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Abstract

New AI technologies have empowered e-commerce personalized recommendation systems,
many of which now leverage time-series forecasting to capture dynamic user preferences.
However, buyers’ algorithm aversion hinders these systems from realizing their full po-
tential in enabling data-driven decisions. Current research focuses heavily on artifact
design and algorithm optimization to reduce aversion, with insufficient attention to the
temporal dimensions of human–AI interaction (HAII). To address this gap, this study ex-
plores how recommendation accuracy, novelty, and diversity—key attributes in time-series
recommendation contexts—influence buyers’ algorithm aversion from a temporal HAII
perspective. Data from 205 online survey responses were analyzed using partial least
squares structural equation modeling (PLS-SEM). Results reveal that accuracy (encom-
passing sequential prediction consistency), novelty (balanced with temporal relevance),
and diversity (covering long-term preferences) negatively impact algorithm aversion, with
perceived usefulness as a mediator. Reduced aversion further facilitates data-driven pur-
chasing decisions. This study enriches the algorithm aversion literature by emphasizing
temporal HAII in time-series recommendation scenarios, bridging human factors research
with data-driven decision-making in e-commerce.

Keywords: time-series recommendation; temporal human–AI interaction; algorithm aversion;
data-driven decision-making; perceived usefulness

MSC: 91C99

1. Introduction
The advent of AI has catalyzed a paradigm shift in personalized recommendation sys-

tems, with many e-commerce platforms now integrating time-series forecasting techniques
to capture dynamic user preferences—from short-term interest fluctuations to long-term
seasonal patterns (e.g., holiday shopping habits). These time-series recommendation sys-
tems leverage sequential behavioral data to predict future needs, aiming to bridge temporal
gaps between user intent and algorithmic output [1]. By combining LLM-powered semantic
processing with long-sequence preference modeling, they strive to deliver recommenda-
tions that are not only personalized but also temporally coherent, enhancing the potential
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for data-driven decision-making in online shopping. Such systems have become ubiqui-
tous across platforms like Amazon and TaoBao, where timely and contextually relevant
suggestions directly influence purchase outcomes.

Time-series recommendation systems reduce information search costs by aligning
recommendations with evolving user preferences over time, theoretically boosting decision
confidence and purchase conversions [2]. However, this promise is undermined by a critical
paradox: while users depend on these systems to navigate dynamic markets, they often
exhibit algorithm aversion—a psychological resistance to relying on algorithmic recommen-
dations [3]. This aversion is particularly pronounced in time-series contexts, where users
may struggle to interpret the algorithm’s handling of temporal dynamics (e.g., sudden
shifts in recommendations due to detected long-term trend changes) or inconsistencies in
sequential suggestions (e.g., conflicting short-term and long-term preferences). In such
scenarios, human–AI interaction (HAII) transcends mere utility to involve judgments of
the algorithm’s ability to “understand” temporal patterns, making temporal HAII a key
determinant of aversion.

Prior studies on algorithmic recommendations have identified algorithm attributes
like predictability [4] and error patterns [5], as well as fairness, explainability, and trans-
parency [6], as key drivers of algorithm aversion. While these studies acknowledge hu-
man perceptions [7], they overlook the unique dynamics of time-series recommendation
quality—such as how (1) “accuracy” demands sequential consistency (e.g., a system that
recommends winter coats in October and follows up with scarf suggestions in Novem-
ber, aligning with a user’s evolving seasonal needs), (2) “diversity” requires balancing
short- and long-term coverage (e.g., a user who frequently buys running shoes also re-
ceives occasional recommendations for hiking gear over months, avoiding over-narrowing
their choices), and (3) “novelty” depends on temporal relevance (e.g., seasonally appro-
priate suggestions like gifting guides in December or sunscreen in April, rather than
random unexpected items). While temporal decision logic (e.g., “why this recommenda-
tion now?”) boosts confidence [6], opaque handling of non-stationary preferences may
exacerbate resistance [8].

These temporal dimensions of recommendation quality shape user experiences
during temporal HAIIs, yet their influence on algorithm aversion remains underex-
plored. Additionally, while privacy beliefs may moderate user responses [9], the core
question—how time-series recommendation quality affects algorithm aversion through
temporal HAII—lacks empirical attention.

Drawing from the augmented Technology Acceptance Model (TAM), which empha-
sizes usefulness and contextual beliefs [10], this study investigates how three dimensions of
time-series recommendation quality—accuracy (sequential consistency), novelty (temporal
relevance), and diversity (long-term coverage)—influence algorithm aversion via perceived
usefulness, with privacy beliefs as a potential moderator. Buyers’ algorithm aversion,
which is the opposite of technology adoption, can be explained using widely used theories
of technology adoption, including the Theory of Reasoned Action (TRA), the Theory of
Planned Behavior (TPB), and the Technology Acceptance Model (TAM). TAM suggests that
whether platform users trust and continue to adopt a recommendation system depends on
the perceived usefulness of the system, which in turn is influenced by various factors [11].
By focusing on temporal HAII, we aim to unpack how users’ ongoing interactions with
time-series recommendations shape their resistance to algorithmic guidance, and ultimately,
their willingness to make data-driven decisions.

To test these hypotheses, we conducted an online survey via www.wjx.cn (a platform
comparable to Amazon Mechanical Turk) from May to June 2024, collecting 205 valid
responses. Data were analyzed using the method of partial least squares structural equation
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modeling (PLS-SEM). Results indicate that accuracy, novelty, and diversity negatively affect
algorithm aversion, with perceived usefulness as a mediator; privacy beliefs did not
moderate these relationships. Reduced algorithm aversion, in turn, facilitates data-driven
purchasing decisions.

