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Figure 1: The setting of the Card Divination Task. (a) The robot prompts the user to talk about a personal topic. (b) The user draws a card on
the screen, which contains visual symbols to be explained. (c) Based on the card content and the robot’s guidance, the user discloses and
reflects about their concern.
Abstract
As robots and virtual agents are increasingly envisioned as long-
term companions, understanding how trust develops becomes cru-
cial for ensuring safe and appropriate human-robot relationships.
This research investigates how affective and cognitive trust evolve
in social human-robot interactions. Participants (n=40) engaged in
a 2 (social attitude: social, baseline) × 3 (time: 𝑡1, 𝑡2, 𝑡3) mixed-design
user study with a social robot, using a novel Card Divination Task
developed to elicit both cognitive and affective trust dimensions. Re-
sults show that cognitive trust develops early while affective trust
emerges gradually. Moreover, social cues enhance both cognitive
trust, affective trust, and participants’ certainty in trust judgment.
These findings provide empirical support for the theoretical dis-
tinction between trust dimensions and highlight the role of social
behavior in shaping trust over repeated interactions.
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1 Introduction
There is a paradigm shift in social robotics research, with robots
increasingly expected to act as social actors rather than merely
functional tools [46]. Advances in AI and large language models
have accelerated this shift, making interactions with robots and
agents more accessible and personalized, allowing them to evolve
from one-time servants to lasting companions. Now, people turn to
social agents not only for advice but also for emotional support [34],
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which has been reported to reduce stress, anxiety, and loneliness [13,
37]. With the popularity of consumer products such as OpenAI
GPT or xAI Companion, this brand-new form of “relationships” is
becoming more and more ubiquitous.

In response to the potential emergence of such close, socially
oriented relationships, we must ensure that users maintain an ap-
propriate level of trust. In the HRI field, trust is often defined as an
attitude where the trustor feels positive about relying on the trustee,
despite being in a situation characterized by uncertainty and vulnera-
bility [21]. Sufficient trust empowers one to build relationships and
to make full use of a system’s capabilities, whereas excessive trust
introduces the risk of system misuse. By definition, to trust is to
willingly place oneself in a potentially risky or dependent position.
Within the context of emotionally significant interactions, this risk
becomes even more pronounced and may lead to unhealthy attach-
ment. The first step to addressing this concern is to understand how
trust is formed and develops in such relationships. We approach
this by investigating trust through two relevant perspectives: mul-
tidimensional and developmental.

First, the multidimensional lens allows an emphasis on the af-
fective nature of emotionally meaningful relationships. Various
multidimensional models (e.g., [10, 29, 30]) have been proposed to
capture trust as a nuanced construct, recognizing not only ability-
based aspects but also relational components. Yet, while the latter
is particularly critical in the social interactions described above,
relevant studies remain scarce in the HRI field [33]. We adopt McAl-
lister’s model [31] as our theoretical foundation, which explicitly
captures the relational aspect through the dimension of affective
trust: the belief that the trustee genuinely cares about and is emo-
tionally close to the trustor. The other dimension, cognitive trust,
reflects the belief of the trustee’s competence and reliability, corre-
sponding to ability-based aspects.

Second, as relationships and emotional bonds take time to form
and strengthen [22, 24, 44], the developmental lens becomes a nec-
essary consideration. Aligning with the increasing advocation in
the research community [16, 33, 43], we view trust as a dynamic
variable rather than a single static measurement, recognizing trust
development as an ongoing calibration process shaped by accumu-
lated experiences through repeated interactions [1, 20, 35].

We look into the intersection of the multidimensional and devel-
opmental perspectives of trust, an underexplored research gap in
experimental HRI despite prior work in human-human trust (e.g.,
[24, 44]) and computational models (e.g., [8, 48]). To systematically
induce and observe differences across multiple interactions and
dimensions, we examine the effect of robot’s social attitude, which
corresponds to our relational focus and has been positively linked
to both trust dimensions [14, 39, 41, 42].

This work is guided by the research question: How does a
robot’s social attitude affect the development of cognitive
and affective trust? We hypothesize that affective trust emerges
gradually through repeated interactions, whereas cognitive trust
forms earlier through rational assessment. While this assumption
is grounded in interpersonal literature (e.g., [24, 44]) and widely
adopted in HRI computational models (e.g., [8, 48]), we aim to
provide empirical HRI evidence to address potential differences
between users’ perceptions of robots and humans, as mentioned in
various works (e.g., [2, 3, 11, 19]).

Figure 2: Rousseau et al.’s model [44] suggests that relational trust
become more important overtime. (adapted from [24])

The remainder of this paper first reviews relevant literature and
then introduces the Card Divination Task, a novel interaction de-
signed to elicit both affective and cognitive trust. Next, we describe
the user study, in which participants repeatedly interact with a
social robot. Finally, we present the results and discussions.

