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Abstract

Leveraging recommendation algorithms enables applications to deliver
content with high precision, but simultaneously fosters content
homogenization, which amplifies users' algorithmic resistance
behaviors. However, the existing literature has not yet revealed the
underlying mechanisms in depth. Drawing on the conservation of
resources (COR) theory, this study examines how recommendation
content homogenization affects users' algorithmic resistance behavior
through specific psychological mechanisms. Findings from 323 Chinese
college students reviewed that recommendation content
homogenization significantly and positively affects users' algorithm
resistance behavior. It was also found that fatigue experience and
knowledge anxiety both act as significant mediators, with the mediating
effect of knowledge anxiety notably greater than that of fatigue
experience. Furthermore, user's algorithm literacy significantly and
negatively moderates the impact of recommendation content
homogenization on fatigue experience and knowledge anxiety,
respectively. By integrating emotional and cognitive perspectives, this
study provides new insights into the underlying mechanisms between
algorithmic content homogeneity and algorithm resistance behavior.
The research findings have unraveled the theoretical “black box”
between recommendation content homogenization and algorithm
resistance behaviors, thereby holding practical reference value for the
development and improvement of mobile recommendation systems.

Keywords: Recommendation Content Homogenization; Fatigue
Experience; Knowledge Anxiety; Algorithm Literacy; Algorithm
Resistance Behavior

Introduction

The development of mobile internet technology has led to an
overwhelming flow of information with diverse access channels, leaving
the public feeling overwhelmed by vast amounts of content. An inherent
contradiction exists between people's limited capacity to process and
utilize information and the limitless availability of data, causing many to
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experience information overload. In response, various
applications—including short video, social media, e-
commerce, and news platforms—are increasingly adopting
algorithm-driven interactive content distribution models.
These models aim to provide personalized content
recommendations to mitigate information overload,
enhance user experience, and boost user engagement. For
example, Bilibili collects users' usage data (shares, feeds,
coins, comments, likes, favorites, plays), uses algorithm
technology to analyze the data, and subsequently
recommends content aligned with user preferences.
Tencent, Ali, and Tiktok and other enterprises take
algorithms as the core of their main products and
businesses, collect user data as algorithm input, and use the
algorithm recommendation results for personalized App
push services.

Algorithmic platforms capitalize on human curiosity and
convenience by recommending content precisely tailored
to users' interests. However, when users are immersed in
information flows that align with their personal preferences
for a long time, they will face the predicament of
increasingly homogeneous information. This not only
promotes the forming of the "information cocoon"
phenomenon, but also exacerbates users' cognitive biases
and rigid thinking'. In the process of interacting with
recommendation algorithms, users usually base their
actions on their own perception and understanding of
algorithms, and try to make up for the gaps in their
understanding of algorithm systems through imagining the
operation mode of algorithms, thereby guiding themselves
on how to use algorithms more effectively. Existing studies
have found that users engage in algorithmic resistance in
order to mitigate potential negative impacts caused by
recommendation content homogenization, thereby seeking
to optimize the recommendation effect of the platform’.
Algorithm resistance serves as a crucial coping mechanism
through which App users consciously and proactively
counteract the negative effects of algorithms. It also
represents a key behavioral manifestation that authentically
reflects users' evaluations and attitudes toward the quality
of algorithm-driven recommendations. Therefore, research
on algorithm resistance holds significant implications for
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enhancing user oversight of algorithms and optimizing
platform algorithms *. However, research on user behavior
under recommendation algorithms remains in its early
stages. Existing studies still exhibit the following
limitations. First, the extant literature employs qualitative
grounded theory approaches to explores the influencing
factors of algorithm resistance behaviors °, yielding
conclusions confined to practical explanations with limited
generalizability. Few scholars have adopted questionnaire-
based empirical methods to investigate the underlying
mechanisms of why recommendation content
homogenization triggers users' resistance behaviors.
Second, critical reflections on the negative effects of
algorithms predominantly follow an "algorithm-centric"
perspective ’, while neglecting the user-subject perspective.
Particularly, platform users' psychological perceptions of
recommendation algorithms and their agentic interactive
practices when encountering algorithms have been
overlooked °. Consequently, our understanding of the
intrinsic mechanisms through which recommendation
content homogenization leads to algorithm resistance
remains inadequate. Third, existing studies have yet to
examine the boundary role of users' algorithm literacy.
Since different users possess varying levels of
understanding and perceptions of algorithms, their
psychological experiences in response to recommendation
content homogenization may also differ significantly.

Drawing upon conservation of resources (COR) theory,
this study examines the process mechanisms through which
recommendation content homogenization leads to users'
algorithm resistance behaviors from both emotional and
cognitive pathways. From the emotional resources
perspective, while algorithmic recommendations are based
on users' personal information and preferences, they
essentially constitute a form of "algorithmic control" that
diminishes users' autonomy in information seeking . As
noted in prior research, fatigue arises in those situations
where someone faces high demand, but does not possess the
required ability to achieve the goals set ™. When
homogenized algorithmic content fails to meet users'
hedonic or utilitarian value expectations, their fatigue
experience intensifies. To mitigate this loss of autonomy
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and fatigue, users may engage in algorithm resistance
behaviors as a coping strategy to alleviate negative
experiences caused by resources depletion. From the
cognitive resources perspective, while algorithmic
recommendations appear to provide "personalized
information curation", they actually reduce information
diversity, limiting users' exposure to varied perspectives
and narrowing their worldview, thereby inducing
knowledge anxiety'. When content becomes excessively
homogenized, the gap between users' acquired knowledge
and expected knowledge gradually widens, creating a void
in the data-to-knowledge transformation process °, which
further exacerbates users' knowledge anxiety. By
integrating these two mediating mechanisms combining
both emotional and cognitive pathways, this study extends
and enriches research on the antecedents of algorithm
resistance behaviors, while contributing to our
understanding of why users adopt resistant behaviors in
response to recommendation content homogenization.

