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Social robots present significant potential to support ageing societies, yet their integration into older adults’ lives still requires substantial 
investigation. Existing research has explored multiple factors that influence older adults’ attitudes towards robots, but few have directly 
manipulated perceptions of robot intelligence. We address this gap on the premise that older adults may experience reduced confidence in 
managing technology, making them more sensitive to cues of robot competence, as the basis for their trust and acceptance. This study 
adopts a human-multi-robot approach, situating social interactions within a group where human-robot and robot-robot interactions co-
exist. Unlike research limited to dyadic interactions or that deploys multiple robots in isolation to provide complementary assistance or 
different points of engagement, we model group (triadic) interactions in a structured experiment where participants played a cognitive 
game simultaneously with two social robots of different cognitive competence. This design was intended to leverage inter-robot 
comparisons when forming older adults’ perceptions, rendering the manipulation of perceived intelligence more salient. Using a mixed-
method approach, we explored how the intelligence construct affected trust, usability, and the willingness to adopt social robots, including 
preference for continued interaction. Our findings showed participants placed greater trust and intent to use the robot with higher 
constructed intelligence, though many favoured the robot that appealed to them aesthetically or displayed human-like fallibility, which 
some perceived as intelligence. The interaction increased participants' willingness to use robots in other proxy (sensitive, health-related) 
contexts, suggesting that perceptions formed in one context may transfer to others, potentially reinforcing acceptance of robots broadly 
with continued interactions. 

CCS CONCEPTS • Human-centered computing • Human computer interaction (HCI) • HCI design and evaluation methods • 
Social and professional topics • User characteristics • Age • Seniors • Computing methodologies  • Artificial intelligence 

Additional Keywords and Phrases: Robot intelligence, Human multi-robot interaction, Human-Robot Interaction 
(HRI), Social robots, Silver care. 

1 INTRODUCTION 
Social robots are increasingly recognised as valuable support resources in the healthcare sector, particularly for 
older adults. The rising elderly population and the accompanying shortage of caregivers have spurred research 
into the potential of robots to assist with tasks such as mobility, cognitive stimulation, household tasks, and 
companionship, addressing issues like isolation [1], cognitive decline [2], and physical limitations [3]. Older 
adults were found receptive to using robots for daily assistance [3, 4] and effectively supporting their 
management of chronic conditions by providing reminders and monitoring health parameters [5]. 
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The successful adoption and use of robots as intended depend heavily on cultivating positive attitudes 
toward them. However, studies show that the acceptance of and trust in robots is more subtle among the older 
population and tends to decrease with age [6]. While human-centric aspects cannot be neglected, much remains 
to be uncovered about the specific robot-related factors that attract older adults' acceptance and use of robots 
[7]. Such factors may be utilitarian (usefulness, practicality, perceived intelligence) or hedonic (user experience, 
with no direct relation to task-specific goals) [8]. Both are equally important. For instance, older adults tend to 
prefer robots that are perceived as friendly, reliable, and capable [9]. Robots that are seen as intelligent and 
helpful are more likely to be trusted and adopted by older users [10]. However, the robot's physical design is 
also a strong aspect that dictates how older adults act around robots. Notably, robots designed with human-like 
features and behaviours are better received by older adults, who find them more relatable and engaging [11]. 
Additionally, the degree of interactivity the robot has with the user was also seen to significantly affect older 
adults’ interaction with it [12]. These factors greatly shape their user experience, potentially influencing their 
perceptions just as much as the robot's functional value in completing tasks. 

1.1 Robot Intelligence and Older Adults 
Using robots in contexts beyond their designed capabilities can lead to negative perceptions and reduced 
acceptability [12], as people expect robots to behave and perform appropriately for the given task. One such 
expectation is that the robot appears intelligent. The perception of intelligence contributes to the robot being 
considered genuine, more likeable and more realistic [8]. The intelligence of a robot, defined by its ability to 
understand, learn, and respond to human behaviour appropriately [13], plays a crucial role in user satisfaction, 
trust and willingness to use or rely on it. In fact, for older adults, robot intelligence and proactive behaviours 
are granted for the robot to be considered use-worthy [14]. 

Robots that are perceived as competent and reliable are more likely to build trust among users [15]. This 
trust is reinforced when robots consistently perform tasks correctly and provide accurate information, which 
is particularly important for older adults who may rely on these technologies in sensitive contexts [16]. 
Likewise, if the robot's behaviour does not align with the older adults' expectations of an intelligent agent (e.g., 
making mistakes in tasks or failing to understand instructions), it could lead to decreased trust and a negative 
perception of the robot [17]. However, older adults often have specific and contradictory expectations of what 
an “intelligent” robot should be capable of, encompassing several aspects of conversational ability, task 
execution, emotional intelligence, and appearance, which make designing acceptable robot assistants or 
companions particularly challenging [6, 18]. 

Moreover, perceived robot intelligence can influence how enjoyable older adults find the robot, which is a 
strong predictor of their intention to use social robots [19]. For example, when robots display adaptive social 
behaviours, they are often seen as more intelligent and trustworthy, leading to more engaging and effective 
interactions [20]. This adaptability, including the ability to express emotions and understand social cues, 
enhances user acceptance and promotes continued use and trust [21]. Moreover, through higher levels of 
intelligence, among other factors (e.g., deeper anthropomorphism), robots can evoke social presence in humans 
[22]. The more competent participants believe the robot to be, the more they attribute human-like or living 
qualities to it, thus feeling as if they are interacting with an aware and responsive being rather than just a 
machine [23]. 

These studies collectively demonstrate that the perceived intelligence of robots, including both cognitive 
and emotional dimensions, is pivotal in shaping how older adults perceive and interact with them. For elderly 
users in particular, the perception of robot intelligence appears central to acceptance and sustained use. Older 
adults often experience reduced confidence in managing technology and daily tasks, which makes them more 
sensitive to cues that the robot understands context, adapts to their pace, and responds appropriately to 
situations [10] [19]. A robot that is perceived as “merely social” but not intelligent risks being dismissed as 
superficial or infantilising, whereas one that demonstrates competence and context-awareness is more likely 
to be trusted as a genuine partner in daily life [24]. For example, [25] showed that robots responding with 
expected conversational flow were perceived more positively by older adults, leading to greater engagement, 
than those providing ambiguous responses. This work illustrates how manipulating the apparent competence 
of a robot can directly influence older adults’ acceptance. However, there remain relatively few studies that 
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explicitly manipulate the level of perceived intelligence in elderly–robot interaction, pointing to an important 
gap for future research. 

1.2 Human multi-robot interaction 
The concept of simultaneous group interactions in multi-human-multi-robot systems is an emerging area of 
research, given advancements in the physical, cognitive and computational abilities of robots [26]. This research 
looks at how robots can coordinate among themselves to interact with one or multiple humans in a more fluid 
and natural manner. Different from dyadic interactions, this imposes requirements for more complex control 
strategies between robots that may be dissimilar in many forms, and to mediate multiple interactions occurring 
simultaneously and avoid or resolve potential conflicts [26]. Moreover, the interaction in such systems does not 
always conform to the standard definition of interaction as “a process involving reciprocal stimulation or 
response between the agents” [27], in that reciprocity is not fundamental. 

One way to categorise such human-robot interaction (HRI) systems is in terms of team structure and size: 
(i) single human, single robot; (ii) single human, multiple robots; (iii) multiple humans, single robot; (iv) multiple 
humans, multiple robots [26]. For the current study, we have focused on the single-human-multiple-robots 
approach. This team includes human-robot and robot-robot interactions. Studies have shown that, in such 
interactions, the human (operator) experiences a large cognitive burden [28] and the psychophysiological state 
is directly correlated with the number of robots involved in the interaction [29]. The studies have, thus, 
suggested that the robots must display a certain degree of autonomy. In fact, the typical application of such 
systems is that of (semi)autonomous robots executing task-specific instructions with only some supervision or 
input from a human operator, particularly for research-and-rescue operations [30], assembly tasks [31] or 
human-swarm interactions [32]. In other approaches, humans do not assume the role of the operator at all, and 
robots operate with the most autonomy. For example, studies have used multiple robots to provide navigation 
instructions to a human [33], including indoor [34, 35] and hazardous environments [36, 37] or in creative 
applications such as turn-taking storytelling or drama-playing [38, 39]. 

The current applications of human multi-robot systems primarily emphasise coordination and collaborative 
control to perform tasks jointly with some human intervention. However, simultaneous, cohesive group 
interactions that feel truly organic and natural remain limited. Even those investigations of multi-robot systems 
in social and health domains [40] targeting older adults and the less abled [41, 42, 43], or children [44, 45], focus 
mainly on effective task execution —such as one robot handling cognitive reminders while another assists with 
mobility—or on providing multiple points of engagement, but they do not mimic natural group dynamics where 
the robots engage in a coordinated, simultaneous interaction with the user. Additionally, some of the proposed 
solutions have not been tested empirically with their targeted population. 