This work contributes to HRI trust research by providing empir-
ical evidence on the distinct development of affective and cognitive
trust, as well as the influence of a robot’s social attitude across re-
peated interactions. In addition, we introduce the Card Divination
Task, a novel experimental paradigm designed to elicit emotionally
meaningful interaction and both dimensions of trust. Together, our
findings offer insights for future systems that monitor and calibrate
trust, empowering humans in their interactions with robots.

2 Background
2.1 Trust and Multidimensional Models
Trust is a complex concept that has been widely studied across psy-
chology [24], organization management [30], and human-technology
interactions [17, 21]. It can be conceptualized as either an internal
belief, a decision, or an intended behavior [10]. We follow previous
HRI literature and regard trust as an attitude [4, 10, 21].

To account for trust’s complex nature, various multidimensional
models have been proposed. The Multi-Dimensional Measure of
Trust questionnaire assesses trust through performance-based (re-
liable, competent) and moral-based dimensions (ethical, transpar-
ent, benevolent) [29], while the Socio-Cognitive Model identifies
competence (can-do) and willingness (will-do) as core components
[10]. These dimensions consistently cluster around two key as-
pects: ability-based and relational. Nevertheless, existing HRI liter-
ature have predominantly focused on the ability-based, cognitive
aspects, with less attention paid to the relational, affective ele-
ments [32, 33, 47] despite their importance in forming close bonds
[24, 28, 48]. We address this gap by centering emotional factors
while still accounting for competence-related aspects.

2.2 Trust Development
Trust is recognized as developmental across disciplines. Psycholog-
ical models often describe interpersonal trust as a staged process,
where cognitive trust dominates in the early stages and affective
trust emerges later, as the trustor gets to know the trustee better
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over repeated and multifaceted interactions [22, 24]. Rousseau et
al. [44] conceptualize trust as a fixed “bandwidth” shared by calcu-
lative and relational elements, with rational assessments gradually
giving way to emotions (Figure 2). Lewicki et al. [23] indicate that
trust maturation depends on interaction frequency, duration, and
diversity of shared challenges, with frequency most commonly
studied in short, repeated-measured experiments [24].

In human–machine interaction, the 3P model [21] characterizes
trust as shaped by dynamic evaluations of performance, purpose,
and process via analytic, analogical, and affective pathways. Other
stage-based models, such as the three-layered [17] and three-stage
frameworks [20], emphasize how trust may start as subjective,
dispositional trust, but replaced by learned trust after actual en-
counters. These models were originally developed for non-social
automation and are recently applied to social robots [1, 35]. How-
ever, none of these works focus on affective trust or emotionally
meaningful interactions.

Another line of HRI research explores computational frameworks
to model trust as a dynamic process. Guo and Yang [16] applied
Bayesian inference to predict individual trust toward drones, while
Ahmad et al. [1] extended the three-layered model [17] to estimate
trust in social robots. Yet, such works either treat trust as a single
construct or focus narrowly on ability-based trust. In contrast, Ur-
bano et al. [48] and Deljoo et al. [8] both highlight the affective
dimension (termed benevolent trust) in social contexts and propose
additional social components in computational models. However,
their assumption that affective trust develops only through repeated
interactions, remains grounded in interpersonal literature and lacks
empirical validation in HRI context.

2.3 Affective Trustworthiness, Benevolence, and
Social Attitude

A trustor forms trust based on their estimation of the trustee’s
trustworthiness [30, 48]. With a focus on relational aspects of trust,
we seek to manipulate the affective trustworthiness of the robot.
Achieving this requires first identification of what robot behaviors
are perceived as affectively trustworthy.

Among popular HRI trust models, benevolence from the Abil-
ity, Benevolence and Integrity (ABI) model [30] has been closely
linked to affective trustworthiness and long-term, emotionally
grounded relationships [4, 39, 48]. However, benevolence is defined
as trustee’s positive intention [4], which cannot be guaranteed to
be perceived by the trustor. Therefore, in practical study designs,
this intention is often operationalized as social attitude [4, 14].

Social attitude has been positively associated with both cognitive
and affective trust [14, 31, 39, 41, 42], and is typically manipulated
through both verbal and non-verbal cues. Non-verbal cues include
gaze [4, 5, 46], touch [14], arm gestures [4], and facial expressions
[46]. Verbal expressions often take the form of caring or empa-
thetic statements [4, 14, 39, 42], socially oriented topics [5, 42], and
memory-based personalization such as referring to the user by their
name [4]. We followed these approaches and manipulated social
attitude as the independent variable, aiming to observe its impact
on multidimensional trust development.

