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Abstract

Like humans, today’s systems, such as robots and voice assistants,
can express curiosity to learn and engage with their surroundings.
While curiosity is a well-established human trait that enhances
social connections and drives learning, no existing scales assess the
perceived curiosity of systems. Thus, we introduce the Perceived
System Curiosity (PSC) scale to determine how users perceive cu-
rious systems. We followed a standardized process of developing
and validating scales, resulting in a validated 12-item scale with
3 individual sub-scales measuring explorative, investigative, and
social dimensions of system curiosity. In total, we generated 831
items based on literature and recruited 414 participants for item
selection and 320 additional participants for scale validation. Our
results show that the PSC scale has inter-item reliability and conver-
gent and construct validity. Thus, this scale provides an instrument
to explore how perceived curiosity influences interactions with
technical systems systematically.
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» Human-centered computing — HCI design and evaluation
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1 Introduction

With the recent advances in human-robot interaction (HRI) and
artificial intelligence (AI) [21, 101, 119], it is inevitable that robots
and other non-embodied systems will become even stronger daily
companions in our lives than before, for which it is crucial to enable
better interaction design with these systems [94]. Previous research
shows that human-like characteristics or higher levels of anthro-
pomorphism increase trust [43, 77]. Curiosity is a human-like trait
that makes us want to learn more about others or the environment,
allows us to better connect with others, especially through social cu-
riosity [126], and allows for more natural interaction. Additionally,
curiosity makes us learn more about our surroundings and inher-
ently gives us the capability to learn and grow [65, 75, 102]. Over
time, systems will learn more and may even inquire about knowl-
edge gaps to be better companions, e.g., Doering et al. [34], Wu
et al. [160]. Thus, we envision that curiosity will offer active learn-
ing systems the possibility to engage the user. However, we have
no standardized tool to measure how users perceive the curiosity
systems express toward the users.

Curiosity has been used in technical domains as a driver for ex-
ploration, e.g., in Reinforcement Learning [24]. Walker et al. [152]
studied the effects of this non-goal-focused exploration and found
that, indeed, users perceived such behavior as curious [34]. On the
other hand, Ceha et al. [29] studied explicit verbal expressions from
a social robot and found that participants could identify this trait. Fi-
nally, Doering et al. [34] developed a system to limit curiosity-based
exploration to always fulfill its task but still found the curiosity ben-
eficial. While we see a number of HRI systems employing curiosity,
how they measure curiosity is not standardized and, as such, not
comparable. They mainly used self-created questions or rephrased
questionnaires measuring humans’ own curiosity. While there is a
large corpus of scales measuring humans’ own curiosity [32, 71, 91],
there are currently no scales to measure the perceived curiosity
of systems. As a result, there is currently no way to study which
system behaviors affect this perceived curiosity systematically and
reliably.

In this work, we created a scale measuring perceived system
curiosity following the approach to develop validated scales by
Boateng et al. [16], see Figure 1. First, we followed a four-step ap-
proach to identify potential items on our scale: a) an open literature
review, b) a systematic literature review on curiosity questionnaires,
c) a systematic literature review on curious robotic systems, and d)
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Domain Item Item
Identifcation = Generation Validation

Domain Review Related Work (180 items)
Human Curiosity Scales (504 items)

Item Item
Testing

Expert Online Study (N=9) Online Study with 2 x 8

Expert Workshop (N=5)  Scenarios (N=400)

Scale
Evaluation

Test of Dimensionality
Test-Retest Reliability
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EFA on test data.

Robot Curiosity Questions (57 items) 3 Factors Construct Validity
Conceptual Model (90 items)
189 items » 62 items > test data P 14 items 3 factors P> :;zf;;é‘:g; PSC

Figure 1: PSC creation based on scale development process by Boateng et al. [16].

generating items from prior conceptual models. This step returned
831 portal items, which we coded and merged based on their mean-
ing, resulting in 189 items. Next, we asked experts (N=9) to rate the
relevance of these items and discussed them with five additional
experts in a workshop. This process resulted in 62 remaining items.
We then performed an exploratory factor analysis with 400 partici-
pants and 16 scenarios ensuing generalizable items, which resulted
in 12 remaining items. Afterward, we performed a confirmatory
factor analysis with 320 participants. Finally, we validated the scale
on internal consistency, reliability, and construct validity. This led
to our 12-item, 3-factor scale named Perceived System Curiosity
(PSC) scale, see Table 10.

We found that our three factors measuring perceived explorative
curiosity, perceived investigated curiosity, and perceived social
curiosity effectively measure the construct of perceived system
curiosity with high consistency and reliability. We envision that
this scale propels research on curious systems, leading to a more
effective and natural way for systems to learn from users while still
ensuring a nice interaction between the system and the user.

2 Related Work

In the following, we evaluate prior work on human curiosity and
curiosity in systems.

2.1 Assessing Curiosity in Humans

Curiosity is often times compared but also distinguished from sit-
uational interest [35, 141, 142]. Berlyne [11] gives one of the first
models to define curiosity, stating that curiosity is the balance
between the two uncomfortable states of under-stimulation and
over-stimulation, and proposed diversive curiosity being the search
for anything that gives arousal and specific curiosity for when a
stimulated person tries to gain understanding about something in
order to reduce arousal. Loewenstein [92] later explains curiosity
through the information gap theory, stating that people become
curious when they realize that they lack desired knowledge. Human
curiosity can also be classified into four categories. (1) Epistemic cu-
riosity is the desire for knowledge [10, 87], (2) perceptual curiosity is
the interest in novel perceptual stimuli [10, 32], (3) sensory curiosity
is the search for novel and unusual sensory experiences [88], and (4)
social curiosity is the interest in people [126]. Litman [84] describes
two different types of curiosity as either the “need to know” or
having fun while learning. However, these theories do not explain
how humans express curiosity, but only how they become curious.
Shin and Kim [141] propose that while curiosity and interest are
connected, interest is related to more pleasurable learning, while
curiosity is more of an innate drive. Kashdan et al. [71] propose

the five-dimensional curiosity model based on previous models of
curiosity with the five dimensions: deprivation sensitivity, joyous
exploration, social curiosity, stress tolerance, and thrill-seeking and
also developed a questionnaire measuring curiosity on these five
dimensions.

Based on these theories, also many scales and questionnaires
have been created to measure these different dimensions of cu-
riosity [32, 66, 91, 126]. It has been shown that being curious posi-
tively benefits many areas, as curious people are perceived more
positively [68], have advantages in social relationships and well-
being [69, 114], are more accurate in judging personal traits of
others [52], and are happier, open-minded, and empathic [157].
However, while there are many theories and models of what cu-
riosity is and how to assess curiosity for oneself, to our knowledge,
there is not a single scale measuring how curious we perceive
others. As curiosity is described as something very innate, often
coming from intrinsic motivation, these internal thoughts are also
difficult to observe and, thus, also predict how curious another per-
son currently is. However, there are also many expressions directly
linked to curiosity, such as asking questions [93, 163], expressing
explanation-seeking cues [82], non-verbal expressions, and verbal
acknowledgments [51]. Perceptual curiosity has also been shown to
activate measurable brain regions [58]. We also know that animals
express curiosity by exploring novel objects [26, 48], spontaneous
movement [81], or investigate behavior [44]. However, to our best
knowledge, there are no validated questionnaires measuring the
perceived curiosity of another human or entity.

2.2 Curious Systems

Prior work has given technical systems various humanlike traits [18],
such as empathy [42, 112, 138], emotions [1, 19], creativity [47, 120],
or humor [106]. Increasing the level of anthropomorphism has been
shown to increase trust [43], acceptance [13], and general percep-
tion [39]. Curiosity could furthermore enhance transparency, as
through the curious actions taken by the system, the user becomes
informed on the system’s goal [38].