We also go one step further and examine an important
boundary condition on the extent to which recommendation
content homogenization is resource depleting and
detrimental to users. Given that users are the recipients of
algorithmic recommendations, we identify user
characteristics that should impact the extent to which
recommendation content homogenization is treated.
Specifically, we examine users' algorithm

. . 13-15
conscientiousness

, theorizing that users' algorithm
literacy will weaken the detriments of recommendation
content homogenization on their fatigue experience and

knowledge anxiety.

To address the gaps in existing research, this study,
grounded in the conservation of resources (COR) theory,
explores the impact of the recommendation content
homogenization on users' algorithm resistance behaviors. It
clarifies the mediating roles of fatigue experience and
knowledge anxiety in the aforementioned relationship and
their differential effects, providing a more rational
theoretical explanation for the phenomenon of user
behavior on algorithmic recommendation platforms. In
addition, this study explores the moderating role of
algorithm literacy in the relationship between content
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homogenization in recommendations and users' resistance
behaviors. Through examining these relationships, this
research is the first to identify fatigue and knowledge
anxiety as key mediating mechanisms between algorithmic
content homogenization and algorithm resistance behavior,
thereby contributing to the study of user behaviors in
algorithmic App usage. Research on algorithm resistance
based on COR theory helps to demystify the connection
between recommendation content homogenization and
user resistance. Practically, understanding user algorithm
resistance behaviors can assist App developers in
identifying the causes behind user resistance and
optimizing recommendation algorithms to improve user
experience.

THEORYAND HYPOTHESES

Recommendation Content Homogenization and
Algorithm Resistance Behavior

With the explosive growth of internet information,
recommendation algorithms have played a crucial role in
helping users filter content of interest from massive data
*. However, this personalized recommendation approach
has also led to negative consequences, notably
recommendation content homogenization.
Recommendation content homogenization refers to the
phenomenon where recommendation systems excessively
favor suggesting content highly similar to users' past
interactions or expressed preferences, consequently
narrowing and homogenizing the scope of information
21 Similarity in recommended content

may manifest in converging themes and singular
15

users encounter
perspectives . Such homogenization may lead to
detrimental effects including information cocoons, filter
bubbles, and echo chambers, ultimately constricting users'

information intake and reducing informational diversity
21,2326

Existing research has found that when recommendation
systems overemphasize precise matching, users may
experience the pressures of "information narrowing" and
"information redundancy" . Information narrowing refers
to the contraction of content diversity accessible to users,
while information redundancy manifests as repeated
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exposure to similar or duplicated content. These negative
experiences erode users' trust in recommendation systems
and elicit aversion toward algorithmic recommendations
**27  Concurrently, recommendation content
homogenization results in deteriorating information
quality. Existing research demonstrates that such quality
degradation induces psychological reactance among users,
subsequently prompting coping strategies . The deeper
conflict lies in the widespread user expectation that
algorithms should deliver the value of content diversity,
which clashes with the reality of homogenized content.
When users desire to update their knowledge and broaden
their horizons through algorithmically recommended
content, yet simultaneously have to endure its monotonous
repetition, they are plunged into a state of cognitive
dissonance as proposed by Festinger, triggering
psychological tension . To alleviate such discomfort,
users often instinctively resort to resistance behaviors *’; in
this context, such behaviors manifest as algorithm
resistance **”. This behavior primarily manifests at two
levels. On one hand, to counter issues like information
cocoons, some social media users proactively adopt
strategies to "manipulate the algorithm" in order to obtain
content more aligned with their needs ""**. Specifically,
users may deliberately search for or click on content
diverging from their usual preferences, or attempt to "trick"
algorithms by adjusting settings or clearing browsing
history, thereby disrupting homogenized information flows
. Some may directly report excessive content
homogenization to platforms . On the other hand, studies
indicate that homogenized information streams create
psychological pressure, inducing reactance that motivates
avoidance behaviors *. For instance, adolescent users of
short-video Apps may develop both resistance intentions
and actual algorithm resistance behaviors **. Such
avoidance manifests through reduced platform
dependency, seeking alternative information sources, or
complete platform abandonment. Therefore, this study
proposes the following hypothesis:

H1: Recommendation content homogenization positively
affects algorithm resistance behavior.
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Recommendation Content Homogenization and
Fatigue Experience

The core objective of recommendation algorithms is to
enhance user experience and engagement by analyzing vast
amounts of data, including browsing history, preferences,
and social interactions, to deliver personalized and relevant

content recommendations

. However, this "catering to
preferences" personalization mechanism may lead users to
be consistently exposed only to information that closely
aligns with their existing interests, thereby creating

" 2% Research has found that once

"information cocoons
the algorithm has satisfactorily matched users with content,
a substantial amount of similar content will persistently
populate the user's recommended information stream over
an extended period . This recommendation content
homogenization diminishes users' autonomy in

information seeking.