Figure 3: The conversation flow of each round of the card-divination
task. Blue blocks are tailored by LLM.

3 Task
We developed a novel interaction task for the specific goal of this
research, guided by the following requirements:

• TR1. Social Settings: Following the approach of [4, 14], we
leverage one-on-one, face-to-face spoken conversations that
incorporate social engagement.

• TR2. Multiple Rounds: To examine trust development over
multiple encounters, the interaction must be a repeatable
task with varying content for each round.

• TR3. Emotional Vulnerability: To elicit affective trust, we
focus on emotional vulnerability, as expressing such vulner-
ability itself constitutes the risk that makes trust meaningful
[21, 33]. We encourage self-disclosure in personal concerns
as the primary mechanism.

• TR4. Cognitive Competence: To elicit cognitive trust, the
robot demonstrates cognitive competence in terms of knowl-
edge sharing and logical interpretation [42].

3.1 The Card Divination Task
Based on the requirements, we designed the Card Divination Task.
The social robot Navel is framed as a “research assistant” collaborat-
ing with the user to explore a newfound divination deck. As illus-
trated in Figure 3, an interaction round starts with Navel greeting
the user and inviting them to propose and elaborate on a personal
topic, followed by the participant drawing a card. Next, the two
parties discuss the symbolic content and possible implications of
the card. Each robot turn consists of: (1) an observation about the
visual symbols on the card, (2) an interpretation of the observation,
and (3) a reflective question that either invites the user’s opinion on
the interpretation or encourages them to relate the interpretation
to their situation. After each user response, the robot provides an
LLM-generated backchannel tailored to the context.

As depicted in Figure 1, the interaction takes the form of face-to-
face spoken conversations (TR1) and can be repeated with distinct
cards and topics (TR2). Throughout the conversation, Navel con-
stantly encourages the user to disclose personal experiences and
concerns (TR3), while sharing knowledge about card symbolism
(e.g., the mirror is relevant to self reflection in many cultures) and
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Table 1: Example utterances illustrating how the robot’s speech differs between social and baseline conditions. Each row corresponds to a
design principle, with the same informational content conveyed at varying levels of social attitude.
Principle Social Condition Baseline Condition
Engaging pronouns Now, let’s look at the card together. Now, please look at the card.
Acknowledgment These are deep and courageous reflections, {name}! Your reflections are noted.
Subjective opinion The calm water makes me think of a peaceful mind. The calm water may be associated with a peaceful mind.
Relational comment Thank you for being my research buddy! Thank you for your participation.
Cross-conversation
memory

Speaking of balance: it’s not just about {current topic},
but also about how it fits with {previous topics}.

Regarding balance, it may not just about {current topic},
but also about how different areas of your life interact.

logical interpretation that links to the user’s situation (e.g., you
might want to reflect on your inner desire) (TR4). In this case, trust
in the robot relates to trusting it to give useful and truthful infor-
mation about the divination ritual (cognitive trust), and to react
emphatically to the disclosed vulnerability (affective trust).

Although users appear to “draw” a card at random, the sequence
of cards and corresponding scripts are in fact fixed and identical
for all participants. Only the connections between the card and
the user’s input are personalized. The downside is that trust mea-
surement might be influenced by the specific card rather than the
interaction order alone. However, we chose not to counterbalance
the cards due to the infeasible number of participants required.
Moreover, fixed card order allows a coherent storyline across par-
ticipants. To attempt to distinguish trust in the card from trust in
the robot, trust in the card was measured separately and explicitly
next to trust in the robot. Finally, according to the Barnum Effect
[9], people tend to perceive ambiguous interpretations as unique
and personal [9, 12]. Therefore, a fixed set of stimuli can still offer
meaningful interaction in a controlled experiment.

3.2 Conditions
The robot demonstrates different level of social attitude across two
conditions. The robot displays vivid facial expressions and uses
warm, supportive language in the social condition, actively engag-
ing with the user and retaining cross-conversation memory by
referring to their name or previous topics. In contrast, the baseline
robot maintains a neutral face and communicates in a distant, ob-
jective tone without memory. Table 1 provides sample utterances
illustrating the manipulation principles between groups.

3.3 Platform
We developed a custom software system with three components:
(1) A central, local web server which manages the overall flow and
natural language processing (OpenAI GPT-41). (2) A web-based UI
which provides instructions, visual stimuli, and interactive buttons.
(3) The social robot “Navel” [46], which interacts with users through
facial expressions and spoken dialogue, supported by speech recog-
nition (Azure2) and text-to-speech (Navel SDK3) APIs.