Curiosity in this field can be distinguished between functional
curiosity and observable curiosity. Functional curiosity has mainly
been used to improve learning capabilities of systems [23, 107, 137]
and enables open-ended learning. This allows systems to learn by
observing and acquiring knowledge, similar to how children learn.
This approach leads to rapid, lasting knowledge acquisition [102].
The motivation of curiosity as an intrinsic motivation to explore the
unknown and fill knowledge gaps here is often used as a loss func-
tion, which motivates the system to take unknown actions to learn
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new things. On the other hand, in collaborative human-agent set-
tings, it is crucial that the system expresses its curious behavior for
the user to notice it. This can be described by the term observable cu-
riosity. While functional curiosity involves actual learning [14, 104],
observable curiosity describes how systems communicate their de-
sire to learn. This is either implicitly by making visible actions to
explore or explicitly by making internal processes observable and
understandable to users [76], although the system might not need
to perform an observable action to gather the information, which
has been shown to improve user understanding [76, 149]. Active
information gathering also improves the estimation of the human
state over passive information gathering [133].

We envision systems becoming even more integrated into our
lives, especially with advances in robotics. These systems will not
only provide information but also offer physical support. However,
in a world with limitless knowledge and skills, creating adaptive,
personalized systems poses a challenge, as it is impossible to pre-
program them with everything, making it indispensable for the
system to still learn when deployed [36]. Here, we see two chal-
lenges; the development of systems that are capable of learning
and ensuring that their curiosity rather enhances than disrupts
interaction with humans. To build better systems, we must first
identify behaviors perceived as curious and evaluate which ones
are well-received.

However, it is still unclear how users perceive such curious be-
havior and how it can be optimally integrated. Although some
effects of curious system behaviors have been studied [29, 152], the
lack of a validated scale to measure user perceptions makes these
findings difficult to compare. Researchers have used rephrased hu-
man curiosity questionnaires [143], related surveys [152], or custom
metrics [34, 45], but consistent validation remains a challenge. Cur-
rently, it is not clear how a curious system affects user perception
in detail. The question of “how curious a system should be” could
previously not be solved, especially as there is a clear trade-off
between task-oriented and curious behavior. Thus, in this work, we
developed a scale measuring perceived curiosity.

3 Item Generation

Figure 1 shows the process we followed while developing the PSC
scale, following Boateng et al. [16]. For item generation, we re-
viewed four sources of prior work. Then, we coded the items by
similarity and removed duplicates. Finally, we conducted a study
to determine the importance of the questions in evaluating the
curiosity of systems.

3.1 Item Collection

First, we reviewed general related work to understand the field
(Step A) and inform the next steps; here, we mainly looked at the
curious HRI system and their motivations. With the insights from
the first step, we performed two systematic searches to find gen-
eral questionnaires to measure curiosity (Step B) and prior studies
measuring the curiosity of systems (Step C). Finally, we reviewed
conceptual models of curiosity (Step D).

Step A: From Related Work. We reviewed works using Google Scholar
to find commonly used terms in the curiosity literature. Here, we did
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not specify a focus on questionnaires; however, we still found ques-
tionnaires like Loewenstein [92]. Our learning from this step was to
split up the search into three parallel steps: curiosity questionnaires
(Step B), curious systems (Step C), and looking into conceptual
models (Step D).

Additionally, we used seven additional works to inspire the item
creation that are not used in the later steps [10, 53, 70, 75, 92, 96, 111,
164]. This includes two questionnaires. Here, Harty and Beall [53]
contributed 30 questions on science curiosity, and Pearson [111]
with 90 questions on novelty seeking. We also used the remaining
six papers for item generation (N=60), focusing on concepts like
motivational force, network building, and epistemic and perceptual
curiosity.

Step B: From WoS Questionnaire Search. We performed a system-
atic keyword search on the Web of Science to find questionnaires
concerning curiosity. Based on Step A, we formulated the following
search string:

TI=((measurx OR questionnaire OR scale) AND curiosity)
OR
AB=((measur* OR questionnaire OR scale) AND curiosity)

Thus, we limited the search to papers that clearly state that they
fit out the target already in the title or abstract. This search led
us to 2.849 papers. Next, we then went through all papers with
the following exclusion criteria: (1) Not English, (2) Not Curiosity,
(3) Not a Questionnaire, and (4) Missing Questionnaire. We found
that 165 articles were not written in Englisch (1), 2.389 articles
were not about curiosity (2), 264 articles about curiosity did not
focus on measuring it and, thus, did not provide a questionnaire
(3), and two questionnaires did not report their questionnaire (4),
see Supplemental Material for the full list. Therefore, we found 29
articles that presented a novel questionnaire, see Table 1.

In the next step, we extracted all questions from the papers. We
also extracted questions even if they were not in the final question-
naire to keep the diversity of our question pool high. With this step,
we added 504 items from 29 questionnaires to our item pool.

Step C: From WoS Robot Papers Search. We also look into systems
that can express curiosity. In detail, we investigated robotic systems
that express curiosity. For this, we run a second Web of Science
keyword search with the following search string:

(TI=("robotx" OR "cobot*") OR AB=("robotx" OR
"cobot*")) AND (TI=("curios*") OR AB=("curios*"))

This search resulted in 303 entries. We excluded six papers as
they are not written in English, 214 papers that do not investigate
curiosity, 76 papers that did not ask questions concerning curiosity
or used an existing questionnaire, and one that was retracted and
thus excluded. Therefore, we identified five papers that included 57
novel questions, adding to our questionnaire pool, see Table 1.

Step D: From Conceptual Models. Our final item generation search
targets finding conceptual models of curiosity. While they typi-
cally do not directly result in usable questions, they allow us to
understand the concepts and formulate targeted questions to ad-
dress the underlying concepts. With the insights from the prior
steps, we scoped the references and Google Scholar for concep-
tual models revolving around curiosity. In total, we identified 16



CHI ’25, April 26-May 01, 2025, Yokohama, Japan

Leusmann et al.

Table 1: The 29 questionnaires from our Web of Science keyword search on human curiosity and 5 questionnaires from our
Web of Science keyword search on robot curiosity all present questions to measure different aspects of curiosity.

Year Questionnaire Reference Items
Curiosity Questionnaires for Humans
1978  Academic Curiosity (AC) Scale Vidler and Hansen [150] 8
2003  Epistemic Curiosity (EC) Scale Litman and Spielberger [91] 7
2004  Curiosity As a Feeling of Deprivation (CFD) Scale Litman and Jimerson [89] 27
2004  Perceptual Curiosity (PC) Scale Collins et al. [32] 33
2004  Curiosity and Exploration Inventory (CEI) Kashdan et al. [67] 7
2005  Sensory Curiosity (SC) Scale Litman et al. [88] 14
2006  Social Curiosity Scale (SCS) Renner [126] 14
2008 Interest and Deprivation in Epistemic Curiosity Litman [86] 10
2009  Curiosity and Exploration Inventory-II (CEI-II) Kashdan et al. [65] 10
2010  Sport Fan Exploratory Curiosity Scale (SFECS) Park et al. [109] 18
2014  Sport Fan Specific Curiosity Scale (SFSCS) Park et al. [108] 19
2014  Interest/Deprivation-Young Children (I/D-YC) Scale Piotrowski et al. [115] 10
2015  Self-Curiosity Attitude-Interest (SCAI) Scale Aschieri and Durosini [4] 18
2016  Gender-Free Curiosity Inventory Byman [25] 17
2016  Science Curiosity in Learning Environments Scale Weible and Zimmerman [154] 30
2017  Science Curiosity Scale Kahan et al. [61] 12
2017  Elements of Nature Curiosity Scale (ENCS) Préchniak [121] 10
2018  Five-Dimensional Curiosity Scale (5DC) Kashdan et al. [71] 25
2018  Adolescent Smoking Curiosity Scale (ASCOS) Khalil et al. [73] 7
2019  Children’s Images of and Attitudes towards Curiosity (CIAC) Post and Walma van der Molen [118] 24
2020  Five-Dimensional Curiosity Scale Revised (5DCR) Kashdan et al. [64] 24
2020  Multidimensional Workplace Curiosity Scale Kashdan et al. [66] 16
2021  Curiosity Towards STEM Education Questionnaire Ahmad and Siew [2] 10
2021  Self-Curiosity Attitude-Interest Scale Aschieri et al. [5] 7
2021  Morbid Curiosity Scale Scrivner [139] 24
2022  Early Multidimensional Curiosity Scale Lee et al. [78] 30
2023  Medical Curiosity Scale Bugaj et al. [22] 10
2023  Curiosity of Climate Changes Scale (CCCS) Prochniak and Ossowski [122] 15
2024 Intellectual Curiosity Scale (ICS) Bluemke et al. [15] 6
Curiosity Questionnaires for Robots
2015  Social Robots and Science Curiosity Shiomi et al. [143] 8
2019  Curiosity Based Learning Systems and Interactive Behavior Doering et al. [34] 3
2019  Expression of Curiosity in Social Robots Ceha et al. [29] 14
2020 Human Perceptions of a Curious Robot Walker et al. [152] 12
2022  Impact of Task Order and Motive on Perceptions of a Robot Carter et al. [27] 20

