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Abstract

As large language models (LLMs) advance the machine mind of artificial intelligence (AI)
to be more human-like, the dynamic impact of users’ perceptions of this mind on their
engagement remains underexplored. Specifically, little is known about the “tipping point”
where appreciation shifts to aversion. Grounded in mind perception theory, this research
investigates the dynamic relationship between the perceived machine mind of AI voice
assistants and user engagement using data from online reviews and experiments. Study
1 reveals a significant inverted U-shaped relationship, indicating that a moderate level
of human-like machine mind maximizes user engagement, while excessive anthropomor-
phism triggers aversion—a form of the “uncanny valley” effect. Study 2 further dissects
the differential impacts of the two core dimensions of the mind: the agentic mind (i.e., the
capacity for thinking and planning) and the experiential mind (i.e., the capacity for feeling
and emotion). Our findings reveal the comparative effects of AI agentic and experiential
minds on the inverted U-shaped relationship, showing that a high experiential mind atten-
uates the positive effect of the agentic mind on user engagement. These findings deepen
our understanding of mind perception effects in human–AI interaction and offer critical
practical insights for AI designers on optimizing mind simulation to avoid user alienation.

Keywords: mind perception; uncanny valley; algorithm aversion; AI-based voice assistants;
user engagement

1. Introduction
Large language models (LLMs) have driven artificial intelligence (AI) artifacts to

perform human abilities like learning, adaptability, and empathy, leading humans to
attribute minds to AI-based voice assistants. Today, manufacturers are embedding these
highly capable AI voice assistants into an array of smart hardware devices (e.g., smart
screens and speakers), expecting to drive significant innovation across the industry [1].
According to Grand View Research [1], the market for AI-based voice assistants in the
United States was estimated at USD 23.72 billion in 2024 and is expected to grow at a
compound annual growth rate of 23.4% from 2025 to 2030. However, user retention and
active utilization in AI-driven marketplaces have not fully lived up to expectations [2].
Little is known about whether the highly human-like minds of AI-based voice assistants
facilitate achieving expected market outcomes.

Prior studies of customer responses to AI have largely focused on the pre-engagement
stage [3], emphasizing initial adoption intentions [2], upfront algorithm aversion [4], and
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early acceptance factors [3]. However, understanding the long-term success of these tech-
nologies requires shifting the focus to post-adoption user engagement [5]. User engagement
captures the continuous, dynamic interaction between users and AI voice assistants rather
than mere surface-level usage behavior [6]. Investigating this post-adoption phase is critical
for capturing the dynamic user behaviors necessary for the market’s ultimate success [7].

However, existing research on how the machine mind affects this ongoing engagement
remains fragmented and often contradictory, generally falling into two distinct streams.
The first stream assumes a linear, positive perspective, suggesting that anthropomorphic
cues and mind perception in AI build positive outcomes, such as increased trust [8] and
positive attitudes [7]. In contrast, an emerging second stream suggests a more complex
dynamic, indicating that highly autonomous or human-like minds can actually evoke mixed
emotions or algorithm aversion—a phenomenon loosely associated with the uncanny valley
of machine minds [9,10]. For example, Shank et al. [11] found that machine minds induce
mixed emotions. Stein et al. [10] suggested that autonomous technology with a higher
machine mind can evoke stronger aversion from users. Despite these conflicting streams,
empirical research investigating a potential nonlinear relationship between the mind of
AI-based voice assistants and ongoing user engagement remains relatively scarce [12].

Reconciling these streams requires an understanding of the psychological mechanisms
driving this interaction. As an AI voice assistant demonstrates an increasingly human-
like mind, the interaction can cross a critical threshold. Specifically, when users perceive
the AI’s mind as rivaling or exceeding their own, it introduces a complex human–AI
conflict [13]. A highly advanced machine mind may inadvertently trigger psychological
friction, such as an implicit identity threat or a perceived loss of user control [14], as users
feel their autonomy and uniqueness are compromised by an overly capable entity [15].
Consequently, this psychological discomfort triggers a negative behavioral shift, making
users less likely to fully engage with the assistant [7]. Therefore, the first question proposed
by this study is as follows: How do the machine minds of AI-based voice assistants nonlinearly
affect user engagement?

Furthermore, mind perception theory categorizes the ascription of minds into
two distinct forms: the agentic mind (the ability to plan and act) and the experiential
mind (the ability to feel emotions) [16,17]. The agentic and experiential minds of machines
can cause AI aversion [18]. For instance, Gray and Wegner [9] suggested that the experien-
tial mind of machines leads to AI aversion. Recent studies similarly show that transforming
an AI service provider purely into an emotional experiencer can sometimes backfire [19].
However, their comparative effects in an interactive flow remain underexplored. Thus, it
remains unclear how the agentic and experiential dimensions comparatively drive or miti-
gate user engagement within a nonlinear relationship. This leads to the second question:
Which specific dimension of the machine mind—agentic or experiential—ultimately pushes the user
past the tipping point into aversion during ongoing interactions?

To address the questions, this study makes several contributions. First, by drawing on
the literature regarding the uncanny valley effect of machine minds, this study investigates
the nonlinear relationship between the machine mind of AI-based voice assistants and
user engagement. This exploration provides novel insights into the diffusion of AI-based
voice assistants embedded within smart hardware in the context of Industry 4.0. Second,
leveraging mind perception theory, this study examines the underlying mechanisms that
foster user engagement with AI-based voice assistants, enriching the theoretical literature.
Finally, this study, in terms of the comparable effects of the agentic and experiential
dimensions of the machine mind, further explores the mechanisms by which the machine
mind affects user engagement with AI-based voice assistants. The findings can enhance
our understanding of the uncanny valley effect of machine minds on user engagement,
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which can guide developers in formulating strategies for the development of AI-based
voice assistants.

2. Conceptual Framework and Hypothesis Development
2.1. The Uncanny Valley: From Appearance to Mind

The uncanny valley is a concept proposed by Mori [20] that posits a complex, nonlinear
dynamic between the degree of human-likeness in robotic designs and the affection users
feel toward such robots. That is, as robots become more anthropomorphic, moving from
less human-like to more human-like, the attraction of humans generally increases. However,
when robots closely resemble humans, this trend reverses, and a pronounced aversion
sets in. As technological advancements continue to reshape the AI market, human-like
AI has transcended mere visual appearance to encompass a spectrum of human-like
attributes [21]. For example, advanced natural language processing technology enables
AI (e.g., conversational AI agents) to engage in more nuanced and contextually relevant
conversations with humans [22]. Due to its enhanced autonomous technology, AI, such as
in autonomous vehicles, possesses a greater degree of autonomy, similar to human agency,
and can perform tasks with minimal human intervention [23]. Additionally, advancements
in machine learning, such as LLMs, have endowed AI with the capacity for learning and
self-improvement [24]. Moreover, incorporating emotional intelligence into AI can enable
it to recognize and respond to human emotions, which can result in more empathetic and
engaging interactions [22]. The existing research has shown that humans tend to adopt
an anthropomorphic approach in response to unknown entities [25]. As a result, these
cognitive activities of AI, like the human mind, lead humans to attribute machine minds to
AI, which in turn helps humans to make decisions [26].