This study makes two theoretical contributions. First, it enriches research on time-
series recommendation systems by examining negative user responses, shifting focus
from adoption drivers (e.g., trust and acceptance) to barriers like algorithm aversion. By
grounding the analysis in TAM, we clarify how temporal quality dimensions (novelty with
temporal relevance, accuracy with sequential consistency, and diversity with long-term
coverage) shape aversion through perceived usefulness. Second, it advances algorithm
aversion research by emphasizing temporal human–AI interaction, shifting focus from al-
gorithm attributes to interactive processes. It explores how the temporal quality dimension
of recommendation influences algorithm aversion via perceived usefulness, addressing the
need for research on human–AI interaction in long-sequence analysis.

Managerially, these findings help e-commerce platforms prioritize time-series recom-
mendation features—such as sequential accuracy and temporally balanced diversity—that
most effectively reduce aversion, thereby enhancing user reliance on data-driven sugges-
tions. For researchers, this study underscores the need to integrate temporal dynamics into
human–AI interaction frameworks, particularly in the context of long-sequence recommen-
dation systems.

2. Related Literature
In e-commerce or social media platforms, recommendation algorithms and systems

are widely adopted to predict potential and dynamic user preferences across historical
data, which exerts positive effects. Previous research has largely focused on how to
enhance the positive usage of recommendation systems [12], such as trust building [11],
algorithm acceptance [13,14], algorithm usage [15], recommendation preference [16], and
recommended service adoption [17]. Among these studies, most studies acknowledge that
the quality of recommendation information (simply called recommendation quality in the
following text) significantly shapes positive consumer psychology (e.g., satisfaction and
trust) and behaviors (e.g., adoption willingness and purchase decisions) [18–20].

For the positive relationship between recommendation quality and user adop-
tion/usage, scholars have further identified multiple dimensions for assessing recom-
mendation quality, including novelty, accuracy, and diversity. Kaminskas and Bridge [21]
noted that accuracy receives lower priority in product recommendations, proposing a
framework emphasizing novelty, diversity, and serendipity. Chen et al. [22] similarly
highlighted timeliness (a key temporal attribute), novelty, and relevance as drivers of
e-commerce satisfaction. Nilashi et al. [11] consolidated core quality determinants into a
triad: (1) congruence between user preferences and recommendation outputs, (2) diver-
sity of suggested items, and (3) interpretability of recommendation rationales. Xiao and
Benbasat [23] further emphasized adaptive personalization fidelity, which is relevant for
optimizing interfaces in temporal human–AI interaction.

Most recently, besides focusing on user adoption/usage, recent scholars have turned to
the phenomenon of user resistance, trying to explore hindrances to system application [24].
Especially in the era of AI, user resistance is further displayed as algorithm aversion, with
evolving conceptualizations. Dietvorst et al. [3] defined it as the preference for human
judgment over superior algorithmic predictions, framing the human–algorithm accuracy
paradox. However, this narrow view struggles to capture challenges in time-series contexts,
such as distrust stemming from inconsistent long-horizon recommendations. Addressing
this, Luo et al. [25] reformulated the concept to encompass generalized aversion toward
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algorithmic entities, including negative affect and avoidance behaviors—critical for under-
standing resistance to sequence-aware recommendation systems. As a form of negative
usage, algorithm aversion significantly constrains the effectiveness of recommendation
systems. Thus, how to reduce algorithm aversion is a critical topic.

Existing research identifies three key influential factors on algorithm aversion: al-
gorithm attributes, task types, and individual differences, with unique implications for
temporal human–AI interaction.

First, algorithm attributes like predictability and error patterns shape aversion in time-
series scenarios. For example, sequential inconsistency in recommendations (a hallmark
of long-sequence forecasting challenges) undermines trust more than isolated errors [26].
Fairness, explainability, and transparency—especially around temporal decision logic (e.g.,
“why this recommendation now?”)—boost user confidence [6], while opaque handling of
non-stationary preferences exacerbates aversion [8]. Chen and Zheng [4] highlight that users
demand interpretability of sequential reasoning, not just individual recommendations.

Secondly, in terms of task types, algorithm credibility diminishes in subjective tasks re-
quiring emotional intelligence compared to objective, quantifiable activities [27]—aligning
with the machine stereotype paradigm, which posits perceived computational superiority
paired with affective deficits [28]. This credibility gap extends to creative domains (high
vs. low creativity recommendations) and symbolic consumption contexts, particularly in
time-series scenarios where temporal nuance amplifies perceived subjectivity [29].

Lastly, individual differences constitute a critical moderating dimension in algo-
rithm aversion dynamics. Self-relevance and domain-specific expertise moderate aver-
sion through dual cognitive pathways: (1) comparative judgment contexts where buy-
ers evaluate algorithmic outputs against personal expertise, and (2) expertise-driven
overconfidence extrapolating beyond one’s competency boundaries [30]. This paradox-
ical mechanism—where specialized knowledge enhances domain confidence while dis-
torting metacognitive calibration—aligns with the Dunning-Kruger effect in temporal
HAII. Additionally, factors like familiarity with, experience of, control over, and identity
strength associated with algorithms further influence aversion, especially in long-sequence
recommendation contexts [31,32].

In conclusion, we can see that the research about recommendation systems and user
behaviors can be divided into two streams: user acceptance and user resistance (i.e., algo-
rithm aversion). For user acceptance, recommendation quality is an important influential
factor. For user resistance, algorithm attributes, task types, and individual differences are
identified as three key influential factors. Here is the research gap: while recommendation
quality is acknowledged to promote user acceptance, it is not clear whether it exerts the
same influence in decreasing user algorithm aversion, nor is it clear what the underlying
mechanism is. For this reason, this study tries to investigate how recommendation quality
influences algorithm aversion in a time-series recommendation context.

