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Abstract

Drawing on the uncanny valley framework, trust theory, and similarity attraction theory,
this study examines how customers’ multidimensional perceptions of humanoid service
robots shape their approach and avoidance behaviors through two relational states: trust
and rapport. Subsequently, structural equation modeling and mediation analysis were
employed for testing. The results indicate that customers’ overall perceptions of service
robots not only encourage approach behaviors but may simultaneously intensify avoidance
tendencies, reflecting the ambivalent nature of human–robot interactions. We interpret
this dual activation through the uncanny valley framework, in which humanlike robots
simultaneously elicit attraction and aversion. Trust and rapport play critical mediating roles
in this process, effectively reducing avoidance responses while strengthening customers’
approaches. Further analyses reveal that different perceptual dimensions operate through
distinct mechanisms in the formation of trust and rapport. This study aims to deepen the
comprehension of customer response mechanisms to humanoid service robots through a
relational perspective, and offers practical insights for hotels seeking to balance operational
efficiency with emotional experience in robot design and management.

Keywords: humanoid service robots; human–robot interaction; uncanny valley; relational
states; approach–avoidance behavior

1. Introduction
In the service sector, humanoid service robots are increasingly employed with the goal

of improving operational efficiency and providing innovative service experiences [1]. De-
spite their growing adoption, a fundamental paradox persists [2]. Some customers perceive
them as engaging, innovative, and trustworthy [3,4], while others experience discomfort,
anxiety, and even actively avoid interacting with them [5]. This coexistence of attraction
and aversion reflects a critical yet underexplored tension in human–robot interaction.

Existing research has largely approached this phenomenon from a fragmented per-
spective. Three streams of recent work clarify what this paper adds. Some studies have
documented the macro-economic incentives behind hotel robot adoption but stop short of
explaining customer behavior [6,7]. Some scholars have probed customer attitudes but treat
them as single-valence outcomes, leaving ambivalence unexplained [2,8]. Tussyadiah’s
curated review of automation in tourism flags ambivalence as the dominant unresolved
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phenomenon [9]. Against this backdrop, our contribution is to specify the relational mecha-
nism: trust and rapport, through which an ambivalent perception is converted into either
approach or avoidance, and to test that mechanism empirically with hotel-customer data.

This study adopts a relational perspective by integrating trust theory and similarity
attraction theory [10,11] to make relevant contributions. Specifically, we take the two
key dimensions of relational states—trust and rapport—as mediators between customers’
perceptions and their behavioral responses. This approach allows us to capture the trans-
formation process through which cognitive evaluations of robot attributes are translated
into both approach and avoidance behaviors.

By simultaneously examining positive and negative behavioral outcomes within a
unified framework, this study has made contributions in three ways. First, it moves
beyond the dominant single-outcome perspective by explaining the ambivalent nature of
customer responses. Second, it emphasizes the complementary yet distinct functions of
trust and rapport as relational mechanisms in human–robot interaction. Third, it provides a
more comprehensive perspective of how multidimensional perceptions impact behavioral
responses in high-contact service contexts.

2. Literature Review and Hypothesis Development
2.1. Humanoid Service Robots in Hospitality Services

Due to the rapid advancement of digital technologies, the introduction of service robots
has been accelerated in tourism and hotel industries [1,7,12]. Some scholars argued that
service robots fundamentally reshape service delivery processes, workforce structures, and
firm performance, emphasizing their transformative role in modern hospitality systems [6].
These robots are also becoming more extensively utilized to complete tasks like reception,
concierge service, information provision, room delivery, and daily operations [13]. Unlike
the conventional self-service technology, humanoid service robots connect with customers
through humanlike appearances, conversation, and socially responsive behaviors [14].
These make them regarded as entities with social attributes, not just functional tools [15].

The hospitality industry places human interaction and customer experience at the
heart of its service [16]. For example, factors such as hotel employees’ job performance and
service quality will significantly affect customers’ attitude and experience [17]. The previous
COVID-19 has significantly increased the service robot usage, but it has also increased
the physical and emotional distance between consumers and employees as a result [8].
Therefore, when humanoid service robots take on the role of service providers, customer
responses extend beyond evaluations of task performance to broader psychological and
relational judgments [1]. Cross-cultural evidence confirms that ambivalence, rather than
wholesale acceptance or rejection, is the dominant customer response, motivating the
relational mechanism account developed below [2,9].