works Aristotle [3], Berlyne [10, 11], Cicero and Tullius, Markus
[31], Freud [40], Harlow et al. [50], Hull [55], James [57], Kashdan
et al. [71], Litman [83], Litman and Silvia [90], Litman and Spiel-
berger [91], Loewenstein [92], McNary [99], Pavlov [110], Plutarch
[116]. Based on these prior conceptual models, we created 90 items
to reflect their perspective of curiosity in our context, e.g., PSCy
“The system is driven towards novel sensations.” from Berlyne [10],
or Q27 “The system is motivated to understand the world.” from
Freud [40].

3.2 Item Coding

The item collection resulted in 831 items; see Supplemental Material
for the full list. For coding, three authors made the following steps
in hour-long sessions by discussing all the steps until unanimous
consent was reached.

In the first step, we rephrased the perspective to one in which
the user can evaluate the system. For example, we reworded “I
see a challenge as a way to grow and learn” to “The system sees
a challenge as a way to grow and learn” We then removed all 62
literal duplicates. Moreover, we removed three items! as they asked
the user to evaluate their own interest in the system and not directly
how they perceive the system. This left us with 767 items for the
main coding.

During the coding, twelve core concepts emerged, which repre-
sent the questions; see Table 2. We iteratively discussed the con-
cepts and adjusted their concepts during the process. We then went
through these items in iterations to merge related items whenever
the overarching concepts of two questions are the same. In total,

Removed Items: “T enjoyed talking to the robot,” “If [ had the chance, I'd talk with the
robot again,” and “How interesting was your interaction with the robot?”
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Table 2: The twelve code concepts of our coding process and
the distribution of the 767 items across them. # I. = Number
of items, # S. = Number of selected items.

Code Description #1 #8S.
Curiosity Items asking directly about curiosity 18 2
Enjoyment Enjoying things 145 20
Exploration Exploring things and the environment 90 9
Expression Observable expressions from the robot 34 15
Interaction Verbal and physical interaction 59 13
Internal State Internal processes 89 24
Learning Learning new things and information 90 24
Problem Solving  Solving complex problems 63 14
Property Properties of the robot 27 26
Reasoning Reasoning processes from the robot 42 16
Reflective Reflections from the robot 44 10
Social Social interaction with at least 1 person 65 15

we merged 578 items into 189 final items representing all initial
concepts of the initial item set.

4 Item Validation

Following the process of Boateng et al. [16], we validated that the
items are indeed useful for evaluating systems. In our case, this is
especially important as items may originate from a questionnaire
designed for humans. Here, we followed a two-step approach. First,
we asked nine experts to rate each item to calculate the Content
Validity Index (CVI). Second, we conducted an expert panel with
five additional experts to refine the remaining relevant items.

4.1 Expert Ratings: Online Study

We conducted an online expert study to calculate the CVI. We asked
nine participants with expertise in HCI, HRI, or Psychology to rate
all 189 items on a 4-point scale regarding their appropriateness to
the topic.

Procedure. First, we informed participants that the study’s goal
is to develop a scale that measures if users perceive a system as
curious. Next, participants gave their informed consent, filled in a
demographic survey, and rated expertise in eight domains. We then
asked the participants to rate each of the 189 items on a 4-point
scale: “not relevant,” “somewhat relevant,” “quite relevant,” and
“very relevant,” following the guidelines by Polit and Beck [117] and
Yusoff [161]. We showed the participants each item individually in
randomized order. For every item, participants also had the option
to add comments via a free text field.

Participants. We recruited nine participants (2 female, 7 male)
with strong expertise in HCI, HRI, or Psychology via convenience
sampling. Participation was voluntary, and we made participants
aware that they could stop the survey at any point. The average
age of the participants was 32.89 years (SD = 5.18). Four partic-
ipants had a doctoral degree, and five had a master’s degree. We
asked participants to self-assess their expertise in eight domains,
c.f. Table 3: Human-Computer Interaction (M = 4.44,SD = 0.73),
Human-Robot Interaction (M = 3.33,SD = 1.58), Psychology
(M = 2.56,SD = 1.24), UX design (M = 3.78,SD = 0.97), Robotics
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(M = 2.44,SD = 1.59), system design (M = 3.56,SD = 1.01), human
behavior theories (M = 3.11, SD = 1.05), and questionnaire develop-
ment (M = 3.11,SD = 1.27). Furthermore, we asked participants to
self-assess their curiosity (M = 4.78,SD = 0.44). Participants took,
on average, 66.48 minutes (SD = 44.03) to complete the survey.

4.2 Expert Ratings: Results

Boateng et al. [16] suggest calculating the CVI per item to measure
proportional agreement, resulting in an I-CVI [161]. Our 189 items
had an S-CVI of 0.50 (SD = 0.33, min = 0.00, max = 1.00). We
argue that our low S-CVI is due to the fact that the majority of our
items are rephrased questions from human self-assessment curiosity
questionnaires. Polit and Beck [117] suggest using a minimum I-
CVI of 0.78 for six to ten experts. With nine participants, we are
close to the upper bound of the suggested amount of six to ten
experts [117]; thus, the diversity of opinions is also at the upper
bound. Consequently, we chose to include all items with an I-CVI >
0.6 and move the discussion about the relevance of these items to
the following expert workshop. This threshold resulted in 82 kept
items. We removed all items below that threshold. The remaining
set consisted of 15 items with an I-CVI of 1.0, 23 items with an
I-CVI of 0.88, 26 items with an I-CVI of 0.77, and 18 items with an
I-CVI of 0.66.

4.3 Expert Panel: Item Validation

We conducted an expert workshop with five participants to discuss
the validity of the remaining 82 items. During the workshop, par-
ticipants could reword, keep, remove, and add items. The goal of
this process was to ensure consistent wording and understandabil-
ity, remove ambiguous statements, and ensure that all remaining
questions are in the domain of perceived curiosity.

Procedure. Two authors invited five participants to an in-person
group discussion. This resulted in a total of seven researchers openly
discussing the items. Participants first received a short introduction
to the study, signed an informed consent form, filled in a demo-
graphic survey, and rated their own expertise in eight domains. We
then handed out the 82 questions on printed paper. We divided the
group discussion into two parts. First, we asked all participants
to go through each item individually to get an overview and note
down their thoughts on all items. Secondly, we started the open
discussion round. Here, the two study conductors would guide the
participants through each item one by one. We ensured that for
every item, all participants could state their thoughts first and then
vote on suggestions and comments in the group. In cases, where
opinions about an item were indecisive, we would start a discus-
sion about this item, and either reword the item in a way that all
participants were satisfied with the outcome, remove the item in
case we could not reach an agreement, or add a new item in cases
were the group found that one item contributed to multiple parts of
the construct. We also included comments on the individual items
we received in the online study.

Participants. We recruited five new participants (1 female, 4 male)
with strong expertise in HCI, HRI, or Psychology via convenience
sampling. Participation was voluntary, and we made them aware
that they could stop the survey at any point. Participants were 33.20
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Table 3: Overview on demographics, background, and expertise of the nine participants who rated the relevance of 189 items in
the expert panel for item validation. Includes the highest degree, self-assessed expertise in psychology (Psy.), Human-Robot
Interaction (HRI), Human-Computer Interaction (HCI), their primary research domain, their self-assessed expertise in UX,
robotics (rob.), system design (Sys.), behavioral theories (Beh.), questionnaire development (Dev.), their age, and gender.