3. Research Model and Hypotheses
3.1. Research Constructs
3.1.1. Time-Series Recommendation Quality: Accuracy, Novelty, and Diversity

Product recommendations on e-commerce platforms, as reference suggestions gener-
ated by recommendation systems based on buyers’ information needs and behavioral data,
serve as a medium for personalized online information services [33]. In long-term usage,
buyers’ trust and continued reliance on recommendation systems—especially time-series
ones that process sequential behavioral data—depend heavily on the usefulness and quality
of recommendation information [11].
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Building upon Herlocker et al. [34]’s foundational work, recommendation accuracy is
operationalized as the system’s capacity to align suggested items with latent user preference
vectors (which may evolve over time) through predictive modeling. In time-series contexts,
this includes maintaining consistency across sequential recommendations to reflect stable
or gradually changing preferences. Enhanced accuracy helps users distinguish relevant
from irrelevant items across different time windows.

Novelty in recommendation systems encompasses absolute and relative dimensions.
According to Vargas and Castells [35] and Ge et al. [36], it is quantified through (1) absolute
novelty (inverse correlation with item popularity indices); (2) relative surprise (cosine
dissimilarity from historically preferred items, with temporal boundaries such as recent vs.
long-past preferences); and (3) serendipitous value (when unexpected recommendations
align with emerging or seasonal needs).

Diversity, defined as the degree of dissimilarity among recommended items and
measured via pairwise metrics [37,38], gains additional nuance in time-series scenarios. It
involves balancing short-term variety (within a single recommendation list) with long-term
coverage of diverse preferences (across sequential recommendations), helping platforms
avoid filter bubbles and ensure comprehensive inventory representation [11,39].

3.1.2. Perceived Usefulness

Rooted in the Theory of Reasoned Action (TRA), the Technology Acceptance Model
(TAM) examines technology adoption through two individual cognitive antecedents, rather
than system technical features [40]. In other words, TAM does not consider the technical
details of a system, but focuses on users’ overall perceptions of this system, which includes
perceived usefulness and perceived ease of use. For this generality, TAM has been used
to explain adoption of various technologies, even dynamic and real-time systems [41].
In this model, perceived usefulness is a belief that a system enhances task effectiveness
and productivity, while perceived ease of use is the expected effort and time reduction in
interactions [42].

In e-commerce, Vijayasarathy [10] expands perceived usefulness to consumers’ an-
ticipated value from digital marketplace affordances: informational utility, comparative
efficiency, and procedural acceleration. For time-series recommendation systems specifi-
cally, we operationalize it through three efficacy dimensions: (1) relevance Optimization:
precision matching to dynamic, time-varying preference structures; (2) decision scaffolding:
cognitive load reduction via sequential predictive analytics; and (3) temporal economy:
minimizing opportunity costs in product discovery across extended time horizons.

3.1.3. Privacy Belief

Within time-series recommendation systems—particularly those that rely on cumula-
tive behavioral data (browsing patterns and purchase histories over time)—privacy beliefs
represent buyers’ risk–benefit assessments of personal data disclosure. It shapes willingness
to share the sequential behavioral footprints essential for generating time-aware recommen-
dations [43]. Formed through evaluating online information-sharing risks and benefits [10],
this belief is pivotal for user acceptance of, and engagement with, recommendation systems
that process long-term behavioral sequences.

3.2. Research Hypotheses

This study explores how multidimensional recommendation quality—operationalized
as accuracy, novelty, and diversity—influences buyers’ algorithm aversion through perceived
usefulness, and how this relationship is moderated by privacy beliefs. Figure 1 presents the
conceptual model. The quality of recommendation information is a key factor shaping buyers’
attitudes, intentions, and behavioral responses toward time-series recommendation systems.
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The synergy between high-quality information and effective sequential prediction algorithms
is essential to reduce buyers’ algorithm aversion in e-commerce platforms [44].

Recommendation 
accuracy

Recommendation 
novelty

Recommendation 
diversity

Perceived 
usefulness

Buyers’algorithm 
aversion

Time-series 
Recommendation 

Privacy belief

Figure 1. Conceptual model.

3.2.1. Time-Series Recommendation Quality and Buyers’ Algorithm Aversion

Algorithmic determinants—including decision architecture, interface design, and
output characteristics—are critical predictors of algorithm aversion [45]. In time-series
recommendation systems, decision accuracy (here, recommendation accuracy) reflects
not only the veracity of single recommendations but also the consistency of sequential
outputs, serving as a foundational driver of user adherence. Empirical evidence shows
asymmetrical error tolerance: inaccuracies in algorithmic decisions (especially inconsistent
errors across sequential recommendations) incur harsher penalties than equivalent human
errors, eroding confidence disproportionately in tasks relying on long-term prediction [3,46].
Such failures undermine trust, leading users to doubt the system’s ability to handle dynamic
preference changes over time [47].

High accuracy in time-series recommendations helps users distinguish relevant items
across different time windows, but sole focus on accuracy is insufficient [48]. User valuation
in long-term interaction extends to serendipitous discovery [35,36]—particularly novelty
aligned with temporal contexts (e.g., seasonal needs), making novelty an additional factor
in algorithm aversion. Moreover, overly similar sequential recommendations diminish
value: uniform suggestions may fail to support long-term exploration of options or feel
monotonous, highlighting diversity (balancing short-term variety and long-term coverage)
as another critical factor.

This study posits that the tripartite quality framework of time-series recommendations—accuracy
(sequential consistency), novelty (temporal relevance), and diversity (long-term coverage)—reduces
algorithm aversion. Thus, we propose the following hypothesis:

H1. Recommendation accuracy (H1a), recommendation novelty (H1b), and recommendation
diversity (H1c) have a negative impact on buyers’ algorithm aversion.

