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Abstract

Individuals perceive phantom costs, such as ulterior motives and
risks, when a person makes an unreasonably generous offer with-
out sufficient explanation. Prior research relying exclusively on the
Nao robot found similar effects, though smaller than with humans.
To better understand these differences, we manipulated the agent’s
human-likeness across five robots and a human. Participants read
a vignette in which the agent either offered a free parking spot
(reasonable) or added an unjustified $10 incentive (unreasonably
generous). They then decided whether to accept the offer, explained
why they thought the agent made this offer, and rated the agent’s
anthropomorphism and perceived phantom costs. Results showed
that unreasonably generous offers prompted participants to at-
tribute more mind to the agents, increasing perceived phantom
costs. Anthropomorphism also influenced phantom costs: Animacy
and Disturbance increased them, while Intentionality and Sociabil-
ity decreased them. This study advances our knowledge of phantom
costs in HRI, suggesting that people adopt the intentional stance
to explain a robot’s behaviour—especially when it deviates from
social norms—highlighting the need for careful anthropomorphic
design of social robots to minimize phantom costs perception.
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1 Introduction

People imagine “phantom costs” when another person seems unrea-
sonably generous without a clear rationale [29]. In such cases, they
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infer hidden drawbacks—such as ulterior motives and perceived
risks—as a way to make sense of and predict the other’s behaviour.
This reflects deep processes of human social cognition, particu-
larly mind-reading, which allows people to infer others’ mental
states. While this phenomenon was originally theorized in human-
human interaction (HHI), recent work [15, 16, 18] has documented
its existence—although weaker—in human-robot interaction (HRI).
This suggests that people may use similar strategies to interpret
and predict a robot’s behaviour. However, the exact strategies and
causes of phantom costs remain largely unexplored.

Dennett’s intentional and design stances [5] may provide guid-
ance in understanding this phenomenon. Indeed, prior HRI studies
show that people adopt the intentional stance towards robots as a
heuristic strategy to understand and predict their behaviour. How-
ever, because increased robot human-likeness increases the attribu-
tion of mental states [9, 13], we think that this will influence the
type of stance individuals adopt to understand a robot’s behaviour.

The present research addresses this gap by seeking to understand
the processes involved in phantom costs better. We hypothesize that
higher human-likeness will lead to greater perceived phantom costs
and the use of mentalistic explanations for the agent’s behaviour.
To test this hypothesis, we manipulated the agent’s physical appear-
ance, ranging from low human-likeness to high human-likeness.
By exploring the role of physical human-likeness on the perception
of phantom costs, this study provides both theoretical and practical
contributions. Theoretically, the present research provides a better
understanding of this phenomenon in HRI and further clarifies its
similarities and differences with HHI, focusing on surface-level
cues (physical human-likeness) and deeper cues (perceptions of the
agent). Practically, the findings will help designers and program-
mers to create robots whose appearance and behaviour minimize
users’ perception of phantom costs while calibrating trust.

2 Literature Review

2.1 Perception of Phantom Costs

When an offer seems “too good to be true” without a clear rationale,
individuals are more likely to become suspicious and infer hidden
reasons—referred to as “phantom costs”—to explain this selfless
offer [29]. These costs are “perceived” by an observer to predict and
understand another person’s motives, and “phantom” because they
are not explicitly mentioned and their existence remains uncertain.
Across ten experiments, [29] showed that phantom costs shape
decision-making in HHI. For instance, participants were less likely
to buy a very cheap flight ticket, in favour of a more expensive one,
due to perceived phantom costs (e.g., aircraft’s safety concerns).
However, when given a sufficient explanation for the low price (e.g.,
uncomfortable seating), perceived phantom costs decreased and
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acceptance of the cheap offer increased. Phantom costs occur when
three criteria are met:

(1) Expectation of self-interest. Individuals expect others to
act in their own self-interest [21].

(2) Violation of self-interest. The agent is perceived as too
benevolent, violating the expectation of self-interest and
suggesting ulterior motives [28].

(3) Insufficient explanation. No sufficient explanation is pro-
vided to justify the unreasonably generous offer, conflicting
with the human need for closure [14].

When these three criteria are met, generous offers can backfire.
For instance, adding money to an already free offer decreases the
likelihood of accepting it [29].

2.2 HOSE Model

This phenomenon has been described in the Heuristic of Sufficient
Explanation (HOSE) model [29], which follows a five-step process
from the agent making an offer to the observer’s decision. When
an agent makes an unexpected action deviating from established
social or moral norms (e.g., an unselfishly generous offer), the ob-
server assesses whether a sufficient explanation justifies this norm
violation. If the explanation seems insufficient, the observer be-
comes suspicious and infers hidden motives or risks (i.e., phantom
costs). The decision to accept or reject the action depends on the
net psychological value, balancing benefits against both explicit
and phantom costs. Offers are more likely to be accepted when
benefits outweigh costs and rejected when costs outweigh benefits.
When benefits and costs are comparable, acceptance and rejection
rates should occur in approximately equal proportions.