Degree Psy. HRI HCI Domain UX Rob. Sys. Beh. Dev. Age  Gender
Master’s EEEOO EEEEE HCI EEEED [ ] [ulu] [ T 1] [l EEEOO EEEEE 27 M
Doctoral [ [ [ Jmm] EEEEE (Meta) HCI, Al mmmmO [ [m]m[u]u] EEEEE EEEED [ 1] [u] 33 M
Doctoral EEEOO EEEEE Gen. Al XR EEEED EEEEO [ T 1] [l EEEOO [ 1 ] [ulu] 33 M
Master’s | [m]m[mm] EEEEO HCI [ [ [ Jm[m] [ [m]m[u]u] [ T [ulu] | [m]m[mm] [ [m[m[u]u] 29 M
Master’s | [mm[mm] EEEEO HCI [ [ [m[mlwm] mOoooo EEEOO [ [ [m[mm] [ | [m[ulu] 31 M
Doctoral EEEED EEEEE HCI EEEEE [ [m]m[u]u] [ T [ulu] EEEED [ 1] [u] 36 F
Doctoral EEEED EEEOO HRI EEEOO EEEEO EEEOO EEEED EEOO0 44 F
Master’s | |m[m]m]m] [ 1 1] |m] HCI EEEED ] |m[m[m] | ] |m[m[s] [ [ | [m[m] (] ] |m[m] 28 M
Master’s EEEOO EEEEE HRI EEEEE EEEEE EEEEE EEEEO EEEEO 35 M

Table 4: Overview on demographics, background, and expertise of the five participants who participated in the expert panel
for item validation. Includes the highest degree, self-assessed expertise in psychology (Psy.), Human-Robot Interaction (HRI),
Human-Computer Interaction (HCI), their primary research domain, their self-assessed expertise in UX, robotics (rob.), system
design (Sys.), behavioral theories (Beh.), questionnaire development (Dev.), their age, and gender.

Degree Psy. HRI HCI Domain UX Rob. Sys. Beh. Dev. Age Gender
Master’s EROO0 [ | [u]u]a] [ 111 [a] HCI, Privacy [ 1 1] [m| [ ] |m[m[m] [ 111 [m] [ 1 1] [m] [ [m[m[m]m] 28 F
Master’s EROO0 [ [ [u]u]a] EEEEE Tech [ 11 [m] | [ [u]ula] [ 11 [a] EEEED [ [ [u]u]a] 32 M
Doctoral [ ] [m[u[u] [ ] ] [m[m] [ 11 11] HCI, XR, Al [ 1 | [m]m] [ ] |m[m[m] [ 111 [m] [ 1 | [m]m] [ ] |m[m[m] 37 M
Doctoral [ 1 | [m[m] [ T[] EEEEE HCILAI [ [T []] [ | [m[m]m] EEEEE [ [ | [m[m] [ ] [ [m]m] 33 M
Master’s [ ] [m[m[u] EEEEE [ 11 11] HRI [ 1 1] [ml [ 111 |u] [ 111 [m] [ 1 | [m]m] (1 1] |m] 36 M

year old on average (SD = 3.56). Two participants had a doctoral
degree, and three had a master’s degree. We asked them to self-
assess their expertise in eight domains, see Table 4. Furthermore,
we asked participants to self-assess their curiosity (M = 4.00,SD =
1.73). The duration of the workshop was ~ 2 hours.

4.4 Expert Panel: Results

Reducing the items during the focus group resulted in 64 items. In
the expert workshop, we kept 20 items, reworded 36 items, merged
12 items, removed 14 items, and added seven items.

We reworded 36 items where the experts agreed that the cur-
rent version of the question was either too general, too narrow,
had too difficult or technical language, could only be applied by
physical systems, and streamlined language across all questions.
Furthermore, we rephrased “people” to “others” when applicable,
as systems might interact both with humans and other systems. For
example, we rephrased item U276 “The system is open to trying
new solutions when it is not able to solve a difficult problem.” to
“The system is open to trying new solutions.” and item Qp1; “The
system actively seeks as much information as it can in new situa-
tions.” to “The system actively seeks as much information as it can””
to make the questions applicable to more scenarios. We rephrased
some items to make them easier to understand. For example, we
changed item PSCy, “The system prefers tasks that are excitingly
unpredictable” to “The system is excited by unpredictable tasks”
and item PSCy, “The system is driven toward seeking out novel
stimuli” to “The system is driven towards novel sensations.”. We

rephrased items that involved actual physical interaction so they
could be applied to any system, e.g., item Qg39: “The system often
points, gestures, or talks about things that are new to it to “The
system often indicates that something is new to it”

All experts agreed to merge 12 items were another question
was asking about the same concept. For example, we merged item
Qo72 “When the system encounters a new person, it is interested in
learning more about them” into a rephrased item Qg6 “The system
is interested in learning more about new people.” or item Q113 “The
system has a strong drive to learn new things” into item Qo41: “The
system likes learning new things.”.

We removed items when the concept was not observable, e.g..item
Qo63 “The system tries to figure out what might have caused it when
something unexpected happens”, Qs “The system finds it interest-
ing to think about contradicting ideas”, or Q122 “The system has a
strong drive to learn new things when there are positive rewards.”.

Lastly, we added seven items based on discussions on other items
and emerging concepts. For example, we added item Q050 “The
system is nosy.” based on discussions that a system could also be too
curious when talking about item Q46 “The system is investigative”
or item PSCy; “The system likes listening to others’ conversations.”.
Furthermore, we added item Qg47, “The system invests substantial
effort to collect new knowledge.” based on item PSCq, “The sys-
tem invests substantial time to collect new knowledge” where we
discussed that effort is clearly observable, while time might only
sometimes be observable. All questions and changes can be found
in the Supplemental Material.
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Table 5: The Scenarios used for the item testing and item validation.
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Context No. System Audio Ref.
1 Curious: Voice assistant asks about user preferences to help with personalized setup and makes  02:23
Smart TV suggestim?s based on user behavi(?r. . . [41, 74, 162]
2 Non-Curious: Voice assistant guides the user through setup and provides general recommendations ~ 01:20
upon request.
3 Curious: The Cleaning robot asks about user preferences and explores home details itself, suggests ~ 02:02
. decor ideas, and adapts to the user’s schedule.
Cleaning Robot R P ) . R [63, 156]
4  Non-Curious: Cleaning robot with default setup, maps users’ home on request and follows a set ~ 01:14
cleaning routine based on user input.
5  Curious: Humanoid robot assists with chair assembly by mimicking users’ actions, asking questions ~ 02:19
to understand and improve, and learning and exploring.
Assembly Robot R o . . . . . . . 95, 103
Y 6  Non-Curious: Humanoid robot assists with chair assembly by following direct user instructions and ~ 01:10 [ ]
completing tasks users requests.
7 Curious: Social robot assists with personalized meal suggestions, adapts tasks based on user preferences, ~ 02:24
. and searches for additional organizational tips.
Social Robot . . & P . . [72,113]
8  Non-Curious: A social robot completes tasks based on standard routines and follows specific instruc- ~ 01:11
tions without further inquiry or adaptation.
9  Curious: Smart home system engages in personalized conversations, learns user preferences, and  02:32
Smart Home provides p'roactive and tailored suggestions for comfort. . [80, 105]
10  Non-Curious: Smart home system responds to user commands, adjusts temperature and alarms as ~ 01:21
instructed, and provides assistance when prompted.
11 Curious: Al design tool actively engages in dialogue, asks for user preferences and reasoning behind ~ 02:43
. choices, and explores creative options with the user.
Design App . . . . . [56, 153]
12 Non-Curious: Al design tool responds to your commands, provides options for furniture and decor, ~ 01:23
and guides the user through the design process.
13 Curious: Wellbeing app engages through questions about users stressors and coping habits, showing ~ 02:49
Well-being App interest in. preferences‘ and offers personali%ed feedback. - . . [151]
14  Non-Curious: Wellbeing app has a preset diary format. Users fill in sections about stressors and coping ~ 00:51
habits prompted with predefined topics.
15  Curious: Robot ticket machine asks about travel purposes, offers route options and suggests personal-  02:07
Ticket Machine ized recommendations based on conversation. [140, 148]
16  Non-Curious: Standard ticket machine provides options for destination, train type, and payment. 00:51

5 Item Testing

The next step in our scale development process, suggested by
Boateng et al. [16], is to test the validated item set and collect
data for the item reduction in a sample size of at least 200 to 300
participants. For this, we conducted an online survey with 16 audio
scenarios, c.f., Table 5. We recruited 400 participants via Prolific,
who each rated one scenario with our item set. For each scenario
domain, we created one version in which the system acts curious
and another with a non-curious system.