3.2.2. The Mediation of Perceived Usefulness

Perceived usefulness, a cornerstone of the Technology Acceptance Model (TAM), is
critical for understanding users’ perceptions of time-series recommendation systems. Lin
and Lu [49] identified information system quality variables (e.g., information quality and
response time) as exogenous TAM variables, showing their impact on perceived usefulness.
This study argues that time-series recommendation quality (accuracy, novelty, and diversity)
directly shapes perceived usefulness.
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Firstly, accuracy ensures that the system precisely matches buyers’ dynamic needs
and preferences over time, helping them quickly locate products of interest amid vast
amounts of merchandise. Previous studies have found that high recommendation accuracy
reduces consumers’ search costs, thereby enhancing the convenience of their shopping
experience [50]—a key driver of perceived usefulness in sequential interactions.

Second, recommendation novelty—encompassing popularity differentials and serendip-
itous discovery—aligns with buyers’ exploratory motivations in time-series contexts. E-
commerce buyers inherently seek novel consumption experiences, with unexpected yet
relevant recommendations satisfying exploratory motivations. Scholarly consensus identifies
novelty thresholds as critical enhancers of perceived recommendation quality [37,38,51].

Lastly, diversity avoids the monotony of overly similar recommendations, ensuring
coverage of long-term preference breadth. Highly similar recommendations may fail to
illustrate available options or be perceived as biased, whereas diverse recommendations
enhance perceived usefulness by facilitating comprehensive product exploration [37,38,52].

Regarding the link between perceived usefulness and algorithm aversion, TAM’s
foundational premise suggests perceived usefulness mediates resistance to technology.
Since algorithm aversion reflects resistance to time-series recommendation systems, it is
likely mitigated when users perceive systems as useful. This aligns with frameworks where
perceived usefulness mediates the relationship between system attributes and adoption
behaviors. For example, Tao et al. [53] perceived usefulness as a mediator between online
reviews and new product diffusion.

This study contends that the three dimensions of recommendation quality in time-
series systems—accuracy, novelty, and diversity—elevate perceived usefulness, thereby
reducing algorithm aversion. Thus, we propose the following:

H2. Perceived usefulness mediates the relationship between recommendation accuracy (H2a),
recommendation novelty (H2b), or recommendation diversity (H2c) and buyers’ algorithm aversion.

3.2.3. The Moderating Effect of Privacy Beliefs

This study hypothesizes that privacy beliefs moderate the relationship between time-
series recommendation quality and algorithm aversion. Previous research delineates a
trust formation mechanism whereby recommendation quality reduces algorithm aver-
sion: accurate prediction of dynamic preferences enhances personalization efficacy and
user satisfaction—key drivers of trust in time-series recommendation systems [18,54,55].
This trust, once established, promotes long-term confidence in sequential recommenda-
tions [11]. Conversely, perceptions of inappropriate or biased sequential recommendations
may trigger distrust, degrading platform performance [56]. Beyond accuracy, novelty
(timely introduction of new items) and diversity (long-term preference coverage) also foster
trust in such systems [11].

However, the efficacy of this trust formation pathway is contingent on buyers’ privacy
beliefs [57]—particularly in time-series systems that rely on cumulative behavioral data (e.g.,
long-term browsing histories, seasonal purchase patterns, etc.) to refine recommendations.
Buyers with strong privacy beliefs are more confident that their sequential data will be
securely handled and appropriately used to inform time-aware recommendations. Given
the inherent risks of sharing long-term behavioral footprints, these buyers are more willing
to tolerate vulnerability in exchange for personalized recommendations, reflecting higher
baseline trust compared to those with weaker privacy beliefs.

Thus, strong privacy beliefs amplify the extent to which time-series recommendation
quality (accuracy, novelty, and diversity) mitigates algorithm aversion: when users trust that
their long-term data is protected, they are more likely to attribute high-quality sequential
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recommendations to the system’s effectiveness (rather than dismiss them due to privacy
concerns). We therefore propose the following:

H3. Privacy beliefs strengthen the negative influence of the recommendation accuracy (H3a),
recommendation novelty (H3b), or recommendation diversity (H3c) of time-series recommendation
information on buyers’ algorithm aversion.

4. Methodology
4.1. Data Collection

This study focuses on Chinese e-commerce platforms, examining how time-series
recommendation quality within these platforms influences buyers’ algorithm aversion. The
target respondents were users with experience interacting with sequential recommendation
systems on such platforms. Data were collected via an online survey using www.wjx.cn
(a platform with functions comparable to Amazon Mechanical Turk). In other words, we
designed and published an online questionnaire on the platform www.wjx.cn. Then, a link
for the questionnaire was generated on this platform and distributed through other social
media channels, including WeChat, QQ, and Weibo. Participants volunteered to answer the
questionnaire. In order to reduce potential common method bias, we adopted separation
techniques, specifically, temporal separation, to collect data at different points in time [58].
This technique can help to erase measurement-related clues and to improve the accuracy of
responses [59]. In detail, the data collection period spanned from 1 May 2024 to 30 May
2024, which helped to capture variations in user experiences with recommendations across
different temporal points.

After deleting incomplete and invalid responses with the same score for all options,
205 valid responses were collected in the end. In the structural equation model, the ratio
of the sample size to the number of observed variables should have been controlled in
the range of 10:1 (10 observations per one estimated parameter) or even 20:1. A total of
205 valid responses were obtained in this survey, which met the requirements [60].

Table 1 presents a descriptive statistical analysis of the survey participants. Regarding
gender distribution, the survey respondents were 54.63% male and 45.37% female, showing
a slightly higher number of male users in the sample. Age analysis revealed that users
aged 18 to 30 years constituted the largest group (31.22%), followed by those aged 31 to
43 (24.39%) and 44 to 56 years (15.61%). In terms of education, individuals with a bachelor’s
degree were the largest group (45.37%), followed by those with a high school education
or lower (34.15%). Regarding monthly income, users with incomes between 6000 and
8000 RMB made up the highest proportion (29.76%).