The current human-likeness of artifacts has shifted from appearance to mind. Further-
more, AI features—its design, functionality, and interactive capabilities—fundamentally
shape users’ perceptions of AI, generating a range of cognitive, emotional, and behavioral
responses [18]. However, few studies have investigated individual responses to machine
minds. The research on the diffusion of AI-based voice assistants has found positive im-
pacts of mind perception on user attitudes and behaviors. For example, Waytz et al. [27]
examined how machine minds can enhance trust in an autonomous vehicle. Lee et al. [28]
argued that minds in chatbots can positively influence human willingness to use them.
Zhou et al. [29] found that the presence of mind features, such as voice, interactivity, and
empathy cues in AI voice assistants, can have positive impacts on continued use intention.
Following these studies, the machine mind can contribute to positive outcomes in the
process of the diffusion of AI-based voice assistants.

However, Gray and Wegner [9] found that the uncanny valley effect is not only induced
by a human-like appearance but also by machine minds. Stein et al. [10] also point to the
uncanny valley of the mind in the context of autonomous technology, in which higher
overall machine minds lead to stronger aversion. The uncanny valley of machine minds
may occur in the process of user engagement with AI-based voice assistants. When users
perceive a higher level of overall mind from AI-based voice assistants than themselves,
it may reduce their sense of control and produce concerns of identity threat [15], making
users less likely to fully use AI-based voice assistants in their lives and work [8]. Therefore,
a higher level of overall machine mind may cause negative impacts on user engagement
with AI-based voice assistants.

Based on the above arguments, a nonlinear relationship between the overall machine
minds of AI-based voice assistants and user engagement may exist. This study argues that
when the overall machine mind of AI-based voice assistants is at the perceived normal level,
as the level of the machine mind increases, it will lead to greater user engagement with
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AI-based voice assistants. In contrast, when users perceive the level of the overall mind of
AI-based voice assistants to be higher than their own, based on the uncanny valley effect,
higher levels of overall machine mind will lead to an aversive effect on user engagement.
As a result, we propose the following hypothesis.

H1: The correlation between the overall mind perception of AI-based voice assistants and user
engagement has an inverted U-shaped relationship.

2.2. Uncovering the Uncanny Valley of Machine Minds: Agentic and Experiential Mind

While Hypothesis 1 establishes an overarching inverted U-shaped relationship be-
tween general machine mind perception and user engagement, it leaves the underlying
mechanisms of this uncanny valley effect unexplored. Treating the machine mind as a
singular, unified construct identifies the general tipping point of user aversion but does
not explain why this behavioral shift occurs. To understand the underlying mechanisms
that cause user engagement to decline at high levels of perceived mind, it is necessary to
unpack the overarching machine mind into its discrete components.

Drawing upon the mind perception theory [17], humans perceive the minds of non-
human entities by attributing agency and experiences to them; namely, the agentic mind
and the experiential mind. Specifically, agency refers to the ability to plan and act, whereas
experience refers to the ability to experience emotions and feelings [30]. As a result, from a
view of social judgment, agency is measured through competence perception, while experi-
ence is considered to be warmth perception [31]. Prior research on the mind perception of
AI has investigated the impacts of two types of social judgment (competence and warmth
perception) on individual responses, showing that both lead to positive effects [32].

However, the results of previous studies on the comparative effects of AI agentic and
experiential minds on individual responses have been inconsistent [33]. Some studies
have shown that the AI experiential mind is the main determinant of individual positive
responses. For example, Yam et al. [34] found that the AI experiential mind (specifically, a
high level of experiential mind), rather than the AI agentic mind, has a mitigating effect
on the relationship between robot service failures and customer satisfaction. Yoganathan
and Osburg [21] also found that the AI experiential mind, rather than the AI agentic mind,
can increase satisfaction with voice-based conversational agents among users. In addition,
other studies have provided evidence of the significant impact of AI agentic minds. For
example, Appel et al. [18] found that the experiential mind of humanoid robots can induce
stronger feelings of eeriness than their agentic mind. Spaccatini et al. [35] suggested that in
terms of empathy toward the target, the AI experiential mind does not lead to an increase
in empathy but rather to a decrease. However, AI agentic minds do lead to an increase.

Based on the above, this study argues that the agentic and experiential minds of
AI-based voice assistants can cause significant effects on the uncanny valley of machine
minds. Compared with the agentic mind of AI-based voice assistants, their experiential
mind can inhibit user engagement when at a high level of mind perception, proposing that
the uncanny valley of machine minds can be induced by a high-level experiential mind of
AI-based voice assistants [36]. Compared with companion robots, AI-based voice assistants
are mainly considered agents that help users to perform tasks [37]. A high level of AI
agency is more likely to meet the more nuanced needs of its users, which contributes to a
higher degree of user engagement [38]. However, drawing on Hoffman and Novak [36], we
propose that an excessively high-level experiential mind of AI-based voice assistants might
theoretically induce a sense of information and emotion overload for the user. Although
not directly measured as a mediator in the present study, this overload is anticipated to act
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as an underlying psychological mechanism that disrupts the interactive flow, leading to a
decline in user engagement. Therefore, we hypothesize the following.

H2: Compared to the agentic mind of AI-based voice assistants, the experiential mind can weaken
the impact of the mind on user engagement.

3. Overview of the Studies
To answer the proposed question, we conducted two studies to investigate the com-

plex underlying laws between the minds of AI-based voice assistants and user engage-
ment with them. Specifically, Study 1 investigated whether there is a unitary relationship
(i.e., a negative or a positive correlation) between mind perception and user engagement
with AI-based voice assistants to answer the first question. We collected online reviews
of smart products, rather than self-reported data (e.g., questionnaire survey), and devel-
oped a high-order polynomial econometric model, rather than a linear one, to elucidate
the relationship between mind perception and user engagement. To address the second
question, in Study 2, following Gray et al. [17], we conducted an online experiment to
further investigate how mind perception affects user engagement with AI-based voice
assistants by categorizing mind perception into the agentic and experiential mind.

3.1. Study 1

Following the existing literature, we proposed Hypothesis 1 and further developed
the high-order polynomial econometric model to investigate the relationship between the
minds of AI-based voice assistants and user engagement. Online reviews of smart prod-
ucts, which are better responses than traditional surveys [21], were employed to examine
Hypothesis 1. Based on online reviews, this study adopted the machine learning tech-
niques of the text convolutional neural network (TextCNN) to measure user engagement
with AI-based voice assistants. We then developed and examined the econometric model.
UTEST and several robustness checks were also employed to increase the robustness of the
results. The methodology of this study is described in detail below.

3.1.1. Instrument Development

User engagement refers to “a quality of user experience characterized by the depth of an
actor’s cognitive, temporal, affective, and behavioral investment when interacting with a digital
system” [6], indicating cognitive, affective, and behavioral investment [39]. As a result, the
cognitive–affective–behavioral framework was used in this study to predict user engage-
ment with AI-based voice assistants.

Due to the difficulty of directly obtaining accurate, self-reported mind perceptions
from archival user reviews [25], this study utilizes product tiering (operationalized via
price and model level) as a relatively objective proxy for the perceived machine mind. In
the AI hardware industry, product tiering among the same brand is fundamentally driven
by the embedded AI computing power (e.g., Neural Processing Units) and multi-modal
sensory inputs [22]. Specifically, basic entry-level models primarily handle rudimentary
command-and-response interactions. In contrast, higher-tier flagship models are equipped
with advanced algorithms and sensors that enable proactive task planning (exhibiting a
higher agentic mind) and user emotion/context recognition (exhibiting a higher experiential
mind). Therefore, moving from low- to high-level models within the same product category
intrinsically reflects a progressive escalation in the assistant’s capability to project a human-
like mind to the user.