5.1 Procedure

After a short introduction, we asked the participants for their in-
formed consent. After giving their consent, participants had to
answer demographic questions. Next, we assigned each participant
one scenario, balancing the number of responses we got per sce-
nario. Participants could listen to the described scenario as many
times as they wanted. We ensured that they listened to it at least
once by hiding the continue button until the scenario had been
played once fully. We then asked participants to summarize the
scenario shortly to ensure they correctly understood it. We then

asked participants to rate their perceived curiosity about the system
using our 64 items. We displayed the questions in randomized order.
Each question could be answered by a 101-point slider without ticks
ranging from strongly disagree on the left to strongly agree on the
right, which has been shown to lead to more precise results and
allows for more statistical tests [97, 124]. Lastly, participants had
to fill out the Affinity for Technology (ATI) [145] questionnaire.

5.2 Scenario Design

We systematically designed 2 X 8 scenarios, i.e., non-curious vs. cu-
rious systems, each in 8 scenarios. We took inspiration from related
work on what kind of systems to use. We created scenarios with
systems ranging from smart homes with no physical interaction ca-
pabilities to humanoid robots based on related work, c.f. Table 5. We
modulated the scenarios based on the following factors: interaction
(agent-interaction, human-agent-interaction, human-human-agent
interaction), immersion (dialogue, vignette), and embodiment.

We designed the curious systems based on related work on
human curiosity (i.e., epistemic curiosity [87], perceptual curios-
ity [32], and social curiosity [126]) and five factors to design curious
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Figure 2: The mean ratings from our 400 participants across all 62 items.

systems: (1) Elements That Make Robots Appear Curious, (2) Ensur-
ing Learning Progress, (3) Acceptance of Feedback, (4) Generating
New Ideas, and (5) Exploration. We ensured that all our curious
systems employed all of these behaviors. Furthermore, we ensured
a clear difference between curious and non-curious systems and
also varied how these systems expressed their curiosity, while the
result of each scenario had to be the same for both the curious and
non-curious scenarios.

5.3 Participants

We recruited all participants via Prolific and reimbursed them with
£9 per hour. We rejected 48 participants for failed attention or
comprehension checks. This resulted in a final valid set of 400
participants (182 female and 218 male). Participants took 14.53 min
(SD = 6.91) on average to complete the survey. All participants
spoke fluent English. Participation was voluntary, and we made
participants aware that they could stop the survey at any point. On
average, they were 31.8 years old (SD = 3.4). Nine participants had
a doctoral degree, 85 had a master’s degree, 184 had a bachelor’s
degree, 18 had vocational education, 97 had high school graduation,
and 6 had another form of education. Participants were born in
76 different countries and lived in 42 different countries on six
continents (261 in Europe, 52 in North America, 33 in Africa, 22
in South America, 21 in Asia, and 11 in Oceania). Their affinity
for technology score using the ATI questionnaire [145] was 4.3
(SD = 0.8).

5.4 Results

The results for the 62 items are depicted in Figure 2. The mean
score for the curious scenarios was 65.1 (SD = 28.4), and for the
non-curious scenarios, the score was 42.9 on average (SD = 30.1). We
conducted a MANOVA using IsCurious and SCENARIO as indepen-
dent variables. We found significant main effects of both IsCurious
(F(62,323) = 6.514, p < .001, Pillai’s trace = 0.556) and SCENARIO
(F(868,4704) = 1.936, p < .001, Pillai’s trace = 3.685). This indi-
cates that our scenarios were different for the overall perceived
curiosity on the 62 items, and also, the scenarios produced a high
diversity, ensuring the generalizability of the results.

6 Item Reduction: Exploratory Factor Analysis

In the following, we used Exploratory Factor Analysis (EFA) to
determine the optimal number of factors and reduce the number of
items.

6.1 Data Preparation

We visually inspected the items using histograms to identify items
with high skewness and kurtosis, based on which three authors
agreed to remove 12 items. Next, we mathematically checked that
the absolute skewness was below 1. This resulted in five additional
items being removed. Finally, we ensured that the item-total cor-
relation was over 0.5; this removed two items. While we checked
for kurtosis and item correlation, we found no conspicuous items.
Thus, we removed 19 items in total, reducing the set to 43 items.

6.2 Exploratory Factor Analysis

We confirmed that Bartlett’s sphericity test was significant (y?(903) =
15036.485, p < .001). This indicates that the remaining 43 items
are sufficiently correlated and suitable for an EFA. Moreover, the
Kaiser-Meyer-Olkin criterion [62] yields a score of 0.97, indicating
a marvelous outcome. All individual question scores are > .96. Scree
plots (using the method “principal axis factoring” and “maximum
likelihood”) suggest that three factors are best to represent the data.
Finally, we performed EFA using psych [127] with Promax Rotation
and Principal Axis Factoring, as we expected the three factors to
be correlated based on our previous theoretical considerations and
analysis of the qualitative data and oblique rotation is preferred for
covarying factors [98].

We removed all factor loadings below 0.6 and all cross-loadings;
removing 9 items. We show the resulting factor loadings in Table 6.
Thus, we have 3 factors with a total of 22 items. As the next step,
we looked at the items that are valuable to the construct. Here, we
found that 8 items are conceptually very similar to other remaining
items. See Table 6 for the 8 strongly similar items. As they are
conceptually the same and have a high correlation, we decided to
remove the duplicates. This step removed the items in the scale to
14, with 6 items for the first factor, 4 items for the second factor,
and 4 items for the third factor.
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Table 6: The EFA factor loading for the items without cross loading and ladings over .4. * items are marked in the removed
column, are too similar with another question, and we removed them for this reason.

Item PA1 PA2 PA3 Removed”
PSC3  The system is interested in interacting with novel objects. 0.886
Q1 The system likes to interact with objects to find out their internal workings. 0.818 PSCs
PSC;  The system enjoys novel experiences. 0.801
Q2 The system enjoys learning new skills. 0.801 PSCq
Q3 The system is interested in novel activities. 0.759 PSCy
PSCy  The system is driven towards novel sensations. 0.753
Q4 The system tries to understand novel objects. 0.729 PSCs
Q5 The system is interested in performing tasks that it has not done before. 0.719 PSCy
PSCs  The system likes to find out how things work. 0.702
Q6 The system is interested in objects that it has not encountered before. 0.686 PSCs
Q7 The system likes interacting with new systems. 0.664 PSC3
Q8 The system enjoys finding out how things work. 0.635 PSCs
PSC4  The system is excited by unpredictable tasks. 0.624
Q9 The system likes exploring new environments. 0.601
PSCg  The system is inquisitive. 0.734
PSC;  The system likes to investigate. 0.649
Q10 The system enjoys deepening its knowledge. 0.627
PSCs¢  The system invests substantial time to collect new knowledge. 0.614
PSCi9  The system wants to know what others are doing. 0.803
PSCy;  The system likes listening to others’ conversations. 0.724
PSCy  The system likes finding out why others behave the way they do. 0.674
PSCy2  The system is interested in learning more about people. 0.669

The results of the 14-item scale show an overall Cronbach’s
alpha of @ = .942. The EFA with 14 items yields a Tucker-Lewis
Index (TLI) of .992 and a Root Mean Square Error of Approximation
(RSMEA) of .028. Thus, we concluded the EFA resulted in a good
model fit.