Table 1. Sample descriptions.

Indicator Value Frequency Percentage Cumulative Percentage

Gender
Male 112 54.63 54.63

Female 93 45.37 100

Age

<18 46 22.44 22.44
18–30 64 31.22 53.66
31–43 50 24.39 78.05
44–56 32 15.61 93.66
>57 13 6.34 100

Education

Senior high school 70 34.15 34.15
College degree 30 14.63 48.78
Bachelor degree 93 45.37 94.15

Master and doctor 12 5.85 100

www.wjx.cn
www.wjx.cn


Mathematics 2025, 13, 3528 9 of 19

Table 1. Cont.

Indicator Value Frequency Percentage Cumulative Percentage

Income

<2000 RMB 48 23.41 23.41
2000–4000 26 12.68 36.1
4000–6000 43 20.98 57.07
6000–8000 61 29.76 86.83

8000–20,000 25 12.2 99.02
>20,000 2 0.98 100

Most used platform

Taobao 87 42.44 42.44
JD 54 26.34 68.78

Pinduoduo 46 22.44 91.22
Other 18 8.78 100

Frequency of online shopping
Never 5 2.44 2.44

Sometimes 147 71.71 74.15
Often 53 25.85 100

Spending on online shopping

<500 RMB 90 43.9 43.9
500–1000 60 29.27 73.17

1000–1500 36 17.56 90.73
>1500 RMB 19 9.27 100

Total 205 100 100

Among the most commonly used e-commerce platforms, Taobao.com led (42.44%),
followed by JD.com (26.34%) and Pinduoduo.com (22.44%). Most users engaged in online
shopping either occasionally (71.71%) or frequently (25.85%), with 43.9% spending less
than 500 RMB monthly and 9.27% spending over 1500 RMB. These patterns reflect the
shopping habits and consumer spending power of the participants.

4.2. Questionnaire

The questionnaire comprised 24 items related to the 6 constructs of our research model.
The question items are listed in Table 2.

Table 2. Questionnaire items.

Construct Item

Recommendation Accuracy (RA)

• The product information recommended by this platform matches
my preferences.

• This platform frequently recommends product information that
interests me.

• This platform can recommend product information I have not seen
before, and it aligns with my preferences.

• The product information recommended by this platform consistently
matches my interests.

• I can obtain accurate information related to products or services from
the recommendations provided by this platform.

Recommendation Novelty (RN)

• This platform has recommended products I had not previously
considered, but which I found very interesting.

• I feel that this platform’s personalized recommendation system can
discover my potential hobbies.

• I believe that the content recommended by this platform has
expanded my personal interests.

• I feel that the content recommended by this platform has provided
unexpectedly helpful information.
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Table 2. Cont.

Construct Item

Recommendation Diversity (RD)

• The product content recommended by this platform is diverse
and varied.

• The product content recommended by this platform is plentiful.
• The brands of products recommended by this platform are diverse

and varied.

Perceived Usefulness
(PU)

• The products recommended and promoted by the e-commerce
platform can meet my personal needs in real-time.

• The products recommended and promoted by the e-commerce
platform match my interests and hobbies.

• The e-commerce platform’s personalized recommendations
understand my information needs and preferences.

• The products recommended and promoted by the e-commerce
platform meet my hobbies and needs.

Privacy Belief
(PB)

• The e-commerce platform uses my personal
information appropriately.

• The e-commerce platform has implemented security measures to
protect member privacy; my personal information is secure and has
not been leaked.

• The e-commerce platform adheres to a confidentiality policy for
personal information.

• The e-commerce platform does not disclose or use personal
information for corporate interests.

Algorithm Aversion (AA)

• During my use of the e-commerce platform, I rarely rely on the
algorithmic recommendation feature to obtain information.

• I would feel averse to, and even avoid downloading, an e-commerce
platform that features algorithmic recommendations.

• I would uninstall an e-commerce platform if I develop an aversion to
its algorithmic recommendation feature during use.

• I would like to disable the algorithmic recommendation feature on
the e-commerce platform.

The time-series recommendation information studied in this study refers to the highly
matched product information launched by time-series recommendation systems on e-
commerce platforms, which combine user personal attributes and past browsing habits.
Additionally, three dimensions for the quality of time-series recommendation information
were considered, including novelty, accuracy, and diversity. For the scale settings, previous
scales from various researchers were referred to, with the measurement of accuracy based
on scales by Knijnenburg et al. [61] and Bollen et al. [62]; the measurement of diversity based
on a scale by Nilashi et al. [11]; and the measurement of novelty based on scales by Lin
et al. [63] and Moon and Kim [64]. Moreover, perceived usefulness was measured using a
scale by Lin and Lu [49], privacy beliefs were measured using a scale by Vijayasarathy [10]
and Rosenthal et al. [65], and buyers’ algorithm aversion was measured using a scale
by Xie et al. [66].

The participants had to express their opinions using five-point Likert scales (Strongly
Agree = 5, Agree = 4, Neither Agree nor Disagree = 3, Disagree = 2, and Strongly Disagree = 1).



Mathematics 2025, 13, 3528 11 of 19

4.3. Methods

To analyze the questionnaire data collected in this study, we employed SPSS 26.0
and SmartPLS 3.0 software, with the partial least squares structural equation modeling
(PLS-SEM) method as the core analytical tool.

Distinct from covariance-based structural equation modeling (CB-SEM), PLS-SEM
adopts a predictive rather than confirmatory analytical framework [67]. And, compared
to other SEM techniques, PLS-SEM imposes fewer strict requirements on sample size [68].
Additionally, PLS-SEM is well-suited for validating models that involve mediating effects,
making it an appropriate choice for the analytical needs of this study [69].