2.2. Perception of Humanoid Service Robots

The perception of humanoid service robots by users is not limited to a single dimension
but refers to the overall assessment of the robot [18]. They are based on the robots’ attributes,
strengths, risks, and ability to achieve goals [19,20]. These factors are very important to
the service industry [18]. According to previous studies, perception can be divided into
four dimensions [21]. Functional perception serves as a key index for users to evaluate the
robot’s service efficiency and capability [22,23]. Innovation evaluation examines whether
robots are advanced enough to keep up with the trend of the times [24,25]. Conversely,
rigidity represents the potential mechanical reaction and social interaction obstacles [26,27].
Meanwhile, the “risk” also reflects users’ concerns about errors and uncertainties [28].
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Generally speaking, perception includes both positive and negative aspects and signif-
icantly affects users’ acceptance, trust, and participation, especially in industries that need
personalization and relationship building [13,29]. Rather than representing separate atti-
tudes, functionality, innovativeness, rigidity, and perceived risk reflect different evaluative
facets through which customers form an overall cognitive assessment of humanoid service
robots [21]. During service encounters, customers simultaneously consider both enabling
attributes and potential concerns when evaluating a robot. Consequently, perception is
conceptualized as a higher-order cognitive evaluation in which approach-affording cues
(functionality and innovativeness) and avoidance-affording cues (rigid and risky) coexist
within the same judgment process [18,21].

This conceptualization is consistent with the inherently ambivalent nature of
human–robot interaction suggested by the uncanny valley literature [30,31]. Therefore, the
four dimensions are modeled as complementary manifestations of a broader perception
construct and are specified as a reflective higher-order construct rather than being treated
as separate perceptual categories.

2.3. Approach–Avoidance Behavior Towards Humanoid Service Robots

Approach and avoidance behavior are some of the most important human reac-
tions to different stimuli [32,33]. Approach behavior is the inclination of a person to
become actively involved in a target or situation and is usually caused by positive feelings
(e.g., interest, trust) or expected gains [34]. Avoidance behavior can be defined as the
propensity of the person to actively avoid a target or a situation, which can be influenced
by negative emotions (e.g., fear or anxiety) or expected risks [35].

The uncanny valley account is the dominant theoretical explanation of why humanlike
agents are simultaneously attractive and unsettling [30]. It predicts a non-monotonic
relation between humanoid and affinity: as the robot becomes more humanlike, affinity
rises to a critical threshold, beyond which minor mismatches between expected and actual
behavior trigger discomfort. In quantitative replications, Mathur and Reichling have
located this empirically and have shown that affinity and discomfort co-vary in the same
agent [36]. Meta-analytic evidence confirms that anthropomorphic and risk-related cues
exert opposite-signed effects on customer outcomes within the same encounter [31]. The
uncanny valley implies that approach and avoidance can co-occur in a single human–robot
encounter, a structural prediction that motivates the dual-outcome specification adopted in
our hypotheses [32].

Previous research conducted in the tourism and hotel sectors demonstrate that, when
users believe that robots are user-friendly and that they can deliver precise services, their
acceptance and readiness to use machines will also rise [22,37]. Emphasizing emotional per-
ception and relationship building can significantly reduce users’ negative behaviors [23,38].
It is worth noting that most research on humanoid service robots only considers a single
positive or negative behavior [1]. This limits the understanding of user feedback. In fact,
humanoid service robots are regarded as service entities with both technical and social
attributes; they may bring novelty, familiarity, and efficiency advantages, but they may
also cause discomfort, anxiety, or psychological pressure [27,39]. Overall, existing studies
highlight their beneficial effects [40]. So, we make the following hypotheses:

H1. Perception will significantly and positively influence users’ approach behavior.

H2. Perception will significantly and negatively influence users’ avoidance behavior.
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2.4. Trust Formation in Human–Robot Interaction

Trust has long been recognized as a fundamental mechanism governing decision-
making under uncertainty, initially conceptualized within interpersonal contexts [11].
With the rise of automation and intelligent systems, this concept has been extended to
human–robot interaction, where trust relies on system performance, cognitive expectations,
transparency, and contextual factors [41,42].