Fatigue experience refers to the psychological and
emotional exhaustion users develop through prolonged
interaction with algorithms “. From the perspective of
emotional resources, algorithm-driven content
recommendations based on users' personal information and
preferences lead to recommendation content
homogenization, which diminishes users' autonomy in

. . . 7-10
information seeking

. When algorithmic
recommendations reduce users' autonomy and fail to meet
their expectations for either hedonic value (e.g.,
entertainment, relaxation) or utilitarian value (e.g.,
acquiring practical information, problem-solving), users'
sense of fatigue intensifies, resulting in fatigue
experience' . Research demonstrates that in
recommendation systems, repeated exposure to overly
similar content or material that only matches short-term
interests can quickly lead to disengagement and fatigue
experience . In e-commerce platforms, for instance,
continuous recommendations of similar products aligned
with users' interests may induce weariness . Lin's (2008)
study indicates that in social media, a plethora of
homogeneous information can decrease user interest”.
Furthermore, Liu et al. (2020) discovered that a large
amount of similar information reduces the entertainment

value of App content and induces user fatigue . Based on
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this, the following hypothesis is proposed:

H2: Recommendation content homogenization positively
influences users' fatigue experience.

The mediating role of fatigue experience

Fatigue experience refers to the psychological and
emotional exhaustion that users develop through prolonged
interaction with algorithms, manifesting as weariness,
frustration, and diminished interest "**'. Existing common
recommendation algorithms have a strong accuracy but a
weak diversity. When algorithm recommendation content
homogenization fails to satisfy users' hedonic or utilitarian
values, it triggers fatigue experience. Existing studies have
demonstrated that long-term exposure to the same

38,42
>

information can lead to users' fatigue experience and

20,32,43

may trigger further coping behaviors ™

The conservation of resources (COR) theory, an offshoot of
stress research, posits that individuals are constantly and
actively striving to maintain, protect, and build resources
they perceive as valuable, while responding to threats of
actual or potential resource loss . Conservation of
resources (COR) theory posits that resources may
encompass material (e.g., money, possessions), conditional
(e.g., employment, family), personal characteristic (e.g.,
skills, health), and energetic (e.g., time, energy) dimensions
* Inaccordance with the primacy of resource conservation,
when confronted with the loss of resources, individuals are
inclined to take preemptive action to prevent further loss of
resources and avoid spiraling into the loss spiral, thereby

minimizing the extent of the depletion**.

Recommendation content homogenization may lead to
users' fatigue experience, during which their resources such
as energy, concentration, and emotional capacity are being
depleted. First, users spend time browsing large amounts of
repetitive or irrelevant information without finding
genuinely interesting or valuable content, resulting in
wasted time and energy **. Second, due to the echo
chamber effect, the information users encounter becomes
increasingly narrow, potentially causing them to miss
important or diverse information, thereby impairing their
utilitarian resources for knowledge acquisition and
perspective broadening *. Finally, persistent feelings of
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boredom, disappointment, and dissatisfaction deplete
users' psychological resilience, sense of enjoyment, and
exploratory motivation, leading to mental fatigue *. To
cope with these resource losses, users may engage in

20,32,43,51

algorithm resistance behaviors .Based on the above

discussion, the following hypothesis is proposed:

H3: Recommendation content homogenization leads to
user's algorithm resistance behavior by triggering user's
fatigue experiences, that is, user's fatigue experience plays
a mediating role between recommendation content
homogenization and user's algorithm resistance behavior.

Recommendation content homogenization and
knowledge anxiety

Anxiety arises when individuals experience tension and
distress in uncertain environments, and their autonomic
nervous system triggers a series of coping behaviors to deal
with potential threats. User anxiety in social media is
mainly manifested as physiological and psychological
tension and a sense of oppression when using social media
platforms . The development of the internet has led to a
dramatic increase in knowledge and information, making
anxiety about knowledge and information increasingly
prominent. Research categorizes knowledge anxiety into
two primary types: (1) anxiety stemming from outdated
knowledge or knowledge deficiency, and (2) anxiety
related to knowledge discrimination, quality concerns, and

. . 53,54
information overload

. The first category of knowledge
anxiety stems from the rapid pace of knowledge renewal,
where users perceive a lack of knowledge or difficulty in
accessing certain types of knowledge, leading to worries
about becoming outdated: when people's desire for
knowledge increases but the media and other information
channels around them are unable to provide what they need,

anxiety is induced.

From the perspective of cognitive resources, algorithmic
content recommendation, while ostensibly offering
"personalized information," actually diminishes
informational diversity. This restricts users' exposure to
varied content and narrows their perspectives, trapping
them in a homogeneous information environment. Such
conditions may induce a sense of being unable to access
certain knowledge, thereby triggering knowledge anxiety
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rooted in perceived knowledge deficiencies . When
recommendation content homogenization becomes severe,
the gap between users' required knowledge and expected
knowledge gradually widens, creating a void in the data-to-
knowledge conversion process . This makes users acutely
aware of their knowledge gaps, fostering anxiety about
intellectual obsolescence and intensifying their knowledge
anxiety. Therefore, the following hypothesis is proposed:

H4: Recommendation content homogenization positively
affects user knowledge anxiety.

The mediating role of knowledge anxiety

The original intention of personalized recommendation
systems was to help users cope with information overload
by reducing the cognitive resources (e.g., attention,
decision-making time, and processing load) invested in
information filtering. Through precise recommendations,
users can locate desired information more efficiently,
thereby improving information acquisition effectiveness *.
However, the use of recommendation systems may lead to
recommendation content homogenization, giving rise to
"information cocoons," "filter bubbles," and "echo

il

chambers," which constrain users' information exposure
and diminish content diversity *"***°. Under such
circumstances, users are repeatedly exposed to content with
similar themes, viewpoints, or styles *’ **. This monotonous
and repetitive information flow fails to utilize users'
cognitive resources effectively; instead, it may result in
cognitive resource wastage, as the returns (diverse new
knowledge or perspectives) from the cognitive effort

invested remain limited.