Given our study’s focus on identifying variables with significant impacts on the
outcomes, the relatively limited dataset, the exploratory/predictive nature of the research,
and the presence of a mediator in the model, the choice of PLS-SEM was justified for
our analysis.

5. Empirical Results
5.1. Assessment of the Measurement Model

We start with an assessment of the reliability and validity of the questionnaire. The
reliability of each specified research construct was checked before we performed the validity
analysis. And it was conducted by examining the Cronbach’s alpha scores for each. In
Table 3, we report Cronbach’s alpha with values between 0.837 and 0.911. All values are
higher than the suggested minimum threshold of 0.7, thus representing an adequate level
of internal consistency [70].

Table 3. Internal consistency of the reflective constructs.

Variables Item Number Sample Cronbach’s α

RA 5 205 0.911
RN 4 205 0.892
RD 3 205 0.837
PU 4 205 0.902
PB 4 205 0.892
AA 4 205 0.894

Note: RA = recommendation accuracy, RN = recommendation novelty, RD = recommendation diversity,
PU = perceived usefulness, PB = privacy belief, AA = algorithm aversion.

The validity of the questionnaire can be tested using the Kaiser–Meyer–Olkin (KMO)
index and Bartlett’s test of sphericity [10]. During Bartlett’s test of sphericity, it was found
that all variables had p-values below 0.05, demonstrating that the questionnaire data are
statistically significant and suitable for information extraction. Subsequently, the KMO
values were assessed, and the results showed that the KMO values for all variables were
above 0.7, indicating good validity (Table 4).

Table 4. KMO and Bartlett.

Variable Bartlett’s Sphere Test KMO Value

Approximate Chi-Square Degree of Freedom p-Value

RA 654.073 10 0 0.89
RN 456.892 6 0 0.844
RD 246.697 3 0 0.711
PU 504.74 6 0 0.842
PB 461.473 6 0 0.841
AA 466.892 6 0 0.845

Note: RA = recommendation accuracy, RN = recommendation novelty, RD = recommendation diversity,
PU = perceived usefulness, PB = privacy belief, AA = algorithm aversion.
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5.2. Correlation Analysis

To further analyze the correlations among the variables, Pearson correlation analysis
was conducted. Table 5 presents the results of the Pearson correlation analysis.

Table 5. Pearson correlation analysis.

Variable RA RN RD PU PB AA

RA 1
RN 0.888 ** 1
RD 0.851 ** 0.868 ** 1
PU 0.895 ** 0.893 ** 0.866 ** 1
PB 0.123 0.075 0.039 0.083 1
AA −0.914 ** −0.908 ** −0.862 ** −0.903 ** −0.046 1

Note: RA = recommendation accuracy, RN = recommendation novelty, RD = recommendation diversity,
PU = perceived usefulness, PB = privacy belief, AA = algorithm aversion. ** p < 0.01.

From Table 5, it is evident that there were significant positive correlations between
the accuracy, novelty, diversity, and perceived usefulness (p < 0.01), and a significant
negative correlation between algorithm aversion and the other variables (p < 0.01), which
gives statistical support for our main hypotheses and mediation hypothesis. However,
the correlation coefficients between privacy beliefs and other variables were low and not
significant (p > 0.05), indicating a weak linear relationship among them.

5.3. Regression Analysis

Before conducting regression analysis, a collinearity diagnosis should be conducted
to examine which variables should be deleted in the regression analysis. The Variance
Inflation Factor (VIF) is adopted as an indicator of the problem of multicollinearity. If the
VIF is less than 10, it is generally assumed that there is no multicollinearity. From Table 6, it
is seen that the VIF values for novelty, accuracy, and diversity are 5.402, 6.042, and 4.612,
respectively, indicating that these three variables did not have collinearity issues and could
be included in the regression analysis.

Table 6. Regression analysis.

Unstandardized
Coefficients

Standardized
Coefficients t p < |t|

Collinearity Diagnostics

B S.E. Beta VIF Tolerance

Cons_ 23.803 0.362 - 65.755 0.000 - -
RA −0.371 0.046 −0.453 *** −8.129 0.000 5.402 0.185
RN −0.373 0.059 −0.375 *** −6.364 0.000 6.042 0.166
RD −0.202 0.069 −0.151 *** −2.936 0.004 4.612 0.217

R2 0.885
Adjusted R2 0.883

F statistic 513.481 ***
Durbin–Watson 2.067

Dependent variable: algorithm aversion. *** p < 0.001.

Then, accuracy, novelty, and diversity were treated as independent variables and
algorithm aversion as the dependent variable in a linear regression analysis, with specific
results presented in Table 6. The regression coefficient for accuracy is −0.371 (p < 0.01),
indicating that accuracy has a significantly negative influence on algorithm aversion.
The regression coefficient for novelty is −0.373 (p < 0.01), indicating that novelty has
a significantly negative influence on algorithm aversion. The regression coefficient for
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diversity is −0.202 (p < 0.01), indicating that diversity has a significantly negative influence
on algorithm aversion.

5.4. Mediation Analysis

Mediating effects indicate the intermediary role of perceived usefulness in the influ-
ence of accuracy, novelty, and diversity on algorithm aversion. In this study, a bootstrap
method was used to examine the mediating effects, the detailed results of which are
presented in Table 7.

Table 7. Mediation analysis.

Item Total Effect Mediating
Effect 95% BootCI Direct Effect

RA=>PU=>AA −0.371 ** −0.073 −0.152~−0.037 −0.299 **
RN=>PU=>AA −0.373 ** −0.076 −0.140~−0.027 −0.297 **
RD=>PU=>AA −0.202 ** −0.072 −0.095~−0.020 −0.129

Note: RA = recommendation accuracy, RN = recommendation novelty, RD = recommendation diversity,
PU = perceived usefulness, AA = algorithm aversion. ** p < 0.01.