In this service robot context, trust becomes even more complex due to the integration
of technological and social attributes [43]. Unlike traditional machines, humanoid robots
engage users through social cues, which may activate trust formation processes similar to
those observed in interpersonal relationships [44,45]. As a result, trust in robots is shaped
by both functional reliability and perceived social qualities [46,47].

Hotel services are complex, and they tend to be sensitive about time, service quality,
and experience value [1,48]. Users assess the capability of robots to perform the tasks
correctly, process information accurately, and prevent the errors of service [20,22]. Therefore,
trust is a multidimensional and interactive process that indicates both the performance of
the robot on different levels and the impact of the human perceptions during the interaction
process [18,43].

2.5. Similarity Inference and Similarity Attraction Theory

People tend to be more attracted to and feel comfortable and intimate with those
perceived as similar to themselves, and this is the central tenet of the similarity attraction
theory [10]. Traditionally, this similarity has been conceptualized in terms of shared
attitudes, values, or personal traits, leading to stronger interpersonal attraction [10,49].

However, applying this framework to human–robot interaction presents a conceptual
challenge, as similarity cannot be directly observed or compared in the same way as in
human interactions [50,51]. Instead, individuals rely on inferential processes to assess
similarity, using observable characteristics to form judgments about alignment in goals,
preferences, and interaction styles [52–54].

In this context, customers evaluate whether a robot’s attributes, such as func-
tional capability, interaction style, and perceived risk, align with their expectations and
preferences [21,31,55]. These evaluations collectively form perceived similarity, which
enhances attraction and relational comfort [51,56]. Therefore, similarity in human–robot
interaction is not based on direct comparison but on subjective inference derived from
multidimensional cues [52,53]. This perspective provides a theoretical foundation for
understanding how customers develop relational bonds with humanoid service robots.

2.6. Integrating Trust and Rapport: Relational States

Regarding the customer–employee relationship, the relational states are the cogni-
tive assessment of the emotional condition of customers after communication with the
employees and consist of two fundamental dimensions: trust and rapport [4,15]. During
the interaction process, trust is a combination of logical reasoning and emotional response
formed [47,57]. Rapport is regarded as a pleasant relationship bond formed, emphasizing
emotional resonance and personalized connection [26].

Although trust and rapport can promote positive results when interacting with hu-
manoid service robots, the psychological mechanism behind them is different [45,58]. Trust
mainly relieves users’ worries about uncertainty, vulnerability, and risk through the relia-
bility and ability of robots [18,47]. Distinct from trust, rapport reflects social comfort and
emotional resonance built through interaction [4,59].

Therefore, to better understand the distinct roles of the two, this research suggests that
customers’ perceptions of humanoid service robots shape their approach and avoidance be-
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haviors through the relational states perspective, that is, trust and rapport. This framework
more comprehensively explains how user perception evaluation is transformed into behav-
ioral response in human–robot interaction. To test the mediating effect of relationship state,
we put forward the following hypotheses and the conceptual model is shown in Figure 1:

 

Note: The dashed arrow represents the path through the intermediary. 

Figure 1. Conceptual model of this study.

H3. Perception significantly and positively influences relational states.

H4. Relational states significantly and positively influence approach behavior.

H5. Relational states significantly and negatively influence avoidance behavior.

H6. Relational states mediate between perception and approach behavior.

H7. Relational states mediate between perception and avoidance behavior.

3. Methodology
3.1. Research Design

This study uses 12 items developed by Wu et al. (2025) to evaluate users’ perception
of humanoid service robots, including functional, innovation, rigid and risky, and each
dimension consists of three items [21]. The relational states are evaluated by seven items
proposed by Kim et al. (2022), including trust (4 items) and rapport (3 items) [37]. According
to Chen & Girish (2023), the approach behavior was evaluated by five items [34]. In addition,
this research uses Wang et al.’s (2023) four items to evaluate avoidance behavior [5]. A
7-point scale was employed for the questionnaire (1 = strongly disagree, 7 = strongly agree).