7 Scale Evaluation

Next, we verified the factor structure found by the EFA and en-
sure our scale’s measured construct was distinct from related con-
structs. For this, we conducted a confirmatory factor analysis (CFA),
checked for discriminant and convergent validity, and checked test-
retest reliability [16]. We used the same 16 scenarios we created for
our EFA.

7.1 Test of Dimensionality

We used CFA to test our factor structure. Thus, we conducted an-
other online survey with 340 new participants.

7.1.1  Procedure. We followed the same procedure as in Section 5.1.
After introducing participants to the survey, we asked for their
informed consent and demographics. Next, we randomly assigned
each participant one scenario they had to listen to at least once.
Participants also had the option to read the scenario and listen to
it as many times as they wanted. We then asked participants to
summarize the scenario briefly and then to rate the 14 items from
our PSC scale using sliders ranging from 0 (strongly disagree) to
100 (strongly agree). Finally, we asked participants to fill out the
ATI questionnaire [145].

7.1.2  Participants. We recruited 391 participants to participate in
our study using Prolific and reimbursed them with £9 per hour. We
rejected 51 participants due to failed attention or comprehension
checks, leaving us with a final valid set of 340 participants (173
female, 163 male, 4 non-binary). Participants took 14.37 min (SD =
6.59) on average to complete the survey. On average, participants
were 34.8 years old (SD = 11.0). Six participants had a doctoral
degree, 78 had a master’s degree, 156 had a bachelor’s degree, 16 had
vocational education, 78 had high school graduation, and six had
another form of education. Participants were born in 43 countries
and lived in 35 countries (206 in Europe, 26 in North America, 26
in South America, 13 in Oceania, 41 in Africa, and 3 in Asia). Their
affinity for technology score using the ATI questionnaire [145] was
4.2(SD =0.8).

7.1.3  Confirmatory Factor Analysis. We used the lavaan package
in R [129] to conduct the CFA. Boateng et al. [16] summarize ac-
ceptable fit indices and optimal thresholds being RMSEA < 0.08,
TLI > 0.95, CFI > 0.95, and SRMR > 0.95. The CFA revealed
that our 14-item model had some values outside of the acceptable
thresholds (RMSEA = 0.084, TLI = 0.926, CFI = 0.94, SRMR =
0.047) [9, 16, 100, 147]. Thus, we looked at the item loadings, cross-
loadings, and item covariances to perform an item purification
process [158, 159]. We found that item Q10 is covarying with four
items (PSCs, PSC4, PSC19, Q9). Item Q9 has the lowest loadings
of our resulting model and loads equally towards 2 factors. Re-
moving these two items results in a model with 12 items and ade-
quate model fit indices (RMSEA = 0.06, TLI = 0.965, CFI = 0.973,
SRMR = 0.038) [9, 16, 100, 147], see Table 7 for the final items. All
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Table 7: The resulting scale with their loadings after CFA.

Item PA1 PA2 PA3 Factor

PSC;  The system enjoys novel experiences. 0.991 Explorative (PSCE)
PSC,  The system is driven towards novel sensations. 0.846 Explorative (PSCg)
PSC3  The system is interested in interacting with novel objects. 0.746 Explorative (PSCg)
PSC4  The system is excited by unpredictable tasks. 0.579 Explorative (PSCE)
PSCs  The system likes to find out how things work. 0.554 Explorative (PSCg)
PSC¢  The system invests substantial time to collect new knowledge. 0.844 Investigative (PSCy)
PSC;  The system likes to investigate. 0.711 Investigative (PSCr)
PSCs  The system is inquisitive. 0.635 Investigative (PSCy)
PSCy  The system likes finding out why others behave the way they do. 0.785  Social (PSCs)
PSCip The system wants to know what others are doing. 0.769  Social (PSCs)
PSCy1  The system likes listening to others’ conversations. 0.683  Social (PSCs)
PSCy2  The system is interested in learning more about people. 0.587  Social (PSCs)

remaining items have loadings > 0.55, and seven have loadings 100 PSCe PSC; PSCs PSC

> 0.7 to their factors. We name the three factors: Perceived Explo-

rative Curiosity (PSCE), Perceived Investigative Curiosity (PSCr), and

Perceived Social Curiosity (PSCs). 80

60 L [

7.1.4  Internal Consistency. We measured the internal consistency 2 " . . [

of the PSC by calculating Cronbach’s alpha for both the entire scale

(a = 0.92) and each subscale, PSCg (¢ = 0.89), PSCy (¢ = 0.82),

and PSCs (a = 0.85), which are all over the preferred threshold of 20

0.8 [16, 30]. Furthermore, we found wy, = 0.84, and w;,;4; = 0.94

as reliability coefficients [128], which show the total second-order o

factor variance-covariance and the reliability of combined first- Curious Non-Curious

order factors respectively [30]. Cheung et al. [30] state that while
Cronbach’s alpha is the most commonly reported metric to show
reliability, it is not based on structural equation modeling to better
measure and report the construct reliability. We calculated the split-
half reliability using the psych R package [127] with a sample of
10000. We found that = 0.84, representing the smallest split-half
reliability [128]. This is above the highest threshold of 0.8 and, thus,
shows adequate reliability [30].

Furthermore, we conducted t-tests for each subscale on the fi-
nal CFA dataset. The data for PSCg (W = .963, p < .001), PSCy
(W = .947, p < .001), and PSCs (W = .970, p < .001) all is not
normally distributed. Thus, we conducted kruskal wallis tests to
determine whether curiosity in the scenarios affected the three
factors. We found a significant effect for all subscales (p < .001
for all). We then performed Mann-Whitney U tests as post hoc
tests and found that for all subscales, the curious scenarios were
rated significantly more curious, see Figure 3. We furthermore cor-
related participants’ age with perceived curiosity. We computed
Spearman’s rank correlation to assess the relationship between per-
ceived system curiosity and age. There is no significant correlation
between age and PSC (r = —.094, p = .084) and PSC; (r = —.016,
p = .776). There is a significant, weak negative correlation between
age and PSCg (r = —.115, p = .035) and PSCs (r = —.110, p = .042).
Thus, we see a slight decrease in perceived explorative and social
curiosity for older participants.

Figure 3: Boxplots of the CFA-dataset, split by the curiosity.

7.2 Test-Retest Reliability

We re-recruited a subset of participants who had previously taken
part in our CFA study to evaluate the test-retest reliability and, thus,
the stability of our scale. We again provided every participant with
a scenario and our final 12-item PSC scale. The procedure was the
same as the previous procedures. Every participant had at least 14
days between the two questionnaires.

7.2.1 Participants. We invited 105 participants from the 340 valid
participants from our CFA study via Prolific and reimbursed them
with £9 per hour. We had to exclude five participants due to failed
comprehension or attention checks. This left us with 100 valid
participants (50 female, 49 male, and 1 non-binary), with 50 each
for the curious and non-curious scenarios. Participants took, on
average, 7.4 min (SD = 3.5) to complete the survey. The average
age was 35.4 years (SD = 10.6), and participants were born in 30
countries.

7.2.2  Results. We calculated the intra-class coefficient (ICC) and
Pearson product-moment correlation [130], as suggested by Boateng
et al. [16], to measure the reliability of our scale. We found high
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scores for both ICC and Pearson correlation for all subscales and
the total PSC scale, indicating great reliability of the PSC scale, see
Table 8.

7.3 Construct Validity

We selected measures that the literature links to curiosity to assess
whether our construct of perceived system curiosity correlates
with these measurements. We used the same participants as for
Section 7.1.2.

7.3.1 Measurements. Literature has found that many human char-
acteristics in the system lead to higher levels of perceived human
likeness [1, 47, 112]. Curiosity is generally associated with human
likeness. Thus, we expect a curious system to score high on the
Godspeed anthropomorphism subscale [8] and test for convergent
validity.