Due to differences between mind perceptions of AI-based voice assistants [25] and the
fact that we cannot obtain accurate mind perceptions from users, this study can measure
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mind perceptions with relatively objective criteria. It is well known that, among smart
products of the same category (e.g., smart speakers), the higher the price, the higher the
customer’s mind perception of them is likely to be. In this study, we characterize the level
at which smart products can be perceived based on a low to high level of models among
smart products of the same category and brand.

3.1.2. Data Collection

The data were collected from online reviews of smart products on JD (https://www.
jd.com/ accessed on 17 October 2022), one of the most popular e-commerce platforms
in China, especially electronics such as cell phones, home appliances, and computers.
This study selected customer reviews of the DuerOS smart screen from Baidu, a famous
Chinese internet company. Specifically, DuerOS is the focal AI-based voice assistant, and
the smart screen serves merely as the physical hardware vessel through which users
interact with the assistant’s mind. DuerOS smart screens are more popular than their smart
speakers. Baidu has invested a lot of resources in the development of smart screens and
has made a distinction between several levels of smart screens, with prices ranging from
RMB 249 to 1699.

This study developed a web crawler to collect customer reviews of smart screens from
Baidu on JD. All data were collected with strict adherence to JD.com’s platform terms of ser-
vice and standard robots.txt protocols. The custom web crawler was programmed to access
only publicly available user reviews and implemented appropriate rate-limiting constraints
to ensure it did not disrupt the platform’s normal operations. Considering the sensitivity of
personal information, detailed demographic data such as gender, age, and place of origin
for each customer were not disclosed. Thus, the crawler only collected information such as
customers’ review text, their JD Plus membership status, product ratings, the smart screen
model number, user avatars, and the review’s date. The collected data have no privacy
implications as the information was publicly available. The dataset covers the period from
11 June 2016, to 14 October 2021, totaling 26,075 reviews. System default comments, such
as “This customer did not provide a review,” “This customer did not submit a review in
time,” and “You did not fill in the content, the default positive feedback”, were deleted.
Comments related to product logistics, customer service, platform, material, size, payment,
sound quality, and other aspects unrelated to customers’ experiences with smart screens
were also excluded.

A total of 20,779 reviews were included in the final sample. The dataset covered all
DuerOS smart screen model numbers, including AIR, X6, 1S, 1C/1C-4G, X8, X10, T8, T10,
etc., with a price range of RMB 249–1699. The DuerOS smart screen model numbers are
categorized into four levels (L1–L4), as shown in Table 1.

Table 1. Level classification of the DuerOS smart screen model number.

Level Model Number Price (RMB)

L4 (Flagship) T10 1699
T8 999–1299

L3 (Mid-High)
X10 1099
X8 for Education 699
X8 649

L2 (Standard)
1C/1C-4G 499–699
1S 389
X6 399

L1 (Basic) AIR 249–299
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3.1.3. TextCNN-Based Prediction Model for User Engagement

A TextCNN model, proposed by Kim [40], was used to classify each review from the
cognitive, affective, and behavioral responses to predict the user engagement with smart
products based on the collected customer reviews. A customer review may have cogni-
tive, affective, or behavioral attributes that can characterize the user’s engagement with
smart products.

3.1.4. TextCNN Model Training

A TextCNN model was trained before being used as a deep learning model. The
TextCNN was trained directly on the native Chinese text scraped from JD.com to fully
preserve the original semantic and affective nuances of the user reviews. Programmatic
translation was not employed prior to classification, as it risks diluting the cognitive and
emotional context. Specifically, the native Chinese reviews were tokenized, and Word2vec
embeddings were utilized to map the tokens into a multidimensional vector space for the
CNN architecture. Two researchers independently coded the same 1100 randomly collected
reviews and ensured that the Cronbach’s alpha value was greater than the threshold of 0.7.
The manual coding rules and properties presented in Table 2 were translated into English
exclusively for manuscript presentation and international readership accessibility.

Table 2. Coding rules of cognition, affective, and behavior.

Property Type Property Value Manual Processing Rules

Cognitive response 0 or 1

1. Is the product considered important for
family well-being or harmony?
2. Do they think the product is important for
dealing with more family matters?
3. Is there a desire to support the family or
yourself as much as possible with
this product?
4. Does it mention the importance of the
product for loved ones, e.g., your children
or parents?
5. Is there any mention of using the product
to help loved ones instead of yourself?

Affective response 0 or 1

1. Do you have a positive attitude toward
the product?
2. Are the feelings toward the
product positive?
3. Are the emotions toward the
product positive?

Behavioral response 0 or 1

1. Is there any mention of purchasing the
product more than once?
2. Did you mention that you purchased the
product again?
3. Have you actively recommended
this product?

In this study, the ratio of the training set to the test set was 8:2, and the ratio of the test
set was 0.2. Parameter tuning was carried out after setting the parameters according to
those of the most popular TextCNN model. Cross-validation was performed to determine
the optimal combination of hyperparameters.
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The detailed architecture of our TextCNN model is structured as follows. First, the
token embedding layer utilizes a pre-trained Word2vec model optimized for Chinese
text to map discrete words into a continuous 300-dimensional dense vector space. The
network was constructed using a vocabulary size of 24,500 unique tokens derived from
our experimental corpus. Following the embedding layer, the model employs parallel
1D convolutional layers to extract local n-gram features. Crucially, the Rectified Linear
Unit (ReLU) activation function is applied to the output of these convolutional layers to
capture nonlinear semantic features. Subsequently, a 1D max-pooling operation over time
is used to down-sample the feature maps, capturing the most salient features. Finally,
the pooled features are concatenated, passed through a dropout layer for regularization,
and fed into a fully connected layer with a Softmax activation function to output the final
classification probabilities.

Parameters were set at (3, 4, 5), (6, 7, 8), and (4, 8, 12) for filter window sizes; 50, 100,
and 200 for numbers of feature maps; 10, 15, 16, 32, 64, and 128 for mini-batch sizes; 0.1, 0.3,
and 0.5 for dropout rates; and 0.001, 0.01, 0.1, 1, and 2 for L2 penalty term coefficients.

Following Ravichandran and Deng [41], accuracy was selected as the primary metric.
In addition, a tenfold cross-validation approach was used in this study to avoid overfitting
and to improve the generalization of the model, determining the best-performing hyperpa-
rameters as follows: a batch size of 32, a filter window (H) of (3, 4, 5), the number of feature
maps at 200, a dropout rate (P) of 0.3, an L2 constraint (S) of 0.001, and a mini-batch size
of 32. The trained model’s accuracy was 0.960, precision was 0.982, recall was 0.971, and
F1-score was 0.976, indicating acceptable generalization.

Based on this, another cross-validation was performed with this set of optimal pa-
rameters. The average accuracy of the labels for the cognitive, affective, and behavioral
responses was greater than 90%, which indicates that the model’s combination of parame-
ters was acceptable. The remaining customer reviews were then labeled using the model to
obtain the labels of the cognitive, affective, and behavioral responses for each review; that
is, each review was labeled as either 0 or 1 in each of these three response categories.