1https://openai.com/index/gpt-4-research/
2https://azure.microsoft.com/en-us/products/ai-services/ai-speech
3https://doc.navelrobotics.com/

4 Methods
The Card Divination Task was used in a 2×3 mixed design study.
The between-subject factor is the robot’s social attitude (social vs.
baseline). The within-subject factor is the repeated measure taken
after each conversation rounds (time: 𝑡1, 𝑡2, 𝑡3).

4.1 Hypotheses
We established the following hypotheses baes on literrature:

• H(a): Affective trust takes more interaction rounds to de-
velop than cognitive trust.

• H(b.1): Social attitude has a positive effect on the cognitive
trust in a social robot.

• H(b.2): Social attitude has a positive effect on the affective
trust in a social robot.

• H(b.3): The positive effect of social attitude on affective trust
emerges later comparing to that on cognitive trust.

• H(c.1): Users’ certainty about their judgment in cognitive
trust increases over multiple rounds.

• H(c.2): Users’ certainty about their judgment in affective
trust increases over multiple rounds.

4.2 Participants
A total of 40 participants (19 women, 20 men, 1 non-binary) were
recruited through personal networks. Most of them were university
students or recent graduates, aged 21-35. All participants demon-
strated sufficient English proficiency to comfortably engage in spo-
ken conversations, and were evenly assigned to two experimental
groups based on demographics characteristics. The experiment pro-
tocol was reviewed and approved by the Human Research Ethics
Committee of Delft University of Technology (ID: 5502).

4.3 Measurements
Measurements were collected at the start of the experiment, after
each of the three rounds, and after the whole study.
4.3.1 Demographics and Control Variable.

• Demographics: We collected participants’ gender, age, and
prior experience with social robots and conversational agents
(interaction frequency and typical contexts).

• Paranormal Belief: Participants’ beliefs in supernatural
phenomena are considered a potential influencing factor due
to the task’s divinative framing. For instance, a skeptical
individual might report low trust only because they distrust
any claims associated with “magic”. We thus applied the
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Precognition subscale of the Revised Paranormal Belief Scale
[45]. An item “Astrology is a way to accurately predict the
future” was adapted to “Tarot is a way to accurately reveal
guidance about the future.” to fit the task better.

4.3.2 Post-Interaction Survey.
• Subjective Topic Intimacy: This exploratory measure cap-
tured how personally meaningful each conversation was.
Participants are asked to rate how intimate the topic they
discussed was (0–100%).

• Trust in the Card: Participants evaluated their impression
of the card deck before evaluating their trust in the robot,
in order to isolate different trust sources. This measure also
allowed exploratory analysis.

• Cognitive and Affective Trust in the Robot: We fol-
lowed the approach of Anzabi and Umamero [4], utilizing
an adapted version of the pre-existing cognitive-affective
trust questionnaire [15]. Terms such as “this person” were re-
placed with “Navel”, and “work” with “interact” to match the
study context. Averaged scores for cognitive and affective
dimensions were calculated separately.

• Certainty in Cognitive/Affective Trust Assessment: Be-
side trust itself, we also ask “How certain are you about your
ratings to the statements above? (0-100%)”, immediately after
completing the cognitive or affective trust questionnaires. In-
spired by stage-based models [17, 20], this metric represents
a transition from dispositional to learned trust.

4.3.3 Post-Study Open Questions. At the end of the whole experi-
ment, participants reflected on the overall experience and answered
the following open questions:

(1) How did your impression of Navel’s understanding of you
(i.e., if Navel got to know you better) change over the course
of rounds, if at all?

(2) How did your affective trust in Navel change as the rounds
progressed, if at all? Did you feel more or less comfortable
to emotionally rely on Navel over time?

(3) How did your cognitive trust in Navel change as the rounds
progressed, if at all? Did your perception of Navel’s ability
and reliability improve or decline over the rounds?

(4) Is there any additional feedback for the whole experiment?

4.4 Procedure
The entire study took around 45 minutes. Each participant arrived
individually and was welcomed into a quiet, isolated room. The
researcher provided a brief overview of the study, invited the par-
ticipant to sign the informed consent form, and collect their de-
mographics as well as paranormal beliefs. Next, the participant
engaged in a brief trial round designed to familiarize them with the
conversational rhythm and the user interface. The trial consisted
of three short dialogue rounds. In each round, the robot initiated a
small-talk prompt (e.g., “How was your day?” ), and repeated what-
ever the user responded to confirm that their speech had been
recognized. The participant could opt to repeat the trial round if
they need more practice.

The main experiments included three interaction rounds of the
Card Divination Task. In each round, the participants were invited

to share a personal concern, draw a card, and reflect with the ro-
bot as elaborated in Section 3.1. Since the conversation could be
sensitive or personal, the researcher left the room private for the
participant and the robot to ensure a comfortable setting. However,
the researcher continuously monitored the process through a back-
end terminal to ensure that any technical issues could be addressed
promptly. Each conversation lasted 4-5 minutes. After each round,
the researcher re-entered the room to provide the post-interaction
survey and to check in with the participant.