Recently, Lebrun et al. [16, 18] showed that phantom costs occur
with social robots, extending the HOSE model to HRI Using the
“cookie paradigm” [29], [18] found that both human and Nao robot
elicited phantom costs when offering a cookie with $2 compared
to a cookie alone. This effect was found in-person with physically
embodied agents, and online using images of these agents. While
participants accepted the offer more often from the physically-
embodied human than from the screen-embodied human, no signif-
icant differences were observed between the physically-embodied
and screen-embodied robot. Phantom costs were similar across
both agents and were larger for the unreasonably generous offer
than for the cookie alone. However, phantom costs were principally
measured through participants’ justifications for their decisions,
and no item measured risks associated with the offer. [16] extended
the findings by distinguishing between phantom costs towards the
agent and towards the offer, providing a more robust and clear
measurement of participants’ perceptions. Results showed that
phantom costs were higher with a human than a robot and reduced
acceptance of the offer, while perceived benefits increased it.

In both studies, some participants reported perceiving phantom
costs not towards the robot itself, but towards a potential human
remotely controlling it. Building on that, [15] investigated the effect
of autonomy on phantom costs. The scenario involved a human
or robot sales agent, described as autonomous or non-autonomous
[11], selling a car at a dealership with a reasonable (~ 5%) or un-
reasonable (~ 85%) discount. Results indicated that the agent’s
autonomy increased phantom costs towards the agent and their
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manager, but not towards the offer (car). Yet, the agent and their
manager were always perceived as having ulterior motives regard-
less of the agent’s autonomy. A potential explanation may be related
to anthropomorphism. Because the robot used in [15] was relatively
human-like, participants may have been more inclined to adopt
the intentional stance towards it than they would have been to-
ward a more machine-like robot. Hence, it remains unclear whether
phantom costs are shaped by the agent’s anthropomorphism.

2.3 Anthropomorphism

Anthropomorphism refers to the human tendency to ascribe hu-
man characteristics to non-human entities [6]. These characteris-
tics include observable traits, such as physical appearance or facial
expressions, as well as non-observable states, such as desires, inten-
tions, and beliefs. This tendency allows individuals to project their
knowledge of humans’ behaviour onto non-human agents whose
internal states would not be accessible or do not exist.

While previous research showed that higher human-likeness
in robots increases positive perceptions, this relationship is not
linear. The Uncanny Valley, proposed by [22] suggests that as a
robot’s human-likeness increases, our affinity towards it also in-
creases. However, when the robot strongly resembles—but is still
distinguishable from—humans, it can elicit a feeling of eeriness and
discomfort. For this reason, [23] suggested that robots should look
different from humans to increase their acceptance.

Importantly, human-likeness—although not a prerequisite [8]—
has been shown to increase the attribution of mental states to
robots [9, 13]. Therefore, a more human-like robot may be perceived
as a social actor expected to follow norms similarly to humans
[6]. Deviations from these norms may prompt observers to infer
phantom costs, such as hidden intentions or ulterior motives. On
the contrary, a machine-like robot may not elicit phantom costs
and may simply be perceived as making an error.

H1 Increased agent human-likeness increases the perception of
phantom costs when an offer is unreasonably generous.

2.4 Intentional Stance

A concept related to anthropomorphism is the intentional stance,
which involves explaining and predicting an agent’s behaviour by
ascribing it mental states, regardless of whether the agent actually
possesses them [5]. In other words, it is a cognitive strategy, a men-
tal shortcut, that treats an agent “as if” it has mental states. Dennett
took the example of playing chess against a robotic opponent. If
people do not adopt the intentional stance, they may interpret the
robot’s moves as random, whereas adopting the stance leads them
to consider the robot as a rational actor capable of strategic plan-
ning to win. Prior studies [15, 16, 18] reported that individuals may
perceive phantom costs in HRI because they adopt the intentional
stance. However, the authors did not explore whether this is the
case regardless of the agent’s physical appearance nor why people
perceived less phantom costs from the robot than from the human.