Intelligence is associated with fast learning and collecting in-
formation, and curiosity is a mechanism that correlates highly to
information acquisition. Grand [46] highlights that intelligence
is linked with curiosity, which leads to learning and giving one
more knowledge. However, previous work has also shown that
intelligence and curiosity do not correlate as much as one would
expect [125]. We still expect a curious system to score high on the
Godspeed perceived intelligence subscale [8] and test for conver-
gent validity.

Additionally, Leonard and Harvey [79] linked curiosity to emo-
tional intelligence. Thus, we expect a curious system to score high
on perceived social intelligence subscales from the Perceived So-
cial Intelligence (PSI) scale [7] and test four fitting subscales for
convergent validity.

The expression of curiosity makes systems use more expressions
and gestures. Curiosity is a precedes of actions. Curiosity leads to
taking the initiative as that entity oftentimes needs to steer the
interaction. Thus, we expect the Godspeed animacy subscale [8] to
correlate with our PSC and test for convergent validity.

Likeability is a concept that might be associated with anthropo-
morphism as it contains concepts that are human-related; however,
in the context of curiosity, it is highly dependent, as some individu-
als would prefer straightforward interactions while others would
prefer fine-grained decision-making. For example, when being cu-
rious, this means that at this moment, the interaction is drawn out
to be longer, as the system takes time actually to do curious ex-
pressions. Thus, we test the likeability subscale from the Godspeed
questionnaire [8] for discriminant validity.

In general, a curious system seems correlated to usability, as
systems that do not work are unlikely to rank high in usability.
Personalization has been previously linked to usability [49, 54].
However, in the context of curious systems, this personalization
comes at an expense in the initial interactions, which naturally
become longer, conflicting with another usability concept, which is
efficiency; therefore, in the first interactions with a curious system,
the usability of the system does not clearly correlate with system
curiosity. Thus, we expect the system usability scale [20] to be
uncorrelated to the PSC and test for discriminant validity.

Discriminant Validity. We used semTools [59] discriminant valid-
ity method to assess discriminate validity. Here, we build a model
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Table 8: Intraclass correlation coefficients (ICC) (absolute
rater average) and Pearson Correlation for all subscales PSCg,
PSCy, and PSCs and the general scale PSC for the test-retest
study.

Pearson Corr. Intra-Class Coefficient

Scale

r©98) p  ICC Clgwer Clupper P
PSCg .73 <.001 .85 77 .90 <.001
PSCq .79 <.001 .87 .81 91 <.001
PSCs 71 <.001 .83 .74 .88 <.001
PSC .81 <.001 .90 .84 .93 <.001

Table 9: The values for the three conditions for construct
validity. For convergent validity between two subscales, ©w >
.7, AVE > .5, and SFL > .5 [30].

PSCg PSCy PSCs
w AVE SFL w AVE SFL  AVE SFL

Subscale

Intelligence .899 .626  .438 .829 .613 .398 .840 .576 .218
Anthropo. .897 .626 .600 .825 .612  .463 .842 .577  .431
Animacy  .897 .626  .537 .825 .611 .502 .842 .577 .371
PSI-FRD 897 .626  .655 .825 .612 .598 .841 .576  .674
PSI-HLP 897 .626 555 .824 .611  .568 .842 .577  .430
PSI-SOC .896 .626  .580 .827 .612  .603 .840 .576  .549
PSI-RC 898 .626  .675 .825 .612  .529 .842 .577  .589

with our scales and all the scales we want to test for discriminant
validity. We then perform CFA on this model and compare the
Clypper with thresholds proposed by Rénkko and Cho [132]. For
PSCg and likeability we find Clpper = 0.471, For PSCy and like-
ability we find Clypper = 0.399, For PSCs and likeability we find
Clypper = 0.244, For PSCg and SUS we find Clypper = 0.137, For
PSCy and SUS we find Clypper = 0.072, For PSCs and SUS we find
Clypper = —0.071. These are all below the threshold of 0.8; thus,
we found discriminant validity for all.

Convergent Validity. For testing for convergent validity, we fol-
low the proposed approach by Cheung et al. [30]. They propose
that two constructs are convergent valid if the three following con-
ditions are fulfilled: (1) The w-values > 0.7, (2) the standardized
factor loadings > 0.5, and (3) the AVE values are > 0.5. We used the
semTools reliability function [59] to calculate w?, and constructed
a CFA to gather the standardized factor loadings. We depict all
values in Table 9. We found no convergent validity between our
three subscales and Godspeed intelligence, we found convergent
validity for Godspeed anthropomorphism and PSCg, but not for
PSCr and PSCs. We found convergent validity between Godspeed
animacy and PSCg and PSCy, but not for PSCs. We found conver-
gent validity between PSI-FRD and all of our subscales. We found
convergent validity between PSI-HLP and PSCg and PSCy, but not
PSCgs, We found convergent validity between PSI-SOC and all our
subscales. We found convergent validity between PSI-RC and all
our subscales.

2We use the most conservative w3
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8 Discussion

Our PSC scale measures the perceived system curiosity from the
perspective of a user who has interacted with that system. We
suggest that the PSC scale can be used to evaluate the perceived
curiosity for any technical system, ranging from voice assistants to
robots. In the following, we provide guidelines on how to use our
scale, and discuss its dimensions, limitations, and insights.

8.1 Usage Guidelines

When using the PSC scale, we argue that the 12 items should be
shown in randomized order. This helps to prevent order effects
and biases [134, 146]. As we also randomized the order of items in
all of our validation steps, we argue that our construct is reliable
with randomized item order. Furthermore, we evaluated the PSC
scale with VAS sliders, ranging from 0 (strongly disagree) to 100
(strongly disagree). We recommend using continuous VAS sliders
without ticks as this has been shown to lead to higher data quality
and allows for more statistical tests [97, 124]. Our scale does not
have reversed items. All items in our scale should have an equal
weighting for both each subscale and the total score. Thus, these
are the resulting formulas to calculate the scores for the subscales
PSCg, PSCy, and PSCs and the generally perceived curiosity PSC:

PSCg = (PSCy + PSCy + PSC3 + PSC4 + PSCs) | 5

PSCy = (PSCq + PSC7 + PSCs) | 3

PSCg = (PSCo + PSCyg + PSCy1 + PSCy3) / 4
PSC = (PSCg + PSCy + PSCs) / 3

For now, we cannot give interpretations of what scores mean.
However, we generally recommend using appropriate statistical
tests to compare subscale and total scale values between the tested
systems and find whether the systems are statistically different>.
When combining all subscales, the total score perceived system
curiosity value (PSC) is calculated. We recommend reporting both
subscale and total scale results. We provide details usage instruc-
tions in Appendix A.

8.2 Dimensions

We generated our items using a bottom-up approach, drawing from
four sources, primarily literature on human curiosity. However, the
three resulting factors of our scale still can correspond to three
distinct types of curiosity: perceptual, epistemic, and social.

While curiosity is defined in various ways, most psychological
literature focuses on intrinsic human reasons for curiosity. However,
to assess curiosity in another entity, observable behaviors must
be identified. We found that perceptual curiosity involves interest
in sensory stimuli [32, 58], epistemic curiosity relates to seeking
knowledge [91], often through information-seeking behavior, and
social curiosity pertains to interest in people [71]. Reio Jr. et al.
[123] similarly identified three curiosity types: cognitive, physical
thrill-seeking, and social thrill-seeking.

Our subscales align with these types: PSCs measures social cu-
riosity, PSCy reflects epistemic curiosity through inquisitiveness,

3As we used promax rotation to derive our factor structure, each subscale can be used
independently [28].
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and PSCg captures both perceptual and epistemic curiosity, fo-
cusing on interest in sensations and objects and the search for
information. Literature suggests both epistemic and perceptual cu-
riosity are driven by a desire for new information that can lead
to lasting knowledge [85, 102]. Litman and Spielberger [91] found
through factor analysis that perceptual and epistemic curiosity are
related but distinct dimensions, sharing an underlying structure.
However, one more differentiation between perceptual and epis-
temic curiosity is how it is triggered. Sakaki et al. [135] propose
that perceptual curiosity is triggered by novelty, and epistemic cu-
riosity is triggered by prior knowledge. As three questions in PSCg
are regarding novel experiences (PSC1), novel sensations (PSCy),
and novel objects (PSCs), this supports that PSCg indeed matches
perceptual curiosity from human literature and PSC; matches epis-
temic curiosity.