After all three rounds were completed, the participant answered
the post-study questionnaire. Then, the researcher ethically clarify
the nature of the task by explaining that the symbolic cards were
neither magical nor tailored. Participants were able to ask questions
or share feedback. Finally, they were thanked for their participation
with a small snack and guided to leave.

4.5 Data Analysis
We performed mean-based statistical tests on the four major metrics:
cognitive trust, affective trust, certainty in cognitive trust assessment,
and certainty in affective trust assessment. Parametric assumptions
were assessed with Levene’s test (homogeneity) and Shapiro-Wilk
test (normality in each group). If the assumptions are confirmed,
we use mixed-design ANOVA to examine the effects of social atti-
tude and time; otherwise, we used the non-parametric Wald-type
test. Pearson correlations were conducted to examine relationships
among exploratory metrics (paranormal belief, topic intimacy, and
trust in the card), as well as their associations with round num-
ber and cognitive/affective trust in the robot. Finally, qualitative
feedback was analyzed using thematic analysis.

5 Results
This section first examines demographic balance and correlations
among exploratory metrics. Then, we present results for cogni-
tive/affective trust and certainty (Figure 4), followed by a summary
of qualitative feedback.

5.1 Participants
Chi-square and Kruskal-Wallis tests showed no significant differ-
ences in either gender (𝑝 = .431), age group (𝑝 = .928), or prior
experience with robots/agents (𝑝 = .967) across conditions, sug-
gesting balanced demographic assignments. A t-test also revealed
balanced level of paranormal belief across groups (𝑝 = .686).

5.2 Correlation Analysis
Pearson correlation coefficients among trust-related variables are
shown in Figure 5. Cognitive and affective trust in the robot were
strongly correlated in both groups. While strongly associated with
cognitive trust in both conditions, trust in card’s association with
affective trust was notably stronger in the social group than in
the baseline group. No correlation was observed between round
number and trust in card, suggesting minimal confounding despite
card content is by design tied to round number.

In the social group, paranormal belief showed small to moderate
correlations with cognitive trust, trust in card, and topic intimacy.
However, this correlation was not significant in the baseline group
or overall sample. We further fitted two linear mixed models: (1)
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Figure 4: The results of mean (a) cognitive trust, (b) affective trust, (c) certainty of cognitive trust assessment and (d) certainty of affective
trust assessment across conditions and multiple interaction rounds. (∗∗∗ : 𝑝 ≤ .001,∗∗ : 𝑝 ≤ .01,∗ : 𝑝 ≤ .05, · : 𝑝 ≤ .1)

Figure 5: Pearson correlation coefficients among cognitive trust,
affective trust, trust in card, topic intimacy, paranormal belief, and
round number. Results in (a) social and (b) baseline groups are shown
separately. Only statistically significant (𝑝 < .05) correlations are
presented.

𝑀0 : cognitive trust ∼ social attitude ∗ time + (1 | id) and (2) 𝑀1 :
cognitive trust ∼ social attitude ∗ time + paranormal + (1 | id).

A likelihood ratio test showed that𝑀1 have neither better model
fit (𝜒2 = 1.207, 𝑝 = .272) nor smaller AIC (𝑀0 : 207.05, 𝑀1 : 207.85).
Therefore, paranormal belief was excluded in subsequent analyses
comparing either groups or rounds.

5.3 Cognitive Trust
Mixed-design ANOVA revealed no significant interaction effect
(𝐹 = .265, 𝑝 = .768, 𝑔𝑒𝑠 = .002). The main effect of time was
marginally significant (𝐹 = 2.447, 𝑝 = .093), but the small effect
size (𝑔𝑒𝑠 = .014) suggests limited practical relevance. The main
effect of social attitude was also marginally significant (𝐹 = 3.089,
𝑝 = .087) with a medium effect size (𝑔𝑒𝑠 = .059), indicating a trend
where participants in the social condition reported higher cognitive
trust (𝑀 = 4.63, 𝑆𝐷 = .710) than those in the baseline condition
(𝑀 = 4.30, 𝑆𝐷 = .652).