1.3 The present study 
In this study, we focus specifically on older adults, as they present a distinct set of needs and expectations. This 
is part of a broader vision to incorporate social robots into the lives of seniors, to support age-related challenges 
and address the growing need for social attention [44]. Thus, our study seeks to explore whether, and in what 
ways, perceived robot intelligence impacts older adults’ perceptions and attitudes towards robots. Older adults 
may perceive, interpret and respond differently to robot behaviour, due to explicit (i.e., conscious) and implicit 
(i.e., unconscious) constructs [46], some of which are age-related, like alterations in hearing, vision, cognitive 
ability and social-emotional motivations. Studying how robot intelligence may impact older adults’ trust and 
acceptability of robots can offer valuable insights into their technological design, to match the values and needs 
of this demographic. In turn, it may offer an understanding of the lens through which they view and appreciate 
robot intelligence. Previous empirical evidence suggests that where younger users equate a robot’s intelligence 
with accuracy and rapidity, older adults attribute warmth, trustworthiness, empathic prompting and fallback 
strategies to indications of intelligence [47]. However, in contexts of health outcomes, reliability often 
supersedes displays of friendliness, indicating that evaluations of robot intelligence are fluid [48]. Therefore, 
robot design necessitates more studies and careful investigation. 

While investigating the impact of perceived robot intelligence among older adults, we intentionally 
approach this from a human multi-robot interaction design. This is a novel but promising paradigm in HRI for 
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designing proximal, intuitive and natural group interactions, where situational awareness can help better 
understand how variations in robot attributes impact user perceptions and behaviours. For example, a similar 
approach showed that children displayed different interaction patterns when engaging with multiple robots of 
varying intelligence [49]. Other studies compared dyadic interactions (1 robot – 1 human) with triadic 
interactions (1 human – 2 robots) and concluded that people attribute different perceptions to the robots based 
on the condition [50]. Such findings imply that in group interactions involving multiple robots, humans often 
use inter-robot comparative cues when forming perceptions and attitudes towards them. Thus, we also adopted 
a human-multi-robot approach to leverage group mechanics to make the intelligence manipulation more 
salient. We preliminary assumed that participants would show clearer differences in their evaluations if they 
interacted simultaneously with two robots, which were purposefully designed to exhibit different levels of 
intelligence. On one hand, this could generate inter-robot comparative cues during the experiment, thereby 
potentially enhancing the perceived difference in their levels of intelligence. On the other hand, it would allow 
us to collect within-subject evaluations by having each participant experience both robots at the same time. 
The latter is aimed at increasing our sample size for the experimental conditions of robot intelligence, yielding 
more data points and potentially reducing the margin of error. This is an important consideration, given that 
our target end users were older adults, a population who is generally more difficult to recruit for studies. As a 
result, sample sizes in such research are often smaller due to these enrolment challenges. In our within-subject 
design, the participants serve as their own controls, thereby reducing the noise associated with between-subject 
variability, especially in small sample sizes, and potentially increasing the sensitivity of the statistical tests to 
detect significant differences between the conditions if they exist. 

It is important to clarify what is defined as intelligence in the context of this study. Since intelligence is 
generally a complex construct of multiple dimensions, here, we operationalised intelligence as the robot’s 
capacity to provide accurate responses during the group interaction, alongside its ability to detect and correct 
the other robot that consistently made errors. Moreover, to isolate intelligence as the key attribute under 
investigation, we sought to minimise any confounding factors that could bias participants’ evaluations, such as 
robot attractiveness and task suitability, by choosing social robots with similar appearances. Social robots are 
particularly and equally well-suited for tasks involving interactive and collaborative engagements. 
Furthermore, to increase the ecological validity of our group interaction design, we used multi-party interactive 
scenarios, like game-playing, to better reflect naturally occurring social dynamics. This was also aimed at 
increasing participants’ comfort, engagement and satisfaction, resulting in richer, more reliable data. To the 
best of our knowledge, no studies have experimented with group interactions of older adults simultaneously 
with multiple autonomous robots, which feel natural. This interactive dimension may have a significant impact 
on how older adults perceive the robots’ autonomy, competence and attributes in social contexts. 

Lastly, building on the role of perceived intelligence, we aimed to investigate if these perceptions would 
directly influence behavioural choices in older adults. Specifically, we gave participants the option to continue 
working with only one of the robots in a subsequent task, which was described in advance. Studies have shown 
that when participants receive the task first, their choice of robot will be conditioned by the nature of the task 
(e.g., whether the task is more analytical or social) [51]. Hence, to investigate whether intelligence played a role 
in participants’ choice, we chose a task of increased sensitivity, such as one involving mental wellbeing. We 
hypothesised that, in this context, participants would favour the robot with higher cognitive performance and 
that this would correlate with it being perceived as more intelligent. This can help examine how intelligence 
affects trust and reliance on robot partners. 

1.4 Research Hypotheses 
Given the theoretical and methodological insights above, we formulated the following hypotheses: 

H1: A robot with higher constructed intelligence will receive better perceptions, trust, and stronger intention 
to use it, with these positive effects growing over time more significantly compared to the robot with lower 
constructed intelligence. 

H2: Older adults’ trust in the robot, perceived usefulness, and intention to use it within the tested interaction 
contexts will predict their intention to use the robot in similar everyday situations. 
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H3: Older adults who interact simultaneously with two differently intelligent robots are more likely to 
continue interacting with the robot they perceive as more competent, particularly in contexts regarding their 
health. 

2 METHODOLOGY OF THE PRESENT STUDY 
The study employs a quantitative, deductive design, complemented by qualitative findings. Ethical approval 
was granted by the Plymouth Ethics Online System (PEOS) at the University of Plymouth. The experimental 
procedure, titled 'AGE IN Robot Home' (project ID 3162), received approval in November 2021 for all pilot 
studies related to the project, after amendments were made following recommendations from the Research 
Ethics and Integrity Committee. Accordingly, written informed consent, including publication rights for case 
details, was obtained from all participants. 

2.1 Setting and Sampling 
Healthy older adult participants aged between 60 and 80 (mean = 69.5, stdev = 7.16) were recruited through 
purposive and snowball sampling with the help of the Plymouth Community Homes. The population involved 
17 females and 6 male participants. Participants unable to consent or with any known history of cognitive 
decline, or neurological or psychiatric disorders, were excluded from the study. 16 participants had previous 
experience with a range of our social robots, having taken part in our earlier focus groups and pilot studies. All 
participants reported dexterity in using mobile phones and computers. 47.8% held a University degree, 21.7% 
had completed A-levels, and 30.5% had completed only primary school. 

The interaction took place in the Robot Home laboratory resembling a living room at the University of 
Plymouth. Participants signed ethics consent. They were informed that audio and videotaping would take place 
during the study and that data protection was in place, including confidentiality and complete data 
anonymisation. Before the interaction, the researchers introduced the robots to the participants and instructed 
participants how to interact with the robots used in the study, for example, to speak loudly and articulate their 
answers clearly and to act naturally. Ongoing technical support was offered before each interaction began, for 
example, on using the tablet application (experimental design, subsection 2.2.1) or smartwatch (subsection 
2.2.2). All interactions took place without the intervention of the experimenter and any remote control of the 
robots. 

Participants were asked to complete three questionnaires, one before the interaction and one after each part 
of the experiment. Mood was assessed at the beginning and end of the intervention to examine any changes. 
The data from the questionnaires were used to produce our quantitative and qualitative findings presented in 
this work. 

2.2 Study design 
To explore our research hypotheses, we designed a two-part experimental protocol. Two social robots, NAO 
and Buddy, were selected to engage in multi-party cognitive game playing (task 1), followed by a one-to-one 
mindful breathing exercise (task 2), with each participant. NAO is a humanoid developed by Aldebaran 
(formerly Softbank Robotics), used in healthcare and education for social engagement applications [52] (Figure 
1, robot on the left-hand side). The robot stands 22.6 inches tall, weighs 12.1 pounds, and features 25 degrees of 
freedom (DOF). Buddy is an open and scalable mobile social robot, developed by Blue Frog Robotics to assist, 
entertain and educate [53] (Figure 1, robot on the right-hand side). One of Buddy’s main features is its ability 
to simulate a range of emotions through a touchscreen located at its head. It is 24 inches tall and has 4 degrees 
of freedom (head movements and wheels). Both robots can support natural interactions with humans, and all 
the designed interactions in the study (gameplaying, meditating) occur through natural language. These 
behaviours and features may enhance the robots’ naturalness, perception as autonomous agents and their 
easiness of use [54]. The rationale for not using identical robots is to avoid potential confusion and help 
participants clearly distinguish between them. In particular, within the questionnaires, each set of questions 
was accompanied by images of the respective robots, so participants could easily identify and differentiate each 
robot. Having identical robots could potentially have blurred these distinctions, thus, weakening the 
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manipulation or the reliability of the participants’ evaluations. Instead, the different embodiments were 
intended to reduce cognitive overload and potential misattributions. 