By contrast, the design stance corresponds to predictions of a
system’s behaviour based on its function and design. For instance,
a vending machine is expected to provide a snack once the correct
amount of money has been paid, and give any amount of change. So,
if a vending machine seems unreasonably generous, providing more
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snacks than expected, it is more likely that its user will consider
such generosity as a system malfunction. Similarly, non-human-
like robots may prompt people to adopt the design stance while
human-like to humanoid robots may prompt people to adopt the
intentional stance, considering their behaviour as more intentional
and therefore more likely to be deceptive (involving phantom costs).
Empirical evidence supports this distinction, revealing that peo-
ple spontaneously engage in mentalistic explanations of a robot’s
behaviour, despite a bias towards mechanistic explanations [4, 20].
H2 Participants will increasingly rely on mentalistic explana-
tions as an agent’s human-likeness increases.
H3 Participants will increasingly rely on mechanistic explana-
tions as an agent’s human-likeness decreases.

3 Method

This study was approved by the ethics committee of the University
of Canterbury (ref. HREC 2023/93/LR-PS Amendment 3), and pre-
registered at https://aspredicted.org/3k7x-7p4d.pdf.

3.1 Design

We employed a 6 X 2 between-participants design manipulating the
agent’s human-likeness (six levels: 5 robots and a human) and the
reasonableness of the transaction (Reasonable vs. Unreasonable)—
i.e., 12 conditions. Here, participants read a scenario depicting one
of the agents offering a parking spot with or without an extra $10.

3.2 Participants

Participants (N = 686) were recruited via https://www.prolific.com
to participate, on their computer, in this online study using Qualtrics.
They were all Americans, fluent in English, and aged 18 or older.
The study took approximately 4 minutes to complete, and partici-
pants were compensated £0.5 for their time. Participants’ exclusion
and characteristics are reported in subsection 4.1.

3.3 Measures

Unless specified, all variables below were measured on a 7-point
Likert scale (1 = “Strongly Disagree” to 7 = “Strongly Agree”).

3.3.1 Manipulation Checks.

e Reasonableness of the Offer: “The offer seems reasonable.”
and “The [agent] had a clear reason for offering this parking
spot [and $10]”

o Anthropomorphism was assessed using the Human-Robot
Interaction Evaluation Scale (HRIES [27]), via a 7-point Lik-
ert scale (1 = Not at all, 7 = Totally). Items are divided into
four sub-dimensions: Sociability (warm, likeable, trustwor-
thy, friendly), Disturbance (scary, creepy, weird, uncanny),
Intentionality (rational, self-reliant, intelligent, intentional),
Animacy (human-like, real, alive, natural).

3.3.2  Decision-Making. Binary forced-choice between “I park here”
or “I do not park here”

3.3.3 Explanation. Participants explained in their own words why
the agent made the offer. This served as an attention check.

3.3.4  Perceived Phantom Costs. Following validated measures used
in previous work [16, 29], we adapted the scale to our scenario.
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o Associated with the agent/person controlling the robot: “The
[agent/person] had good intentions for making this offer”
and “The [robot/person] had hidden reasons for making this
offer”

e Associated with the offer: “Something might be wrong with
parking here” and “Something about the parking spot seems
unsafe or unreliable”

3.3.5 Robot Autonomy (exploratory). In the robot conditions only,
we included the exploratory item “Did you think, when you read
the scenario, that there was actually a person remotely controlling
the robot?” (binary forced-choice: yes/no).

3.3.6  Perceived Benefits (exploratory). “It would be nice to have a
parking spot [and $10]”

3.3.7 Demographics. Age, gender, race, prior experience with robots.

3.4 Stimuli

3.4.1 Agent Pictures. The five robots were selected from the ABOT
database [24] based on their human-likeness scores, to represent
approximately every 20-25th percentile: Jibo, Sanbot, Nao, Romeo,
and Geminoid (Figure 1, human-likeness scores are reported in the
figure captions). For the Geminoid (ABOT score: 92.6), we used an
alternative picture, not included in the ABOT database, showing
the robot and its human counterpart, Hiroshi Ishiguro, in the same
pose. Although these two images do not display the full body, they
better show the facial differences that make them distinguishable.
As we did not aim to replicate ABOT’s exact scores, this choice still
maintains the intended increase of human-likeness, with Geminoid
positioned above Romeo in our design.

.
B

Iy
/ '
— — -
(a) Jibo (1.44) (b) Sanbot (22.24) (c) Nao (45.92)
o

(d) Romeo (62.22)

(e) Geminoid
Note. Credit for (e-f): Hiroshi Ishiguro Laboratory, ATR.

(f) Ishiguro

Figure 1: Representation of the Agents

3.4.2 Scenario.

You are driving through the city center, looking for
a place to park. As you drive along the street in an
unfamiliar area, you notice a [agent] (see picture)
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calling out to you and offering a parking spot. The
[agent] says: “Hi! There is a parking spot available
right here,” and shows you the spot: “Would you like
to park there? [I'll give you $10 if you park in that
spot.]”