5.4 Affective Trust
Although the baseline group violated the normality assumption, we
proceeded with the mixed-design ANOVA, as it is robust to such
violations and the residuals were normally distributed. There was

no significant interaction effect (𝐹 = 1.814, 𝑝 = .170, 𝑔𝑒𝑠 = .010),
but a significant main effect of time (𝐹 = 3.511, 𝑝 = .010∗∗) with
a small to medium effect size (𝑔𝑒𝑠 = .026). Results of pairwise 𝑡-
tests with Bonferroni correction indicated that affective trust at 𝑡3
(𝑀 = 4.86, 𝑆𝐷 = .972) was significantly higher than at 𝑡1 (𝑀 = 4.51,
𝑆𝐷 = .889; 𝑝 = .010∗∗, 𝑑 = .370). No significant differences were
found between 𝑡1 and 𝑡2 (𝑝 = .107, 𝑑 = .249) or 𝑡2 and 𝑡3 (𝑝 = 1.000,
𝑑 = .089). The significant main effect of social attitude (𝐹 = 7.491,
𝑝 = .009∗∗, 𝑔𝑒𝑠 = .136) shows that participants in the social group
reported higher affective trust (𝑀 = 5.07, 𝑆𝐷 = .848) than those in
the baseline group (𝑀 = 4.36, 𝑆𝐷 = .996).

5.5 Certainty in Cognitive Trust Assessment
Similar to affective trust level, data in the baseline group violated
the normality assumption. Nevertheless, we proceeded with the
parametric analysis given the normal distribution of residuals and
the robustness of mixed ANOVA. There was no significant interac-
tion effect (𝐹 = 1.183, 𝑝 = .312, 𝑔𝑒𝑠 = .010), but a significant main
effect of time (𝐹 = 11.967, 𝑝 = .001∗∗∗) with a medium to large
effect size (𝑔𝑒𝑠 = .090). Post-hoc pairwise 𝑡-tests with Bonferroni
correction revealed that certainty significantly increased: (1) from
𝑡1 to 𝑡2 (𝑡 = 3.66, 𝑝 = .002∗∗) with medium effect size (𝑑 = .543),
and (2) from 𝑡1 to 𝑡3 (𝑡 = 4.33, 𝑝 < .001∗∗∗) with medium effect size
(𝑑 = .637). No significant difference was found between 𝑡2 and 𝑡3
(𝑡 = .605, 𝑝 = .549, 𝑑 = .089). The main effect of social attitude is
marginal (𝐹 = 2.837, 𝑝 = .100). However, the small to medium effect
size (𝑔𝑒𝑠 = .049) suggests that such effect could still be meaning-
ful and that participants in the social group tend to report higher
confidence in cognitive trust judgment.

5.6 Certainty in Affective Trust Assessment
The non-parametric Wald-type test revealed no significant inter-
action effect (𝑊 = 3.832, 𝑝 = .241). A significant main effect of
time was observed (𝑊 = 13.755, 𝑝 = .001∗∗∗). Post-hoc Wilcoxon
signed-rank tests with Bonferroni correction revealed a significant
increase in certainty from 𝑡1 to 𝑡2 (𝑉 = 113, 𝑝 = .002∗∗) and from 𝑡1
to 𝑡3 (𝑉 = 184, 𝑝 = .035∗). Difference between 𝑡2 and 𝑡3 (𝑉 = 316,
𝑝 = 1.000) was not significant. The main effect of social attitude was
also significant (𝑊 = 5.967, 𝑝 = .015∗), showing that participants
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interacting with a socialized robot reported higher certainty in their
assessment of affective trust.

5.7 Qualitative Results
We conducted an exploratory thematic analysis on the open-ended
responses, focusing on positive/negative factors on trust as well as
reasons of trust increasing, decreasing, or remaining.

5.7.1 Cognitive Trust. Both positive and negative factors are more
relevant to what the robot said instead of how Navel spoke. Those
who reported high cognitive trust described Navel as adaptive,
knowledgeable, and appreciated the quality of advice or card inter-
pretation. Conversely, those who have lower cognitive trust found
the advice unhelpful or overly vague. From a developmental per-
spective, many (𝑛 = 13) participants reported that their cognitive
trust remained relatively stable, whether consistently positive (e.g.,
“professional from the start” ), neutral or negative. Some (𝑛 = 7) par-
ticipants, however, noted an increase as they became more familiar
with the interaction and more confident in Navel’s performance.

5.7.2 Affective Trust. Positive factors include robot’s empathetic
and supportive attitude, making participants feel “heard” and safe
to self disclose. Negative factors often stemmed from technical
limitations or script design (e.g., interruption, lengthy utterance,
short round). Notably, social manipulations such as robot’s memory,
referring users’ name, and showing emotions are recognized as pos-
itive factors. On the other hand, many (𝑛 = 6) in the baseline group
indicated that they had low affective trust in Navel because it acted
too “official”. Regarding development, several (𝑛 = 5) indicated how
positive experiences helped foster trust (e.g., “I was a bit scared
Navel would judge me, but after the first round that fear disappear” ).
However, others noted that despite positive impression overall, the
interaction was too short and shallow to develop emotional bonds.