2.2.1  Task 1: Cognitive game 

The game selected for task 1 of the interaction was a variation of the classic word game “City, Country, River”. 
The objective of the game is to score the most points by quickly coming up with words that start with a 
randomly generated letter for each given category. This game was chosen for it being known to promote 
memory and recall, language skills and mental agility, while also entertaining and encouraging social 
interaction and competitive play. 

        

Figure 1: The setup of the multi-party game with the two robots (NAO: le, Buddy: right) and the human participant. 
The game is self-directed by the participant through the tablet-based application, the interaction occurs autonomously 

and in natural language between the involved parties. The robots simulate a “natural” behaviour, for example, by turning 
heads when talking to each other and then facing back the participant, or performing animated gestures. 

The game was played in a group between one participant and two robots simultaneously and autonomously, 
i.e., no remote control (Figure 1). The human participant was given a tablet to control the game and a printed 
sheet to record their answers. The tablet ran the game application, which communicated data in the background 
with each robot via TCP/IP sockets. The game lasted for four rounds (four distinct letters), with the selected 
categories being “City,” “Animal,” and “Object.” To begin the game, the participant would press a button on the 
tablet to generate the first letter at random, starting a 60-second countdown (Figure 2). The players continued 
filling in the categories until the time ran out. At the end of the countdown, each robot and the participant 
compared their answers, with the participant self-directing this order through the tablet. According to the rules, 
blank spaces or incorrect answers were worth 0 points, correct answers 5 points, and unique answers among 
all parties were worth 10 points. The participant recorded their total score on the printed sheet each round, 
while the robots’ scores were recorded in an electronic scoring system running in the background. The player 
with the highest score would win the game. 

In this experimental design, we use the term constructed intelligence to refer to the robot’s designed capacity 
to provide accurate responses and to detect and correct errors made by the other robot during group game-
playing. Thus, we manipulated the constructed intelligence of the robots between two conditions: (i) high 
constructed intelligence or ‘smart’ condition and (ii) low constructed intelligence or ‘non-smart’ condition. We 
highlight that the terms smart robot and non-smart condition are applied by the researchers post hoc to 
distinguish between the experimental manipulations. Specific to this study, one of the robots was purposefully 
designed to provide perfect answers for each category in the game, often using rare or difficult words (smart 
condition), while the other robot (non-smart condition) intentionally made mistakes, like selecting words that 
did not belong to the category (e.g., as animal, I chose an alien) or misspelling words to start with the generated 
letter (Pucharest instead of Bucharest). The smart robot corrected the other robot when it made a mistake, and 
explained the correction accordingly. The fallible robot acknowledged its mistakes. The participants were blind 
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to the conditions and the terms (smart, intelligence), and their ratings were based on self-perception. The 
interaction was designed to appear as if the robots were naturally talking among themselves. For example, the 
robots would turn their heads to face each other when talking or performing animated gestures (Figure 1: right). 
Then, they would turn to face the participant and maintain “eye contact” given a people-tracking ability. 
Intentional eye contact is argued to be a desirable feature for older adults, which may enhance a robot’s social 
relevance [55]. 

 

     
 

     
Figure 2: Our modified “City, Country, River” game running on a tablet app, with three categories “Animals, Objects, 

Cities”. 

To ensure consistency and eliminate variability of the experimental conditions among the participants, the 
entire game was pre-structured and identical both in content and length of interaction. We used the same letters 
and rounds of game categories for each participant. This aimed to minimise differences in exposure, while 
keeping the robots’ behaviour autonomous and as intended each time. Moreover, since the participant 
controlled the turn-taking mechanism through the tablet, by pressing the screen to advance the game, the 
robots would generate their scripted answers without processing or reacting to participants’ speech. This was 
done to prevent misrecognition errors and to control for variability in the interaction design, both of which 
could influence participants’ perceptions of the robots. The only item loosely controlled by the experimenter 
remotely was calculating the final score of the game. This was displayed to the participant on the tablet at the 
end of the game, but no winner was announced explicitly, as this behaviour was not autonomous. 

As mentioned previously, we matched the robots in size, expressive modality and overall design to minimise 
morphology bias, while still choosing to use different robots to maintain clarity in participant evaluations. 
Moreover, we counterbalanced the robot-intelligence assignment across participants, such that each robot 
appeared in both conditions for half of the sample. That is, each robot served in the smart condition for half the 
sample and in the non-smart condition for the other half. This aimed to evenly distribute potential biases or 
order effects across the study, if they existed. Collectively, these strategies help partially mitigate fixed 
associations. 

 

A real example of a triadic (two-robot one-human) interaction (Task 1) 

Participant: The new letter is P 
NAO: Okay 
Buddy: Got it! 
         *Timer runs out* 
NAO: For the object, I chose a pen. 
Buddy: My choice of object is the pedestal. 
Participant: I chose a phone. 
NAO: As an animal, I chose the pigeon. 
Buddy: My choice is the peacock. 
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Participant: I also chose pigeon. 
NAO: As a city, I chose Pucharest. *NAO makes a mistake* 
Buddy: *Turns to face NAO, followed by NAO turning to face Buddy* That’s wrong! Bucharest is spelt with a “B”! My choice 
is Penzance. 
NAO: *Facing Buddy* Oops! I feel very silly! 
         *Both turn back to face the participant* 
Participant: My choice is Plymouth. 
_________________________________________________________________________________________________ 

2.2.2  Task 2: Mindfulness meditation 

Upon completing task 1 of the interaction and the respective questionnaire, the participants were informed that 
task 2 of the study would be a mental well-being session to help relax their minds and reduce stress. They were 
then asked to choose only one of the robots to continue this intervention. We expected that knowing the task 
beforehand could potentially influence their choice and that this choice may correlate with the chosen robot’s 
behaviour in part 1, i.e., the manipulation of constructed intelligence. The participants were asked to motivate 
their choice, and their answers were recorded for the analysis. 

Task 2 consisted of a guided meditation and breathing session. Mindfulness meditation is thought to lower 
heart rate, which decreases anxiety, and stress and improves calmness and focus [56]. Such therapies are 
endorsed by the National Institute for Health and Care Excellence (NICE) and may prove beneficial for older 
adults. The researcher asked the participants to wear a smartwatch, which would measure their heart rate. The 
robot would take the participant’s unique readings from the app connected to the smartwatch and communicate 
the value to the participant (e.g., your current heart rate is 80 bpm). Then, the robot would guide participants 
through the meditation session, starting by playing a piece of calming background music. The robot's 
instructions would mirror the elements of a traditional mindfulness session, including initial relaxation, 
focusing on the breath, observing sensations, acknowledging thoughts, and gradually transitioning back to the 
present moment. The robot would modulate its voice, slow down its speech, and pause at appropriate moments 
to allow for deeper reflection and relaxation. The script, speed and pauses were replicated from human-directed 
meditations and similarly executed by the robot. At the end of the mediation, the robot would take a second 
reading from the smartwatch and compare the two readings (e.g., your heart rate improved by 5 bpm). 

Finally, the robot would ask the participants if they felt more relaxed after the meditation and provide 
positive reinforcement regardless of their response. The answers were recorded for the analysis. 

Mindfulness meditation (Task 2) 

*music starts* 
As you are seated, make yourself comfortable *long pause*. Take a few moments to be still in your body *long pause*. Allow yourself to be aware of where 
your mind is at just now *long pause*. Take a moment to notice your thoughts *long pause*. Gently *short pause*close your eyes * pause* or softly gaze ahead 
*pause* finding a point of focus that is not distracting *long pause*. Bring your awareness to your breath * pause*. Start by taking two full breaths *very long 
pause*. […] 
[…] When your mind pulls you away or distracts you during this practice * pause*, you can come back to this part of your breath *pause*, as an anchor, or a 
point of focus *long pause*. Breathe in *long pause* and breathe out *very long pause*. As you reach the end of this practice *short pause*, congratulate yourself 
for taking this time to be present with your breath *long pause*. You can now open your eyes *pause* or simply bring your awareness back to me". 
*music ends* 
_________________________________________________________________________________________________ 

3 DATA ANALYSIS 
Self-reported measures were performed with data collected across three questionnaires: (i) pre-interaction 
questionnaires; (ii) after Task 1 – cognitive game/entertainment with both robots simultaneously; and (iii) after 
Task 2 – meditation with only the chosen robot. These questionnaires were designed ex-novo to align with our 
aims, guided by constructs commonly measured in HRI literature, e.g., perceived trust, fit-for-use and intention-
to-use. The items are inspired and consistent with scales like the Godspeed Questionnaire Series (GQS) [57], 
Trust in Automation [58], and Technology Acceptance constructs [59], but they are modified for the context of 
the study and the target demographic. All items and their phrasing are reported in full under each construct 
(measure) in the quantitative and qualitative analyses sections, along with the specific time point at which they 
were administered (pre-interaction, post Task 1, post Task 2). 
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The quantitative analysis is performed with the entire sample (N=23), regardless of the manipulation check 
of the constructed robot intelligence. This is because explicit awareness of the manipulation is not a prerequisite 
for effective manipulation in this study. Despite the robot conditions existing, this manipulation targets 
participants’ experiential and behavioural impressions. Social cognition research (e.g., [60]) argue about implicit 
processing, where exposure to systematically different behaviours leads to attitudinal or perceptual shifts. This 
phenomenon has also been used or replicated in HRI studies (e.g., [61]). Thus, our analysis aims to quantify 
how our manipulation design may affect the intended measures (perceptions, trust, intention-to-use, etc.) 
implicitly. In particular, since intelligence is a complex construct, it may encompass more dimensions beyond 
the accuracy of responses, and its perception may be dependent on the participants’ intrinsic characteristics. 
The analyses were conducted in R (version 4.2.1, R Core Team, 2020) and Python (3.8). The packages used were 
lme4 package for fitting the Linear Mixed-Effects Models in R, pingouin for mixed-model ANOVA, sklearn 
(scikit-learn) for K-means clustering and statsmodels for Ordinary Least Squares (OLS) regression analysis. 
Associations were explored using Spearman’s rank correlations. 

