;2, = 0.006. However, there was a significant main effect
of response latency, F(1,35) = 7.10, p = .012, 1];2, = 0.169,
indicating that participants took longer to decide after long

Reaction times were
longer for complex trials
and slightly longer after
long delays.

Participants took
slightly longer to rate
confidence after long
delays.
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Participants identified
the correct answer in
58.1% of trials

Exploratory analyses
examined where the
predicted interaction
might become more

visible.

Median splits explored
whether participant
attributes moderated
the interaction.

delays. The interaction between complexity and response
latency was not significant, F(1,35) = 0.20, p = 0.660,
15 = 0.006.

Answer Accuracy

As described in Section 3.2.2, the study consisted of 50
correct and 50 incorrect answers, where participants were
informed about this distribution before the actual experi-
ment. Participants identified the correct answer in 58.1%
of trials. Accuracy was slightly higher for complex ques-
tions (M = 60.4%) than for simple questions (M = 55.9%),
with minimal differences of 1-2% between delay condi-
tions. Correct answers were believed in 72.6% of cases,
whereas incorrect answers were disbelieved by clicking
"No" only in 43.4% cases.

3.4.4 Exploratory Follow-Up Analyses

Since no significant interaction was identified in the pri-
mary analysis, we decided to perform further exploratory
analyses to determine under what conditions the hypothe-
sised effect might be more clearly observed.

Median Splits

To explore whether the hypothesised interaction would oc-
cur in specific participant groups, we conducted several
median-split analyses. For this, we divided participants
into equally sized low and high groups (n = 18 each) based
on their number of timeouts, mean confidence rating, and
mean reaction time. Participants were split into two groups
at the median value across the sample for each measure
(Mdn = 2.5 timeouts, Mdn = 3.87, and Mdn = 8118
ms, respectively). For each median split, we used a mixed
ANOVA on belief rate, with complexity and response la-
tency as within-subject factors and median-split group as
a between-subject factor. For the statistical analyses of the
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Figure 3.10: Interaction plots of belief rate by latency condition and complexity for

each believability bin.

splits, we used R and the rstatix package. The descriptive
belief rates for all six groups are provided in Table A.1, and
the corresponding interaction plots are shown in Figure A.2
in the Appendix.

None of the three splits indicated a significant three-way in-
teraction between group, complexity, and response latency
(timeout split: F(1,34) = 0.835, p = 0.367, 1, = 0.024, mean
confidence rating: F(1,34) = 0.105, p = 0.747, r]% = 0.003,
reaction time split: F(1,34) = 0.90, p = 0.349, 17,2, = 0.026).
None of these selected participants” characteristics signifi-
cantly moderated the predicted interaction. However, de-
scriptively, the complexity X latency interaction appeared
numerically larger in the low-timeout, low-confidence, and
slow-reaction-time groups than in their respective counter-
parts, although it did not reach significance within any in-
dividual subgroup.

Believability Bin Analysis

The trials for the study were selected to minimise the ef-
fects of prior knowledge by taking a range of different top-
ics for which participants were unlikely to know the cor-

The predicted pattern
appeared descriptively
stronger in some
groups but was not
significant.
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Trials were grouped by
overall believability to
discover cases with

greater uncertainty.

The predicted
interaction was clearest
for items with medium
believability.

rect answer with certainty. Nevertheless, some items may
still have appeared more obvious to some participants than
to others. The underlying idea was that participants may
rely on other available cues, such as response latency, to
make a decision. This should be most relevant for items
whose overall belief rate lies in a medium range. There-
fore, we grouped items by their overall belief rate among
all participants. For each of the 100 question-answer pairs,
we computed the mean belief rate, regardless of which de-
lay condition they were in. Items were then divided into
three equally sized groups: low (33 items, 13.9% - 54.3%),
medium (33 items, 55.6% - 76.5%), and high believability
(34 items, 77.1% - 97.2%) bin. The division resulted in 20
simple and 13 complex items in the low bin, 18 simple and
15 complex in the medium bin, and 12 simple and 22 com-
plex items in the high bin. For each group, we calculated
the belief rate separately for each experimental condition.

Figure 3.10 illustrates the resulting interaction plots for the
three bins. The low- and high-believability bins showed no
clear differences between the conditions. In contrast, the
medium-believability showed the clearest pattern in line
with our hypothesis. For simple questions, the mean belief
rates were higher in the short-delay condition (70.1%) than
in the long-delay condition (61.4%). For complex questions,
the pattern was reversed, with higher belief rates in the
long-delay condition (69.5%) than in the short-delay con-
dition (64.1%).

3.4.5 Self-Report Measures

Interaction Perception

At the end of the study, participants rated several aspects
of what had influenced their belief decision and how they
perceived the Al agent. Figure 3.11 shows the response dis-
tribution for three items: prior knowledge, wording and
tone, and response time.

Prior knowledge received the highest ratings, (M =
46,SD = 0.73). Most of the participants rated it as
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Figure 3.11: Distribution of responses to the self-report items about perceived influ-
ences on belief judgements. The scale ranged from 1 (not at all) to 5 (very strongly).

a strong or very strong influence, with 26 of 36 partici-
pants (72.2%) choosing the maximum rating. The word-
ing and tone of the Al answers received more varied rat-
ings, and most of the participants rated it as influential
(M = 3.25,SD = 1.08). The response time of the sys-
tem showed the opposite pattern (M = 1.97,5D = 1.32).
More than half of the participants (56%) rated the delay as
not influential at all, and only 7 of 36 (19.4%) rated it as a
strong or very strong influence factor.

As shown in Figure 3.12, 29 of 36 participants strongly
agreed that the AI system responded at different speeds
(M = 4.61,SD = 0.90). This suggests that response
latency manipulation was generally noticed. The rat-
ings for "whether the system seemed to be thinking be-
fore responding” were spread across all five scale points
(M = 272,5SD = 1.19). 15 of 36 participants (41.6%) dis-
agreed or strongly disagreed with the statement, 11 partic-
ipants (30.6%) chose the midpoint of the scale, and 10 par-
ticipants (27.8%) agreed or strongly agreed.

Qualitative Feedback

The participants’ open responses added more context to the
results. The comments repeatedly referred to participants’
own knowledge, gut feeling, the plausibility of the answer,

Participants reported
relying mostly on prior
knowledge, not
response time.

Most participants
noticed differences in
the system’s response
speed.

Qualitative feedback
highlighted prior
knowledge, plausibility,
wording, and time

pressure.
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Figure 3.12: Distribution of responses to the self-report items about perceived sys-
tem response behaviour. The scale ranged from 1 (strongly disagree) to 5 (strongly
agree).

answer length and wording, as well as time pressure dur-
ing the study.

Prior knowledge and gut feeling. Many participants de-
scribed prior knowledge as the main basis for their deci-
sion making. When they already knew answer to the raised
question, they compared if the Al response matched their
own assumptions. Often, when they did not know the an-
swer, they relied on plausibility or gut feeling. Other par-
ticipants described this more briefly, for example, as relying
on "my knowledge of the facts and gut feeling” (P6), or decid-
ing based on whether they “already know or expect a certain
answer” (P9).