Results show that the coefficients of the mediating effect are −0.073, −0.076 and
−0.072, respectively, with the bootstrap method’s 95% confidence intervals (95% BootCI) at
[−0.152, −0.037], [−0.140, −0.027], and [−0.095, −0.020]. Since these three intervals do not
include 0, they indicate that the three mediating effects are all significant. In other words,
perceived usefulness has a significant mediating effect on the effects of recommendation
accuracy, novelty, and diversity on buyers’ algorithm aversion.

5.5. Moderation Analysis

The moderating role of privacy beliefs on the relationships between accuracy, novelty,
and diversity and buyers’ algorithm aversion were tested, respectively.

In Table 8, model 1 shows the results of the moderation regression model analyzing
the effect of privacy beliefs on the relationship between accuracy and algorithm aversion.
The coefficient for privacy beliefs is 0.072, and the p-value is below 0.05, demonstrating
that privacy beliefs significantly positively influence algorithm aversion. However, the
coefficient for the interaction term between accuracy and privacy beliefs (RA × PB) is
−0.001, with a p-value of 0.879, indicating that the interaction term is not significant in the
model. This suggests that privacy beliefs do not significantly moderate the relationship
between accuracy and algorithm aversion.

In Table 8, model 2 shows the results of the moderation regression model examining
the effect of privacy beliefs on the relationship between novelty and algorithm aversion.
The coefficient for privacy beliefs is 0.022, with a p-value greater than 0.05, indicating
that privacy beliefs do not significantly affect algorithm aversion. The coefficient for the
interaction term between novelty and privacy beliefs (RN × PB) is 0.001, with a p-value
of 0.882, indicating that the interaction term is not significant in the model. This suggests
that privacy beliefs do not significantly moderate the relationship between novelty and
algorithm aversion.

In Table 8, model 3 shows the results of the moderation regression model analyzing
the effect of user attitudes on the relationship between diversity and algorithm aversion.
In the moderation regression model, the coefficient for privacy beliefs is −0.015, with a
p-value above 0.05, suggesting that privacy beliefs do not have a significant impact on
algorithm aversion. The coefficient for the interaction term between diversity and privacy
belief (RD × PB) is 0.003, with a p-value of 0.802, indicating that the interaction term is not
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significant in the model. This implies that privacy beliefs do not significantly moderate the
relationship between diversity and algorithm aversion.

Table 8. Moderation analysis.

Model 1 Model 2 Model 3

_Cons 10.506 *** (0.147) 10.501 *** (0.153) 10.501 *** (0.185)
RA −0.757 *** (0.023) −0.373 *** (0.046) −0.371 *** (0.046)
RN −0.377 *** (0.061) −0.905 *** (0.029) −0.373 *** (0.059)
RD −0.201 ** (0.069) −0.201 ** (0.069) −1.149 *** (0.048)
PB 0.072 * (0.031) 0.022 (0.032) −0.015 (0.038)

RA × PB −0.001 (0.006)
RN × PB 0.001 (0.006)
RD × PB 0.003 (0.01)

R2 0.84 0.825 0.742
Adjusted R2 0.838 0.823 0.739

F 352.975 *** 316.477 *** 193.152 ***
∆R2 0 0 0
∆F 0.023 0.022 0.063

Note: RA = recommendation accuracy, RN = recommendation novelty, RD = recommendation diversity,
PU = perceived usefulness, PB = privacy belief, AA = algorithm aversion. * p < 0.05; ** p < 0.01; *** p < 0.001.

These results, which show a non-significant moderating effect of privacy beliefs,
align with the results of the Pearson correlation analysis (Table 5), where the correlation
coefficients between privacy beliefs and the other variables are low and not significant
(p > 0.05), indicating a very weak linear relationship.

6. Conclusions and Discussion
6.1. Findings

The current literature on time-series recommendation systems in e-commerce plat-
forms primarily focuses on two aspects: optimizing sequential recommendation algorithms
and refining the presentation of time-aware suggestions. While these systems satisfy mod-
ern buyers’ dynamically evolving preferences, their implementation raises ethical concerns
such as privacy risks associated with cumulative data usage and information narrowing
in long-term recommendation sequences. Although existing studies have identified the
filter bubble effect in personalized sequential recommendations, most research concentrates
on algorithm optimization for long-sequence forecasting and buyers’ rights regarding
sequential data disclosure. However, they neglect two critical factors: current consumers’
understanding of time-series recommendation technologies and the specific impact of such
systems on buyers’ algorithm aversion.

This study specifically examines Chinese e-commerce platforms, investigating how
three characteristics of time-series recommendations (novelty with temporal relevance,
diversity with long-term coverage, and accuracy with sequential consistency) along with
perceived usefulness and privacy beliefs influence buyers’ algorithm aversion. The key
findings are as follows:

Firstly, time-series recommendation quality significantly affects algorithm aversion. That
is, the higher the accuracy of the recommendation—meaning the more the sequential recom-
mendations align with users’ dynamically changing needs—the lower the user’s aversion
to time-series recommendation systems. The higher the novelty of the recommendation—
meaning the more the time-aware suggestions surprise buyers in contextually appropri-
ate moments—the weaker their aversion to such systems. The higher the diversity of the
recommendation—meaning the more balanced the coverage of long-term preference types
that buyers receive—the weaker their aversion to time-series recommendation systems.
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Secondly, perceived usefulness mediates the relationship between time-series rec-
ommendation quality and buyers’ algorithm aversion. When buyers find sequential rec-
ommendations accurate, temporally novel, and diversely comprehensive, they perceive
the time-series system as more useful, which in turn reduces algorithm aversion. This
mediating effect may be particularly pronounced in a Chinese context, where users often
prioritize convenience in high-frequency e-commerce interactions.