When people's thirst for knowledge increases, but the
media or other means around them cannot meet their needs,
it triggers knowledge anxiety”. Repeated exposure to such
homogenized content may lead users to worry about the
one-sidedness of their information intake, fear missing
critical information, or recognize gaps in their knowledge
during social interactions, thereby inducing knowledge
anxiety . This anxiety stems from the perceived "loss" of a
core cognitive resource—knowledge diversity and breadth.
According to COR theory, when confronted with the loss of
resources, individuals are inclined to take preemptive

www.pbr.co.in

Pacific Business Review (International)
Volume 18, Issue 8, February 2026

action to prevent further loss of resources and avoid
spiraling into the loss spiral, thereby minimizing the extent
of the depletion.”* To counter this threat of resource
depletion, users adopt various strategies to safeguard or
replenish their resources. Algorithm resistance serves as
20,32,43

. Based on the

above discussion, the following hypothesis is proposed:

one such proactive coping mechanism

HS: Recommendation content homogenization leads to
user knowledge anxiety, which ultimately leads to user's
algorithm resistance behavior. That is, user knowledge
anxiety mediates the relationship between the
recommendation content homogenization and user
algorithm resistance behavior.

The moderating effect of algorithmic literacy

Algorithm literacy refers to the comprehensive
manifestation of users' ability to understand, evaluate, and
effectively utilize algorithmic systems '

awareness of how algorithms work, the ability to identify

. It encompasses

algorithmic biases, and the skills to intervene in their
operations when interacting with recommendation systems
1599 Algorithm literacy can mitigate the fatigue experience
and knowledge anxiety caused by recommendation content
homogenization through its functions in the following three

aspects.

First, algorithm literacy empowers users with a sense of
control over information seeking, reducing fatigue caused
by passive acceptance. Research indicates that users with
high algorithm literacy possess a clearer understanding of
how algorithms operate"*”. They are able to discern the
patterns, mechanisms, and potential limitations of
algorithmic recommendations”. When users comprehend
these mechanisms, they are empowered to take proactive
actions to manage their online experiences, rather than
passively accepting algorithmic arrangements . For
example, users with high algorithm literacy tend to
diversify their information sources; they actively search for
and compare information from different platforms and

% This helps enhance users' sense of control over

media
information seeking, reduces fatigue stemming from
passive acceptance, and alleviates the feeling of

helplessness induced by passively receiving
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algorithmically recommended content.

Second, algorithm literacy acts as a "psychological buffer
mechanism," reducing the sense of loss of control. For
many users, algorithms constitute an opaque black box,
with decision-making processes that are difficult to
comprehend, leading to feelings of loss of control and
distrust **“. In contrast, users with high algorithm literacy
possess a better understanding of the nature of algorithms.
When users recognize that algorithms are not mysterious
black boxes but are designed by humans for specific
purposes, they feel a greater sense of control over the digital
world “. Many users often hold high expectations for
algorithms; when reality falls short of these expectations,
such as when algorithm recommendations are poor or
repetitive, disappointment and anxiety arise *’. Users with
high algorithm literacy have a more realistic perception of
algorithmic limitations; they understand that algorithms are

not infallible "

. When users cease attributing limited
knowledge acquisition solely to recommendation content
homogenization, this realistic perception can effectively
reduce the expectation gap, thereby diminishing the
resulting negative emotions and anxiety .

Third, algorithm literacy fosters critical thinking that

counters "information bias diets," mitigating knowledge
anxiety. Algorithm literacy encourages users to maintain a
critical attitude towards algorithmically recommended
content . Users equipped with a high level of algorithm
literacy are more aware that "not all recommended content
is true." They no longer blindly trust recommendation
results but instead question the reliability, fairness, and
potential manipulation of information by algorithms®’.
Such critical thinking aids users in discerning false
information and propaganda, thereby alleviating
knowledge anxiety arising from information insularity “.
Based on the above discussion, the following hypothesis is
proposed:

H6: Algorithmic literacy negatively moderates the
relationship between recommendation content
homogenization and fatigue experience.

H7: Algorithm literacy negatively moderates the
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relationship between recommendation content

homogenization and knowledge anxiety.

Based on the above analysis, the following theoretical
models (Figure 1) are constructed in this study.

Figure 1 Theoretical model

Algorthm literacy Fatigue
' experience

dlgontam restance
Recommendaion
content homogenizaton

Knowledge
ety

Data Collection and Analysis
Sample selection and data source

This study utilizes online questionnaires survey method for
data collection. College students, as primary users of
platforms utilizing recommendation algorithms and being
easily accessible for research, were selected as the primary
survey respondents. The questionnaires were mainly
distributed to college students through a professional
survey platform (Credamo), and additionally, random
distribution was conducted through platforms such as QQ
and WeChat. Furthermore, the gathered information is
strictly confidential and anonymous and is only used for
academic research purposes. All participants have been
informed consent before participating in the study. As of
August 30, 2024, a total of 323 questionnaires were
collected, with 22 invalid ones excluded, resulting in 301
valid questionnaires, yielding an effective response rate of
93.2%. Descriptive statistical data of the survey sample can
be found in Table 1.

www.pbr.co.in



Pacific Business Review (International)
Volume 18, Issue 8, February 2026

Table 1 Sample descriptive statistics

Variate Type Frequency Percent (%)

Gender Male 87 28.9
Female 214 71.1

Age Age 17 and under 4 1.3
18-20 years old 130 43.2
21-23 years old 141 46.8

24-27 years old 20 6.6

Age 28 and older 6 2

Graduate degree Junior College 11 3.7
Bachelor’s Degree 260 86.4

Master’s Degree 23 7.6

Doctoral Degree 7 2.3
Software usage time More than 3 hours 126 41.9
2-3 hours 94 31.2
1-2 hours 47 15.6

0.5-1 hour 30 10

Less than 0.5 hours 4 1.3
Software usage frequency Multiple times a day 237 78.7
Once a day 40 13.3

Less than ten times a week 21 7

Less than ten times a month 3 1

Less than ten times in six months 0 0
Software exposure time 5 years and above 168 55.8
3-4 years 97 32.2
2-3 years 34 11.3

1 year 0 0

Within half a year 0.7

Measures

The questionnaire consists of two parts: demographic
analysis and core research construct measurement. In the
demographic section, it includes age, gender, single App
usage time, App usage frequency, and App exposure time.
In the core research construct measurement section, all
variables are adapted from established scales in mainstream
domestic and international journals. All items are measured
using a seven-point Likert scale ((ranging from 1 =

www.pbr.co.in

"strongly disagree," to 7 ="strongly agree."