3.1.5. Modeling and Data Analysis

Each review, with index i, corresponds to the value of user engagement with smart
products (Y_Engagei) calculated by applying the TextCNN model, which is in the range
of [0, 3]. Each review has a DuerOS smart screen model number with the following op-
erationalization: AIR as 1; X6, 1S, and 1C/1C-4G as 2; X8, X8 for Education, and X10 as
3; and T8 and T10 as 4. Thus, the range of values of mind perception, (Mind_perceptioni),
corresponding to each review is [1, 4]. In addition, the product model number corre-
sponding to each review may have a different version of the intelligent personal assistant
(IPA_versioni). Based on the time each review was posted, we determined its correspond-
ing IPA_versioni, with a value in the range of [1, 6]. Each review corresponds to a customer
rating (Review_scoresi), the value of which is in the range of [1, 5]. Each review corresponds
to a member status of JD (JD_Plusi), with a value of 0 or 1. Each review corresponds to a
length of the review text (Word_lengthi), computed using the string function. IPA_versioni,
Review_scoresi, JD_Plusi, and Word_lengthi were the control variables. The detailed model
is shown in (1).

Y_Engagei = β0 + β1 ∗ ln(Mind_perception i) + β2 ∗ ln(Mind_perception i)
2

+ β3 ∗ ln(IPA_versioni) + β4 ∗ ln(Review_scoresi) + β5
∗ JD_Plusi + β6 ∗ ln(Word_lengthi) + εi

(1)

where β0 is a constant term, β1 is the coefficient term of Mind_perceptioni, β2 is the co-
efficient term of Mind_perception2

i , β3 is the coefficient term of IPA_versioni, β4 is the
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coefficient term of Review_scoresi, β5 is the coefficient term of JD_Plusi, β6 is the coefficient
term of Word_lengthi, and εi is the error term.

According to the rules of operation, we determined the values of Y_Engagei,
Mind_perceptioni, IPA_versioni, Review_scoresi, JD_Plusi, and Word_lengthi to obtain the
final dataset based on the econometric regression model. The descriptive statistics of the
relevant variables are shown in Table 3.

Table 3. Descriptive statistics of variables.

Observation Mean Standard Deviation Min Max

Mind perception 20,779 2.415 0.762 1 4
IPA version 20,779 4.685 0.500 3 5
Review score 20,779 4.877 0.622 1 5
JD plus status 20,779 0.610 0.487 0 1
Word length 20,779 46.331 42.510 1 509
Engagement 20,779 1.563 0.629 0 3

While price tiers and product models inherently correlate with better hardware spec-
ifications (e.g., screen size, sound quality), they serve as an effective proxy for machine
mind perception in the context of AI-based voice assistants for several reasons. First, man-
ufacturers strategically differentiate these tiers based on advanced AI capabilities, such
as multi-turn conversational competence, proactive interaction, and emotion recognition,
which directly induce higher mind perception. Second, to isolate the psychological effect of
mind perception from premium hardware appeal, our econometric model explicitly con-
trols for general user satisfaction (Review_scoresi) and software generations (IPA_versioni).
Furthermore, any residual confounding effects related to physical hardware in Study 1 are
fully neutralized in Study 2, which utilizes a controlled experimental design that holds the
physical device constant to exclusively manipulate mind perception.

A correlation test of the variables used in the model revealed that the correlation
coefficients were less than 0.3 (see Table 4). In addition, the variance inflation factor of the
variables was less than 1.1, indicating that there was no problem with multicollinearity. The
limitation of the type of data causes the skewed distribution problem. Log transformations
were carried out for Mind_perceptioni, IPA_versioni, Review_scoresi, and Word_lengthi to
facilitate subsequent regression analysis.

Table 4. Correlation test of variables.

Review Score Mind Perception IPA Version JD Plus Status Word Length Engagement

Review score 1.000
Mind perception 0.07 *** 1.000
IPA version −0.02 *** 0.18 *** 1.000
JD plus status 0.04 *** −0.03 *** −0.08 *** 1.000
Word length −0.04 *** −0.03 *** −0.17 *** 0.23 *** 1.000
Engagement 0.23 *** 0.04 *** −0.04 *** 0.12 *** 0.26 *** 1.000

Note: *** p < 0.001.

The Stata 15.1 software was used for regression analysis. As shown in Table 5,
Model 1 examines the correlation between the following control variables: IPA_versioni,
Review_scoresi, JD_Plusi, and Word_lengthi and Y_Engagei. The results suggest that the
higher the customer ratings, the higher the likelihood of user engagement with smart
products (β = 0.616, p < 0.001), which is consistent with IS research. Compared to non-
JD members, JD Plus members were more inclined to use user engagement with smart
products (β = 0.046, p < 0.001). This may be because JD Plus members prefer 3C products,
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making them more likely to engage with smart products. More advanced versions of intel-
ligent personal assistants were more conducive to user engagement with smart products
(β = 0.089, p < 0.05). This may be because, as versions of intelligent personal assistants
are upgraded, AI-based voice assistants behave more intelligently, thus facilitating user
engagement with smart products. In addition, longer reviews were associated with a
greater likelihood of engaging with smart products.

Table 5. Results of the regression analysis.

Variable
Dependent Variable = Y_Engagei

Model 1 Model 2 Model 3

Constant β0
−0.264 ***
(0.068)

−0.267 ***
(0.068)

−0.335 ***
(0.074)

JD_Plusi
0.046 ***
(0.008)

0.047 ***
(0.008)

0.048 ***
(0.008)

log(Review_scorei)
0.616 ***
(0.021)

0.611 ***
(0.021)

0.610 ***
(0.021)

log(IPA_versioni)
0.089 *
(0.036)

0.072 *
(0.036)

0.108 **
(0.039)

log(Word_lengthi)
0.203 ***
(0.004)

0.203 ***
(0.004)

0.204 ***
(0.004)

log(Mind_perceptioni)
0.045 ***
(0.011)

0.129 **
(0.038)

log(Mind_perceptioni)2 −0.069 *
(0.030)

N 20,779 20,779 20,779

R2 0.1506 0.1514 0.1516

F 1067.82 863.20 720.47
Note: Standard deviations are in parentheses; * p < 0.05; ** p < 0.01; *** p < 0.001.

Model 2 adds explanatory variables to Model 1. The analysis of Model 2 shows a
significant coefficient (β = 0.045, p < 0.001) between Y_Engagei and Mind_perceptioni. In
addition, Model 3 adds Mind_perception2

i to Model 2 to further investigate the underlying
mechanisms between mind perception and user engagement with smart products, such
as a U-shaped or inverted U-shaped relationship. The results show that the coefficient
term of Mind_perception2

i in Model 3 is significant (β = −0.069, p < 0.05), suggesting
an inverted U-shaped relationship between mind perception and user engagement with
smart products.

3.1.6. Inverted U-Shaped Relationship Test

The significance of the quadratic term in regression analyses in econometric studies
does not indicate that a U-shaped or inverted U-shaped relationship necessarily exists. A
partially inverted U-shaped curve can occur in the real world, such as on the left or right of
the curve. The procedural tests proposed by Haans et al. [42] can be performed to further
examine a U-shaped or inverted U-shaped relationship based on the regression analysis.
In this study, we used Stata 15.1 and installed Stata’s UTEST module to test an inverted
U-shaped curve. The results are shown in Table 6.
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Table 6. The testing results of the inverted U-shaped relationship.

Lower Bound Upper Bound

Interval 0 1.386
Slope 0.129 −0.063
t-value 3.431 −1.325
P > |t| 0.000 0.0926
Significance (yes/no) yes yes
Extreme point 0.931 +

95% Fieller interval [0.742; 2.698]
Overall test for inverted
U-shape

t-value = 1.32
P > |t| = 0.0926

Note: + p < 0.1.