3.1 Perceived robot attributes 
We measured the participants’ perceptions of robots in general in the pre-interaction questionnaire using 

the following “Robots are” items as a baseline in a 7-point Likert agreement scale, where 1 indicated strong 
disagreement and 7 indicated strong agreement: 

• Robots are: (i) reliable; (ii) can count on; (iii) consistent; (iv) capable; (v) competent; (vi) meticulous. 
• Robots are: (i) sincere; (ii) genuine; (iii); authentic; (iv) ethical; (v) respectable; (vi) principled. 
• Robots are: (i) knowledgeable; (ii) responsible; (iii) intelligent; (iv) sensible. 
These items were re-evaluated after Task 1 for both robots to measure the participants' perceptions 

immediately following their interaction with them. The results were aggregated on the robots' constructed 
intelligence condition (smart/non-smart), regardless of the type of robot. The purpose of the evaluation was to 
assess the effect of perceived intelligence on the perceived robot attributes. 

The items were then re-evaluated post Task 2 only for the robot selected to continue the interaction. The 
purpose of the evaluation was to assess the effect of the task and time on the participants’ perceived robot 
attributes. This was compared against the baseline (pre-interaction) and the perceptions only of the participants 
who chose that robot after Part 1. 

3.1.1  Task 1: Cognitive game 

The collected data contained measurements for multiple attributes across two conditions (smart vs non-smart) 
and 2 time points (baseline or pre-interaction and task 1). Mixed-design ANOVA was used to assess the effects 
of condition, time, and interactions for each individual attribute. 

Our analysis showed that certain attributes displayed notable time effects. The perception of ‘sincerity’ 
improved significantly from baseline to Task 1 (F(1,88) = 1225.0, p = 0.018) and moderate improvements were 
observed for the attributes like ‘genuine’ (F(1,88) = 225.0, p = 0.042) and ‘authentic’ (F(1,88) = 196.0, p = 0.045). 
Since the data was not normally distributed, we corroborated the results with the Wilcoxon signed-rank test, 
which confirmed a statistically significant time effect on the said attributes (sincere: p = 0.0033; genuine: p = 
0.0221; authentic p = 0.0246). However, none of the attributes showed significant interaction effects between 
condition and time, suggesting that these improvements occurred for both robots, regardless of their designed 
intelligence. No statistically significant effects were observed for the other attributes, but their ratings remained 
stable within the medium range (mean = 3.83-5). 

3.1.2  Task 2: Mindfulness meditation 

Similarly, we assessed the effects of individual attributes across two conditions and three time points after Task 
2. Individual attributes showed no significant differences in condition and interaction effects, with only 
marginal time effects. Nevertheless, we explored the combined effects of all attributes, given that the lack of 
significant individual effects may arise due to several factors related to statistical power, effect size, consistency 
of effects and averaging of the variability in attributes, thus masking their true effect. 
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We used a mixed-model ANOVA to assess the combined impact of condition, time, and their interaction. 
Time was treated as repeated measures and condition as between-subject. Calculations using Cohen's f derived 
from the ANOVA F-values indicated that the model was well-powered at 92%. The confidence in detecting time 
effects was the highest, with a statistical power of 99.9%, while there was a reasonable chance of detecting 
condition effects, with a statistical power of 62.1%. The results revealed a significant condition effect (p = 
0.0027), with the robots in the smart condition being perceived more positively overall compared to those in 
the non-smart condition. Moreover, the time effect was significant (p < 0.001), with perceptions improving over 
time, for both robots. The interaction effect condition * time was also moderately but statistically significant (p 
= 0.0487), indicating that the effect of robot condition on mean points depended on the time point, with the 
difference in perceptions between smart and non-smart robot conditions becoming more pronounced as the 
interaction progressed. Given some deviations in the normality of the data, we further confirmed the ANOVA 
results with a Generalised Linear Mixed Model (GLMM) using a Gamma family with a log link function, which 
is suitable for continuous, positively skewed data. 

When interpreting these results, it is important to highlight that in Task 2 (meditation) there is no 
experimented manipulation of the robot’s condition. The selected robot by the participant performs the task 
identically, regardless of whether it was assigned in the smart or non-smart condition in Task 1 (cognitive 
game). Therefore, analyses of condition and interaction effects are based on the robot’s condition during Task 
1. Hence, the results indicate that participants who selected the robot in the smart condition to continue the 
interaction after Task 1 rated the robot more positively than those participants who selected the robot in the 
non-smart condition. While mean ratings increased for both conditions relative to pre-interaction baseline 
measures, the improvement after Task 2 was more pronounced for the robot with higher constructed 
intelligence (smart). 

We used further descriptive statistics in Figure 3 to illustrate the differences observed between the conditions 
after Task 2. The rationale to report only these findings is based on the results of the ANOVA, followed by a 
Tukey HSD post-hoc test, which confirmed a statistically significant difference between the smart and non-
smart conditions at Task 2 (p = 0.0038), but not at Task 1 (p = 0.3123). In Task 1, participants evaluated both 
robots, resulting in a well-powered within-subject design with paired data for each participant. Since no 
significant differences were found between the robot conditions at the end of Task 1, any subsequent differences 
observed in Task 2 are likely due to the continuation of interaction and evolving perception, instead of pre-
existing biases. This interpretation is consistent with the mixed-model ANOVA results, which showed that 
differences in perceptions between the robots became more pronounced and significant over time. 

 
Figure 3: The results illustrate that a divergence in participant perceptions emerged by Task 2. The distribution shape 

shows that robots in the smart condition received consistently higher ratings at this point, indicating that the difference 
in evaluations became apparent only aer Task 2. The distribution of mean points in the smart condition is more 

concentrated at higher values. The median is higher, and the density is more pronounced in the upper range of points. 
The distribution is wider and more variable for the non-smart condition, with a lower median. The density shows a 
broader spread of scores, indicating greater variability in ratings. The overall shape suggests that robots with lower 
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constructed intelligence receive a wider range of scores, with a tendency towards lower ratings compared to those with 
higher constructed intelligence. 

The results confirmed that differences in perceived robot attributes became more pronounced over time. The 
robot in the smart condition consistently received higher ratings, indicating that its perceived intelligence had 
a lasting and increasing impact on users' views of its reliability and suitability for tasks. This supports our 
hypothesis H1 in terms of overall perceptions. 

3.2 Perceived trust 
We measured the perceived trust of the participants in the pre-interaction questionnaire using three items 

as a baseline on a Likert agreement scale from 1 (Strongly disagree) to 7 (Strongly agree). 
• I would trust robots in entertainment contexts. 
• I would trust robots if they helped me with cognitive ability exercises. 
• I would trust robots if they supported me with my mental well-being. 
Items 1 and 2 were re-evaluated following Task 1 to measure participants' perceived trust in both robots 

immediately after the interaction (replacing “robots” with “Buddy” and “NAO” in the queried items) compared 
to the baseline. In the experimented context, this evaluation sought to identify any correlation or mediation 
effects between the robot’s designed intelligence and the participants’ perceived trust. The results were 
analysed under combined intelligence conditions (smart/non-smart), regardless of the specific robot. 

Item 3 was re-evaluated exclusively after Task 2 to assess participants' perceived trust in the selected robot 
in the experimented context of mental well-being compared to the baseline trust. The intention was to assess 
any effects of the task or time on the participants’ perceived trust and any variations attributable to perceived 
intelligence. 

3.2.1  Task 1: Cognitive game 

We performed Linear Mixed-Effects Regression Modelling (LMER). Preliminary results with a mixed model that 
included random effects and fixed effects, where the participant ID was treated as a random effect, i.e., 
intercepts vary across participants, whereas time and condition were treated as fixed effects, revealed that 
neither time, condition, nor their combination and interaction had a significant impact on entertainment or 
cognitive trust scores. This model assumes the effects of time and condition to be the same for every participant 
(homogeneous effects). However, given the observed high variability of the intercepts, we decided to fit a model 
with random intercepts and slopes for 'time' and 'condition', which allow the effects of such predictors to vary 
across participants (heterogeneous effect). This assumes that each participant has unique responses to time and 
condition allowing for individual differences in how they impact trust. The rationale of adding random slopes 
is to try to capture individual differences in how people react to the same condition (smart vs non-smart) or 
time points (pre vs post interaction) and to improve model fit. Evaluations using AIC (Akaike Information 
Criterion) and BIC (Bayesian Information Criterion) revealed that the model with random slopes had the lowest 
scores, indicating that this model fits the data best, thus capturing individual variability better.  