Recommendation content homogenization. The scale for
recommendation content homogenization was adapted
from the scale by Yu and Wang “, and includes 5 items. An
example item is "I always see content from the same group
of bloggers, even though I haven't followed them" . The
Cronbach's a coefficient is 0.825.

Fatigue experience. Fatigue experience was measured
with 6 items developed by Zhang et al.”, and includes. An
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example item is "Using this app sometimes makes me feel
exhausted" . The Cronbach's a coefficientis 0.878.

Knowledge anxiety. Knowledge anxiety was measured
with 8 items developed by Sun et al. . An example item is
"I often feel anxious about my insufficient knowledge
reserves and frequently visit online knowledge platforms" .
The Cronbach's a coefficientis 0.915.

Algorithm resistance behavior. We measured algorithm
resistance behavior with the 6-item scale adapted from Liao
etal. ”. An example item is "I will like content that I am not
actually interested in." The Cronbach's o coefficient is
0.714.

Algorithm literacy. We measured algorithm literacy with
the 9-item scale adapted from Yi Ming et al. *'. An example
item is "In the process of using the App, I know which of my
needs need to be fulfilled through algorithms." The
Cronbach's a coefficient is 0.970.

The Cronbach's a coefficients for all scales used in this
study exceeded 0.7, indicating acceptable reliability of the
measurement instruments.”'

Common Method Biases

Due to the limitations of the data collection method, the five
main variables of this study—recommendation content
homogenization, fatigue experience, knowledge anxiety,

algorithm resistance behavior, and algorithm literacy —
were all derived from subjective self-reports by the
subjects. This made the study potentially susceptible to
common method bias, hence it is necessary to verify the
issue of common method bias through statistical control.
The Harman's single-factor test in this study primarily
involves conducting an unrotated exploratory factor
analysis on the five core variables of the study. The results
showed that the first factor explains 32.462% of the
variance, which was below the overall contribution of 50%
and within an acceptable range, indicating that there was no
common source bias issue.

Validity Testing

This study employs AMOS 24.0 to conduct confirmatory
factor analysis to compare the fit indices of the research
model and various competing models, in order to test the
structural validity of the model in this study. As shown in
Table 2, compared to other models, the baseline model
(five-factor model) of this paper had the best fit indices
(’/df=2.429<3, RMSEA=0.069<0.08, CFI1=0.905>0.9,
TLI=0.896=0.9) and was significantly superior to all
alternative models, indicating that the five-factor model
had a significant fit advantage, thus the structural validity of
the model in this study was good.™”

Table 2 Result of confirmatory factor analysis

Model Ve df X2/df RMSEA CFI1 TLI
Five-factor model 1248.634 514 2.429 0.069 0.905 0.896
Four-factor model 2080.511 521 3.993 0.100 0.798 0.782
Three-factor model 2541.39 524 4.85 0.113 0.739 0.720
Two-factor model 2607.167 526 4.957 0.115 0.730 0.712

Single-factor model 4641.349 527 8.807 0.161 0.467 0.433

Note: Five-factor model: ACSM;FATG;STRS;AGAV;AGLT
Four-factor model: ACSM+FATG;STRS;AGAV;AGLT
Three-factor model: ACSM+FATG+STRS;AGAV;AGLT
Two-factor model: ACSM+FATG+STRS+AGAV;AGLT
Single-factor model: ACSM+FATG+STRS+AGAV+AGLT

132
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Descriptive Statistics Analysis

The means, standard deviations, and correlation
coefficients of the variables in this study were shown in
Table 3. The results indicated that recommendation content
homogenization had a significant positive correlation with
fatigue experience (r = 0.258, p < 0.01), a significant
positive correlation with knowledge anxiety (r=0.320, p <
0.01), and a significant positive correlation with algorithm

Pacific Business Review (International)
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resistance behavior (r = 0.245, p < 0.01). Fatigue
experience had a significant positive correlation with
algorithm resistance behavior (r = 0.558, p < 0.01), and
knowledge anxiety also had a significant positive
correlation with algorithm resistance behavior (r=0.593, p
< 0.01). The results were in line with the expected
judgments, providing preliminary support for Hypotheses
HI1, H2, and H4, and offering initial validation for the
hypotheses testing in this study.