The results show that the slope is significantly positive when mind perception reaches
its minimum value, while the slope is marginally significantly negative (p < 0.1) when mind
perception is at its maximum value. As a result, when the level of mind perception goes
from small to large, the effect of mind perception on user engagement leads to changes from
positive to negative, suggesting that the relationship between mind perception and user
engagement has an inverted U shape. In addition, the extreme points of mind perception
at the 95% confidence interval lie within the range of values of mind perception, which
is further evidence of their inverted U-shaped relationship. To present the relationship
between mind perception and user engagement more intuitively, the regression results are
visualized in Figure 1, from which it can be seen that there is a clear inverted U-shaped
relationship between mind perception and user engagement.

 
Figure 1. The predicted relationship. Note: x = mind perception, y = user engagement; the curve
represents the predicted relationship between mind perception and user engagement. These are
partial predictions holding controls at their means, not raw engagement scores.
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3.1.7. Robustness Check

To further determine the relationship between mind perception and user engagement
and to reduce the risk of bias from measurement methods, estimation methods, etc., a
robustness check was conducted. The measurement rule for user engagement was changed
by classifying product reviews with two or more text tags as user engagement with a
smart product, and those with 0 or 1 text tag as non-engagement. This is mainly due
to the fact that the perturbation effect of a 0 or 1 text tag on user engagement may be
severe, and results involving only one aspect of user engagement—affective, behavioral, or
cognitive—may not be sufficient to predict user engagement.

Then, a logit econometric regression model was used to estimate the relationship
between mind perception and user engagement. The specific logit model is shown in (2).

P(engage_dumi = 1|Xi)

=
∧


α0 + α1 ∗ ln(Mind_perception i)

+α2 ∗ ln(Mind_perception i)
2 + α3 ∗ ln(IPA_versioni)

+α4 ∗ ln(Review_scores i) + α5 ∗ JD_Plusi
+α6 ∗ ln(Word_length i) + ϵi

 (2)

Specifically,
∧
(x) = ex/(1 + ex), where α0 is a constant term, α1 is the coefficient term

of Mind_perceptioni, α2 is the coefficient term of Mind_perception2
i , α3 is the coefficient

term of IPA_versioni, α4 is the coefficient term of Review_scoresi, α5 is the coefficient term
of JD_Plusi, α6 is the coefficient term of Word_lengthi, and ϵi is the error term. Logit
regression analysis was then performed using Stata 15.1, and the results are shown in
Table 7.

Table 7. Results of logit regression analysis.

Variable
Dependent Variable = engage_dumi

Model 4 Model 5 Model 6

Constant β0
−5.653 ***
(0.277)

−5.668 ***
(0.276)

−5.910 ***
(0.295)

JD_Plusi
0.112 ***
(0.031)

0.119 ***
(0.031)

0.122 ***
(0.031)

log(Review_scorei)
1.679 ***
(0.101)

1.654 ***
(0.101)

1.652 ***
(0.100)

log(IPA_versioni)
0.320 *
(0.131)

0.242
(0.131)

0.363 *
(0.142)

log(Word_lengthi)
0.750 ***
(0.017)

0.750 ***
(0.017)

0.754 ***
(0.017)

log(Mind_perceptioni)
0.207 ***
(0.039)

0.502 ***
(0.137)

log(Mind_perceptioni)2 −0.242 *
(0.108)

N 20,779 20,779 20,779
Pseudo R2 0.0950 0.0960 0.0961
Log pseudolikelihood −13,000.365 −12,986.447 −12,983.92

Note: Standard deviations are in parentheses; * p < 0.05; *** p < 0.001.

The results of Model 5 show that the correlation between mind perception and
user engagement is significant and positive, the coefficient of the quadratic term of
Mind_perceptioni of Model 6 is significant and negative, and the coefficient of the primary
term of Mind_perceptioni is positive, which indicates an inverted U-shaped relationship
between mind perception and user engagement. Therefore, the results based on the logit
regression model are consistent with the results of the previous statistical analysis.
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Stata 15.1 was also used to analyze the probit regression model. The results show that
the correlation between mind perception and user engagement was significant and positive,
the coefficient of the quadratic term of Mind_perceptioni was negative and significant, and
the coefficient of the primary term of Mind_perceptioni was positive, indicating that the
relationship between mind perception and user engagement has an inverted U shape. The
coefficient of the quadratic term of Mind_perceptioni was negative and significant, while
the coefficient of the primary term of Mind_perceptioni was positive, indicating that the
relationship between mind perception and user engagement has an inverted U shape.

Then, the measurement rule of user engagement was further narrowed down by ma-
nipulating product reviews with three text tags as user engagement with smart products;
namely, all three responses of affective, behavioral, and cognitive factors. The remaining
product reviews with fewer than three text tags were manipulated as non-engagement.
Stata 15.1 was used to analyze the probit regression model; the coefficient of the pri-
mary term of Mind_perceptioni was positive, and the coefficient of the quadratic term of
Mind_perceptioni was significant and negative, which indicated an inverted U-shaped
relationship between mind perception and user engagement. The robustness of the results
was tested by varying the measurement of the explanatory variables and the estimation of
the model.

Following the robustness check [43], we examined the sensitivity of our results to
outliers and winsorized the sample of mind perception at 1% and 99%. The dataset was
processed using Stata 15.1 and analyzed again after winsorizing. The results remained
consistent with the original findings.

Finally, recognizing that the dataset spans from 2016 to 2021—a period characterized
by significant advancements in AI and smart device technology—we conducted a tem-
poral split-sample robustness check to ensure that our findings were not confounded by
technological evolution. We divided the dataset into an early period (2016–2018) and a
recent period (2019–2021) and re-estimated the econometric models for both sub-samples.
The dataset was processed using Stata 15.1, and the coefficient of the quadratic term of
Mind_perceptioni remained negative and significant across both timeframes. This tempo-
ral consistency confirms that the inverted U-shaped relationship between machine mind
perception and user engagement holds true regardless of the progressive advancements in
the intelligent personal assistant versions.

3.2. Study 2

This study consisted of an online experiment to test the results of Study 1 and further
explore the underlying laws contributing to the findings by manipulating mind perception
based on the agentic and experiential mind of AI-based voice assistants (see Hypothesis 2).
The online experiment individually manipulated the agentic and experiential mind of
AI-based voice assistants into low, medium, and high levels, leading to differences in mind
perception. That is, a mindless smart product can be manipulated via a low level of com-
petence in agency and experience; a medium mindful smart product can be manipulated
via a medium level of competence in agency and experience; and a highly mindful smart
product can be manipulated via a high level of competence in agency and experience. We
also considered agent-based and experience-based AI-based voice assistants; namely, a high
level of competence in agency and a low level of competence in experience responding to
the agentic mind, and a low level of competence in agency and a high level of competence
in experience responding to the experiential mind. As a result, a five-cell experiment
was performed, as shown in Table 8. Since these five cells were all that was needed for a
complete comparison of the experimental results, we did not examine the other four cells
in the online experiment.
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Table 8. Manipulation of the competence in the minds of smart products.