For the entertainment context, the model with random slopes revealed a significant effect of the smart 
condition (p = 0.009), with higher trust scores, but no significant effect of time (p = 0.729). For the cognitive 
context, the model with random slopes also showed a significant effect of the smart condition (p = 0.007) and 
no significant effect of time (p = 0.914). The significant condition effect reveals that, when participants 
specifically evaluated each of the robots they interacted with, they consistently rated the robot in the smart 
condition as more trustworthy than the robot in the non-smart condition, confirming our hypothesis H1 
regarding the trust construct. Nevertheless, the lack of time effect indicated that their trust did not significantly 
change over time (H1 not supported). In other words, the interaction did not substantially alter their overall 
perception of robots in general, but they did perceive the robots with higher constructed intelligence more 
favourably than their lower constructed intelligence counterparts after the interaction. However, it is important 
to note that a single and short interaction may be insufficient to observe such an effect in time. 
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3.2.2  Task 2: Mindfulness meditation 

Preliminary analysis showed positive but no statistically significant differences in trust ratings between the 
smart and non-smart robot conditions after the interaction, despite a statistically significant difference having 
been observed after Task 1. It is plausible that these differences were not evident after Task 2 because the robots 
performed the task identically and correctly. Hence, conditions of differing intelligences were not present 
during Task 2, and the robots were rated based on the interaction alone, potentially “closing” the trust gap 
between the robots. For this reason, we investigated the evolution of trust after Task 2. This allowed us to 
explore whether and how the longer interaction, together with a consistent robot behaviour, may have 
influenced trust, potentially explaining why the distinction between the robots’ perceived trustworthiness 
became less pronounced. We examined participants’ trust ratings before and after Task 2, focusing on the 
direction of their trust changes (no change, increase, or decrease). We aimed to assess whether post-trust was 
driven primarily by initial trust levels (anchoring effect) or whether it was potentially recovered or 
strengthened through consistent, reliable robot behaviour in Task 2. 

We applied K-means clustering with the number of clusters (K = 3) determined using the Elbow method 
heuristic. Descriptive statistics were used to illustrate each cluster's pre- and post-trust scores (Figure 4). These 
were statistically significant. 

• Cluster 0 participants (8) began with high trust and experienced a further increase in trust after Task 2 
(Figure 4). All participants in this cluster chose to continue interacting with the robot in the smart 
condition after Task 1. 5 (62.5%) of these participants had perceived the robot as more intelligent. All of 
them trusted the robot after Task 1 (100%). 7 (87.5%) participants felt relaxed after the meditation in Task 
2. The trust increase after Task 2 might indicate that, for this group, pre-existing positive expectations, 
including high initial trust and perceived robot intelligence, likely created a positive feedback loop where 
trust was not only sustained but strengthened given longer interactions and consistent robot 
performance. 

• Participants in Cluster 1 began with moderate trust. All of them chose to continue interacting with the 
robot in the non-smart condition, even though only 3 (33.3%) perceived it as intelligent. Despite this, over 
half (55.6%) reported trusting the robot already after Task 1. Their trust levels increased further after Task 
2 (Figure 4). This suggests that for this group, trust was not solely dependent on perceived intelligence. 
Instead, it may reflect a baseline willingness to trust or a broader positive disposition toward the robot 
they selected. The subsequent increase in trust after Task 2 indicates that the robot’s reliable performance 
in this task, potentially evidenced by unanimous reports of feeling relaxed after the interaction, can 
reinforce or validate initial trust, even if the robot was not perceived as especially intelligent. In other 
words, participants appear to have extended trust based on factors other than intelligence, possibly 
personal preference, comfort, or perceived suitability, and then had that trust confirmed by the robot’s 
consistent behaviour. 

• Cluster 2 involved (6) participants with low and diverse trust, whose trust remained low and 
inconsistent, but less widely distributed after the interaction. This variability is reflected in the mixed 
composition of the group, with participants having chosen the robot either in the smart or non-smart 
condition following Task 1. Only half (3) perceived their robot as more intelligent, and just two 
participants (33.3%) reported trust in it after Task 1. The diversity in trust levels and lack of consistent 
increase suggest that the interaction did not uniformly affect trust for this group. Instead, it was likely 
influenced by individual predispositions rather than the robot’s characteristics or performance. This 
highlights the role of pre-existing trust as a potential stronger determinant of post-task trust. 

3.3 Perceived fit-for-use 
Fit-for-use refers to the extent to which a robot is perceived to be appropriate, effective, and suitable for 
fulfilling a specific task or purpose in a given context. In this study, fit-for-use is measured as participants' 
attitudes toward the use of robots in different roles (such as entertainment, cognitive support, or mental well-
being) assessed along three dimensions: whether using the robot is considered a good idea, a wise choice, and 
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likeable. The following statements were evaluated using a Likert scale from 1 (Strongly disagree) to 7 (Strongly 
agree). 

• Using robots for entertainment is (i) a good idea; (ii) a wise choice; (iii) likeable 
• Using robots for cognitive support is (i) a good idea; (ii) a wise choice; (iii) likeable 
• Using robots for mental well-being is (i) a good idea; (ii) a wise choice; (iii) likeable 

 

 

Figure 4: (Cluster 0) Median pre-trust score is around 6.5, with a relatively tight distribution (small IQR and few 
outliers). Median post-trust score is around 7, with a tight distribution (small IQR and few outliers). (Cluster 1) Median 

pre-trust score is around 4, with a moderate spread. Median post-trust score is around 5, with a moderate spread. 
(Cluster 2) Median pre-trust score is around 2.5, with a broader distribution. Median post-trust score is around 2.5, with 
a slightly more concentrated distribution aer the interaction, suggesting reduced variability, but no systematic decline. 

Items 1 and 2 (entertainment and cognitive support) were re-assessed after Task 1 to measure participants' 
perceptions of fit-for-use in these contexts immediately following their interaction with the robots. The results 
are analysed and presented in terms of the robots’ perceived intelligence condition. Item 3 (mental well-being) 
was re-measured after Task 2. 

Descriptive statistics revealed improvements across all categories and dimensions after the interaction 
(Figure 5). Post-interaction ratings showed narrower interquartile ranges, indicating more consistent and 
higher ratings compared to pre-interaction scores. The most notable improvement occurred in the mental well-
being category, suggesting that the interaction positively influenced participants’ perceptions of fit-for-use in 
this area. These results were statistically significant across all categories. 
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Figure 5: The box plots show the spread and central tendency of the ratings before and aer the interaction for each category. 
Significant changes can be observed in the mental well-being category, while entertainment and cognitive ratings show less variation. 

The changes were statistically significant for all categories. 

A mixed-effects linear regression model was used to investigate whether participants' trust in robots and 
the robot condition (smart or non-smart) influenced post-interaction scores across fit-for-use dimensions (good 
idea, wise choice, likeable) in the categories of entertainment, cognitive, and mental well-being. The mixed-
effects (multilevel) model was used to handle different numbers of observations per robot condition, since the 
entertainment and cognitive categories involved within-subject evaluations for both robots simultaneously, 
whereas mental well-being ratings were collected under between-subject designs (i.e., participants continued 
interacting with only one robot, which previously was either in the smart or non-smart condition). Such a model 
is also not biased by the intercept variability. The model was fitted with the Restricted Maximum Likelihood 
(REML). The dependent variable was the post-interaction score aggregated across all categories and fit-for-use 
dimensions. Instead, the post-trust scores for each participant averaged across the categories (entertainment, 
cognitive, wellbeing), the robot condition (smart, non-smart) and their interaction (trust x condition) served as 
independent variables. In this analysis, the pre-trust scores served as a baseline covariate that did not vary with 
robot condition, since participants reported trust in robots in general before the interaction. Our analysis 
indicated that the post-trust score was a significant positive predictor of post-interaction scores (β = 0.88, p < 
0.001), meaning higher trust was associated with higher perceived fit-for-use ratings. Moreover, baseline trust 
(pre-trust) also positively influenced post-ratings, meaning that participants with higher existing trust tended 
to give higher fit-for-use ratings after the interaction, regardless of the robot. When examining the effect of 
robot condition, we found a significant negative main effect (β = -0.87, p = 0.030). Specifically, when post-
interaction trust was low (trust = 1 in the Likert scale), participants rated the robot in the smart condition lower 
than the non-smart condition on fit-for-use dimensions. However, at higher post-trust levels, this was reversed, 
with participants rating the smart robot condition more favourably than the non-smart condition. This was 
further supported by the significant and positive interaction effect between trust and smart robot condition (β 
= 0.17, p = 0.020), which indicated that fit-for-use ratings for the smart condition increased more sharply with 
greater trust compared to the non-smart condition. Our model was highly significant overall, and the inclusion 
of predictors significantly improved model fit compared to an intercept-only (null) model (Likelihood Ratio 
Test: χ²(6) = 62.90, p < .001). It converged successfully and has reasonable group variance, indicating mixed-
effects were appropriate. These results support our hypothesis H1 in terms of fit-for-use. 
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3.4 Intention to use robots 
The intention to use robots was measured as the willingness of older adults to use the robot over the upcoming 
weeks in several contexts of daily living. We designed the following item ex-Novo and asked participants to 
indicate their level of agreement on a 7-point Likert agreement scale for each of the contexts: 

• I would be willing to use robots in the following contexts in the next weeks: (i) daily house routines; (ii) 
medicines prescriptions; (iii) physical health support; (iv) mental well-being support; (v) entertainment; 
(vi) cognitive training support. 