"I based my judgement on my own knowledge and/or
intuition and on how complex/abstract the questions
and answers were.” (P39)

Several participants explicitly described relying on plausi-
bility when they lack the necessary knowledge:

"If plausible explanations were given, I was more
likely to say "yes’. Although, I didn’t know at all
whether the answer was correct or not, I tended to
say "yes’.” (P50)



3.4 Results

39

Answer length and wording. Several participants men-
tioned that they mostly relied on such cues as answer
length, and answer wording to make a decision.

"The first criteria was the length of the answer. Short
answers directly seem less reliable. The second crite-
ria was the use of professional vocabulary.” (P45)

For some participants, shorter answers were associated
with higher credibility. Some participants found longer and
detailed answers more convincing. For example, one par-
ticipant stated "the detailed explanations added to the feeling of
"reliability” of said answers" (P24). Others became more scep-
tical when answers were long: “the more detailed they got, the
likelier I thought it was to be a lie” (P10).

Time pressure. Another frequently mentioned problem
was the time limit. The 13-second restriction made it dif-
ficult to read the response completely and evaluate it care-
fully, especially for longer answers to complex questions.
Several participants reported that, as a result, they often
had to guess rather than make a careful judgement.

"The time for reasoning was obviously very short,
which caused me to be very uncertain about those
answers in particular, but followed this gut feeling
to yes or no.” (P24)

Response time as a cue. Several participants noticed vari-
ation in response times and reported that it influenced their
evaluation.

"For immediate responses, I tend to question the an-
swer more than if the Al pretends to think about the
answer.” (P15)



40

3 User Study 1: Text-Based Interaction

Study 1 tested whether
latency and complexity
interact in a text-based

setting.

No significant
interaction, but
descriptively in the
expected direction.

The hypothesised
pattern was clearest
when answers were

difficult to judge.

A voice-based setting
may strengthen the
social meaning of

response latency.

3.5 Discussion

Study 1 investigated whether response latency interacts
with the complexity of the question with respect to users’
belief judgements of Al-generated answers in a text-based
chat setting. We hypothesised that the effect of response
latency on belief rate would depend on question complex-
ity. Specifically, we expected short delays to increase belief
rates for answers to simple questions, whereas long delays
would increase belief rates for answers to complex ques-
tions.

The interaction effect did not reach statistical significance.
However, the means were consistent with our prediction:
belief rates were slightly higher after short delays than af-
ter long delays for simple questions, whereas answers on
complex questions were believed slightly more often after
long delays than after short delays.

The exploratory believability bin analysis indicated that the
predicted interaction may be present, but only for items
where participants” judgements were uncertain. In the
medium believability bin, the difference between short and
long delay was larger than in the overall sample, especially
for simple questions (compare Figure 3.10 with Figure 3.7).
In contrast, the low and high believability bins, in which
the answers were more often rejected or more often be-
lieved, showed almost no difference between delay condi-
tions. One possible interpretation is that the medium bin
contained items for which neither prior knowledge nor the
plausibility of the answer was sufficient to guide partic-
ipants’ decisions, leaving more room for additional cues
such as response latency.

Thus, Study 1 suggested that response latency may still in-
fluence belief judgements, especially when answers are dif-
ficult to judge. One possible reason for the weak effect is
that the text-based setup may have limited the social in-
terpretation of the delay. The delays may have been inter-
preted more as a technical processing time rather than a
pause in conversation [Nielsen, 1993; Shneiderman, 1984].
Response latency can also function as a chronemic cue in
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social interaction [Kim et al., 2026]. In voice-based inter-
action, timing differences may become more noticeable or
take on a different meaning [Cohn et al., 2024]. This moti-
vated us to conduct a second study to investigate whether
the interaction between latency and complexity would be-
come more pronounced in voice-based communication.
Study 2 was designed as a conceptual extension of Study
1, using the same question-answer pairs and delay manip-
ulation, but presenting the Al responses as spoken rather
than written answers.
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Chapter 4

User Study 2:
Voice-Based Interaction

While Study 1 examined response latency in a text-based
chat interface, many real-world interactions with Al sys-
tems increasingly take place through voice. Voice modes
are now integrated into widely used systems such as Chat-
GPT and Gemini, and voice assistants like Alexa and Siri
have long relied on spoken exchanges. If response latency
functions as a social timing cue, as discussed in the pre-
vious chapter, it may be even more salient in an interac-
tion using voice mode. Adding voice to an LLM system
has been found to increase both anthropomorphism ratings
and perceived information uptake compared to a text-only
condition [Cohn et al., 2024]. If voice increases the extent to
which an Al system is treated as a communication partner,
response latency in this modality may be interpreted more
as a "thinking" pause instead of technical processing time.

Study 2 was built directly on Study 1, applying the same
concept but in a voice-based setting. Participants read each
question aloud, and the Al responded in a synthetic nat-
ural voice instead of written text. We aimed to determine
whether the patterns observed in the first study would also
appear or become more pronounced in this audio format.
This chapter first presents Study 2 hypotheses, followed by
its design, procedure, measures and results.

Study 2 extended the
text-based design to a
voice-based Al
interaction.
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Study 2 retested the
hypothesis in voice
mode.

H3 focused on medium
believability items,
where judgements are
most ambivalent.

4.1 Research Questions & Hypotheses

Study 2 was designed as a voice-based extension of Study
1, retesting the hypotheses formulated in Study 1 (see Sec-
tion 3.1). This approach allowed us to investigate whether
the expected interaction between response latency and
question complexity occurs in voice-based interaction, as
well as to compare these findings to those obtained in Study
1.

H2 As in Study 1, response latency interacts with ques-
tion complexity in influencing users’ belief judge-
ments and confidence ratings (H2.1, H2.2 correspond
to H1.1 and H1.2).

We extended the hypotheses formulated for Study 1 on the
basis of the believability bin analysis conducted there (see
Section 3.4.4), which demonstrated that the predicted inter-
action was most pronounced for items with a medium over-
all belief rate, i.e. for items where participants’ judgements
were most ambivalent. This led to an additional hypothesis
for Study 2:

H3 The interaction between response latency and ques-
tion complexity will be more pronounced for items
with medium believability than for items with a low
or high overall belief rate.

4.2 Method

The section describes the methodological setup of Study
2. It builds on Study 1 and highlights the changes made
for the voice mode. We describe the study design, partic-
ipant sample, audio stimulus generation, voice selection,
procedure, counterbalancing, and measures used to evalu-
ate participants’ perceptions of the Al agent.
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4.2.1 Study Design

Study 2 used the same 2x2 within-subjects design as Study
1 (see Section 3.2.1), manipulating response latency and
question complexity, with the one change being the interac-
tion modality: participants read the question aloud them-
selves, and the answer was played via audio rather than
text.

4.2.2 Participants

We recruited 37 participants through convenience and
snowball sampling using personal networks. Participa-
tion was voluntary and uncompensated. The same require-
ments as in Study 1 applied: sufficient English proficiency
and a desktop or laptop. Additionally, participants were re-
quired to have working speakers or headphones to be able
to hear the Al’s audio responses.