The research team translated the questionnaire originally designed in English into
Chinese and it was reviewed by China tourism scholars. The final version was administered
in Chinese. Subsequently, a pilot study was conducted on 20 customers who had experience
in using humanoid service robots. According to the feedback, the wording had been slightly
adjusted to improve the clarity of the project and reduce ambiguity. No measured items
were removed.
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3.2. Data Collection

The sample was collected from Chinese Mainland. It is one of the most dynamic mar-
kets for service robots in the world, with strong manufacturing capacity, wide application
scenarios, and high acceptance of new technologies [21]. Therefore, it provides a valuable
context for understanding robot deployment, application diversity, and user feedback.

All respondents were recruited through face-to-face interactions immediately after
they had experienced a humanoid service robot at a hotel. They were briefed with the
purpose of this project and their informed consent was obtained. A total of 507 completed
surveys were collected. In total, 51.3% were female, the 25 to 34 age group accounted for
49.1% of the sample, a bachelor’s degree or above was held by 88.2% of the sample, and
63.1% earned a monthly income of RMB 10,000 (see Table 1).

Table 1. Demographic characteristics.

Variables Categories Frequency (Percentage%)

Gender
Male 247 (48.7%)

Female 260 (51.3%)

Age, years

18–24 145 (28.6%)
25–34 249 (49.1%)
35–44 77 (15.2%)
45–54 27 (5.3%)

55 and above 9 (1.8%)

Education

Middle school and below 5 (1.0%)
Post-Secondary 20 (3.9%)

Vocational/College 35 (6.9%)
Undergraduate 357 (70.4%)

Masters and above 90 (17.8%)

Monthly Income (in RMB)

Less than 4999 151 (29.8%)
5000–9999 164 (32.3%)

10,000–14,999 95 (18.7%)
15,000–19,999 50 (9.9%)
20,000–24,999 28 (5.5%)

25,000 and above 19 (3.7%)

4. Results
4.1. Measurement Model

The reliability and validity of the model are demonstrated by all standardized factor
loadings exceeded 0.600 [60]. The reliability of the scale meets the standards, as demon-
strated by the reliability test results (see Table 2). Further analysis reveals that all Cronbach’s
alpha coefficients exceed the standard of 0.700, indicating the scale has good internal con-
sistency. Then the validity test is carried out by examining the convergence validity and
the discriminant validity. The average variance extraction value (AVE) of each concept
is higher than the standard of 0.500. All composite reliability (CR) values are between
0.875 and 0.953, exceeding 0.700 [61].

The Fornell–Larcker criterion and the Heterotrait–Monotrait ratio (HTMT) were uti-
lized to assess discriminant validity. As shown in Table 3, bold-faced diagonal elements
are the square root of the AVE, which are higher than the correlation coefficient between
constructs [61]. Then, following Franke and Sarstedt [62], all ratios were less than 0.900,
meeting the criterion (see Table 4). Therefore, both tests consistently demonstrate that the
measurement model possesses good discriminant validity.
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Table 2. Results of reliability analysis.

Dimensions Items Mean St. Dev St. Factor
Loading

Cronbach’s
Alpha CR AVE

Functional 0.818 0.892 0.733
Fun 1 5.360 1.209 0. 814
Fun 2 5.450 1.115 0.719
Fun 3 5.490 1.210 0.793

Innovative 0.795 0.879 0.709
Inn 1 6.100 1.135 0.793
Inn 2 5.650 1.274 0.694
Inn 3 5.930 1.093 0.773

Rigid 0.849 0.908 0.767
Rig 1 4.240 1.637 0.797
Rig 2 4.000 1.734 0.791
Rig 3 4.580 1.546 0.827

Risky 0.870 0.920 0.794
Ris 1 4.900 1.525 0.877
Ris 2 5.110 1.567 0.864
Ris 3 4.500 1.605 0.756

Trust 0.810 0.875 0.637
T1 5.650 1.054 0.652
T2 5.310 1.141 0.778
T3 5.550 1.160 0.695
T4 5.100 1.322 0.751

Rapport 0.789 0.875 0.700
R1 5.320 1.259 0.643
R2 4.900 1.410 0.793
R3 4.630 1.538 0.803

Approach 0.861 0.900 0.643
Ap1 5.720 1.097 0.662
Ap2 5.500 1.226 0.690
Ap3 5.420 1.238 0.726
Ap4 5.250 1.375 0.834
Ap5 5.220 1.430 0.796

Avoidance 0.935 0.953 0.836
Av1 4.790 1.528 0.870
Av2 5.080 1.606 0.893
Av3 5.270 1.579 0.882
Av4 5.200 1.625 0.890

Note: St. Dev stands for standardized deviation; St. Factor Loading stands for standardized factor loading;
CR stands for composite reliability; AVE stands for average variance extracted.