This measure was used to assess the associations between the level of trust in the robot with the proxy 
variable of the use of robots in different contexts. We assumed that trust differences in the experimented 
contexts (i.e., entertainment, cognitive support, mental well-being) could potentially generalise to differences 
in the perceived trust of older adults for other contexts of daily living, such as house routines, physical health 
support and medicine prescriptions, due to an anchoring effect [62], (i.e., where a decision is based on a situation 
that is more or less related). 

We performed repeated measures ANOVA for the intention to use scores across different domains pre- and 
post-interaction. In the following results, variability refers to the spread or consistency of participants' 
responses within each category, with +/- values representing either an increase or decrease in variability. No 
statistically significant differences between the pre- and post-intervention scores were found for the categories 
of daily house use and entertainment, but these differences were highly significant for physical health (p = 
0.032, reduced variability -0.81), mental well-being (p = 0.001, reduced variability -0.49) and cognitive training 
(p = 0.013, reduced variability -0.47). Due to a missing value in the rating of intention to use robots in medicine 
for one of the participants in the pre-interaction, we performed both a mixed-effects ANOVA to handle 
missing/unbalanced data and a repeated measures ANOVA by removing the entry from the data as an outlier. 
In the mixed-effect ANOVA, we considered the intercept (post-interaction average), time effect (pre vs post 
difference) and group variance (participants’ variability). Both tests confirmed a significant difference between 
the pre and post-interaction scores also for this domain (p = 0.009, p = 0.015, respectively). Although the 
variance increased slightly (+0.32), the upper quartiles became more consistent. The results suggest a potential 
positive impact of the interaction on the participants' willingness to use robots, particularly in areas related to 
health and well-being, leading to more uniform responses across participants. 

Moreover, we analysed the associations between the different categories using Spearman’s Rank correlation 
matrix. Different from the ANOVA results, here, we examine how consistently responses in different categories 
move together (Spearman’s ρ). All categories in Figure 6 refer to evaluations made post-interaction, with the 
coefficients representing the degree of change of the associations post-interaction compared to their 
associations before the interaction (i.e., +/- values refer to Δ Spearman ρ from pre- to post-interaction). We 
focused mainly on the correlations between the experimented categories (entertainment, cognitive support, 
mental well-being) with the close context categories (daily use, physical health, medicine). The results indicated 
that the intention to use robots in entertainment correlated more strongly with the intention to use robots daily 
in the house (Δρ = +0.43) after the interaction (ρ = 0.70). Both the intention to use robots in cognitive training 
and mental well-being revealed an increase in their association with the intention to use robots for medicine, 
respectively +0.22 and +0.12 (ρ = 0.74 and ρ = 0.69). Cognitive training and mental well-being were more 
positively associated with one another after the interaction than before (Δρ = +0.38, ρ = 0.95). Mental well-
being also positively impacted physical health, with their post-interaction association strengthening by +0.14 
(ρ = 0.88). The results suggest that the interaction may have reinforced the perceived usefulness of robots across 
multiple related domains. 
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Figure 6. Spearman’s correlation matrix shows the differences in correlation coefficients between pre- and post-interaction ratings across 
six categories: daily house, medicine, physical health, mental well-being, entertainment, and cognitive training. Only the main diagonal 
and the lower triangle are shown to highlight unique pairwise relationships. Notable observations include a significant increase in the 

correlation between entertainment and daily house (Δρ = +0.43), and substantial increases between cognitive training and both medicine 
(Δρ = +0.22) and physical health (Δρ = +0.33). Some correlations decreased slightly, such as between entertainment and medicine (Δρ = -

0.14). 

Further strong positive associations were observed in how trust and intention to use robots were related 
after interaction, compared to before. In other words, we quantified the changes in the associations between 
trust and intention to use from pre- to post-interaction, represented as the change in correlation coefficients 
(i.e., Δ Spearman ρ). Separate calculations for trust in robots depending on smart and non-smart conditions 
showed notably higher correlations for the smart condition, especially when investigating trust in mental well-
being and cognitive support with the intention to use robots in mental well-being and medicine contexts. For 
example, trust in the robot in the smart condition (mental well-being) and the intention to use it revealed strong 
and statistically significant monotonic relationships for mental well-being (ρ = 0.877, p < .001, ) and medicine 
(ρ = 0.887, p < .001). In relative terms, the correlation between trust and intention to use robots was strengthened 
by 0.043 for mental wellbeing and 0.320 for medicine post-interaction, but for robots in the non-smart condition, 
it decreased by 0.072 for mental wellbeing and 0.044 for medicine. Similarly, the correlations were strengthened 
when considering reported trust for cognitive support and intention to use robots with higher constructed 
intelligence in medicine (Δρ = + 0.147, ρ = 0.582), but decreased for those with lower constructed intelligence 
by 0.174 (ρ = 0.286). These results provide promising evidence that trust in the robot leads to a greater intention 
to use it (H1) and produces an anchor effect in related contexts of daily living (H2). This may suggest that robots 
with higher constructed intelligence could enhance their acceptance across various domains, including those 
more sensitive. However, these results should be read with caution due to the sample size. 

3.5 Post-hoc analysis of the robot’s morphology bias 
Despite swapping the robot conditions for half the sample of participants to mitigate any fixed associations 
between robot appearance and perceived intelligence, there is no guarantee that morphology bias did not 
emerge. Therefore, we conducted a post-hoc analysis based on robot agent (NAO or Buddy), instead of robot 
condition (smart vs non-smart). 
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3.5.1  Robot attributes 

We ran a combination of univariate ANOVA, Welch’s test and Mann-Whitney U (MWU) test, where 
appropriate, after confirming assumptions of normality (Shapiro-Wilk test) and variance homogeneity 
(Levene’s test) for each attribute. Our results showed no statistical differences between the robot agents on any 
attributes across all three tests (all p-values > 0.5). We also run PERMANOVA to test whether the multivariate 
profiles combining all robot attributes (i.e., combined effect) differ between Buddy and NAO. This analysis also 
showed no statistically significant differences between the robots (pseudo-F = 0.1916, p-value = 0.881, sample 
size = 46, groups = 2, number of permutations = 999). Thus, participants’ impressions of robot attributes were 
not affected by the robots’ morphology. 

3.5.2  Perceived trust 

We ran a one-way ANOVA treating robot as a single factor with two levels (Buddy and NAO) and testing if 
trust differed by robot. The results showed no statistically significant differences in trust scores in either 
entertainment (F = 0.661, p = 0.425), cognitive support (F = 0.000, p = 1.0) or mental wellbeing (F = 0.042, p = 
0.840). These confirm that, on average, participants rated both robots similarly across the measured trust 
construct. 

3.5.3  Perceived fit-for-use 

We ran a Mann-Whitney U test to compare the differences between Buddy (smart condition) and NAO (smart 
condition) for individual scores of fit-for-use dimensions (likeable, good idea, wise choice) across entertainment, 
cognitive support and mental well-being domains. Since the observations are paired, comparing Buddy and 
NAO in their smart condition inherently involves an indirect comparison of the robots in their non-smart 
configurations. The results showed no significant differences based on the robot agent (all p-values > 0.34). The 
MANOVA test comparing the mean vectors of the combined variables (i.e., scores across multiple domains and 
response types: Entertainment, Cognitive, Mental; Good, Wise, Like) between groups also showed no 
significant differences with all tests consistently producing p > 0.05 (e.g., Wilks’ Lambda = 0.4605, F(9,13) = 
1.6923, p = 0.1882; Pillai’s Trace = 0.5395, F(9,13) = 1.6923, p = 0.1882). Thus, the overall fit-for-use profiles do 
not differ between Buddy and NAO robots. 

3.5.4  Intention to use robots 

We used the Wilcoxon signed-rank test to verify whether the intention-to-use scores (after Task 1) differed 
between the robots (Buddy vs NAO). The test showed that across all six domains (daily house, entertainment, 
cognitive training, mental wellbeing, medicine), there were no statistically significant differences in 
participants’ scores between Buddy and NAO when both were in the smart condition (all p-values > 0.35). Due 
to paired comparisons, the results apply also to the non-smart conditions. 