Demographic data for two participants were not saved due
to a session timeout, and the participants later provided
it themselves. The final sample consisted of 34 partici-
pants and ranged in age from 19 to 66 years (M = 30.1,
SD = 10.0). 17 participants identified as women, 15 as
men, one as non-binary, and one preferred not to disclose
their gender. 16 participants had a Bachelor’s degree, 11
a Master’s degree, and seven had completed high school.
The majority were native German speakers (n = 18), fol-
lowed by Russian (n = 10), with the remaining six report-
ing Belarusian, Bosnian, Greek, Turkish, English. Most par-
ticipants reported using Al tools daily (n = 15) or several
times per week (n = 13).

4.2.3 Stimuli & Materials

For the second study, we used the exact same set of ques-
tions and answers (see Section 3.2.2). No changes have been
made to the content, accuracy, or complexity.

Study 2 used the same
2x2 design, but with
audio responses.

Participants needed a
desktop or laptop, and
working audio output.

The final sample
consisted of 34
participants.

Study 2 used the same
question-answer set as
Study 1.
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The written Al answers
were synthesised as
MP3 files using
ElevenLabs.

Voice gender can
influence perceived
warmth, competence,

and trust.

A female voice was
chosen for naturalness

and familiarity.

Audio Stimulus Generation

In Study 1, we presented all material as written text. In
contrast, in Study 2, we shifted to voice mode. The system’s
answers were generated using the text-to-speech (TTS) soft-
ware ElevenLabs!, with its Multilingual v2 model, the same
default model used by Michel et al. in their evaluation of
synthetic Al voice service [Michel et al., 2025]. All 100 an-
swers were synthesised using a single female voice at the
default speech rate, and exported as MP3 files (44.1 kHz,
128 kbps).

Voice Selection

Since the voice itself can influence how audio responses are
perceived, we first examined common practices regarding
voice gender in commercial voice assistants and conversa-
tional Al systems. Historically, voice assistants such as Siri,
Alexa, and Cortana have tended to use female voices as
their default setting for extended periods [Sindoni, 2024].
This convention has been related to the perception that fe-
male voices convey warmth and support, while male voices
are associated with authority and competence [Danielescu
et al., 2023]. Female voices have also been shown to in-
crease user trust in socially sensitive and health-related
contexts [Sindoni, 2024]. However, the default usage of
female voices has been criticised for strengthening gender
stereotypes [Danielescu et al., 2023].

We also considered a gender-neutral voice to avoid gender-
specific associations. However, none of the gender-neutral
voices available in ElevenLabs at the time of stimulus gen-
eration for Study 2 sounded sufficiently natural and con-
vincing. Therefore, we selected a voice based on the criteria
of perceived confidence and naturalness among the avail-
able samples, as well as the goal of staying closer to what
participants might expect from a commercial voice assis-
tant. Thus, we chose "Victoria - Warm, Trustworthy, and
Relatable", a female voice. As outlined above, this choice

1 https:/ /elevenlabs.io/, last accessed July 5, 2026
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Press the button to receive your question

Y
®

Press to start

Figure 4.1: The microphone button as it appeared at the start of each trial with the

instruction to press it to receive the question.

is not unproblematic and should be understood as a design
decision based on the available voice samples.

424 Procedure

As in Study 1, the study was conducted online and with-
out any assistance. Participants first visited a welcome
page with general information and technical requirements,
followed by the informed consent form. In addition to
the consent information provided in Study 1, participants
were informed that their voices were not recorded or saved
throughout the study. Following consent, participants com-
pleted a brief sound check to ensure their device’s audio
was working before the experiment started. Participants
then completed a tutorial, as in Study 1. Furthermore, they
were also advised that half of the Al’s answers were correct
and half were incorrect.

Each trial began with a microphone button (see Figure 4.1),
and participants were instructed to press it to receive the
trial question. Pressing the button displayed the question
and instructed participants to read it aloud. As shown in
Figure 4.2, the button then changed to a red recording state
to visually indicate that the spoken input phase was active
and the AI agent was "listening". The idea was to imitate

The study began with
consent, a sound

check, and a tutorial.

Participants read each
question aloud to
imitate speaking to a
voice assistant.



48

4 User Study 2: Voice-Based Interaction

Progress

50%

"Which planet has the shortest day in the solar

system?"

Read the question out loud, then press again when done.

Press when done

Figure 4.2: After the first press button, the question (e.g., "Which planet has the
shortest day in the solar system?") is displayed, and the microphone button changes
its state to signal the recording phase.

The latency
manipulation began
after participants
finished reading aloud.

A moving visual form
represented Al agent.

the way a user might speak to a voice assistant. Participants
were asked to press the button once they had finished read-
ing the question aloud. No audio of participants’” speech
was recorded.

Next, the question was displayed as a quoted message in
the user’s chat bubble, similar to Study 1. The text was
taken from the stimulus set rather than a transcription of
the participant’s speech. Rather than reusing the three-dot
typing indicator animation from Study 1, a small pulsing
circle was shown during the delay period. The delay be-
tween the end of the question and the start of the audio Al
response was either 400 ms or 6000 ms, matching the la-
tency manipulation used in Study 1.

Following the delay, the Al's audio answer played auto-
matically. As illustrated in Figure 4.3, during playback, the
Al agent was visualised as a fluid, shape-changing form
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Progress

50%

"Which planet has the shortest day in the solar system?"

| believe this answer is correct.

Yes No

Figure 4.3: The chat interface after the question has been submitted, showing the
asked question, and the Al agent, represented as a moving animation, with the

belief decision prompt.

built from two overlapping circles that moved and de-
formed, inspired by the visual representation of ChatGPT’s
mobile voice mode. This design choice was made to rein-
force the impression of a single, continuous Al that handles

"non

the "listening", "thinking", and "speaking" states.

As in Study 1, participants judged whether they believed
the answer. Participants had seven seconds to respond, vi-
sualised by a countdown progress bar. This response win-
dow was shortened relative to 13 seconds in Study 1, which
included time to read the written answer in addition to
making a decision. In Study 2, the answer was presented
entirely via audio, so the decision window was halved, as
no reading time was required. Participants could also de-
cide before the audio finished playing, in which case the
audio stopped, and the trial was marked as an early de-
cision. After the belief decision, the animated fluid form
shrank to a single dot. As in Study 1, participants rated
their confidence and then proceeded to the next trial.

Participants judged the
Al answer within a
7-second response

window.
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Audio attention checks
verified that participants

were listening.

Study 2 ended with
questionnaires and took
approximately 50-60
minutes.

Counterbalancing
followed the same logic
as in Study 1.

The web application
matched Study 1, with
audio playback added.

Measures matched
Study 1.

The main study consisted of 102 trials, two of which served
as attention checks. In Study 2, these trials displayed an
"Attention Check" label instructing participants to listen to
the following audio message. The audio contained a note
to click "Yes" or "No" to confirm they had been listening.

After completing all trials, participants completed a demo-
graphics and perception questionnaire, both adapted from
Study 1 (see 3.2.7), with several changes to reflect the audio-
based interaction (see Section 4.2.7 for details). Unlike in
the text-based study, Study 2 did not include a reading
speed task. The study took approximately 50-60 minutes
to complete.