Highly Mindful
(Both High-Level: Agency

and Experience)
-

Experiential Mind
(Low Level of Agency,

High Level of Experience)

-
Medium mindful

(Both medium level:
agency and experience)

-

Agentic mind
(High level of agency,

low level of experience)
-

Mindless
(Both low-level:

agency and experience)

3.2.1. Research Design and Participants

An online experiment was conducted to test Hypothesis 2. Since users of AI-based
voice assistants are familiar with and actively use the internet, a more widely distributed
random sample could be obtained through online experiments. The online experiment was
conducted with Credamo (https://www.credamo.com/ accessed on 17 July 2024), which
is similar to Amazon Mechanical Turk. This Chinese research platform has been used by
several researchers whose papers have been accepted by top journals, such as the Journal of
Consumer Research and Production and Operations Management. We recruited respondents
and collected experimental data from Credamo on 27–28 July 2024.

This experimental study was formally reviewed and approved by our university
ethics committee. Prior to the commencement of the online experiment, all participants
were presented with an electronic consent form detailing the scope of the study, and
formal informed consent was explicitly obtained from every respondent. Before entering
a randomized scenario, we measured participants’ mind perceptions of the AI-based
voice assistants that they used most via the following question: “Where do you think the
mind level of this smart product is at?” This allowed participants to differentiate between
the minds of smart products in the real world and in this experiment. After removing
two samples with a completion time of less than 100 s and 11 samples that failed to correctly
answer the question “Based on the above description, where do you think Smart Product
X’s mind level is at?”, a total of 249 valid samples were collected. About 47.4% of the
respondents were between the ages of 21 and 30, and about 47.4% used smart products
more than three times a day on average. The demographic characteristics of the respondents
are shown in Table 9.

Table 9. Demographic characteristics of the sample (N = 249).

Option N Percentage (%)

Gender
Male 86 34.5
Female 163 65.5

Age

≤20 1 0.4
>20 and ≤30 118 47.4
>30 and ≤40 102 41.0
>40 and ≤50 22 8.8
>50 6 2.4

Education

High school or below 10 4.0
Two-year college 24 9.6
Four-year college 174 69.9
Graduate school or above 41 16.5
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Table 9. Cont.

Option N Percentage (%)

Frequency of use
(every day)

Less than once 3 1.2
1 33 13.3
2 54 21.7
3 41 16.5
More than 3 118 47.4

3.2.2. Procedure and Measures

Following Gray and Wegner’s research [9] on mind perception, this study manipulated
the mind perception of Smart Product X by individually setting the competence in agency
and experience of Smart Product X. Thus, the manipulation of Smart Product X’s mind
can be described through its competence in agency and experience. Participants were
randomly presented with one of five types of the manipulation of Smart Product X’s mind
in a between-subjects design: agentic mind, experiential mind, mindless, medium mind,
and high mind. Drawing on the experimental manipulations of Dang and Liu [44], with
appropriate modifications, the descriptions are shown in Appendix A.

Although the term “Smart Product X” was utilized in the vignettes as a brand-neutral
placeholder to avoid pre-existing brand biases, the experimental materials explicitly de-
tailed the entity’s ability to “communicate in natural language” (see Appendix A). This
specific functional description successfully primed participants to evaluate a conversa-
tional AI-based voice assistant, ensuring strict alignment with the paper’s core theoretical
construct rather than a generic non-interactive home appliance.

First, participants were asked the following questions: “What is your level of famil-
iarity with smart products?”, “What smart products and brands do you use most often?”,
“How many times a day do you use this smart product on average?”, and “Where do you
think the mind level of this smart product is at?” Then, all participants were randomly
assigned to one of five manipulations of Smart Product X’s mind. Each participant was
asked to read instructions describing Smart Product X in detail. Then, they completed
the questionnaire measuring the manipulation check, dependent variables, and control
variables and provided their demographic information.

To assess whether participants could understand the differences between agentic mind-
ful, experiential mindful, mindless, medium mindful, and high mindful Smart Product X,
they were asked to complete eight items measuring the agency (four items) and experience
(four items) of Smart Product X on a 7-point scale to check for manipulation of mind
perception. Drawing on the measurement of user engagement developed by Sundaram
et al. [45], we adapted the four items to measure user engagement, rating each item on
a 7-point scale (1 = strongly impossible, 7 = totally). In addition, “Based on the above
description, where do you think Smart Product X’s mind level is at?” was tested as a whole
perception of mind manipulation. We also considered and measured the frequency of use,
familiarity with smart products, and presence of Smart Product X as control variables. The
original questionnaire was translated from English to Chinese. Subsequently, this Chinese
version was re-translated back into English and then once more into Chinese, minimizing
the impact of linguistic discrepancies.

3.2.3. Analysis and Results (Hypothesis 1)

To examine the inverted U-shaped relationship proposed in Hypothesis 1, we
needed a progressive continuum of overall mind perception. Therefore, we extracted
a sub-sample of three specific groups from the total dataset (N = 249): the mindless,
medium mindful, and highly mindful conditions. This specific sub-sampling resulted
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in a sample size of N = 149 (males = 50, approximately 50 participants per cell) for
this specific analysis. We conducted a one-way analysis of variance (ANOVA) to check
the manipulation of mindless, medium mindful, and high mindful Smart Product X.
Regarding the question “Based on the above description, where do you think Smart
Product X’s mind level is at?”, the results (F [2, 146] = 223.994, p < 0.05) show sig-
nificant differences between the three groups. For manipulation of mindless Smart
Product X, participants believed the mind level was almost no mind (M mindless = 1.306,
SD = 0.713). Participants also perceived the medium mindful Smart Product X as a
little less than a human mind (M medium mind = 4.392, SD medium mind = 1.401) and the
high mindful Smart Product X as almost as good as a human mind (M high mind = 5.837,
SD high mind = 1.007). The results of the ANOVA show acceptable mind manipulation.

Afterward, a one-way analysis of covariance (ANCOVA) was used to test the im-
pacts of three types of minds on user engagement. The Cronbach’s alpha value of user
engagement was 0.944, indicating good reliability. User engagement was the depen-
dent variable, and the frequency of use, familiarity with smart products, and presence of
Smart Product X were the covariates, showing a significant influence on user engagement
(F [2, 146] = 43.212, p < 0.05). Crucially, after controlling for these covariates, the omnibus
test revealed a significant main effect of mind level on user engagement (F [2, 143] = 34.626,
p < 0.05, η2

p = 0.326). Mindless Smart Product X had a negative impact on user engagement
(M mindless = 3.791, SD mindless = 1.632). Participants in the medium mindful Smart Product
X group (M medium mind = 5.823, SD medium mind = 0.501) had the strongest user engagement,
followed by participants in the high mindful Smart Product X group (M high mind = 5.092,
SD high mind = 1.314). The results of the ANCOVA support Hypothesis 1 (see Figure 2).

Figure 2. Impacts of mind levels on user engagement.

3.2.4. Analysis and Results (Hypothesis 2)

To test Hypothesis 2 and clarify the comparative effects of specific mind dimensions,
we needed to isolate the agentic and experiential traits. Therefore, we extracted a different
sub-sample of four relevant groups from the total dataset: the mindless (control), agentic
mind, experiential mind, and high mind (mixed) conditions. This specific combination
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yielded a sample size of N = 198 (male = 74) for testing Hypothesis 2. We performed
an ANOVA to check four types of mind manipulation. Once again, the question “Based
on the above description, where do you think Smart Product X’s mind level is at?” was
examined, indicating a significant difference in mind perception (F [3, 194] = 139.228,
p < 0.05). The description of the mind manipulation check is shown in Table 10. We
conducted multiple comparisons and found that the differences between agency and expe-
rience in terms of overall mind perception were not significant. In addition, Cronbach’s
alpha for the agency of smart products was 0.942, whereas for the experience of smart
products, it was 0.981, indicating acceptable reliability. ANOVA tests also revealed sig-
nificant differences between the agency of smart products (F [3, 194] = 294.099, p < 0.05)
and the experience of smart products (F [3, 194] = 358.634, p < 0.05). Both multiple com-
parisons of agency and experience between agentic and experiential minds also show
significant differences.