We further evaluated whether intention-to-use scores at the end of the interaction (after Task 2) differed by 
the chosen robot (Buddy and NAO). The Mann-Whitney U test showed no statistically significant differences 
(all p-values > 0.08) in intention-to-use scores across all domains between participants who chose to continue 
interacting with Buddy, compared to those who chose NAO. 

Overall, our post-hoc analysis confirms the validity of our manipulated intelligence condition. Significant 
differences were found between the smart and non-smart robot conditions across all measured outcomes, which 
were not confounded by the robot agent (Buddy or NAO), since no differences were found based on robot agent. 
This shows little to no bias in the study design and findings, indicating that the manipulation condition is the 
primary driver of user attitudes and perceptions in this experiment. Future work could also include baseline 
perception measures. 

4 QUALITATIVE FINDINGS 
We asked the participants to motivate their choice of robot after Task 1 and whether the meditation helped 
them relax after Task 2. This was not intended as a manipulation check. Rather, the responses are used to 
corroborate the quantitative results and understand if participants perceived our designed conditions as 
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intended. We added the following binary evaluations in the questionnaires administered immediately after the 
respective interactions. 

• I felt that I could trust the chosen robot more. (True/False) 
• I felt that the chosen robot was more intelligent than the other. (True/False) 
• I felt relaxed after meditating with the robot. (True/False) 

Items 1 and 2 were queried after Task 1 and after participants selected their preferred robot. The questions were 
accompanied by images of the robots to help participants remember them by name. Item 3 was queried after 
Task 2. 

4.1 Factors Affecting Robot Choice 
We ran a crosstabulation to analyse the relationships between the categorical variables of designed robot 
intelligence (i.e., condition), reported robot intelligence and reported trust, for the chosen robot after Task 1. Each 
of the variables can take two values: Smart or Not Smart (constructed robot intelligence), Intelligent or Not 
Intelligent (reported robot intelligence) and Trusted or Not trusted (reported trust). The frequency distribution 
of the variable combinations is summarised in Table 1 and reported as clusters of participants for simplicity. 

Table 1: Crosstabulation of Robot Design, Perceived Intelligence, and Trust, measured aer Task 1 and aer the 
participants had chosen one robot to continue the interaction. The counts indicate the number of instances each 

combination occurred in the dataset. 

Cluster Variable combination Count 
1 Smart, Intelligent, Trusted 7 
2 Smart, Not Intelligent, Trusted 3 
3 Smart, Not Intelligent, Not Trusted 3 
4 Not Smart, Intelligent, Trusted 3 
5 Not Smart, Not Intelligent, Trusted 2 
6 Not Smart, Not Intelligent, Not Trusted 5 

These findings showed mixed support for our H3. Only half of the participants’ perceptions of the robot aligned 
with our designed expectations (clusters 1, 2, 6). We analysed the participants’ qualitative responses to the 
questionnaire to understand their choice and interpret the resulting variations in perceived trust and 
intelligence. These revealed ambivalent yet unsurprising factors and expectations between the clusters  
(Table 1). 

Participants chose to continue interacting with the robot given primarily the following rationales: 
1. Utilitarian factors: The robot’s perceived reliability, knowledge, and stable behaviour, which was 

particularly noted by 6 participants in Cluster 1 and one participant in Cluster 2. All chose the robot in 
the smart condition. Their trust was cognitive, i.e., based on rational thinking [63]. 

Reliability, knowledge and stable behaviour. 

Nao's voice is squeaky and Nao is very fallible. Buddy's voice is much more reliable as was his behaviour. (chose Buddy) 
More knowledgeable! (chose Buddy) 

Seems wiser! (chose Buddy) 
Buddy made more mistakes, NAO was more interesting in that it "reacted" more. (chose NAO) 

NAO answered all questions. (chose NAO) 
NAO. This robot replied with more correct answers, in fact, I think all were correct. (chose NAO) 

_________________________________________________________________________________________________ 

2. Hedonic factors: Sensory experience and aesthetic appeal, such as expectations of human resemblance or 
personal (often contradicting) preferences of morphological features. This was more prominent for 
participants in Clusters 3, and 6 and the remaining participants in Clusters 2. Nevertheless, most 
participants perceived the robot as neither intelligent nor trustworthy, despite preferring it. 
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Expectations of appearance. 

I prefer how Nao looks (chose NAO) 
He has a cute face and I could understand him easier. He seemed happier than NAO. (chose Buddy) 

Looks more human. (chose NAO) 
NAO is very cute and clever. (chose NAO) 

Morphology is more similar to a human. (chose NAO) 
Probably because it’s more a “human” shape (chose NAO) 

I chose Nao as he is cute, yet looks more like I imagine a robot should look, although it was a difficult choice to make as 
Buddy looks good too. (chose NAO) 

Buddy is rather “creeps” – I think it’s the eyes. (chose NAO) 
He's a friendly little fellow! Sadly I disliked NAO the first time I met him, so I'm guilty of bias. (chose Buddy) 

_________________________________________________________________________________________________ 

3. Affective factors: A particularly notable finding was that participants in Clusters 4 and 5 preferred the 
robot with lower constructed intelligence, viewing its tendency to make and admit mistakes as more 
natural and humanlike, which sometimes led to a personal affinity with the robot. They also chose the 
robot in the non-smart condition. Some (3 participants) perceived this attribute as a mark of intelligence 
(indicated by the reported intelligence variable), and to all 5 participants, it invoked trust in the robot 
(reported trust). This trust was emotional, i.e., based on affect [63]. 

To err is more human (!) 

Nao seems to be patronising. (chose Buddy) 
Because he gets it wrong sometimes. (chose Buddy) 

Buddy was more human-like admitting mistakes. (chose Buddy) 
I think Buddy was more fun and took defeat well. (chose Buddy) 

I chose NAO because (individually) I felt protective towards him. (chose NAO) 
_________________________________________________________________________________________________ 

The crosstabulation results do not show a clear systematic bias favouring either robot. They also suggest 
that trust can be either cognitive (i.e., based on perceived competence) or affective (i.e., based on emotional 
connection). 

Lastly, to test for morphology bias, we ran a contingency table based on the robot agent instead of the 
condition to quantify how many times each robot was chosen to continue the interaction, and whether it was 
designed with higher intelligence. 

 Manipulated 

intelligence 

Perceived intelligence 

Robot Chosen smart non-smart more intelligent = TRUE more intelligent= FALSE 

Buddy 7 5 7 5 

NAO 6 5 5 6 

Total 13 10 12 12 
 
The chi-square test (χ² = 0.00, p-value = 1.0) confirmed that the observed frequencies matched exactly the 

expected frequencies (Buddy [6.7826, 5.2174], NAO [6.2147, 4.7826]), with the p-value of 1.0 verifying the null 
hypothesis of no association between the robot choice and it being in the smart condition. Similarly, there was 
no association between the robot choice and it being reported as the more intelligent robot (χ² = 0.0399, p-value 
= 0.8416). Therefore, the robot preference was not confounded by the morphology, with both robots equally 
likely to be perceived and reported as intelligent. 

4.2 Impact of Interaction on Mood 
Throughout the study, participants' emotional states were monitored across three phases to explore any trends 
in emotional changes related to the tasks. Before the interaction, participants reported low levels of negative 
emotions like anger, sadness, loneliness, panic and fear, with mean scores around 1.0 to 1.2, indicating these 
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feelings were not prominent. In contrast, positive emotions such as happiness (mean score of 4.17), relaxation 
(3.96), calmness (3.65), and enjoyment (4.30) were higher, suggesting a generally positive initial emotional state. 
Low levels of anxiety (2.57) and nervousness (2.13) were also noted. 

After completing both tasks, there was a significant increase in positive emotions, such as happiness, 
enjoyment, relaxation and calmness (all means over 5), indicating improved tranquillity and well-being. 
Negative emotions like anger and sadness remained at their lowest rating. Notably, anxiety and nervousness 
decreased to mean scores of 1.43 and 1.30, respectively, showing reduced distress. Participants also showed 
enhancements in confidence after the interaction. Negative experiences about the interaction, like 
disappointment, discomfort and confusion, decreased, indicating a meaningful improvement in the interaction 
experience across both the cognitive game and mental well-being tasks. These changes were all statistically 
significant. Furthermore, only 6 participants did not report feeling relaxed following the mindfulness 
meditation, suggesting that the majority experienced a positive impact on their mental and emotional well-
being from the intervention. 

While a direct causal analysis between intelligence and mood was not conducted, the observed 
improvements in participants’ mood appear to be task-related and occur for both robots. This complementary 
context suggests that repeated or meaningful engagements with robots positively impact older adults. It may 
indicate that older adults look beyond robotic fallibility and respond to more human-like qualities, such as 
making and admitting mistakes. In turn, successful error recovery, e.g., performing a subsequent task well, may 
serve as a mitigating factor. However, these interpretations remain exploratory and warrant further 
investigation through dedicated analyses. 