Table 3 Mean, standard deviations, and correlations of variables

Variate | Mean | Standard Age Gender | SUT SUF SET ACSMM | FATGM | STRSM | AGAVM | AGLTM
deviations
Age 2648 0.713 1
Gender | 1.711 0.454 0,058 1
SUT 1.977 1.047 -0.042 0,056 1
SUF 1.302 0.642 -0.087 00054 | 0.507*=
SET 1.573 0.743 0.170*= 0.01 0.064 0.073 1
ACSMM | 5413 0.926 0.079 0.025 0.051 0.056 | -0.172%* 1
FATGM | 4452 1.267 0.018 0.022 0.025 0.071 0,063 0.258%* 1
STESM | 4520 1322 0.065 0.027 -0.101 -0.02 -0.063 0.320*= 0.597== 1
AGAVM | 4364 1.002 0.104 0,034 0.028 0.009 | -0.054 0.245** | 0.558** | 0.503%= 1
AGLTM | 3.897 1.767 -0.046 0.026 0.002 | -0.034| 0.047 -0.154%* | .0.306%* | -0.310** | .0.310** 1
Note: SUT =Software usage time; Hypotheses Testing
SUF = Software usage frequency; Direct Effect

SET = Software exposure time;

ACSMM =Recommendation content homogenization;
FATGM =Fatigue experience;

STRSM =Knowledge anxiety;

AGAVM = Algorithm resistance behavior;

**means p<0.01

To further examine the direct effects of recommendation
content homogenization on algorithm resistance behavior,
fatigue experience, and knowledge anxiety, respectively,
this study utilized SPSS 22.0 for regression analysis, with
the results presented in Table 4.

Table 4 Results of regression analysis

Variable FATGM STRSM AGAVM
Model 1 Model 2 Model 3 Model 4 Model 5
Age -0.012 0.018 0.079 0.091 0.071
Gender 0.031 0.02 0.016 -0.002 0.005
SUT 0.013 -0.118 0.055 0.051 0.126
SUF 0.043 0.044 -0.024 -0.039 -0.046
SET -0.026 0.005 -0.015 -0.017 -0.27
ACSMM 0.248%*** 0.309%%** 0.234 %%
FATGM 0.558%%*
STRSM 0.595%**
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Note: SUT = Software usage time;

SUF = Software usage frequency;

SET = Software exposure time;

ACSMM =Recommendation content homogenization;
FATGM =Fatigue experience;

STRSM =Knowledge anxiety;

AGAVM =Algorithm resistance behavior;

*E*p <0.001

##p<0.01

Firstly, to examine the direct relationships between the
recommendation content homogenization and fatigue
experience, knowledge anxiety, and algorithm resistance
behavior, respectively, this study set recommendation
content homogenization as the independent variable, and
fatigue experience, knowledge anxiety, and algorithm
resistance behavior as the dependent variables,
incorporating them into Model 1, 2, and 3, respectively.

As shown in Table 4, recommendation content
homogenization significantly and positively affected users'
algorithm resistance behavior (B = 0.234, p < 0.001),
supporting H1. Recommendation content homogenization
significantly and positively affects users' fatigue
experience (f = 0.248, p < 0.001), supporting H2.
Additionally, recommendation content homogenization
significantly and positively affected users' knowledge
anxiety (=0.309,p<0.001), supporting H4.

Furthermore, this study set users' fatigue experience and
knowledge anxiety as independent variables, and algorithm
resistance behavior as the dependent variable,
incorporating algorithm resistance behavior into Models 4
and 5. The regression analysis results revealed that users'
fatigue experience significantly and positively affects

users' algorithm resistance behavior (B = 0.558, p <0.001),
preliminarily supporting H3 and providing support for the
test of mediating effects. At the same time, knowledge
anxiety significantly and positively affected algorithm
resistance behavior (B = 0.595, p < 0.001), preliminarily
supporting H5 and providing support for the test of
mediating effects.

Mediation Effect

This study employed the Bootstrapping method to examine
the mediating effects of two pathways. Following Hayes'
recommendation 74, the mediating effect test with
Bootstrapping was repeated 5,000 times, with age, gender,
software usage time, and software exposure time as control
variables. The sampling number was set to 5,000 times, and
the confidence level was 95%. The results were shown in
Table 5. The results indicate that the mediating effect value
of fatigue experience was 0.0817, with a 95% confidence
interval of [0.0370, 0.1337]. The confidence interval did
not include 0, which suggested that the mediating effect of
fatigue experience between the recommendation content
homogenization and algorithm resistance behavior was
significant, and Hypothesis 3 was established. The
mediating effect value of knowledge anxiety was 0.1333,
with a 95% confidence interval of [0.0700, 0.2053]. The
confidence interval did not include 0, which indicated that
the mediating effect of knowledge anxiety between the App
recommendation content homogenization and algorithm
resistance behavior was significant, supporting Hypothesis
5. Among the two mediating pathways, the mediating effect
of knowledge anxiety was higher, accounting for 62%; the
mediating effect of fatigue experience was lower,
accounting for 38%.

Table 5 Results of mediation effect test

Path Total Effect Direct effect Indirect Effect
B T T B LLCI ULCI
ACSM->FATG->AGAV 0.0817 0.037 0.1337
0.2529 4.0455 0.0379 0.731
ACSM->STRS>AGAV 0.1333 0.07 0.2053

Note: ACSMM = Recommendation content
homogenization;
FATGM = Fatigue experience,
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STRSM = Knowledge anxiety ,
AGAV = Algorithm resistance behavior
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This study employed the Bootstrapping method with 5,000
resamples to further test the moderating role of algorithmic
literacy on the relationships between the recommendation
content homogenization and fatigue experience, as well as
knowledge anxiety. The results were shown in Table 6. The
results indicated that the regression coefficient of the
recommendation content homogenization on fatigue
experience was significantly positive (f = 1.7369, 95%
confidence interval [1.4248, 2.0544], p < 0.001), and the
interaction term between the recommendation content
homogenization and algorithm literacy had significantly
negative regression coefficient on fatigue experience (f = -
0.4170, 95% confidence interval [-0.4993, -0.3348], p <
0.001), suggesting that algorithm literacy negatively
moderated the positive correlation between the
recommendation content homogenization and fatigue
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experience. Similarly, the regression coefficient of the
recommendation content homogenization on knowledge
anxiety was significantly positive (B = 1.5870, 95%
confidence interval [1.2412, 1.9327], p < 0.001), and the
interaction term between the recommendation content
homogenization and algorithm literacy had a significantly
negative regression coefficient on knowledge anxiety (f =-
0.3433, 95% confidence interval [-0.4336, -0.2530], p <
0.001), indicating that algorithm literacy negatively
moderates the positive correlation between the
recommendation content homogenization and algorithm
resistance behavior. Combining the above results,
algorithmic literacy significantly negatively moderated the
positive correlations between the recommendation content
homogenization and fatigue experience, as well as
knowledge anxiety, validating research hypotheses H6 and
H7.