Table 10. Descriptive statistics of the mind manipulation check.

N Mean Std. Deviation

Agency

High mind 49 5.857 0.490
Agentic mind 49 5.393 0.926
Experiential mind 51 2.588 0.982
Mindless 49 2.122 0.604
Total 198 3.976 1.826

Experience

High mind 49 5.628 0.662
Agentic mind 49 1.796 0.990
Experiential mind 51 5.588 1.175
Mindless 49 1.367 0.418
Total 198 3.615 2.199

Mind Perception

High mind 49 5.837 1.007
Agentic mind 49 4.224 1.358
Experiential mind 51 3.941 1.256
Mindless 49 1.306 0.713
Total 198 3.828 1.962

We carried out an ANCOVA to test the impacts of the four types of minds on user en-
gagement. The covariates—frequency of use, familiarity with smart products, and presence
of Smart Product X—showed a significant influence on user engagement as the dependent
variable (F [3, 194] = 18.283, p < 0.05). In addition, the omnibus test uncovered a signifi-
cant main effect of the specific mind dimensions on user engagement (F [3, 191] = 15.143,
p < 0.05, η2

p = 0.192). Agentic mind (M agency = 5.577, SD agency = 0.903) had a stronger
positive effect than experiential mind (M experience = 4.775, SD experience = 1.463), followed
by mindlessness (M mindless = 3.791, SD mindless = 1.632). High mind (M high mind = 5.092,
SD high mind = 1.314), i.e., a mixture of agentic mind and experiential mind, had a stronger
positive effect than experiential mind but a weaker effect than agentic mind. These results
show that although both the experiential and agentic minds individually had positive im-
pacts on user engagement, a mixed mind enhanced the positive impacts of the experiential
mind but inhibited the positive impacts of the agentic mind on user engagement, which
supports Hypothesis 2.

4. General Discussion
We conducted two studies to investigate how the machine minds of AI-based voice

assistants affect user engagement with them. The results of Study 1, in which data were
collected from online reviews, suggested an inverted U-shaped relationship between the
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mind of AI-based voice assistants and user engagement with them. In Study 2, in which
data were collected via an online survey, we found that high mind reduces user engagement
compared with medium mind, which both positively affect user engagement. The results
show that the correlation between the smart product mind and user engagement is nonlin-
ear (quadratic), which is consistent with previous research on subsequent human responses
to machine minds, such as the uncanny valley effect of robots, AI agents, and autonomous
technology. For example, Stein et al. [10] indicated that a machine mind as high as a human
mind would cause human uniqueness concerns, which would lead to a stronger aversion to
autonomous technology. Dang and Liu [44] found that human-like minds cause ambivalent
attitudes (i.e., the coexistence of positive and negative attitudes) toward mindful AI robots
and showed that the adoption process of mindful AI robots as linear is an oversimplifica-
tion. Thus, the results of this study suggest that the human–machine interactions in the
era of Industry 4.0 technologies require in-depth consideration of complex relationships
(i.e., nonlinear relationships) to reveal patterns of user engagement.

Following Gray et al. [17] and Gray and Wegner [9], Study 2 categorized machine mind
perception into agency and experience perception to reveal the underlying mechanism of
the inverted U-shaped relationship in Study 1. This study shows that the agentic mind
of AI-based voice assistants is a critical driving factor. Agency perception of AI-based
voice assistants elicited the highest user engagement and accelerated the positive effect
of experience perception on user engagement (experiential mind vs. high mind). Prior
studies also found that competence perception (agency) in AI has a greater positive impact
on continuance usage intention than warmth perception (experience). In addition, at high
levels of agency perception, experience perception can have a negative impact on user
engagement (agentic mind vs. high mind). In the context of social robots, Spaccatini
et al. [35] found that attribution of agency (experience) positively (negatively) affects
empathy toward humans. Thus, the study revealed that experience perception may foster
the uncanny valley of machine minds compared with agency perception, considering user
engagement with AI-based voice assistants. We theoretically interpret this specific finding
through the lens of information and emotion overload. However, it is important to note
that because these psychological variables were not formally modeled or measured as
mediators in our current studies, this explanation serves as a logical theoretical proposition
rather than a directly observed empirical finding.

However, research on agency and experience perception in human–machine interac-
tions is still in its infancy, and its findings are inconsistent. For example, Appel et al. [18]
and Gray and Wegner [9] found that the experiential mind of robots elicits a stronger unease
than the agentic mind. Clegg et al. [26] indicated that the agentic mind of algorithms could
increase algorithm creativity, positively affecting the intention to use algorithm-controlled
products. While Yoganathan and Osburg [21] demonstrated that the experiential mind of
voice-based conversational agents can enhance user satisfaction with them, the perceived
agency has no significant effect. Yam et al. [34] suggested that a high level of perceived ex-
perience can mitigate the negative impact of service failures on satisfaction. Future research
could further investigate human–machine interaction contexts to unravel the underlying
formation laws of the uncanny valley of machine minds in different backgrounds.

Finally, the results of Study 2 suggest that anthropomorphism of mind in agency and
experience can contribute to user engagement with AI-based voice assistants compared
with mindless ones, which is consistent with the research on anthropomorphism in AI
adoption [8]. Prior IS research has shown that the usefulness of IT is a central factor in its
adoption. The agentic mind of AI-based voice assistants can directly enhance perceptions
of their competence, which corresponds to usefulness [8]. Unexpectedly, some users are
also willing to deeply use AI-based voice assistants that only feel like an experiencer.
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However, the literature has mainly focused on the impacts of the agentic mind on AI
adoption, such as autonomy [46] and adaptivity [26]. Less is known about how machines
with an experiential mind affect AI adoption. One possibility is that the experiential mind
can evoke perceptions of agency in AI-based voice assistants, leading to their usefulness.
AI-based voice assistants as experiencers can contribute to emotional resonance with users,
providing emotional valence, which can enhance user engagement with them [47]. Future
research could consider AI as an experiencer in order to explore the laws behind it in terms
of both emotional and utilitarian value.

5. Theoretical Contributions
The following theoretical contributions can be drawn from this study, investigating

how machine mind perception affects user engagement. First, this research takes the first
step toward investigating the nonlinear (quadratic) relationship between machine minds
and the diffusion of AI-based voice assistants, expanding understanding of that diffusion.
Previous studies focusing on the mechanisms underlying the diffusion of AI-based voice
assistants have assumed a linear relationship, and few studies have investigated it as a
nonlinear (quadratic) relationship. Furthermore, AI has a distinct mindset that can have
nonlinear (quadratic) effects on individual responses [9]. While a high level of machine
mind can produce more benefits, it can also create negative concerns [26]. As a result,
ambivalent attitudes toward AI can affect the process of the diffusion of AI-based voice
assistants, which cannot be seen as a simple linear effect [44]. Following this logic, this
study developed a quadratic research model to uncover the underlying laws of how mind
perception affects the diffusion of AI-based voice assistants, especially user engagement.
The findings of this study can provide new theoretical insights into the diffusion of AI-
based voice assistants from a nonlinear perspective, contributing to a theoretical basis for
future research on their diffusion.