3.5 Procedure

After providing informed consent and resolving a CAPTCHA [17],
participants were randomly assigned to one of the 12 experimen-
tal conditions. They first read the scenario—with the picture of
the agent above—and indicated whether they would park in the
spot. On the next pages, they explained the robot’s behaviour, as-
sessed the reasonableness of the offer, and rated perceived phantom
costs (agent and offer), error, and benefits. They then rated the
robot’s anthropomorphism, and indicated whether they thought
a human was controlling the robot, and if so, rated their percep-
tion of phantom costs associated with that person. Finally, they
reported demographic information, read the experiment debriefing,
and decided whether to withdraw their data.

4 Results
4.1 Final Sample Size and Demographics

Twenty-two participants were excluded from the data analyses be-
cause they did not provide a meaningful response to explain the
robot’s behaviour in the text-entry box (n = 20) or because they
decided to withdraw their data from the study (n = 2). The total sam-
ple size (N = 664) included 328 males (49.40%), 327 females (49.25%),
and 9 (1.36%) declared their gender to be different. Age ranged from
19 to 83 (M =43.91,5D = 13.29,m = 42). Race was distributed as
follows: ~71.76% White or Caucasian; ~13.10% Asian; ~9.46% Black
or African American; ~1.46% American Indian/Native American or
Alaska Native; ~0.15% Native Hawaiian or Other Pacific Islander;
~3.06% selected the option “Other”; and ~1.02% preferred not to
say. The type of experience was divided as follows: ~42.60% had no
prior experience with robots ~7.33% Personal, ~7.19% Educational
~6.78% Professional, ~16.50% Demonstrations/Exhibitions, ~16.70%
Media (e.g., movies, news, YouTube), and ~2.90% selected “Other”

4.2 Data Preparation

We calculated the internal reliability of each construct using Cron-
bach’s alpha: Phantom costs (agent and offer): & = 0.88, Phantom
costs (robot controller): @ = 0.77, Anthropomorphism': & = 0.87,
Sociability: @ = 0.95, Disturbance: a = 0.92, Intentionality: ¢ = 0.86,
Animacy: a = 0.91, Reasonableness: & = 0.64. Variables with o >
0.70 were averaged for the following analyses.

Participants’ explanations for the robot’s offer were coded as
mentalistic, mechanistic, ambiguous, “Uncertainty”, and “other”.
The coding scheme is in the supplementary materials and was
inspired by the F.EX. coding system [19] and Dennett’s design
and intentional stances [5]. A mechanistic explanation referred to

The items of the Disturbance sub-dimension were reverse coded, as they were nega-
tively correlated with the other items and reflected negative perceptions of the agent.
In contrast, although the Animacy items “human-like” and “alive” also showed negative
correlations, reversing them decreased internal consistency and would have generated
conceptual inconsistency within the sub-dimension
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design-based statements (e.g., programming, malfunctioning, cal-
ibration, doing its job). A mentalistic explanation referred to the
use of mental states—intentions, desires and beliefs—of the agent.
Ambiguity referred to the lack of information from the participant,
preventing us from deciding whether the explanation was mental-
istic or mechanistic. Unlike [4] who coded references to the robot’s
programming as intentional behaviour, we coded these as mech-
anistic, because such references invoke the robot’s design rather
than the attribution of mental states. Doing so was consistent with
Dennett’s distinction between stances and avoided interpreting
design-based explanations as mentalistic. The leading author coded
the data. To maintain objectivity, the coder was blinded to the spe-
cific experimental conditions. A second independent coder coded
approximately 25% of the data based on [1]. Cohen’s Kappa revealed
almost perfect agreement between both coders (kx = 0.959).

Assumption checks for the main analyses addressing our hy-
potheses were satisfied. Some exploratory ANOVAs comparing
agents did not meet certain assumptions; this is noted where rele-
vant. However, because the sample size was large and group sizes
were balanced [2], the results are expected to be robust to these
violations. Robust ANOVAs are also reported to confirm this ro-
bustness. All analyses converged toward the same conclusions, and
the interpretation of the findings remains the same.

4.3

4.3.1 Reasonableness. Although the two items assessing reason-
ableness showed lower internal consistency than our threshold,
we combined them into one composite variable, as this was only
used as a manipulation check. Due to unequal variances (Levene’s:
F(1,662) = 29.84,p < .001), a Welch’s t-test was conducted and
confirmed our manipulation: the reasonable offer (M =5.39,SD =
1.26) was perceived as more reasonable than the unreasonable offer
(M =3.94, SD = 1.68), £(602.9987) = 12.52, p < .001, d = 0.975.