Table 6 Result of moderation effect test

Types of . Dependent Dependent Variable :
variables Variables Variable: FATG STRS
M1 M2
B 95%ClI B 95%ClI
CvV Age -0.1603 [-0.3514,0.0307] -0.0849 [-0.2947,0.1249]
Gender 0.1296 [-0.1421,0.4014] 0.0811 [-0.2174,0.3769]
SUT 0.0353 [-0.0957,0.1663] -0.1313 [-0.2752,0.0125]
SUF 0.0475 [-0.1677,0.2626] 0.0566 [-0.1797,0.2928]
SET -0.0722 [-0.2377,0.0934] -0.0112 [-0.1930,0.1706]
v ACSMM 1.7396 [1.4248,2.0544] 1.5870 [1.2412,1.9327]
AGLTM 2.2401 [1.7540,2.7263] 1.8167 [1.2828,2.3507]
Interactions ACSMM*AGLTM -0.4170 [-0.4993,-0.3348] -0.3433 [-0.4336,-0.2530]

Note: SUT = Software usage time;

SUF = Software usage frequency;

SET = Software exposure time;

CV =Control variables;

IV =Independent Variables;

ACSMM =Recommendation content homogenization;
FATGM =Fatigue experience;

STRSM =Knowledge anxiety;

AGLTM =Algorithm literacy
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Research Conclusion and Discussion
Research Findings

In the 1990s, to address the search difficulties caused by the
vast amount of information on the Internet, Page et al.
proposed the PageRank algorithm to rank web page search
results . With the help of this algorithm, Google's search
engine achieved great success. With the rise of mobile
internet and the emergence of self-media content creation,
the volume of data online has surged even further, rendering
traditional algorithms insufficient to meet users' demands.
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In order to provide users with the content they need to gain
an advantage in fierce market competition, many
applications have gradually begun to use artificial
intelligence-driven interactive content distribution models
to deliver personalized content to users, thereby improving
user experience and enhancing user stickiness. However,
the similarity of algorithmically recommended content has
triggered resistance behaviors against algorithms, leading
to a decline in the experience of using Apps. Therefore,
exploring the influencing mechanisms behind algorithm
resistance behaviors and identifying potential solutions is
of significant theoretical and practical importance.

This study organized and summarizes existing literature
and conducted online questionnare surveys to investigate
the mechanism by which the recommendation content
homogenization affects user algorithmic resistance
behavior from the perspective of conservation of resources
Theory. Findings show that recommendation content
homogenization significantly promotes the emergence of
algorithm resistance behavior, with fatigue experience and
knowledge anxiety both playing significant mediating
roles.Notably, the mediating effect of knowledge anxiety is
found to be significantly greater than that of fatigue
experience, indicating that users' knowledge anxiety is
more likely to trigger algorithmic resistance behavior than
the fatigue experience caused by content homogenization.
College students are at a critical stage of knowledge
accumulation, skill development, and future career
planning. In this context, while fatigue experience induced
by content homogenization is prevalent among them, the
"fear of missing out" (FOMO) and sense of falling behind
stemming from hindered knowledge acquisition due to this
homogeneity — which directly fuels knowledge anxiety —
may prove more intense and enduring. Furthermore, the
study also finds that the direct impacts of the
recommendation content homogenization on users' fatigue
experience and knowledge anxiety are both moderated by
algorithmic literacy. That is, the higher the level of
algorithm literacy, the weaker the promoting effect of
recommendation content homogenization on users' fatigue
experience, and vice versa, the promoting effect of
recommendation content homogenization on fatigue
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experience will be enhanced. At the same time, the higher
the level of algorithm literacy, the weaker the positive
impact of the recommendation content homogenization on
knowledge anxiety, and the lower the level of algorithmic
literacy, the stronger the positive impact of the
recommendation content homogenization on knowledge
anxiety.

Theoretical Implications

Our paper makes several contributions. Firstly, this study
introduces the concept of algorithmic resistance behavior
into the field of user behavior research, expanding the study
of the impact of App content homogenization on user
behavior. Previous research on recommendation content
homogenization has predominantly focused on its impact
on the formation of users' information cocoons, filter
bubbles, and echo chamber effects. Limited attention has
been paid to its influence on user behaviors, particularly
regarding specialized investigations into college student
populations. The study by Liang et al. (2023) discussed

users' "algorithm resistance" and "avoidance" behaviors in
response to information narrowness and redundancy within
homogenized information flows, situating these behaviors
within a stress-coping framework *’. Meanwhile, Liao et al.
(2023) examined the impact of content similarity in app
push notifications on disingenuous interactions and app
usage intention from a coping behavior perspective'”.
Additionally, Lv et al. (2022) explored adolescents'
willingness and behaviors related to algorithm resistance in
the context of short-video applications *. Building upon
these studies, the current research conceptualizes algorithm
resistance as an active user-initiated behavior aimed at
counteracting algorithmic erosion of their resources or
negative influences, thereby further refining this concept. It
is not merely passive avoidance but may also encompass
proactive strategic adjustments, such as modifying usage
habits or seeking diverse information sources. This study
aims to analyze the influence and mechanisms by which
recommendation content homogenization affects algorithm
resistance behavior from the user's perspective, integrating
both emotional and cognitive viewpoints to construct a
two-mediation pathway— fatigue experience and
knowledge anxiety. This represents a deepening and

www.pbr.co.in



expansion of existing research and helps to promote a
comprehensive understanding of the relationship between
Apps algorithmic recommendations and user behaviors.