4.2.5 Counterbalancing & Randomisation

Counterbalancing and randomisation followed the same
logic as in Study 1 (see Section 3.2.4). Trials were assigned
to delay condition based on participant ID, and the 100 tri-
als were divided into 25 blocks of four, with block order
and trial order within each block randomised.

4.2.6 Apparatus

The web-based application was implemented and hosted
identically to Study 1 (see Section 3.2.6). The only addi-
tions were audio playback. Pre-generated audio answer
tiles were served directly to participants’ browsers.

4.2.7 Measures

Primary Measures

As in Study 1, belief rate and confidence rating were de-
fined and computed identically (see Section 3.2.7).



4.3 Pilot Studies

51

Exploratory Measures

As in Study 1, time to confidence, timeouts, and answer ac-
curacy were collected as secondary exploratory measures
(see Section 3.2.7). Reaction time was defined similarly to
Study 1 and measured from the start of the Al’s audio re-
sponse. We additionally recorded whether a belief decision
was made before the audio finished playing.

Post-study Measures

Demographics. As in Study 1 (see Section 3.2.7), with two
additional items to collect prior experience with Al voice
modes or voice assistants and whether participants had ex-
perienced any technical problems during the study.

Interaction Perception. As in Study 1 (see Section 3.2.7),
except that the item addressing wording was replaced with
an item addressing the voice and speaking style of the Al
agent. Four additional items were added on a Likert scale
to assess participants” impressions regarding the natural-
ness of the Al voice and interaction, the animated visual
during speaking, and whether the animation was distract-

mng.

Qualitative Feedback. Unchanged from Study 1 (see Sec-
tion 3.2.7).

4.3 Pilot Studies

Before starting actual data collection, we conducted two pi-
lot studies to ensure the technical setup was working, eval-
uate the study flow, and identify potential problems with
data storage.

The first pilot session was conducted online with a partici-
pant who had previously taken part in Study 1, with a par-
ticular focus on verifying that audio playback functioned

Pilot studies checked
audio playback,
attention checks, and
study flow.
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Pilots led to redesigned
audio attention checks
and confirmed
engagement with the
read-aloud task.

Exclusions were based
on technical problems
and failed attention
checks.

correctly throughout the study. The pilot identified an issue
with the initial attention-check design. As in regular trials,
participants were asked to read the attention-check content
aloud. However, since the content was an instruction rather
than a question, this felt confusing and unintuitive. Thus,
we redesigned the attention checks so the participants only
had to listen to an audio message and respond according to
the instructions. The second pilot session was conducted in
person and proceeded without any technical issues. There-
fore, we included this participant’s data in the main anal-
ysis. During this pilot study, we observed that the partic-
ipant moved noticeably closer to the screen while reading
questions aloud. This behaviour implied that the person
engaged with the speaking task as intended, rather than
passive button-clicking.

44 Results

This section presents the results of Study 2. After data
preprocessing and exclusions, the primary analyses assess
how latency and complexity affect belief judgements and
confidence ratings. Exploratory analyses provide more in-
sights on response behaviour, trial believability, partici-
pant subgroups, and participants” impressions of the voice-
based interaction.

4.41 Data Preprocessing

Data preparation, exclusion criteria, and statistical analyses
followed the same procedure as in Study 1 (see Section 3.4).

Of the 37 participants who completed the study, one was
excluded because she reported technical problems during
the study, with the audio not playing correctly on many tri-
als. Two further participants were excluded for failing at
least one of the two attention checks. No participants ex-
ceeded the timeout threshold. The final sample consisted
of 34 participants with a mean of 1.8 timeouts per partici-
pant (SD = 2.3, range: 0-9).
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Figure 4.4: Belief rate by response latency and question
complexity in Study 2.

4.4.2 Primary Analyses
Belief Rate

First, we analysed the belief rate for each condition.
Overall, participants believed 68.2% of the AI answers
(SD = 10.7%, range: 46.9% — 94.9%). The means and stan-
dard deviations are displayed in Table 4.5 and Figure 4.4.
As can be seen, complex trials achieved higher belief rates
than simple trials. Belief rates were higher in the short-
delay condition than in the long-delay condition for both
simple and complex questions.

To test our hypothesis, the interaction effect between delay
and complexity, we used a 2 (Latency) x 2 (Complexity)-
ANOVA with repeated measures, as in Study 1. Unlike in
Study 1, the analysis showed no significant main effect of
complexity, F(1,33) = 3.61, p = 0.066, n; = 0.099. De-
scriptively, however, belief rates were higher for complex

Belief rates were higher
after short delays for
both simple and

complex trials.

The predicted
latency-complexity
interaction was not

significant.
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Confidence ratings
were moderate to high
and similar across
delays.

Confidence ratings
were higher for complex
items, but did not
depend on latency.

Response latency

Complexity Short Long

Simple 67.0 (14.0) 65.4 (13.5)
Complex  71.7 (145) 68.7 (13.7)

Table 4.5: Mean belief rates (%) per condition with stan-
dard deviations in brackets.

than for simple trials. There was no significant main ef-
fect of delay, F(1,33) = 1.67, p = 0.205, r]rz, = 0.048, mean-
ing that short and long delay did not vary reliably in be-
lief rate overall. Finally, the interaction between question
complexity and response latency was also not significant,
F(1,33) = 0.33, p = 0.569, 1];27 = 0.01. Asin Study 1, the hy-
pothesised effect of response latency on belief rate did not
depend on question complexity.

Confidence Rating

In general, participants reported a moderate to high level of
confidence in their belief judgements (M = 4.38, SD = 0.77)
on a scale from 1 to 7. Table 4.6 shows the means and stan-
dard deviations for each condition. As in Study 1, confi-
dence ratings were similar across delay conditions for both
simple and complex questions.

The confidence ratings were analysed using the same 2x2
repeated-measures ANOVA. As in Study 1, there was a sig-
nificant main effect of complexity, F(1,33) = 7.01, p = 0.012,
nf, = 0.175, meaning participants were more confident in
their judgements for complex question-answer pairs than
for simple ones. There was no significant main effect of re-
sponse latency, F(1,33) = 0.56, p = 0.459, 17% = 0.017, indi-
cating that the effect of delay on confidence did not depend
on question complexity in this sample. Finally, there was
no significant interaction between latency and complexity,
F(1,33) = 0.88, p = 0.356, 175 = 0.026.
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Response latency

Complexity Short Long

Simple 427(0.83) 4.29 (0.74)
Complex  4.52(0.84) 4.42(0.90)

Table 4.6: Mean confidence ratings per condition in Study
2. Values represent M (SD) on a scale from 1 to 7.

4.4.3 Secondary Exploratory Analyses
Reaction Time

As the duration of the Al's audio files differed between
simple and complex answers, the raw reaction time was
strongly confounded with answer length. Complex trials
showed longer reaction times (M = 14450 ms) than simple
trials (M = 7811 ms).

Participants made their belief decision before the audio had
finished in 17.5% of trials, and after the audio had ended
in the remaining 82.5%. For trials in which a decision was
made after the audio was played, we additionally calcu-
lated the post-decision time. The pattern was similar to the
raw reaction time: a significant main effect of complexity,
F(1,32) = 147.52, p < .001, 17%, = (.82, but no significant
effect of latency, F(1,32) = 0.77, p = 0.387, 775 = 0.024,
nor a significant interaction, F(1,32) = 0.19, p = 0.667,
n% = 0.006. However, post-audio decision times were de-
scriptively slightly longer after long delays.