Table 3. Results of the discriminant validity test.

Construct Functional Innovative Rigid Risky Trust Rapport Approach Avoidance

Functional 0.856
Innovative 0.595 0.842

Rigid 0.253 0.138 0.876
Risky 0.190 0.175 0.649 0.891
Trust 0.697 0.489 0.279 0.296 0.798

Rapport 0.560 0.413 0.336 0.210 0.665 0.837
Approach 0.631 0.580 0.300 0.253 0.734 0.735 0.802
Avoidance 0.161 0.218 0.587 0.700 0.248 0.199 0.346 0.914
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Table 4. Results of the Heterotrait–Monotrait.

Construct Functional Innovative Rigid Risky Trust Rapport Approach Avoidance

Functional
Innovative 0.737

Rigid 0.302 0.165
Risky 0.225 0.208 0.751
Trust 0.856 0.604 0.333 0.352

Rapport 0.686 0.493 0.415 0.249 0.807
Approach 0.752 0.698 0.350 0.292 0.878 0.873
Avoidance 0.185 0.255 0.654 0.772 0.285 0.215 0.386

Harman’s single-factor test extracted five factors with eigenvalues above 1.0. The
largest factor explained 36% of the variance, considerably below the 50% threshold [63].
Common method bias is therefore unlikely to threaten our findings. The structure of
humanoid service robot perception was evaluated using Confirmatory Factor Analysis
(CFA). The results indicated good model fit (χ2 = 146.194, df = 48, χ2/df = 3.046), which is
below the conventional threshold of 5 and acceptable given the sensitivity of the χ2 statistic
to sample size [64]. The incremental-fit indices were satisfactory, with NFI = 0.953 and
GFI = 0.953 both exceeding the recommended 0.90 threshold; CFI = 0.968 and TLI = 0.956
both exceeded the strict 0.95 benchmark advocated by Hu and Bentler [65], indicating excel-
lent comparative fit. The RMSEA = 0.064 fell within the acceptable range of 0.05–0.08 [66],
indicating reasonable approximation error. Collectively, these indices demonstrate that the
measurement model fits the data well [67].

4.2. Structural Model

Figure 2 presents the research model and the corresponding metrics. The analysis
reveals that humanoid service robot perception positively predicted approach behavior
(β = 0.175, p < 0.001) and relational states (β = 0.663, p < 0.001). Contrary to H2, perception
also positively predicted avoidance behavior (β = 0.743, p < 0.001); a post hoc theoretical
reading of this unanticipated finding is provided in 5.1. The relational states significantly
and positively influenced approach behavior (β = 0.692, p < 0.001), but significantly and
negatively influenced avoidance behavior (β = −0.226, p < 0.01).

Figure 2. Result of the proposed hypotheses and model.
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To avoid estimation bias due to covariance among independent variables, this research
performed a Variance Inflation Factor (VIF) test in the structural model. All values were
below 5, ruling out multicollinearity concerns [68]. Given that PLS focuses on interpreting
latent variable paths, the study used Smart-PLS 4.0 software to perform 5000 bootstrap runs
to examine the significance of each path coefficient (see Table 5) [69,70]. Additionally, the
construct of perception is regarded as a common latent source of lower-order dimensions;
therefore, a reflective–reflective higher-order specification was adopted [71]. This specifica-
tion is appropriate because functionality, innovativeness, rigidity, and perceived risk are
conceptualized as complementary manifestations of customers’ overall cognitive evaluation
of humanoid service robots rather than as independent causal components [21]. Consistent
with the theoretical argument developed in Section 2.2, favorable and unfavorable evalua-
tions may coexist within the same perceptual judgment, making the reflective–reflective
specification suitable for representing the multidimensional nature of perception.

Table 5. Results of the structural model.