Second, following Gray et al. [17], this study examined the underlying mechanisms
of how machine minds lead to the quadratic effect on user engagement by categorizing
machine minds into agentic and experiential minds. Previous research on the uncanny
valley effect of nonhuman entities has mainly focused on their human-like appearance [48].
Some studies have investigated how the uncanny valley effect can result in an aversion to
machine minds [11]. However, research on the effects of agentic and experiential minds
individually is still in its infancy [18]. This study also uncovered how the uncanny val-
ley effect results in aversion to machine minds by separately manipulating the agentic
and experiential minds of AI-based voice assistants in online experiments. The find-
ings can enrich the theoretical literature on the appreciation of or aversion to machine
minds, providing a better understanding of how to foster user engagement with AI-based
voice assistants.

Third, this study specifically investigated user engagement with AI-based voice assis-
tants based on mind perception. Although a few studies have found that mind perception
positively affects individual responses to AI, such as trust [49] and user satisfaction [21],
existing research shows that user engagement with IT artifacts is a key phase in IT diffu-
sion [50]. Research on the influence of mind perception on user engagement with AI-based
voice assistants is still relatively scarce. The study investigated the impact of mind percep-
tion on user engagement with AI-based voice assistants, which can enrich the theoretical
literature, expanding the scope of research from the perspective of mind perception.
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6. Managerial Implications
This study has some managerial implications for developers of AI-based voice assis-

tants. First, in addition to addressing the uncanny valley effect due to the appearance of
AI-based voice assistants, developers should emphasize their design at the level of the
machine mind. The findings of this study suggest that the correlation between machine
minds and user engagement with AI-based voice assistants is not a linear (quadratic) rela-
tionship, but an inverted U-shaped relationship, which indicates that the uncanny valley of
machine minds may impact user engagement with AI-based voice assistants. The research
object of this study is user engagement with AI-based voice assistants, but this nonlinear
effect may also exist at a certain stage of their diffusion. Once the machine mind reaches a
certain level, if developers continue to invest resources in developing the machine minds
of AI-based voice assistants, this will require higher development costs, but the benefits
may not increase. The findings can help developers to guide the strategic development of
machine minds in the process of the diffusion of AI-based voice assistants.

Second, developers need to properly integrate the capability into the agency and
experience of AI-based voice assistants, which can lead to the perception in their minds.
Consistent with the findings of prior studies, perceived anthropomorphism in machine
minds can contribute to positive individual behaviors. The findings of this study show that
AI-based voice assistants can be considered not only as agents but also as experiencers,
which positively influences their user engagement. Developers can design features that
exhibit the agentic and experiential capabilities of AI-based voice assistants to increase mind
perception, which can, in turn, lead to their diffusion. For instance, developers can set high
levels of autonomy and authority for AI-based voice assistants to perform tasks, exerting
their strong initiative to provide users with a better service experience; furthermore, during
the execution of a task, AI-based voice assistants can also properly express their feelings,
emotions, and moods instead of machine responses, which can increase mind perception.

Third, developers of AI-based voice assistants can discover that perceived agency
is more useful than perceived experience in machine minds when it comes to user en-
gagement. The findings provide clear guidance for developers to foster user engagement
based on agency and experience in machine minds. Although both the experience and
agency of AI-based voice assistants can enhance users’ anthropomorphism perception,
their experience could cause more complex consequences than their agency instills in user
engagement. Once AI-based voice assistants’ capability to display agency is strong, if
developers enhance their expressive capabilities, it may inhibit user engagement. A strong
capability to experience may lead to too much expression that is not relevant to the user,
causing overload in terms of emotions, information, etc. Thus, developers should carefully
consider how AI-based voice assistants perform in terms of experience; for example, devel-
opers can reduce the self-need expressions of AI-based voice assistants, focusing more on
performance based on user needs, such as empathy.

7. Limitations and Directions for Future Research
This study has some limitations. First, it investigated the quadratic relationship

between machine minds and user engagement with AI-based voice assistants. Future
research can attempt to examine other types of nonlinear relationships, such as cubic terms.
Second, it only considered the direct impacts of the agency and experience of AI-based
voice assistants on user engagement. The mediating factors and boundary conditions
between them could not be investigated. Future research can consider relationship norms
as boundary conditions and perception control and usefulness as mediating factors to build
the research model. Third, it considered the quadratic effect of mind perception on user
engagement with AI-based voice assistants. Future research can investigate whether a
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quadratic relationship between the machine mind and other individual behaviors exists.
Fourth, due to the nature of utilizing archival secondary data in Study 1, we operationalized
users’ mind perception using product tiering and price as objective proxies. While higher-
tier smart hardware inherently possesses advanced AI computing power and multi-modal
sensory inputs (thus reflecting higher objective machine mind capabilities), this proxy
cannot perfectly capture the granular, subjective psychological nuances of individual
consumers. Future studies could employ longitudinal surveys or experience sampling
methods to dynamically track direct, self-reported psychological perceptions of machine
minds over time.
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Appendix A
The mindless Smart Product X was as follows: “Smart Product X is unable to communicate

in natural language. It has little to no autonomy and can only perform actions based on your specific
commands; it cannot actively think, plan, or execute actions. In addition, Smart Product X cannot
feel the external world as humans do, such as hunger, cold, and pain. In its daily interactions with
you, Smart Product X cannot experience a variety of emotions and does not express its feelings,
emotions, or needs.” This description suggests a low level of competence in the agency and
experience of Smart Product X.

The medium mindful Smart Product X was described as follows: “Smart Product X
is able to communicate in natural language. It has a degree of autonomy within the scope of the
assigned task, acts based on your instructions, and can actively think, plan, and execute actions.
In addition, Smart Product X can feel the external world and emotions just like humans but does
not express its feelings, emotions, and needs in its daily interactions with you.” This description
suggests the medium level of competence in agency and experience of Smart Product X.
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The description of highly mindful Smart Product X was as follows: “Smart Product
X is able to communicate in natural language and plan ahead, use strategies to solve problems
independently, and actively think, plan, and execute actions that you may not have intended. Smart
Product X can also feel the external world like we humans do, such as through hunger, cold, and
pain. In its daily interactions with you, Smart Product X can experience a variety of emotions and
express its feelings, emotions, and needs.” This description suggests a high level of competence
in agency and experience of Smart Product X.

Agentic mindful Smart Product X was described as follows: “Smart Product X is able to
communicate in natural language and plan ahead, use strategies to solve problems independently,
and actively think, plan and execute actions that you may not have intended. But Smart Product X
cannot feel the external world like humans do, such as through hunger, cold, and pain. In its daily
interactions with you, Smart Product X cannot experience a variety of emotions and does not express
its feelings, emotions, or needs.” This description suggests the same level of competence
in agency as the highly mindful Smart Product X and the same level of competence in
experience as the mindless Smart Product X.

Finally, the description of experiential mindful Smart Product X was as follows: “Smart
Product X is able to communicate in natural language. It has little to no autonomy and can only
perform actions based on your specific commands, and cannot actively think, plan, or execute actions.
But Smart Product X can feel the external world like we humans do, such as through hunger, cold,
and pain. And in its daily interactions with you, Smart Product X can experience a variety of
emotions and express its feelings, emotions, and needs.” This description suggests the same level
of competence in experience as the highly mindful Smart Product X and the same level of
competence in agency as the mindless Smart Product X.
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