Time to Confidence

Unlike in Study 1, where latency significantly affected time
to confidence, no significant effects of complexity, F(1,33) =
3.87, p = 0.057, 17% = 0.105, latency, F(1,33) = 0.06,
p = 0.808, nf, = 0.002, or their interaction, F(1,33) = 0.51,
p = 0481, 17% = 0.015, were found.

Reaction times were
slightly longer after long
delays.

Unlike in Study 1,
latency did not affect
time to confidence.
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Figure 4.7: Interaction plots of belief rate by latency condition and complexity for

each believability bin.

Participants identified
the correct answer in
56.4% of trials

The medium bin only
partially supported the
predicted pattern.

Answer Accuracy

As in Study 1, the answer set consisted of 50% correct and
50% incorrect answers. Participants identified the correct
answer in 56.4% of trials. Accuracy was similar for com-
plex (M = 56.7%) and simple questions (M = 56.1%), with
minimal differences between delay conditions. As in Study
1, correct answers were believed considerably more often
(74.5%) than incorrect answers were disbelieved (38.2%).

4.4.4 Exploratory Follow-Up Analyses
Believability Bin Analysis

As in Study 1, we also investigated the predicted latency
x complexity pattern specifically for items with a medium
overall belief rate. Items were again divided into three
equally sized bins based on each trial’s overall belief rate:
low (33 items, 29.4% - 60.6%), medium (33 items, 60.6% -
79.4%), and high believability (34 items, 79.4% - 97.1%). The
division resulted in 14 complex and 19 simple items in the
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low bin, 16 complex and 17 simple in the medium bin, and
20 complex and 14 simple items in the high bin.

For each bin, we calculated the belief rate separately for
each experimental condition. As illustrated in Figure 4.8,
the high-believability bin showed no clear differences be-
tween conditions. However, the low bin showed little dif-
ference for simple questions (48.6% in the short-delay con-
dition vs 51.0% in the long-delay condition), but a notable
difference for complex questions (52.5% vs 42.9%) in the op-
posite direction to what H2.2 would predict. In the medium
bin, the predicted pattern was observed only partially. For
simple questions, the mean belief rate was higher in the
short-delay condition (71.9%) than in the long-delay condi-
tion (64.5%), consistent with H2.1. For complex questions,
however, belief rates were nearly identical between short-
and long-delay conditions (68.8% vs 68.7%), providing no
support for the expected pattern.

Median Splits

We performed, as in Study 1, three median-split analyses
to investigate if the expected interaction would be more
pronounced in certain participant subgroups. We divided
them into equally sized low and high groups (n = 17 each)
based on their number of timeouts, mean confidence rating,
and mean reaction time. For each measure, participants
were split into two groups at the median value across the
sample (Mdn =1 timeout, Mdn = 4.45, and Mdn =11, 809
ms, respectively). Descriptive belief rates for all six groups
are provided in Table A.2, and corresponding interaction
plots are shown in Figure A.2 in the Appendix.

None of the three mixed ANOVAs revealed a significant
three-way interaction between group, complexity, and re-
sponse latency. However, a consistent pattern was ob-
served in the subgroup with more timeouts, higher mean
confidence, or slower mean reaction time. Belief rates were
higher in the short-delay condition than in the long-delay
condition for both simple and complex questions, whereas
this difference was absent or minimally visible in the re-

Median splits tested if
participant subgroups
showed stronger
patterns.

Some subgroups
showed a general
short-delay preference,
but not the predicted
interaction.
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Reported influence on belief judgements
3%

3%

9% 9% 9%

0 25 50 75 100
Percentage of participants

w1 Notatall 2 3 4 w5 Very strongly

Figure 4.8: Distribution of responses to the self-report items about perceived influ-
ences on belief judgements in Study 2. The scale ranged from 1 (not at all) to 5 (very
strongly).

spective other subgroup. This main effect of latency was
significant for the higher-confidence group, F(1,16) = 5.35,
p = 0.034, r];% = 0.250, and for the slower-reaction-time
group, F(1,16) = 6.40, p = 0.022, 17% = 0.286, but not for
their counterparts (p = 0.787 and p = 0.742, respectively).
For the timeout median split, the mixed ANOVA showed
significant group X complexity, F(1,32) = 5.19, p = 0.030,
17%, = 0.140, and group X latency interactions, F(1,32) =
4.56, p = 0.040, n% = 0.125. Thus, both complexity and
latency influenced belief rate in the higher-timeout group
but had little effect in the lower-timeout group. None of
these patterns was observed in Study 1.

4.4.5 Self-Report Measures

Interaction Perception

Participants again Figure 4.8 shows the response distribution for three items:

reported relying mostly prior knowledge, response time, and the Al’s voice. Simi-

on prior knowledge. larly to Study 1, prior knowledge received the highest rat-

ings (M = 4.68,SD = 0.64), with 97% rating it as a strong or
very strong influence. Response time received, in contrast,
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Figure 4.9: Distribution of responses to the self-report items about system response
behaviour in Study 2. The scale ranged from 1 (strongly disagree) to 5 (strongly

agree).

low ratings (M = 2.29,SD = 1.19). More than half of the
participants rated it as not influential or only slightly in-
fluential, and just 6 of 34 rated it as strong or very strong
influence. The Al’s voice received similarly low ratings
(M = 2.03,SD = 1.34), with 73.5% of participants rating
it as not influential or only slightly influential.

As shown in Figure 4.9, 25 of 34 participants (73.5%) agreed
or strongly agreed that the system responded at different
speeds (M = 3.91,SD = 1.14). Thus, the latency manip-
ulation was generally noticed, however, less strongly than
in Study 1. Ratings for whether the system seemed to be
thinking before responding were similarly spread across
the scaleasin Study 1 (M = 2.85,SD = 1.26), see Figure 4.9.

Figure 4.10 shows responses to four items addressing
the impressions about naturalness of the voice, interac-
tion, and animation. Voice ratings were mixed (M =
3.15,SD = 1.40), with similar proportions agreeing (44.1%)
and disagreeing (41.2%) that the voice sounded natural and
human-like. Most participants did not feel that the interac-
tion was similar to a real conversation (M = 2.09,SD =
1.31), with 73.5% disagreed or strongly disagreed. As can
be seen, ratings of whether the Al animation during speak-
ing felt lively were mixed (M = 2.88,SD = 1.32). How-
ever, the animation was not perceived as distracting (M =
1.68,SD = 0.91).

Most participants
noticed different delays,
but not all interpreted
the system as thinking.

Voice naturalness was
mixed; the interaction
was rarely perceived as

a real conversation.
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Audio and interaction experience

Voice sounded natural - 29% 15% 21%
Interaction felt natural _ 29%

Animation felt lively - 26% 18% 26%

Animation was distracting _ 26% 12%

0 25 50 75 100
Percentage of participants

9% 9% 9%

6%

w1 Strongly disagree 2 3 4 mmm 5 Strongly agree

Figure 4.10: Distribution of responses to the self-report items about voice and ani-
mation of Al'in Study 2. The scale ranged from 1 (strongly disagree) to 5 (strongly
agree).