Influencing Path Between
Variables Path Coefficient VIF p-Value Supported

H1: HSR → Approach 0.175 1.670 0.000 Yes
H2: HSR → Avoidance 0.743 1.670 0.000 No

H3: HSR → Relational states 0.633 1.000 0.000 Yes
H4: Relational states → Approach 0.692 1.670 0.000 Yes
H5: Relational states → Avoidance −0.226 1.670 0.001 Yes

Note: For H2, the positive coefficient on avoidance is the opposite of the predicted sign and is therefore reported
as “Not supported”. We provide a post hoc theoretical reading of this finding in 5.1, drawing on the uncanny
valley framework. The reversal is interpreted as a structural feature of human–robot ambivalence rather than as a
measurement impact.

4.3. Mediation Analysis

SPSS PROCESS was used to test the mediating effects between humanoid service
robot perception (independent variable), relational states (mediating variable), and ap-
proach/avoidance behavior (dependent variable). Using SPSS PROCESS v4.1, Model 4,
10,000 bootstrap samples were applied at 95% confidence intervals. In Table 6, the re-
sults suggest that most mediating effects were supported. Specifically, trust mediated the
relationship between risky and approach, as well as between functional and avoidance.
Rapport mediated the relationship between rigid and approach, as well as between func-
tional and avoidance. It should be noted that trust did not mediate the relationship between
risky and avoidance; similarly, rapport did not mediate the relationship between rigid and
avoidance, nor between risky and avoidance.

Table 6. Results of the mediation analysis.

Dependent Variable Functional Innovation Rigid Risky
Effect 95% CI Effect 95% CI Effect 95% CI Effect 95% CI

Total Effect 0.628 [0.560, 0.697] 0.601 [0.526, 0.675] 0.214 [0.154, 0.273] 0.183 [0.121, 0.246]
Direct Effect 0.231 [0.150, 0.312] 0.304 [0.238, 0.370] 0.076 [0.032, 0.120] 0.029 [−0.017, 0.075]

Indirect Effect:
X → Trust → Approach 0.397 [0.310, 0.485] 0.297 [0.217, 0.377] 0.137 [0.087, 0.188] 0.155 [0.099, 0.212]

Total Effect 0.229 [0.107, 0.352] 0.322 [0.196, 0.448] 0.583 [0.511, 0.655] 0.723 [0.657, 0.788]
Direct Effect −0.024 [−0.191, 0.144] 0.193 [0.050, 0.335] 0.557 [0.483, 0.632] 0.709 [0.641, 0.777]

Indirect Effect:
X → Trust → Avoidance 0.253 [0.142, 0.367] 0.129 [0.046, 0.208] 0.026 [0.003, 0.060] 0.013 [−0.008, 0.042]

Total Effect 0.628 [0.560, 0.697] 0.601 [0.526, 0.675] 0.214 [0.154, 0.273] 0.183 [0.121, 0.246]
Direct Effect 0.338 [0.271, 0.405] 0.368 [0.306, 0.429] 0.045 [−0.002, 0.091] 0.081 [0.035, 0.126]

Indirect Effect:
X → Rapport → Approach 0.291 [0.228, 0.359] 0.233 [0.164, 0.300] 0.169 [0.121, 0.220] 0.103 [0.050, 0.159]
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Table 6. Cont.

Dependent Variable Functional Innovation Rigid Risky
Effect 95% CI Effect 95% CI Effect 95% CI Effect 95% CI

Total Effect 0.229 [0.107, 0.352] 0.322 [0.196, 0.448] 0.583 [0.511, 0.655] 0.723 [0.657, 0.788]
Direct Effect 0.131 [−0.014, 0.277] 0.260 [0.124, 0.396] 0.591 [0.514, 0.668] 0.715 [0.648, 0.781]

Indirect Effect:
X → Rapport → Avoidance 0.098 [0.012, 0.178] 0.062 [0.001, 0.120] −0.008 [−0.036, 0.026] 0.008 [−0.006, 0.029]

5. Discussion and Implications
5.1. Conclusions

In this research, customer response is placed in the context of service interaction,
and the relationship evaluation formed in the human–robot interaction is emphatically
discussed. By constructing a multidimensional structure containing positive and negative
perceptions and incorporating the tendency of approaching and avoiding behavior at the
same time, this study reveals the complex psychological reaction mechanism of customers
to humanoid service robots. It also provides a more relational explanation framework for
understanding the interaction between humans and robot services.