6 Discussion
This section first interprets the findings on trust and certainty
development, revisits the hypotheses, and explores the relationships
among multiple dimensions as well as other contextual factors.
Then, we discuss ethical implications, limitations, and directions
for future work.

6.1 Summary of Findings
6.1.1 Cognitive Trust Remains Stable. The level of cognitive trust
did not show a significant change over rounds, suggesting that
repeated interactions do not substantially alter participants’ evalua-
tions of the robot. In our experiment, each round followed the same
procedure in which the robot demonstrated consistent capacity.
As cognitive trust is typically grounded in rational assessments of
agents’ competence and reliability [31, 39], participants may have
formed their judgments early and found no need to update them
in the absence of new evidence. As one participant has pointed
out: “It (the level of cognitive trust) did not change much. Navel felt
professional from the very beginning.”
6.1.2 Affective Trust Increases Gradually. The main effect of time
indicated an increase of affective trust across interaction rounds,
whereas post-hoc analyses revealed a gradual pace: significant
difference emerged only between 𝑡1 and 𝑡3, but not in between.

This offers empirical HRI evidence that relational trust is fostered
through repeated interactions, consistent with interpersonal lit-
erature [22, 24, 44] and supports assumptions in computational
models where benevolence is conceptualized as time-dependent
[8, 48]. With positive experience, people may feel increasingly com-
fortable in a relationship and naturally develop affective trust. As
one participant stated: “The affective trust comes up when I realize
Navel gives emotional support.”

6.1.3 Certainty In Trust Assessment Increases. For both dimensions,
the main effect of time showed a clear increase in participants’
certainty of trust judgments, supporting H(c.1) and H(c.2). Draw-
ing from the 3-layered model [17], users may enter an interaction
with pre-existing, uncertain trust attitudes (i.e., dispositional layer).
Through repeated encounters, however, trust shifts toward the
dynamic-learned layer, in which users continually calibrate trust
by comparing observed behavior with initial expectations [20]. The
increase we found may reflect this transition.

Post-hoc results showed that participants started with relatively
low certainty, became substantially more confident after 𝑡2, and
displayed only a modest increase thereafter. Similar to cognitive
trust development, an explanation is that round 3 provided too little
new information to update trust judgments. Once users felt they
had sufficiently explored the system, their certainty stabilized.

6.1.4 Social Attitude Boosts Trust and Certainty. Social attitude
have positive effects on both affective (significantly) and cognitive
(marginally) trust, consistent with prior findings [4, 14, 39, 41]
and support both H(b.1) and H(b.2). However, without significant
interaction, we cannot determine when this effect occurs and thus
reject H(b.3).

Our manipulation of social attitude led to significantly higher af-
fective trust, aligning with the common association between benev-
olence and affective trust in parallel to competence and cognitive
trust [4, 39]. Qualitative results resonant as many participants ex-
plicitly linked their affective trust to Navel’s empathetic attitude.
The marginal effect suggests higher cognitive trust in the social
group even when robot’s competence was held constant. Pralat et
al.’s proposed a possible argument: according to the Media as Social
Actors (MASA) paradigm [27], social cues can enhance perceptions
of a social actor’s characteristics, including competence [39]. In
other words, the same level of competence may have been better
recognized when accompanied by social behaviors.

Though no hypotheses were formulated for certainty, similar
trends emerged: social attitude increased certainty significantly in
affective trust and marginally in cognitive trust. Again, according to
MASA [27], social cues may have supported users’ interpretations
and enabled more confident trust assessments.

6.1.5 Affective and Cognitive Trust Are Distinct, But Related. Our
results revealed different developmental patterns between trust
dimensions, where cognitive trust tends to establish early and af-
fective trust emerges more gradually. This trend aligns with prior
works [8, 22, 44, 48] and supports H(a). From the perspective of
3-layered model [17], cognitive trust may be categorized in the ini-
tial learned layer (i.e., prior experience) after the first round, while
affective trust may still belong to the dynamic learned layer (i.e.,
ongoing interaction).
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The effects of social attitude also differed across the two di-
mensions. First, for both trust level and assessment certainty, the
positive effect was significant for the affective dimension but only
marginal for the cognitive one. Second, group differences were
smaller for cognitive trust. Third, participants referred to social
cues more frequently when discussing affective trust. Taken to-
gether, these results suggest that while social cues enhance trust in
both dimensions, they are more strongly associated with affective
trust, resonant with prior research [4, 39]. Overall, these differences
between dimensions indicate that cognitive and affective trust are
formed via distinct psychological mechanisms [17, 21, 35].