Qualitative Feedback

As in Study 1, open questions provided additional context
to the quantitative results.

Prior knowledge. As in Study 1, most participants de-
scribed relying on their existing knowledge when available,
otherwise falling back on plausibility or intuition. Several
participants also noted that their familiarity with a ques-
tion’s topic shaped how confident they felt in their judge-
ment.

"If I knew the answer for sure: obvious choice. Oth-
erwise: plausibility check. Does the answer make
sense in the context of the stuff I do know about the
topic? If I had no idea, I selected low confidence.”
(P99)
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Answer length. Participants again disagreed on how an-
swer length related to credibility. Some associated shorter,
more direct answers with higher plausibility:

"If the answer was presented in shorter form and was
straight to the point, the answer seemed more likely
than a long answer with the same amount of infor-
mation.” (P96)

Others reported the opposite, becoming more sceptical of
longer answers: “Longer answers were sounding more made
up” (P94).

Time pressure. The time limit for a decision was again
perceived as too short by some participants. In Study 2,
there was an additional challenge of processing the spoken
response while keeping their eyes on the written question:
"[I was] listening to the audio while simultaneously reading the
question again. It also was harder to get the answer only by lis-
tening without reading it too.” (P111)

The AI's voice. Unlike in Study 1, several participants
commented on the voice as a factor shaping their trust in
the response: "The Al voice sounded trustworthy, and it was
easy to listen to.” (P113). For some, the voice’s confidence
appeared to compensate for their own uncertainty about
the answer’s content:

"A confident Al voice made me evaluate answers as
correct rather than incorrect, even though I did not
know an exact answer.” (P98)






Chapter 5

General Discussion

This thesis investigated whether response latency in-
fluences users’ beliefs about Al-generated content and
whether this effect depends on question complexity. In
Study 1, the interaction was presented in a text-based chat
interface. In Study 2, the same question-answer pairs
and delay manipulations were replicated in a voice-based
setting, where participants read the questions aloud and
received spoken answers with a synthesised human-like
voice. In both online studies, participants evaluated an-
swers from a simulated Al system after either a short or
a long delay by deciding whether they believed each an-
swer and how confident they were in that judgement. In
this chapter, we bring together the findings from both ex-
periments and discuss what they indicate about the role of
response time in Human-Al communication.

5.1 Overview of Findings

We hypothesised that the meaning of response latency We expected latency
would depend on the question complexity. Short delays effects to depend on
were expected to be more beneficial for simple questions, question complexity.

whereas longer delays were expected to be more beneficial
for complex questions.
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Study 1 showed the
predicted pattern
descriptively, but not

significantly.

Study 2 showed a more
general preference for
short delays.

Long delays may signal
effort.

Long delays can violate
expectations of fast

system responses.

In both studies, this predicted interaction was not statis-
tically confirmed for belief rates and confidence ratings.
However, the descriptive patterns differed between the two
studies. In Study 1, the belief rate means followed the hy-
pothesised direction. Answers to simple questions were be-
lieved slightly more often after a short delay, whereas an-
swers to complex questions were believed slightly more of-
ten after a long delay than after a short one. Therefore, the
belief rate trend was descriptively consistent with H1.1 and
H1.2, although the overall interaction was not significant,
and the confidence ratings did not show the same pattern.

In Study 2, this pattern did not replicate. Instead, short de-
lays produced higher belief rates for both simple and com-
plex questions. This means that the pattern for simple tri-
als remained partly consistent with H2.1, whereas the pat-
tern for complex trials did not support H2.2. The analy-
sis demonstrated a more general preference for shorter re-
sponse latency in the voice-based setting. Therefore, H2
was not supported.

One possible explanation for the differences in the hypoth-
esised pattern in Study 1 and Study 2 is that response la-
tency can be interpreted at least in two ways. In the text-
based chat interface, a long delay after a complex question
may have appeared more appropriate, given that the sys-
tem was processing a difficult request. This interpretation
is consistent with the effort heuristic, according to which
people may evaluate outcomes more positively when they
believe that more time and effort were invested [Efendié¢
et al., 2020]. It also relates to Kim et al. findings, that the
advantage of fast ChatGPT responses depended on infor-
mation complexity, and slower responses could be inter-
preted as signs of effortful processing [Kim et al., 2025].
Similarly, Tan et al. showed that longer LLM response la-
tencies could be associated with higher thoughtfulness and
usefulness [Tan et al., 2026].

In contrast, a long delay after a simple question may
have violated users” expectations of fast computational pro-
cessing. Prior HCI work shows that longer system de-
lays can disrupt interaction flow [Nielsen, 1993; Shneider-
man, 1984]. Recent chatbot work similarly suggests that



5.1 Overview of Findings

65

fast responses are especially beneficial for routine confir-
mation requests, and longer delays need additional con-
text to be interpreted positively [Kim et al., 2025, 2026].
Thus, a long delay may not automatically signal effort, it
can also be read as unnecessary waiting or reduced system
efficiency.

In Study 2, the voice mode may have shifted the mean-
ing of latency. A long delay of six seconds may have been
experienced as less than a reasonable processing time and
more as an interruption in the communication flow. Even
though the study did not involve a natural conversation
with multiple turns, the spoken interaction could still have
created stronger expectations of typical rapid turn-taking
[Kendrick and Torreira, 2015; Stivers et al., 2009]. Therefore,
short delays may have made the system feel more fluent for
both simple and complex trials.

Response latency did not have a strong effect on the con-
fidence ratings. In both studies, confidence was relatively
stable across short and long delays. Participants often made
quick decisions to accept or reject an answer, but their con-
fidence seemed to depend more on factors such as prior
knowledge and the wording of the answer. The self-report
measures support this: in both experiments, prior knowl-
edge was rated as the strongest influence on belief judge-
ments, while response time was rated as much less influen-
tial. Participants’ comments showed the same trend. Many
reported relying primarily on what they already knew or
heard and, when they lacked prior knowledge, on intuition
or perceived plausibility.

At the same time, participants did notice the latency manip-
ulation. In both studies, most participants agreed that the
system responded at different speeds. This was especially
pronounced in Study 1, where the mean rating was higher
(+0.7) than in Study 2. In the text-based interface, partic-
ipants waited for the written answer to appear. In Study
2, the delay was followed by a spoken answer and an an-
imated voice interface, which may have drawn attention
more strongly to the voice, the audio content that cannot be
reread, and the Al agent’s representation.

Voice interaction might
make long delays feel

more like interruptions,
while short delays feel

more fluent.

Confidence depended
more on prior
knowledge and
plausibility than on
latency.

Delay differences were
more pronounced in the
text-based study than in

the voice-based study.
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Latency & complexity
mattered most when
answers were difficult to
judge from content
alone.

Study 2 suggested
limited exploratory
support for the

medium-bin pattern.