The general evaluation of humanoid service robots by users is an important indicator
of trust and rapport development [26,57]. The anthropomorphic robots are capable of
capturing the attention of customers in high-contact service settings like hotels, but are
unable to entirely eliminate discomfort or hesitation of users [72]. This effect could also
be due to the fact that people feel alienated from scientific and technological products or
because of lack of human flexibility [73]. The uncanny valley theory suggests that people’s
discomfort with humanoid elements mainly depends on whether they have reached a
threshold. This is also one of the important reasons why consumers have complex attitudes
towards anthropomorphic service robots [26]. Importantly, it reveals that relational state is
negatively associated with the avoidance behavior, indicating that the relational state is a
significant factor that would mitigate the disturbance in the process of interaction.

The results of intermediary analysis show that trust and rapport serve as key mech-
anisms linking user perception to behavior. This finding supports the previous studies
and confirms that the results of human–robot interaction are influenced by factors similar
to those in interpersonal interaction [24]. In addition, trust mediates between risky and
approach behaviors, as well as functional and avoidance behaviors. This reveals that
individual behavior is not directly driven by the robot’s objective attributes, but rather
mediated through the psychological mechanism of trust. Simultaneously, rapport exerts
positive influences between functional perception and avoidance behavior. This shows
that, although robots may be similar to human partners in some respects, they still play a
mixed role between tools and social agents [51].

An unexpected finding is that perception of the humanoid service robot exerted a
positive effect on avoidance behavior (β = 0.743, p < 0.001), the opposite of the predicted
negative sign (H2 “Not supported”). The observed reversal may also be associated with
the multidimensional nature of the perception construct employed in this study. Because
perception simultaneously incorporates positive dimensions (functional and innovation)
and negative dimensions (rigidity and risk), higher levels of overall perception do not neces-
sarily imply exclusively favorable evaluations. Instead, customers may become more aware
of both the advantages and potential concerns associated with humanoid service robots.
Consequently, stronger perceptions may activate both approach and avoidance tendencies
simultaneously, resulting in the paradoxical relationship observed in the present study.

We can also read this reversal through the uncanny valley [30,36] and approach–avoidance
conflict theory [32,74]. Both frameworks predict that humanlike agents simultaneously acti-
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vate approach and avoidance motivations through a co-present cue complex; an aggregate
perception measure that absorbs both cue families should therefore correlate positively with
avoidance even when it also correlates positively with approach. Meta-analytic evidence on
negativity dominance in service robot research further suggests that avoidance-affording
cues (rigidity, risk) carry disproportionate weight relative to approach-affording cues (func-
tionality, innovativeness), which is consistent with the larger magnitude observed for the
perception–avoidance path [31]. The mediation results (Table 6) further support a nega-
tivity dominance reading. The indirect effects of perception on avoidance via trust and
via rapport are positive in sign for the functional and innovative cue paths, indicating that
even the cognitive and affective routes do not, in this aggregate model, fully buffer the
avoidance branch. This is consistent with Blut et al.’s (2021) finding that anthropomorphic
cues elicit affinity but rarely eliminate the underlying eeriness [31].

5.2. Theoretical Implications

This report extends two theories to humanoid service robots in service scenes, thus
promoting their development. First, this study contributes to trust theory by showing that
an aggregate multidimensional perception of humanoid service robots translates into trust
through the joint action of approach- and avoidance-affording cues, with trust serving as
the cognitive route through which the resulting ambivalence is resolved. Specifically, this
study verifies previous studies, that is, trust is determined both by perceived ability and
reliability and by social factors such as personification and innovation [75]. Our results
suggest, consistent with prior trust research [44], that the cognitive route via trust may
dominate the affective route via rapport when the salient cue family is risk-related; a direct
test of this conjecture awaits future moderation analyses. This perfects the trust theory
and emphasizes the priority of ability-based judgment in reducing users’ avoidance of
humanoid service robots.