Manipulation Checks

4.3.2  Anthropomorphism. We conducted an ANOVA to explore
differences in the HRIES score as a function of Agent. Normality
(p = .689) and homogeneity of the variances (p = .257) were
satisfied. Results (top left panel in Figure 2) showed significant
main effects of Agent (F(5,652) = 13.93,p < .001, nf, =0.097) and
Offer (F(1,652) = 20.50,p < .001, 1712, = 0.031), but no interaction
(p = .575). Post-hoc analyses with Tukey correction revealed that
Geminoid scored lower (M = 3.30,SE = 0.10) than all the other
agents (p < .001), with all effect sizes ranging between d = 0.594
and 0.943, which did not statistically differ from each other (p >
.05). Agents making reasonable offers (M = 4.16, SE = 0.06) were
anthropomorphised more than those making unreasonable offers
(M = 3.80, SE = 0.06), t(652) = 4.53, p < .001, d = 0.352.

We conducted ANOVA analyses for each sub-dimension of the
HRIES as a function of Agent X Offer (Figure 2). Post-hoc analyses
with Tukey corrections were conducted to explore the contrasts.
Across all sub-dimensions, Shapiro-Wilk tests indicated violations
of normality. Levene’s test was significant for Disturbance, indi-
cating heterogeneity of variances. For each, we conducted robust
ANOVAs with a trim proportion of 0.2, designed to handle viola-
tions of assumptions. Each produced the same pattern of results as
the standard ANOVAs, confirming the robustness of the findings.
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Animacy. Results showed a main effect of Agent (F(5,652) =
84.68,p < .001, 1712, = .398) but not of Offer (p = .522) or their
interaction (p = .871). Human was rated highest, followed by
Geminoid (d = 1.532). The scores for Jibo, Sanbot, Nao, and Romeo
were lower and did not significantly differ from each other.

Intentionality. Results indicated a main effect of Agent (F(5, 652)
=3.28,p = .006, 1712, =.025). Jibo, Sanbot, Nao, and Romeo did not dif-
fer. Geminoid and Human also did not differ, but both scored lower
than Romeo (d = 0.40 — 0.43). A main effect of Offer (F(1,652) =
8.41,p = .004, 17[2, =.013) revealed that agents making a reasonable
offer (M = 4.44, SE = 0.07) scored higher than when making an un-
reasonable offer (M = 4.14, SE = 0.07), t(652) = 2.90,p = .004,d =
0.225. The interaction effect was not significant (p = .721).

Disturbance. Results showed main effects of Agent (F(5,652) =
62.52,p < .001, 2 = 324) and Offer (F(1,652) = 36.52,p < .001,
17}2, =.053) but no interaction (p = .178). Jibo, Sanbot and Nao did
not differ and scored the lowest. Human and Geminoid did not differ
(p = .976) but scored higher than all other agents (p < .001,d =
1.093 to 1.603). Romeo scored higher than Sanbot and Nao (d = 0.403
and 0.452). Regarding offers, agents making an unreasonable offer
(M =3.76, SE = 0.08) elicited more Disturbance than a reasonable
offer (M = 3.08, SE = 0.08), £(652) = 6.04, p < .001, d = 0.470.

Sociability. Results revealed main effects of Agent (F(5,652) =
50.13,p < .001, 2 = .278) and Offer (F(1,652) = 13.14,p < .001,
17[2, = .020) but no interaction (p = .538). Human and Geminoid
did not differ and scored the lowest (d = 1.036 to 1.469). All other
agents scored higher and did not differ. Across agents, reasonable
offers (M = 4.13, SE = 0.08) scored higher than unreasonable ones
(M = 3.74, SE = 0.07), t(652) = 3.62, p < .001, d = 0.282.

4.4 H1: Higher Anthropomorphism Increases
Phantom Costs Perception

As pre-registered, we conducted a linear regression with phantom
costs as the outcome and Anthropomorphism X Offer as predictors,
excluding Agent to avoid potential multicollinearity with Anthropo-
morphism. The model was significant, F(3, 660) = 198.45, p < .001,
and explained 47.2% of the variance (adjusted R?). Results showed
that Anthropomorphism negatively predicted phantom costs, b =
—0.72,95%CI = [—0.83;—0.60], £(660) = —12.18, p < .001, contrary
to H1. Participants reported higher phantom costs for the Unrea-
sonable offer compared to the Reasonable offer, b = 1.19,95%CI =
[0.53;1.85], t(660) = 3.54,p < .001. The interaction effect was not
significant, p = .930.