Exploratory findings
should be interpreted
descriptively rather than
confirmatory

The exploratory believability bin analyses help clarify un-
der which conditions response latency may have played a
role. By grouping trials by their overall belief rate across all
participants, we examined whether the predicted pattern
was more visible for answers that were neither clearly ac-
cepted nor rejected by the sample. In Study 1, the expected
pattern was most visible in the medium-believability bin,
with a belief rate range of 55.6% - 76.5%. This suggests that
timing cues, such as response latency, had little room to af-
fect participants’ decisions when they already knew the an-
swer or found it clearly implausible. Thus, latency can act
as a relevant cue in conditions of uncertainty when content-
based judgement is less straightforward. The median-split
analyses in Study 1 showed a comparable descriptive ten-
dency. The predicted pattern was clearer within partici-
pants with lower confidence ratings and slower reaction
times. This suggests that the latency cue was more impor-
tant for participants who needed more time to make a de-
cision and were less certain about their judgements.

In Study 2, however, the medium bin showed the expected
direction only for simple questions, while belief rates for
complex questions were almost identical across the two de-
lay conditions. Thus, the exploratory support for H3 was
limited. At the same time, the medium bin was still the
only bin in Study 2 in which part of the predicted pattern
appeared. Similarly, the median-split analyses suggested a
general short-delay advantage in some subgroups, particu-
larly within participants with higher confidence or slower
reaction times.

These exploratory findings should be interpreted descrip-
tively rather than confirmatory. A medium belief rate does
not necessarily mean that each participant was uncertain
about that trial. It only indicated that the trial produced
less agreement across the sample. Additionally, for the
median-split analyses, the subgroup patterns should also
be interpreted more as descriptive tendencies. The relevant
group X complexity X latency interactions were not signif-
icant, and the predicted complexity X latency pattern did
not reach significance. Nevertheless, the exploratory anal-
yses suggest that latency effects may appear in conditions
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of uncertainty, but these effects may differ between the text-
based and voice-based settings.

The time-related measures suggest that response latency af-
fected participants’ evaluation process, even though it did
not influence their final belief judgements. In Study 1, par-
ticipants took slightly longer to make a belief decision and
to rate their confidence after long delays. In Study 2, these
main delay effects were not significant. However, post-
audio decision times were descriptively slightly longer af-
ter long delays. This suggests that the system’s timing may
have changed participants” own response behaviour. A re-
lated perspective comes from work by Bogon et al. on the
cognitive integration of system delays, which shows that
users can adapt their own actions to the temporal proper-
ties of a system response [Bogon et al., 2025].

Apart from latency manipulation, both studies showed a
general tendency to believe Al-generated answers. Even
though participants were informed before the experiment
that half of the answers would be incorrect. Nevertheless,
the overall belief rate was 64.7% in Study 1 and 68.2% in
Study 2. The warning about the system’s accuracy did
not fully affect participants’ belief judgements. Instead,
participants were more likely to accept the Al's answers
rather than reject them. This fits with earlier research
showing that Al-generated responses can seem fluent and
convincing even when they contain incorrect information
[Tamanna et al., 2024]. It also connects to concerns about
overtrust in Al, as users may rely on Al-generated infor-
mation regardless of whether the content is incomplete,
misleading or difficult to verify [Jung et al., 2024; Kling-
beil et al., 2024]. The slightly higher belief rate in Study
2 may also relate to the voice mode. Previous research
found that adding voice to interfaces with LLM can in-
crease anthropomorphism and perceived information ac-
curacy [Cohn et al., 2024]. In our study, some participants
also reported that the Al voice sounded trustworthy and
confident. However, this difference should be viewed with
caution, as the two studies used independent samples.

Another consistent pattern in both studies was that com-
plex question-answer pairs tended to receive higher belief

Response latency
affected participants’
decision-making more
than their final
judgements.

The high belief rates
point to a general
tendency toward
overtrust in Al answers.
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Higher belief and
confidence in complex
answers may reflect

answer/audio length.

Response latency
should be understood
as a context-dependent
interaction cue.

The effort heuristic may
be weaker when delays
are experienced
directly.

Delay may act as a
fallback cue under
uncertainty.

rates than simple ones. Confidence ratings were also a bit
higher for complex than for simple trials in both studies.
This should not be interpreted as an effect of question com-
plexity alone. In our study, complex questions required
longer and more detailed answers, which might have made
them seem more informative or convincing. Qualitative
teedback from participants supports this idea. Some par-
ticipants reported that longer explanations made answers
seem more reliable. At the same time, other participants
described the opposite, and became more sceptical when
answers were too detailed. Thus, the length and detail of
the answers may have influenced how plausible they ap-
peared. As aresult, the higher belief rates for complex trials
could be caused by a combination of question complexity,
answer length, and perceived informativeness.

5.2 Implications

Overall, the findings show that response latency does not
have a single, fixed meaning. Its impact can change de-
pending on the interaction context, the type of question,
and the user’s ability to evaluate the answer quality. Thus,
designers of Al systems should not view response time
only as a technical performance metric that needs to be
minimised. Response latency can affect how an Al system
is perceived, even when the content of the answer stays un-

changed.

Most earlier research on the effort heuristic used in their
studies written descriptions of response times [Efendi¢
et al., 2020] or pre-recorded videos [Kim et al., 2025; Zhang
et al., 2024], rather than the response latencies people actu-
ally experienced. By testing delays that participants actu-
ally experienced during the interaction, this thesis suggests
that the effort heuristic may be weaker and more context-
dependent than this earlier work implies.

The exploratory analyses discussed above also suggest that
response latency seems to work as a fallback cue, used
when prior knowledge and plausibility of the answer are
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not enough to decide whether an answer is correct [Jung
et al., 2024].

The difference in belief rates between text and voice
settings suggests that voice interaction has stronger
expectations for conversational timing [Reeves and
Nass, 1996; Stivers et al., 2009], which may explain the
preference for short delays in Study 2. This also supports
the idea that people apply human conversation rules to
computers, especially when the interaction feels more
human-like, as with voice [Reeves and Nass, 1996].

The findings also point out the need to be aware of inter-
action cues that can influence trust in Al-generated con-
tent. Participants showed a general tendency to believe Al-
generated answers despite knowing half were wrong. Sim-
ply telling people an Al can make mistakes does not seem
to be enough [Tamanna et al., 2024]. Interfaces should inte-
grate more obvious signals to reveal uncertainty directly,
instead of relying on users’ critical thinking. Also, the
wording and length of an answer may influence how cred-
ible it seems more than response timing does. However,
participants disagreed on whether longer answers were
more or less believable.

5.3 Limitations

Several limitations should be considered when interpreting
these results.

First, we used a simulated AI with fixed, pre-written an-
swers instead of a live language model to keep content and
length constant across conditions and participants. Results
may not fully apply to real systems, where response time
varies. Real LLM interactions involve multiple follow-up
questions, prompt reformulation, and review of previous
responses. In our studies, each trial consisted of a sin-
gle question-answer pair, which reduces ecological valid-
ity. Moreover, information about the accuracy distribution
may also have influenced the participants’ strategies. Some
participants reported keeping this distribution in mind.

Voice interaction may
strengthen expectations
for fast conversational

timing.

Interface cues and
answer length can
shape trust beyond

answer accuracy.

Simulated Al limits
ecological validity.
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Online participation
reduced experimental
control.

Samples were small

and homogeneous.

The studies may have
been underpowered.