Similarly, the research extends the similarity attraction theory to the field of humanoid
service robots, demonstrating that perceived similarity works not only through positive
alignment, but also through avoiding threatening attributes. It confirms that perceived
similarity can foster rapport even in non-interpersonal interactions. The results show that
the similarity in human–robot interaction is regulated by the flexible, easy-to-communicate,
and more socially oriented interaction mode [50,51]. It underscores the fact that social
emotion in man–machine cases is not only an attribute of similarity but also an attribute of
interactive form and manner. This finding emulates the similarity attraction theory to non-
human objects and considers the flexible and socialized interaction mode as a significant
variable that influences similarity perception.

Beyond extending trust theory and similarity attraction theory, the study contributes
to the uncanny valley theory in hospitality and tourism research. Prior uncanny valley
work has largely lived in stimulus-rating studies [30,31,36]; we extend it to behavioral-
choice modeling by treating multidimensional perception as a compound stimulus and
examining its joint effect on two opposite-valence outcomes within the same encounter. The
H2 reversal (perception positively predicting avoidance) adds to a small but growing body
of evidence that ambivalence is a structural rather than residual feature of human–robot
interaction [5,39]. Then our relational-mediation results show how that ambivalence is
translated into observable behavior.

5.3. Practical Implications

For robot designers, the results imply that lifting affordance cues (response accuracy,
conversational fluency, interaction novelty) is necessary but not sufficient; designers must
also actively reduce avoidance-affording cues (mechanical rigidity, perceived data risk)
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because the two branches are independent activations. Two concrete priorities follow:
(i) build redundant, visible error-recovery routines that surface to the customer (raising
trust); (ii) program micro-variations in greeting, pacing, and humor that signal social
adaptivity (raising rapport).

For hotel managers, the relational-mediation logic argues for coordinating staff train-
ing with robot deployment rather than treating them as substitutes. Frontline staff should
be empowered to take over from the robot when avoidance cues spike (rigidity flagged
by visible operator interventions, risk flagged by sensitive transactions). Two concrete
measures should be implemented: (i) station a human staffer within line-of-sight of the
lobby robot for the first six months of deployment as a “rapport guarantor”; (ii) install a
one-tap human-handover button that customers can use without explanation, lowering the
perceived cost of switching channels [46,75].

For tourism-policy and platform regulators, the dual-cue structure argues against
single-axis disclosures (e.g., is the agent a robot, yes/no); meaningful customer protection
requires disclosure of capabilities and risk surface separately. This recommendation aligns
with the deployment-economics literature [6,7] by making the customer-side benefits and
frictions of robot adoption legible to operators and to passengers.

5.4. Limitations and Future Research

Future research can be based on some limitations of this article. First, all the samples
were collected from Chinese Mainland. Although the validity of the data is ensured through
analysis, the cultural homogeneity of the sample may limit a broader global perspective.
Cultural values influence individuals’ attitudes toward technology, uncertainty, automation,
and social interaction, which may in turn affect trust formation, rapport development,
and behavioral responses toward humanoid service robots. Consequently, the observed
relationships may differ across cultural contexts. Future studies can take a cross-cultural
design and apply various situational variables. Second, it was done within a hospitality
setting, which limits a deeper interpretation of humanoid service robots in other service
environments. The model can also be used in different areas (restaurants, healthcare, and
retail) to prove and expand the results in future studies. Humanoid service robots can be
perceived differently or with similarity depending on the context of their use by customers.
Third, the cross-sectional design captures perception and behavior at a single moment.
Although this approach is widely used in human–robot interaction research, it limits the
ability to establish causal relationships among the constructs. More importantly, trust
and rapport are relational states that may evolve as customers accumulate interaction
experiences with humanoid service robots. The present design cannot capture how these
relational bonds develop, strengthen, or deteriorate over repeated encounters. Future
studies are therefore encouraged to employ longitudinal designs, panel data, or repeated-
measure approaches to better understand the dynamic nature of trust and rapport formation
in human–robot interactions.

Lastly, this research is based on the customer–robot interactions, yet it gives little
consideration to the employees. Future studies should focus on employee–robot relation-
ships, collaboration patterns, and relationship building, as well as their implications for the
psychological well-being of employees. Given the issues of job replacement and insecurity,
optimization of team structure, delegation of tasks, and collaboration could be considered
in future research to leverage the advantages of robots to create more comprehensive and
efficient services.
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