Given that HRIES is a multidimensional construct whose sub-
dimensions showed different patterns across agents (Figure 2),
we conducted an exploratory linear regression including the four
HRIES sub-dimensions (Sociability, Disturbance, Intentionality, An-
imacy) along with Offer. Interaction terms with Offer were excluded
to maintain parsimony, as the interaction was not significant in
the previous model. Assumptions were satisfied (Shapiro-Wilk: p
= .527, DW = 2.16, all VIF < 2.7 revealing no multi-collinearity
issue based on [3, 12], diagnostic plots showed no violations of
linearity or homoscedasticity). The present model was significant,
F(5,658) = 173.70, p < .001, and explained 56.6% of the variance
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(adjusted R?). Offer remained a significant predictor, with higher
phantom costs for the Unreasonable offer compared to the Rea-
sonable offer, b = 1.16,95%CI = [1.00;1.32],¢(658) = 14.40,p <
.001). Among the sub-dimensions (Figure 3), Sociability (b = —0.24,
95%CI = [—0.32; -0.17], £(658) = —6.19, p < .001) and Intentional-
ity (b = —0.18, 95%CI = [—0.26;—0.10], £(658) = —4.46, p < .001)
reduced the participant’s likelihood of perceiving phantom costs
while Disturbance (b = 0.25, 95% CI =[0.19; 0.31], £(658) = 8.03,p <
.001), and more weakly Animacy (b = 0.05, 95% CI = [0.05; 0.10],
£(658) = 2.15, p = .032) increased it.

To reveal agent-specific patterns not captured by the linear
HRIES scores, we conducted an ANOVA on phantom costs by
Agent X Offer. Results (Figure 4) revealed main effects of Agent
(F(5,652) = 19.34,p < 001,73 = 0.129) and Offer (F(1,652) =
219.36,p < .001, r]f, = 0.252) but no interaction (p = .725). Post-
hoc analyses with Tukey correction revealed that Jibo, Sanbot, Nao,
and Romeo did not statistically differ from each other and elicited
fewer phantom costs than Human and Geminoid (d = 0.293 to 1.154).
Human (M = 4.79,SE = 0.12) elicited more phantom costs than
Geminoid (M = 4.08,SE = 0.12), £(652) = 4.13, p < .001,d = 0.560.
Across agents, unreasonable offers (M = 4.55,SE = 0.07) elicited
more phantom costs than reasonable ones (M = 3.095, SE = 0.07),
t(652) = 14.81,p < .001,d = 1.151. Levene’s test was significant
(p = .030), indicating a violation of homogeneity of variances. How-
ever, a robust ANOVA, with a trim proportion of 0.2, designed to
handle violations of assumptions produced the same pattern of
results, confirming the robustness of the findings.

4.5 H2: Higher Anthropomorphism Elicits More
Mentalistic Explanations

We conducted a binomial logistic regression with Mentalistic Ex-
planation as the outcome (0 = absent, 1 = present) and Agent, Offer,
and their interaction as predictors, using Human as the reference.
We did not use Anthropomorphism scores due to potential con-
founding variables between sub-dimensions (e.g., Intentionality)
and the coding of mentalistic explanations. The overall model was
significant, y?(11) = 134.62, p < .001. All robots elicited fewer men-
talistic explanations than the human (all » < —2.91, p < .001), with
no differences between robots (Figure 5). For robots, unreasonable
offers elicited more mentalistic explanations than reasonable ones,
whereas in the human condition, a marginally significant oppo-
site pattern emerged (b = —1.03, 95% CI = [-2.08; 0.01], z = -1.94,
p =.053): unreasonable offers elicited less mentalistic explanations
than reasonable ones. Significant Agent X Offer interaction effects
indicated that while humans elicited more mentalistic explanations
overall, the difference between offers was smaller than for robots.

4.6 H3: Lower Anthropomorphism Elicits More
Mechanistic Explanations

We conducted a binomial logistic regression similar to above but
with mechanistic explanations (0 = absent, 1 = present). The overall
model was significant, y?(11) = 171.03, p < .001. Results (Figure 5)
showed that only two participants—in the unreasonable condition—
used a mechanistic explanation to explain the human’s offer. There-
fore, participants in the human condition used fewer mechanistic
explanations than with robots (b > 3.28, p < .001). Across the robot
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Figure 2: Effect of Agent on HRIES and Agent X Offer Interactions Across Sub-Dimensions

conditions, reasonable offers elicited more mechanistic explana-
tions than unreasonable offers. Marginal effects suggest that Jibo
and Nao generated more mechanistic explanations than Romeo,
respectively b = —0.69, 95%CI = [—1.45; —0.08],z = —1.75, p = .079
and b = —0.66,95%CI = [-1.42;0.10],z = —1.70, p = .088. Interac-
tion effects were not significant.