This structure is furthermore supported by the correlations of
PSC with other measurements shown in Section 7.3. We found
convergent validity between most subscales of the PSI questionnaire
measuring perceived social intelligence and PSCs. Social curiosity
is also one of Kashdan et al. [65]’s five-dimensional curiosity model.
Additionally, we found convergent validity between PSCg and PSCy
and animacy. Questions in both of these subscales describe the
robot actively engaging with the environment. Furthermore, PSCg
includes questions that can also be classified as joyous exploration
by one of the five dimensions from Kashdan et al. [65], e.g. PSCy.
The system enjoys novel experiences. or PSCs The system likes to
find out how things work. Thus, while this is the first scale that
measures perceived curiosity instead of self-reported curiosity, we
still find that our scale matches concepts from related work on
human curiosity.

8.3 Curiosity as a System Attribute

Curiosity, as conceptualized in our scale, draws inspiration from hu-
man traits and various forms of expressing curiosity. While intrinsic
motivation is a central concept in human curiosity [33, 131], sys-
tems lack this intrinsic drive; instead, their curiosity can be modeled
as a learning function, such as in reinforcement learning [14, 104].
However, when humans are curious, they exhibit observable be-
haviors that others can recognize as them being curious. Since our
scale evaluates a system based on user interactions, it focuses on
the user’s perception of observable curiosity. This approach led to
the development of three subscales: perceived explorative curiosity,
perceived investigative curiosity, and perceived social curiosity. By
formalizing curiosity as a system attribute, this work provides a
structured framework for studying its impact on human-system
interactions, laying the groundwork for understanding when and
how curious behaviors can enhance usability and engagement.
Curious systems can offer several advantages, particularly in
environments requiring adaptability and engagement. By contin-
uously learning from their surroundings, these systems can per-
sonalize interactions and enhance problem-solving. Additionally,
the anthropomorphic traits associated with curiosity, like asking
questions or exploring new possibilities, can enhance user trust,
promote transparency, and create a more engaging interaction expe-
rience. However, high levels of curiosity may not always be desired
and beneficial. In task-oriented scenarios, excessive exploration



Perceived System Curiosity Scale (PSC)

may hinder efficiency or frustrate users who prefer straightforward
interactions. Overly inquisitive systems can raise privacy concerns,
as users might question why the system requires such detailed
information. Balancing curiosity with context is crucial to ensure
systems support user goals without overwhelming them.

To determine the appropriate level of curiosity for a given situa-
tion, it is essential to measure and evaluate curiosity across diverse
contexts and systems. Different scenarios demand varying degrees
of curious behavior, and understanding these nuances requires sys-
tematic experimentation. By applying our PSC scale, researchers
can assess how users perceive and respond to curiosity in different
environments, ranging from task-oriented systems like chat-bots to
adaptive and exploratory robots in education or caregiving. These
measurements enable us to identify where curiosity enhances us-
ability and engagement and where it becomes counterproductive.
Over time, such studies can provide valuable insights into optimiz-
ing the balance of curiosity, tailoring it to align with specific user
needs and goals across varied applications.

8.4 Limitations

While we made a huge effort to develop and validate with as much
rigor as possible and thus propose that the PSC scale brings value
to assess perceived system curiosity, we want to acknowledge some
limitations.

First, we recruited participants for the relevance rating and work-
shop via convenience sampling. While we put strong emphasize on
inviting participants with wide but fitting background this might
not be a full sample of users who might use this scale. Further-
more, the testing and evaluation of the scale were done with online
participants from Prolific. Here, we balanced participants across
genders and continents. However, this might still not be a fully rep-
resentative sample of the population who might use this scale [37].
Furthermore, online studies have been shown to induce selection
bias [6, 12]. However, as a large sample is needed for the scale
validation process is needed, online studies are still the only way to
acquire a large sample. Still, future work should validate whether
this scale is valid for other samples. We intend to apply the PSC
scale to interactive experiments and, thus, evaluate it further.

Second, the initials reverse-coded items were all eliminated in
the process of creating a valid and unique item set. While only using
positive items can lead to acquiescence bias [144], the majority of
the literature suggests that mixing negatively and positively coded
items can lead to measurement problems [136, 155], especially in
the process of scale validation [17].

Lastly, as there are no validated scales and models on perceived
curiosity, neither for humans nor systems, we had to create our
items in a bottom-up process based mostly on the literature on
human curiosity. Jung [60] states that to measure the affective
dimensions of robots, there needs to be affective grounding, mean-
ing that the user needs to first understand what the robot wants
to convey before they can rate it. We tried to encompass this by
only wording items in a way that the measured concept can be
observable. Still, it is unclear how the construct of human curiosity
can be mapped to perceived system curiosity, and this needs to be
evaluated over time by the usage of this scale.
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9 Conclusion

In this work, we developed and validated the Perceived System
Curiosity (PSC) scale, which has 12 items (see Table 10), and the
three factors perceived explorative curiosity (PSCE), perceived in-
vestigative curiosity (PSCy), and perceived social curiosity (PSCs).
We followed a standardized scale development process [16], which
is based on domain identification and item generation, item valida-
tion through expert studies, and item testing and scale validation
through large-scale user studies. We used 16 scenarios in which we
described curious and non-curious systems for this process. Our
scale shows high internal consistency, great reliability, divergent
validity, and convergent validity. We envision that this scale will
support the development of curious systems, ultimately leading to
more natural learning systems.
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A The Perceived System Curiosity (PSC) Scale Usage Instructions

Table 10: The final 3-factor, 12-item PSC scale, which is used to measure perceived system curiosity. Each item is answered on a
101-point VAS slider ranging from (0) strongly disagree to (100) strongly agree.

ID Item

Perceived Explorative Curiosity (PSCg) a = .89)

PSC;  The system enjoys novel experiences.

PSCy  The system is driven towards novel sensations.

PSC3  The system is interested in interacting with novel objects.
PSC4  The system is excited by unpredictable tasks.

PSCs  The system likes to find out how things work.

Perceived Investigative Curiosity (PSCy) a = .82)

PSC¢  The system invests substantial time to collect new knowledge.
PSC;  The system likes to investigate.
PSCg  The system is inquisitive.

Perceived Social Curiosity (PSCs) a = .85)

PSCy9  The system likes finding out why others behave the way they do.
PSCyp The system wants to know what others are doing.

PSCy;  The system likes listening to others’ conversations.

PSCi2 The system is interested in learning more about people.

(1) Use 101-point Visual Analog Sliders (VAS) ranging from 0 to 100, with the anchors strongly disagree (0) and strongly agree (100).

(2) We recommend using and reporting all three subscales (PSCg, PSCy, PSCg) and the total scale value (PSC) when measuring perceived
system curiosity with the PSC to measure the construct of perceived curiosity; however, each subscale can also be used independently
to then only measure perceived explorative curiosity, perceived investigative curiosity, or perceived social curiosity.

(3) When evaluating the questionnaire, we always displayed the questions in random order. Thus, we suggest also randomizing the order

of questions across all subscales when using the PSC.
(4) Each subscale score is derived by calculating the arithmetic mean of all items corresponding to that subscale. The total scale score is
derived by calculating the arithmetic mean of all items. There are no reverse-scored items. Higher scores indicate higher perceived

curiosity.
PSCg = (PSC1 + PSCy + PSC3 + PSCy4 + PSC5) / 5
PSCy = (PSCg + PSC7 + PSCg) | 3
PSCs = (PSCy + PSC1g + PSC11 + PSCy2) [ 4
PSC = (PSCg + PSCy + PSCs) | 3
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