Secondly, this study promotes the application research of
conservation of resources (COR) theory by revealing the
internal psychological mechanisms through which the
recommendation content homogenization affects algorithm
resistance behavior. COR theory is a motivational theory
that explains the causes of behavior in terms of an
individual's resource stock and its dynamic changes,
suggesting that people are always actively striving to
maintain, protect, and build the resources they value.
Scholars have applied COR theory to organizational
behavior research *’, using the theory to analyze the impact
of resources on individual behavior under stress. Based on
conservation of resources (COR) theory, this paper
proposes that, for users, recommendation content
homogenization leads to the loss of resources. To cope with
the loss of these resources, users will engage in algorithm
resistance behaviors. Differing from traditional
organizational contexts, this study extends the application
scenario of COR to algorithmic platforms. Furthermore,
this study incorporates abstract resources—emotional
resources and cognitive diversity resources—into the COR
resource taxonomy, revealing the invisible deprivation of
users' psychological resources by algorithmic control. This
exploration sheds light on the "black box” connecting
algorithmic recommendation content homogenization to
user algorithm resistance behavior, thereby expanding the
application of COR theory.

Finally, this study identifies algorithm literacy as a
moderating variable that mitigates the impact of the
recommendation content homogenization on fatigue
experience and knowledge anxiety. Previous studie has
shown that content type can serve as a moderating
variable”, affecting the impact of app content similarity on
fatigue experience, which in turn affects misrepresentation
interactions behavior. This study, from the perspective of
users' cognitive level, proposes and verifies that algorithm
literacy has a moderating effect on two variables:
knowledge anxiety and fatigue experience. Unlike previous
studies that focused on external factors such as content
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attributes influencing users' fatigue experience, this
research reveals the moderating role of users' intrinsic
cognition (algorithm literacy). This finding enriches the
psychological mechanism model between
recommendation content homogenization and users'
algorithm resistance, suggesting that users' proactive
cognitive and comprehension abilities are also critical
factors affecting their experience, thereby providing new
insights for subsequent related research.

Managerial implications

On the content platform side, on the one hand, platforms
should reduce the degree of recommendation content
homogenization to mitigate user algorithm resistance and
enhance user experience. Existing research on algorithmic
recommendation systems primarily focuses on
recommendation accuracy and user click-through rates.
However, when developing algorithms, content platforms
should also introduce and optimize metrics for evaluating
content diversity to decrease the homogenization of
recommended content. This implies that algorithm
designers should not rely solely on user behavioral data
(such as clicks and dwell time), but also pay attention to the
breadth and novelty of content. For instance, knowledge
graph technology can be employed to enhance the diversity
and relevance of recommended content . On the other
hand, content platforms can design more intuitive and user-
friendly tools to help users understand the recommendation
logic and grant users' greater control over the recommended
content. Examples include features explaining "why you
are seeing this recommendation" or refined "not interested"
options. By enhancing user algorithm literacy and
mitigating fatigue experience, these measures can help
reduce user algorithm resistance.

In the field of education and training, schools, media, and
government agencies can develop relevant curricula and
public awareness campaigns to enhance users' algorithm
literacy—particularly among vulnerable groups such as
adolescents and the elderly—by strengthening their
understanding of algorithmic operations (e.g., perception
and recommendation mechanisms) and cultivating critical
thinking skills. Improving algorithm literacy not only helps
users comprehend the intrinsic logic of algorithmic
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recommendations, thereby alleviating knowledge anxiety
when confronted with recommendation content
homogenization; more importantly, it empowers users to
navigate algorithms. Although algorithmic principles are
often regarded as "black boxes," users with algorithm
literacy can guide recommendation directions through
proactive choices (e.g., liking, blocking, adjusting interest
tags). Such guidance not only aligns recommended content
more closely with genuine individual needs but also
effectively mitigates excessive content homogenization,
thereby reducing resultant negative emotional experiences.

Limitation of Study

As an exploratory study, this paper inevitably has
limitations and areas that warrant further in-depth research.
First, algorithm resistance behavior, as areaction of users to
the recommendation content homogenization when using
Apps, has potential connections with many psychological
factors and objective conditions, and there are still many
psychological factors that could serve as mediators. This
paper, based on relevant literature, examines the mediating
roles of fatigue experience and knowledge anxiety between
recommendation content homogenization and algorithm
resistance behavior. Although the empirical results have
supported our initial hypotheses, there may be other
processes that mediate the effects of App recommendation
content homogenization on algorithm resistance behavior.
Future research should investigate the mechanisms and
empirical links between the two from various perspectives,
such as privacy concerns and technological control.
Secondly, while this study confirmed the absence of
common method bias using Harman's single-factor
method, the data were derived from participants'
simultaneous self-report, which were inevitably influenced
by individual subjective factors. Future studies could adopt
multi-time point pairing data or longitudinal designs to
further enhance the rigor of the conclusions. Third, this
study did not account for certain covariates that may
influence algorithmic resistance behavior, such as content
types (e.g., shopping, lifestyle, science popularization) and
presentation formats (e.g., images and text, short videos,
long videos). Future research can conduct a more
comprehensive discussion on these aspects.
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