4.7 Effect of Offer on Choice Through Phantom
Costs and Benefits

We investigated whether Phantom Costs and Benefits mediated
the effect of Offer on Choice, using bootstrapped 95% CI (1,000
repetitions). Results showed a significant indirect effect through
phantom costs b = —0.28,95%CI = [-0.34; —0.24],z = —11.43,p <
.001, indicating that unreasonable offers increased phantom costs
(b = 1.47, 95% CI = [1.27; 1.67], z = 13.96,p < .001), thereby
reducing the likelihood of accepting the offer (b = —0.19, 95%CI =
[-0.21;-0.17],z = —19.91,p < .001). Benefits did not mediate
the effect of Offer on Choice (p = .614) and Offer had no effect
on Benefits (p = .612). However, Benefits increased acceptance
(b = 0.07, 95% CI = [0.05; 0.10], z = 5.93,p < .001). While the
direct effect of Offer on Choice was positive (b = 0.11,95%CI =
[0.05;0.17],z = 4.00, p < .001), the total effect was negative (b =
—0.17, 95%CI = [—0.24; -0.11], z = —5.08, p < .001).
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4.8 Exploratory: Do Participants Imagine that a
Human is Controlling the Robot Depending
on the Robot and the Offer it Makes?

A binomial logistic regression of Autonomy by Agent X Offer re-
vealed no significant differences between agents. The likelihood
of imagining a human controlling the robot, from reasonable to
unreasonable offers, was higher for Nao than for Jibo (b = —1.76,
95%CI = [-3.27; -0.25], p = .022) and Sanbot (b = —1.70, 95% CI =
[-3.23; -0.16], p = .030). No other contrasts were significant.

A linear regression revealed that Phantom Costs X Offer ex-
plained 73.3% (adjusted R?) of the variance of phantom costs to-
wards the controller, F(3,107) = 101.73,p < .001. Unreasonable
offers (M = 4.56, SE = 0.10) elicited more phantom costs than rea-
sonable ones (M = 3.94, SE = 0.15), b = 1.45,95%CI = [0.43;2.48],
t(107) = 2.80,p = .006. Additionally, for each unit increase of
phantom costs, phantom costs towards the human controller in-
creased by 0.96 units, 95%CI = [0.77;1.15], t(107) = 9.93, p < .001,
indicating an almost perfect linear relationship between both.

5 Discussion

We investigated how anthropomorphism shapes the perception of
phantom costs in HRI compared to HHI. Overall, when an agent
makes a counter-normatively unselfish offer, people infer elements
of mind behind the offer regardless of the agent’s human-likeness.
Higher anthropomorphism—using the HRIES [27]—was associated
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with lower phantom costs, with Sociability and Intentionality de-
creasing them and Disturbance and Animacy increasing them. Un-
reasonable offers increased phantom costs, especially for highly
human-like agents (Geminoid and Human), reducing acceptance.

5.1 Reasonableness

Our manipulation was successful. Offering a parking spot and $10
was perceived as less reasonable than offering a parking spot for free.
Perceived sufficiency of the explanation was lower for unreasonable
offers, fulfilling the criteria for phantom costs to occur [29].
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5.2 Anthropomorphism

The overall HRIES score between agents resembled the Uncanny
Valley [22], showing that Geminoid, very similar but still distin-
guishable from the Human, scored lower than all the other agents.
Our manipulation of human-likeness via the ABOT database’s
scores was successful. Similarly to [27], Animacy scores (which
included the ‘human-like’ item) aligned with the ABOT’s human-
likeness scores [24], supporting the validity of both measures. How-
ever, Jibo, Sanbot, and Nao did not differ, contrasting with the
ABOT’s percentile distinctions. This suggests that the HRIES may
not detect slight differences among less human-like agents.

Some patterns were not expected. Sociability and Intentionality
did not increase from Jibo to Human, and Human scored higher
in Disturbance than expected. Because our participants read the
scenario before rating anthropomorphism, these differences may
highlight how interactions shape anthropomorphism [25-27]. Here,
anthropomorphism scores were likely influenced by phantom costs
and the agent’s offer. When an agent (human or robot) gives a sus-
picious offer, people find it untrustworthy, attribute more mind, are
more disturbed by it, and see it as more animate (less mechanical,
more human-like). Additionally, our scenarios depicted agents ca-
pable of speech and joint attention (“shows you a spot”). Although
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[27] validated the HRIES using static images from the ABOT data-
base, videos of Nao, and real-world social HRI with Meccanoid
G15KS, they did not provide evidence with different robots. We
showed that a design combining written behavioural activity and
static images of the agents also affects anthropomorphism. These
findings highlight the importance of examining anthropomorphism
dimensions separately and for each agent, to capture more subtle
effects due to both anthropomorphism and specific agents—which
differed in human-likeness. Future studies should measure anthro-
pomorphism before and after the HRI to understand how phantom
costs shape perceptions of the four sub-dimensions.