5 DISCUSSION 

This study aimed to investigate how older adults perceive robots that differ in their levels of intelligence, 
focusing specifically on how perceived robot intelligence affects trust, attitudes, and the intention to use these 
robots in various contexts. Unlike most human-robot interaction (HRI) studies focusing on dyadic interactions, 
this research uses a human multi-robot approach, where participants simultaneously engage with two social 
robots of differing intelligence. To our knowledge, it is the first study to mimic natural group interactions 
between multiple robots and older adults. This approach may offer a more realistic understanding of how older 
adults perceive and act around robots in scenarios that mirror real-world social dynamics, such as social 
companionship or healthcare. The within-subject design of the study also allows participants to compare 
directly the differently intelligent robots within the same interaction, serving as their own control. This design 
reduces variability between participants and potentially increases the sensitivity of the results, allowing for 
more precise measurements of how different robot attributes (such as intelligence) affect user perceptions. 

Our analysis showed that, indeed, the perceived intelligence of the robots had a significant effect on 
participants’ evaluations of robot attributes, their trust and their intention to use robots in their lives, meeting 
most of our expectations as designers. 

While trust and intelligence appeared to be positively related, their relationship remains complex. On one 
hand, trust seemed to be mediated by higher perceived intelligence. Our mixed-method analysis combining 
quantitative ratings and qualitative evaluation provides some converging evidence that participants’ 
perceptions of robot intelligence primarily reflected cognitive capability rather than ease of use or likeability. 
For example, participants’ perceptions of robots’ attributes did not significantly differ across both robots, 
indicating no bias based on appearance or voice. Over time and tasks, the ratings for the robot with higher 
constructed intelligence improved significantly compared to that with lower constructed intelligence, 
suggesting that observed cognitive behaviours influenced participants’ evolving perceptions. Similarly, trust 
was a significant predictor of the fit-for-use ratings, with a stronger positive relationship for the robot with 
higher constructed intelligence, indicating that perceived cognitive intelligence amplified trust and perceived 
suitability. The participants’ qualitative evaluations revealed that the majority explicitly cited cognitive 
competence, problem-solving ability, or task-related effectiveness as key factors driving their preference for 
the robot with higher intelligence. Post-hoc analyses confirmed that differences in robot morphology or sensory 
features did not dominate or confound perceptions of intelligence. Nevertheless, trust remained strongly 
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dependent on older adults' pre-existing attitudes and beliefs about robots. In other words, their trust will depend 
heavily on their initial perspectives, though interactions with robots can still impact it. This suggests that a 
single interaction may be insufficient to significantly alter their views and that ongoing exposure to robots may 
be necessary for older adults to shift their perceptions over time [64]. 

Our analysis of older adults' intention to use robots seems to support this idea, as we noticed that interacting 
with the robots impacted how participants viewed the robot in other related areas. Specifically, their intention 
to use robots after interacting with them amplified across multiple related areas beyond the tested contexts of 
entertainment, cognitive support, and mental well-being, stretching to sensitive tasks. The correlations between 
certain contexts in which older adults would generally be willing to use robots even before interacting with 
them became significantly stronger after the interaction. For example, cognitive training and mental well-being 
were increasingly associated with medicine use (+0.22 and +0.12, respectively), with their post-interaction 
correlations exceeding 0.80. This pattern may be devoted to anchoring bias [62]. The findings suggest that 
meaningful and continuous interactions with robots have the potential to shift older adults’ willingness to 
incorporate robotic assistance into various and increasingly sensitive aspects of their daily lives. In terms of 
trust, the data suggested that higher trust is necessary for more sensitive contexts, but this trust can be built 
and reinforced through related, positive interactions with the robots over time. 

Corroborating quantitative findings with qualitative insights indicated further complex and multifaced 
factors affecting trust. For example, quantitative clusters 0 and 2 showed that older adults with a general 
predisposition to trust robots tend to maintain high trust levels (Cluster 0), while those with low initial trust 
remain sceptical (Cluster 2), confirming how pre-perceptions are difficult to alter. This is to be expected given 
that human-related factors are found to influence how people interact with others [65]. When analysing their 
self-reported responses, it is notable that participants in Cluster 0, who began with high trust and further 
increased it, also predominantly belonged to the groups that favoured the robot’s utilitarian attributes, such as 
reliability, stability and knowledge. However, 2 participants were the exception: instead, they started with 
general low trust, which did not improve much, despite perceiving the robot with higher constructed 
intelligence as the one more intelligent and also reported trusting it. This suggests that while some older adults 
may prefer or expect a competent robot, their ingrained human-related factors, like pre-existing beliefs, play a 
significant role in their attitudes toward robots: for some, accepting robots may come naturally, whereas others 
remain more resistant no matter their design [64, 65]. 

On another (thwarted) hand, participants had their own agendas for favouring or trusting the robot they 
chose. Despite the quantitative analysis showing a consistent effect of the robot intelligence and no measurable 
bias due to the robots’ physical appearance, the participants’ choice of robot was still majorly driven by sensory 
experience and aesthetic appeal, such as expectations of human-like qualities or personal, often conflicting, 
inclination towards the robots' physical features. Half of this category of participants preferred the competent 
robot, not because they perceived it as more intelligent (many did not), but due to its appearance. Interestingly, 
participants drawn to the robot’s hedonic features aligned with those in quantitative Cluster 2, characterised 
by low pre- and post-interaction trust— all Cluster 2 participants reported choosing the robot for its hedonic 
attributes. We speculate that when trust was not established and predispositions to distrust robots were held, 
older adults prioritised the robot’s appearance to make their choice. 

The study also identified a category of participants who fell somewhere in the middle - those who initially 
held moderate levels of trust but were able to increase their trust after interacting with the robot (quantitative 
Cluster 1). This is by far the most striking insight drawn from the study. All of these participants chose to 
interact with the robot with lower constructed intelligence, and the majority also acknowledged that its 
designed intelligence was inferior to the other robot. However, their trust strengthened after the interaction, 
and most explicitly reported trusting the robot. These participants predominantly preferred the less intelligent 
robot for its affective attributes. In particular, they appeared to value human-like traits like making and 
admitting mistakes. The fallibility of the robot enhanced its trustworthiness for these participants, who 
developed a personal connection with it. The results align with previous research on human-robot interaction 
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that underscores the importance of emotional intelligence and social presence in building and maintaining trust 
[22]. 

Overall, the intervention had a clear positive impact on participants' emotions and mood, increasing feelings 
of calmness and enjoyment. Most participants reported feeling relaxed after the mindfulness meditation, 
regardless of whether they viewed the robot as intelligent. Since both robots performed this task equally well, 
this may suggest that longer exposure to robots could help older adults move past initial perceptions and 
become more accepting of them over time, if robots can recover from fallibility. However, it is not surprising 
that when given a choice, participants gravitated toward the robot they preferred, as they tend to have diverse 
expectations and value different aspects of the robot, which was evident in their qualitative responses. Thus, 
this could well explain why they received the intervention positively. 

In summary, the intelligence of the more competent robot, or lack thereof, was acknowledged by more than 
half of the participants (14). Quantitative insights revealed that intelligence impacted trust, fit-for-use and 
intention to use robots. However, only 7 out of 12 participants who interacted with the robot with higher 
intelligence chose to continue interacting with it in subsequent tasks because of this factor (utilitarian attributes: 
knowledgeable, reliable, stable). The remaining 16 participants fell into either of the two categories (i) those 
whom the robot appealed to due to its looks (hedonic attributes: likeability, appearance – 11 participants), none 
of whom considered their chosen robot intelligent, despite 5 interacting with the more competent robot, and 
(ii) those who favoured the fallible robot for this perceived human-like quality (affective attributes: e.g., fallibility 
– 5 participants), with 3 considering this as a sign of intelligence. For most participants, the intervention had a 
clear positive impact. These results collectively highlight the complexity of older adults’ interactions with 
robots and the challenge of navigating the balance between the different factors affecting their acceptance and 
ongoing engagement with such robots. 

Although our sample size was moderate, the within-subject design strengthens the validity of the study’s 
insights. Each of our 23 older adult participants interacted with two robots and rated both after the same 
interaction, generating two sets of data per participant and resulting in a total of 46 data points. This approach 
is particularly valuable given the challenges of enrolling older adults or other vulnerable groups for such 
studies. Our findings could serve as a foundation for future research with larger populations, to gather more 
robust data and draw conclusive evidence that generalises to the wider older adult demographic. Moreover, 
although our results revealed evident differences, a single interaction may not be sufficient to fully capture 
shifts in participants' attitudes and trust over time, as indicated, for instance, by the lack of time effects. Thus, 
longer or repeated exposure of older adults to robots might be necessary for these differences to emerge over 
time, particularly in more sensitive contexts. For example, longitudinal studies that track changes in attitudes 
and trust over extended periods would provide valuable data on the sustainability of the positive impacts 
observed in short-term interventions [66]. This may also help mitigate any risks of rejection at first sight or the 
novelty of the interaction wearing off [65]. Lastly, it is important to replicate natural and spontaneous 
interactions between robots and older adults away from controlled lab environments, for example, in 
participants' own homes or healthcare settings, which could lead to results that better reflect real-world human-
robot interactions. 
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