However, the strong correlation between cognitive and affective
trust still reveal certain level of dependency, suggesting that users
may integrate competence-based and emotion-based evaluations
when forming overall trust judgment. As a result, while it is impor-
tant to treat trust as a multidimensional construct, the dimensions
should not be regarded independent.
6.1.6 Social Framing Shapes Perception of Context. The stronger
interrelations among variables observed in the social condition (see
Fig. 5) suggest that social cues might have prompted participants
to apply interpersonal heuristics on anthropomorphized agents, as
proposed in the CASA paradigm [40]. Topic intimacy was positively
associated with affective trust only in the social group, suggesting
that participants might have adjusted disclosure level based on the
depth of emotional bonds. Similarly, paranormal belief was linked
to multiple factors only in the social group, where participants
seemed to evaluate both the robot and the ritual holistically. For
instance, skeptics might think the robot was trying to “promote”
mysticism and extend their distrust from the cards to the robot. In
the baseline group, however, users may treat the robot as a neutral
medium and evaluate the ritual independently.

6.2 Ethical Implication
While our task was designed to elicit trust, the goal was not max-
imizing it. Instead, trust should be maintained at an appropriate
level to prevent both system disuse (from under-trust) and misuse
(from over-trust) [33]. Trust inherently entails risk. In our Card
Divination Task, risks include users overestimating Navel’s capabili-
ties, forming inappropriate cognitive trust, and acting on advice the
system cannot generate responsibly. To mitigate this, we clarified
afterwards that the stimuli were largely predefined and not based
on any supernatural force. Excessive affective trust raises other
threats, such as social rejection or betrayal if personal information
were passed to third parties without consent [6]. We addressed
this by explicit informed consent and careful pseudonymizations of
conversation transcripts. Future research should identify distinct
risks tied to each trust dimension, and develop safeguards through
consent and mitigation strategies respectively.

6.3 Limitation and Future Work
This project presents several limitations and opens directions for
future research. First, the semi-fixed script without fallback mecha-
nisms limited interaction quality. Participants sometimes struggled
to re-engage when the conversation proceeded unexpectedly. Sim-
ple dialogue management strategies, such as repeating the last
utterance or clarifying intent, could improve the interaction.

A major limitation is the lack of counterbalance of card stim-
uli, tying the card content to the round number. Despite being an
intentional choice due to practical considerations, this introduces
difficulty in disentangling the effects of the card content from those
of time. Though the correlation analysis revealed no significant
association between trust in card and round number, the strong cor-
relation between trust in card and trust in robot suggests that card
content may still have influenced trust ratings. Should prospective
research apply similar experimental design, round content should
be counterbalanced to strengthen the validity.

The study relied solely on self-report questionnaire. While this
follows the mainstream approaches of evaluating trust as internal
attitude rather than demonstrated behavior [33, 49], incorporating
behavioral metrics could provide richer insights. Future analyzes
of our archived transcripts can complement current results, for
example, through measures of self-disclosure [6, 18, 26], topic depth
[36], content intimacy [6, 7, 26, 38], and sentiment [25].

Though motivated by lasting HRI relationships, our study con-
sisted of only three consecutive rounds within less than an hour,
limiting the generalizability of our findings to longer-term rela-
tionships that develop over days, weeks, or even years. According
to Lewicki et al. [23], formation of interpersonal trusting relation-
ships depends on interaction frequency, duration, and diversity. In
line with most laboratory studies [24], this work focuses on fre-
quency and reveals interesting trust development pattern despite
the short duration. We hope these findings prompt reflection on
how long-term interpersonal trust theories translate to repeated
human-robot interactions, especially given that some HRI com-
putational models [8, 48] are grounded in these theories without
corresponding empirical evidence. For prospective researchers, we
recommend adopting longitudinal design to further investigate how
multidimensional trust evolve over extended duration.

Finally, we manipulated only the robot’s social attitude but held
competence constant. As prior works often links competence and
benevolence respectively to cognitive and affective trust [4, 14],
incorporating multiple levels of competence would allow more
direct comparisons to literature and a richer understanding of how
the two dimensions jointly develop.

7 Conclusion
This research investigated how multidimensional trust in a social,
emotionally supportive robot evolves over repeated interactions.
Guided by interpersonal literature, we hypothesized that affective
trust requires more interaction rounds to develop than cognitive
trust. Through a user study with 40 participants and a novel Card
Divination Task, we provided empirical evidence that this hypoth-
esis applies not only in human-human relationships but also in
human-robot interactions. Furthermore, we found that social atti-
tude enhanced both users’ trust level and their certainty in trust
assessment, especially in the affective dimension. These findings
suggest that cognitive and affective trust have distinct develop-
mental patterns while remaining interdependent. As robots and
virtual agents increasingly enter our social lives, this work offers a
foundation for sustaining appropriate trust in hybrid human-agent
societies, empowering humans in their interactions with robots.
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