5.3 Perception of Phantom Costs

5.3.1 Relationship with Anthropomorphism. Contrary to our initial
prediction (H1), the overall HRIES score decreased the likelihood of
perceiving phantom costs. This counterintuitive finding highlights
the multidimensional nature of the HRIES. When examining the
sub-dimensions separately, Disturbance and Animacy increased the
perception of phantom costs, while Sociability and Intentionality
decreased it. Interpretation of the Disturbance findings is quite
straightforward: the creepier the agent is perceived to be, the more
likely people infer bad intentions and risks associated with it. Ani-
macy suggests that when agents are alive, they are more likely to
have the capacity of being deceptive [7]—especially when they do
not follow expected norms (see [29])—therefore eliciting phantom
costs. Sociability and Intentionality decreased phantom costs be-
cause agents who seem rational or trustworthy are less likely to
elicit phantom costs. However, agents making unreasonable offers
always elicited more phantom costs than those making a reasonable
one, especially highly anthropomorphic agents (Human followed by
Geminoid and the other robots). These results are consistent with
[16] and the idea that people are more lenient with robots violating
norms than humans [10]. The present findings extend prior work
that the nature of the agent (human vs. robot) shapes the perception
of phantom costs [15, 16, 18]. Here, we show that differences exist
among robot agents, based on their level of anthropomorphism.

5.3.2 Human Controlling the Robot. When more human-like robots
made an unreasonably generous offer, participants were more likely
to imagine a human “behind the scenes” remotely controlling the ro-
bot. This finding may highlight the difficulty of explaining a robot’s
action when the robot is human-like but its behaviour still conflicts
with social expectations that people expect others to follow.

5.3.3  Effect on Decision-Making. Consistent with prior findings
[15, 16, 18, 29], unreasonable offers increased perceptions of phan-
tom costs, decreasing the likelihood of accepting them. Surprisingly,
perceived benefits were not influenced by offer type, contrary to
[16]. We suggest two reasons for this. First, the item “It would be
nice to have a [offer]” may not have fully captured perceived bene-
fits and may reflect a general liking of the offer, not directly focusing
on perceptions. Second, participants may not have interpreted the
additional gain as a genuine advantage but rather as a situational
outcome mitigated by their perceptions of phantom costs.
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5.4 Type of Explanation

Hypotheses H2 and H3 were partially supported. Although there
was no linear relationship between explanation types and robot
types, participants used more mentalistic explanations for the hu-
man than the robots. By contrast, mechanistic explanations were
relatively absent in the human condition but present in the ro-
bot conditions, especially when offers were reasonable. While [20]
found a bias towards the mechanistic stance, we showed that using
the mentalistic or mechanistic stance depends on the social context:
people adopt the intentional stance more when they could face
costs but the mechanistic stance when such risks are less present.

5.5 Implications

Understanding how anthropomorphic cues influence phantom costs
offers insights for building trustworthy robots but also raises ethical
concerns. Manipulating phantom costs could be used as a persuasive
strategy to influence people’s behaviour, decisions, and compliance
with robots. For instance, deliberately decreasing phantom costs—
by reducing animacy and disturbance and increasing intentionality
and sociability—may conceal persuasive and malicious intent.

5.6 Limitations

While [18] reported no difference in phantom costs between a live
Nao and its static image, using pictures here limits the study of
embodied cues (e.g., motion, gaze, or voice) that may influence
perceptions of sociability and intentionality. Although the coding
scheme was based on previous work [4, 5, 19], its binary nature
may overlook subtle differences between agents. Using the F.Ex
guidelines [19]—assessing intentionality—may help to understand
the nature of the explanations better. Using a validated question-
naire, such as the InStance Test [20] could help for a better control
of mechanistic versus mentalistic explanations. Third, our findings
are generalisable to any agents but limited to the HRIES dimensions.
Finally, our findings may be confounded by participants’ percep-
tions of agent experience and agency [7], due to their role in mind
attribution, anthropomorphism, and responsibility.

6 Conclusion

This study replicates the phantom costs effect observed in HHI
and HRI, while providing nuance on how people’s perceptions
shape these interactions. Each dimension of anthropomorphism
shaped the perception of phantom costs but in different directions.
Nevertheless, regardless of the agent’s anthropomorphism, people
attributed some degree of mind to them—especially when they made
unreasonably generous offers without a clear rationale—supporting
the idea that individuals adopt the intentional stance to make sense
of their behaviour. This study provides practical insights for de-
signing social robots, suggesting that controlling for cues reflecting
animacy, intentionality, disturbance, and sociability may reduce
phantom costs and increase trust. Future studies should explore
the role of mind attribution, controlling for agency and experience,
using the same type of robot, to better understand their effects on
phantom costs.
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