Moreover, privacy beliefs do not show a significant moderating effect on the rela-
tionship between time-series recommendation quality and buyers’ algorithm aversion,
which may be due to several reasons. For example, the relationship between privacy belief
and algorithm aversion may be inherently complex rather than straightforwardly linear,
especially in China, where users may balance privacy concerns with the practical benefits
of personalized recommendations (e.g., tailored discounts and time savings). In addition,
the measurement of user privacy beliefs may require further refinement to more precisely
capture buyers’ actual psychological states and orientations toward sharing sequential
behavioral data, which is critical for time-series recommendation systems.

6.2. Theoretical Contribution

Unlike traditional studies that focus on optimizing recommendation algorithms or
refining presentation formats, this study centers on time-series recommendation infor-
mation itself, examining three key dimensions—novelty, accuracy, and diversity—and
their influence on buyers’ algorithm aversion, along with the underlying mechanisms.
This enhances understanding of how time-series recommendation systems operate in
e-commerce contexts.

This study makes two theoretical contributions. First, it enriches research on time-
series recommendation systems by shifting focus from positive usage (e.g., trust build-
ing [11] and adoption encouragement [17]) to negative responses (algorithm aversion). As
a critical barrier to the effectiveness of time-series recommendation systems, algorithm
aversion demands attention, and this study addresses this gap by constructing and vali-
dating a TAM-based model that explores how multidimensional recommendation quality
affects algorithm aversion and its boundary conditions.

Second, it extends the literature on buyers’ algorithm aversion by shifting the focus
from algorithm attributes to temporal human–machine interaction processes and users’
subjective beliefs, thereby deepening understanding of their interplay. Specifically, recom-
mendation information serves as a core interaction element between time-series recommen-
dation systems and buyers. This study examines how three key quality indicators—novelty,
accuracy, and diversity—influence algorithm aversion, integrates users’ subjective beliefs,
and explores the mediating role of perceived usefulness and the moderating role of pri-
vacy beliefs. It thus provides a comprehensive analysis of the mechanisms behind buyers’
algorithm aversion from both temporal interaction and user perspectives.

6.3. Practical Implication

This study explores how the three dimensions of time-series recommendation quality
(accuracy, novelty, and diversity) distinctively influence buyers’ algorithm aversion, offer-
ing actionable insights for optimizing time-series recommendation services—not only to
enhance user experience and platform retention but also to facilitate data-driven decision-
making across user and business contexts.

For e-commerce platform operators and designers, these findings provide a dual-path
optimization framework. On one hand, refining recommendation systems to prioritize time-
series-specific quality metrics—sequential accuracy, temporal relevance-aligned novelty,
and diversity balancing short-term variety with long-term coverage—can reduce algorithm
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aversion. To achieve this, a recommendation interface could be designed to add a “temporal
context tooltip” briefly explaining how it aligns with their long-term preferences (e.g.,
“Recommended based on your past 3 months of outdoor gear searches”) or seasonal
relevance (e.g., “Timed for your usual winter coat purchases”). This transparency bridges
the gap between users’ understanding of “why this recommendation now” and the system’s
time-series logic, further mitigating aversion by demystifying sequential algorithms.

On the other hand, reduced algorithm aversion drives more authentic, sustained
user interaction with time-series recommendations, making derived behavioral data (e.g.,
seasonal preference shifts and long-term interest evolution) more valuable for business
decisions. Platform operators can leverage these patterns to optimize supply chain man-
agement (e.g., quarterly inventory adjustments via long-term preference forecasts) and
refine marketing strategies (e.g., timed promotions for predicted interest peaks), connecting
algorithmic time-series analysis to tangible business outcomes.

For e-commerce buyers, the research empowers more informed and dynamic decision-
making. High sequential accuracy ensures recommendations “grow with user preferences”
over time, supporting long-term shopping planning such as seasonal purchases, while
timely novelty aligns with short-term emergent needs to enhance impulsive but satisfying
purchases. Long-term diversity broadens exploration horizons, enabling users to discover
products that match evolving lifestyles. As algorithm aversion decreases, users are more
likely to integrate time-series recommendations into their regular shopping behavior,
turning passive reception into active utilization of algorithmic insights for personalized,
data-backed purchasing decisions.

6.4. Limitations

While this study provides empirical analysis of how time-series recommendation
information influences buyers’ algorithm aversion, it has several limitations.

First, the sample was collected via voluntary online surveys of Chinese e-commerce
platform users, introducing two layers of selection bias: (1) common self-selection in
online surveys, and (2) context-specific bias from Chinese users’ familiarity with domestic
platform ecosystems and algorithm norms. These limit result generalizability beyond
Chinese e-commerce—for example, findings may not apply to regions with stronger privacy
regulations (e.g., EU’s GDPR) or different platform logics (e.g., Amazon’s search-driven
vs. Chinese social-commerce recommendations). Future research could expand samples to
non-Chinese platforms (e.g., Amazon and Shopify) and compare cross-cultural differences.

Second, while we focused on three time-series recommendation quality dimensions
(accuracy, novelty, and diversity), our measurements have inherent limitations: static
questionnaires captured users’ retrospective ratings without verifying if they interacted
with time-series systems. Since users reflected on long-term recommendation use, data may
conflate time-series and general recommendation perceptions, weakening measurement
specificity. Future studies could use scenario-based surveys (e.g., guiding recall of “past
month purchase-based suggestions”) or platform interaction logs to improve accuracy.

Third, algorithm aversion formation is dynamic (e.g., evolving user preferences in
time-series scenarios). We study temporal phenomena yet only capture a snapshot of
users’ subjective beliefs via one survey. This static data fails to reflect how time-series
recommendation quality shapes aversion over repeated interactions. Future research could
adopt longitudinal designs (tracking attitudes over time) or experimental approaches
(simulating long-term recommendation sequences) to uncover temporal mechanisms.
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