Time limits may have
changed participants’
strategies.

Complexity was
confounded with

answer length.

Stimulus selection
involved subjective
decisions.

Only two delays were
tested.

Second, the online setting limited our control over partici-
pants’ behaviour during the experiment. We cannot control
and verify, for example, for Study 2, if participants read
each question aloud and consistently followed the proce-
dure. In addition, participants completed the studies us-
ing their own devices and browsers, which may have intro-
duced small differences in timing, audio playback, or the
visual presentation of animation.

Third, both samples were relatively small (n = 36, n = 34),
recruited through personal networks, and mostly young,
well-educated, with a majority of native German speakers
completing tasks in English.

Fourth, the studies showed no significant interactions be-
tween response latency and complexity, and several sub-
group analyses used small groups (n = 17 — 18). Therefore,
the studies may have been too small to detect a real effect.

Fifth, the 13-second time limit in Study 1 and the 7-second
time limit in Study 2 made many participants feel rushed,
especially for complex, long answers. This may have
changed how much they relied on latency or other cues
compared to a more relaxed interaction setting.

Sixth, question complexity was confounded with answer
length. Complex answers were about twice as long as sim-
ple ones. Thus, the effects of complexity may depend not
only on the question complexity alone, but also on answer
length, or the amount of details provided.

The question-answer pairs were created and refined us-
ing LLMs, then selected and reviewed by the researchers.
Therefore, they may not fully mirror how real Al systems
would answer in open interactions. The classification of
questions as simple or complex, and the plausibility of an-
swers, were also subjective decisions that may have influ-
enced the stimulus set.

Finally, we tested only 400 ms and 6000 ms delay durations.
It is therefore possible that other latencies would have pro-
duced different effects.
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Chapter 6

Summary and Future
Work

6.1 Summary and Contributions

In summary, this thesis explored whether response latency,
the delay between a participant’s question and an Al sys-
tem’s answer, influences how much people believe Al-
generated content, and whether this depends on question
complexity. We conducted two online experiments to test
it using a simulated Al system with fixed, pre-written an-
swers, half correct and half incorrect. Study 1 presented the
interaction as a text-based chat system. In contrast, Study
2 replicated the same question-answer pairs and delay ma-
nipulation in a voice-based setting, with spoken answers
using a generated human-like voice. In both studies, par-
ticipants decided whether they believed each answer after
a short 400 ms or a long 6000 ms delay, and rated their con-
fidence in that judgement.

Both studies did not find a statistically significant interac-
tion between latency and complexity. Still, in Study 1, the
predicted pattern’s direction matched the hypothesis: short
delays led to slightly higher belief rates for simple ques-
tions, while long delays led to slightly higher belief rates for
complex questions. In Study 2, participants generally were

The thesis tested

response latency and
question complexity in
text- and voice-based

Al interactions.

No significant
interaction, but latency
mattered descriptively

under uncertainty.
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The thesis contributes
to understanding how
response latency,
uncertainty, and
modality can shape
belief and trust in Al.

Future work should test
more delay durations
and task contexts.

more likely to believe answers when they were preceded
by a short delay, regardless of question complexity, sug-
gesting a stronger timing expectation in interaction using
voice mode. Both studies also showed a high belief rate in
Al-generated answers (64.7% and 68.2%), despite knowing
half of them were wrong. Confidence ratings were unaf-
fected by latency in both studies. However, our exploratory
bin analyses showed that latency, together with complexity,
may be most important when participants were uncertain
about the correctness of the answers. Additionally, latency
also changed how long participants took to make their de-
cisions.

This thesis makes several contributions to research in
Human-Al interaction and trust. First, we investigated re-
sponse latency as a cue for belief judgements in factual Al-
generated answers, rather than only as a factor influenc-
ing users’ satisfaction or perceived usefulness. This thesis
adds evidence to existing concerns about overtrust in Al
[Bhat, 2025; Jung et al., 2024; Klingbeil et al., 2024]. Sec-
ond, participants experienced delays in a live simulated Al
chat-based interaction, rather than delays described in text
or watching pre-recorded videos [Efendi¢ et al., 2020; Kim
et al., 2025; Zhang et al., 2024]. Third, the believability bin
analyses helped make the latency-complexity pattern more
visible by focusing on trials whose correctness was harder
to judge. Finally, by comparing text-based and voice-based
interactions, this thesis shows that the meaning of response
latency is not fixed but depends on context, interaction
modality, question complexity, and users’ ability to eval-
uate answer quality.

6.2 Future Work

Future studies should test a wider range of response delay
durations. Testing more gradual variations, similar to Tan
et al., could help to examine when delays are experienced
as effortful, fluent, or disruptive. Another important direc-
tion would be to study latency across a broader range of Al
interactions and investigate whether it depends on the task
context.
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Future research could also explore latency in more natural
multi-turn interactions with real Al systems. Repeated ex-
changes, follow-up questions, and longer interactions may
change how users interpret response times and whether it
affects users’ trust and reliance over time.

For voice-based interaction, future studies could investi-
gate how different voices, speaking styles, or perceived
confidence may change how users interpret pauses before
an answer. Additionally, future work could measure per-
ceived difficulty and uncertainty more directly. This would
help to understand when users rely on timing cues the
most.

Larger and more diverse samples would further make
it possible to investigate individual differences, such as
gender, language background, and cultural expectations
about timing. Since Wang and Lo found that younger and
older adults may prefer different response times [Wang and
Lo, 2025], age may be especially relevant. Future studies
could also be conducted in participants” native languages
to reduce language-related uncertainty.

More natural multi-turn
Al interaction could
change the

interpretation of delays.

Future work should
investigate how voice
characteristics shape
the meaning of pauses.

Larger and more
diverse samples could
reveal individual and
cultural differences.
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Appendix A

Exploratory

Median-Split Analyses

The following tables and figures report exploratory
median-split analyses for belief rates in both studies.

A1l Study1

Split Group Simple-Short Simple-Long Complex-Short Complex-Long

Confidence Low 57.92 56.94 63.22 68.28
High 67.02 63.21 70.66 70.61

Timeout Low 63.24 60.67 64.83 70.34
High 61.69 59.48 69.05 68.55

Reaction time Fast 61.60 62.49 65.76 68.24
Slow 63.33 57.66 68.12 70.65

Table A.1: Mean belief rates (%) for each median-split group and experimental

condition in Study 1.
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Figure A.2: Interaction plots of belief rate by latency condition and complexity for
three median split analyses in Study 1 (timeout, confidence, reaction time). Left
column shows the low group, right column shows the high group.
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A.2 Study2

Split Group Simple-Short Simple-Long Complex-Short Complex-Long

Confidence Low 64.77 64.06 68.21 67.16
High 69.20 66.67 75.20 70.22

Timeout Low 67.62 69.61 67.76 68.42
High 66.36 61.12 75.64 68.95

Reaction time  Fast 68.78 70.58 72.12 72.12
Slow 65.20 60.15 71.29 65.25

Table A.3: Mean belief rates (%) for each median-split group and experimental

condition in Study 2.
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Figure A.4: Interaction plots of belief rate by latency condition and complexity for
three median split analyses in Study 2 (timeout, confidence, reaction time). Left
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