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Abstract. With the rapid development of social media, recommendation algorithms play an
increasingly important role in information dissemination and user consumption. However,
existing studies have examined technical mechanisms or short-term behavior, neglecting the
impact of algorithms on consumption culture and long-term social outcomes. Therefore, this
study explores the mechanisms via which social media recommendation algorithms guide
user consumption behavior and shape consumption culture, while exploring user, platform,
and algorithm interactions. Through literature review and case study methods, it analyzes
relevant academic studies and practical examples from typical social media platforms to
reveal how algorithms influence consumption decisions and behaviors via mechanisms of
content distribution, psychological inducement, and dynamic co-construction. The results
indicate that recommendation algorithms alter users’ information access and consumption
choices while shaping the consumption culture through trends, social identity, and instant
gratification. Besides, platforms use commercial logic to reshape distribution and enhance
user experience via perception-feedback, boosting traffic and commercial value.
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1. Introduction

In the digital age, social media has deeply integrated into daily life, and recommendation algorithms
examine user activity and item characteristics to offer personalized recommendations, continuously
affecting how users encounter information and consume. Existing studies have enhanced knowledge
of social media recommendation algorithms and user consumption behavior, especially in terms of
technological integration and attention-guidance logic. For instance, the adaptation of collaborative
filtering and deep learning algorithms and their impact on reallocating user attention have been
explored. Nevertheless, the consumption guidance under the “algorithm-platform-user” framework
remains underexplored, and the mechanisms by which algorithms shape consumption culture have
not been studied in depth. To fill an existing gap, this study investigates the guiding role of social
media recommendation algorithms in user consumption. Through the use of literature review and
case study approaches, this study investigates the practical paths of algorithm-guided consumption.
In particular, it explores the development of platform recommendation mechanisms in response to
technological and business changes, the role of recommendation algorithms on user consumption,



the joint influence of users, platforms, and algorithms on the consumption ecosystem, and the long-
term effects and risks of algorithm-driven consumption. Thus, the clarification provides guidance for
algorithm governance, user behavior, platform strategies, and the social media ecosystem.

2. The evolution logic of the platform recommendation mechanism

2.1. The evolution of recommendation mechanisms and platform embedding

The recommendation mechanisms on social media platforms have evolved alongside technological
advancements, with platforms increasingly leveraging algorithms to direct user attention and shape
content consumption. In the early stages, recommendations largely followed simple rules, such as
ranking popular content. With the rapid growth of users and data, collaborative filtering algorithms
were gradually adopted to recommend content based on user similarity [1]. For example, Facebook
utilized users’ friend relationships and interaction data to recommend groups or product pages that
users might follow. Furthermore, the development of deep learning enabled Neural Collaborative
Filtering (NCF) to optimize recommendation accuracy by mapping the user-item interaction matrix
to a low-dimensional space to learn features [2]. In order to fulfill users’ psychological needs and
drive engagement, platforms started favoring content with emotional or extreme characteristics. For
instance, Instagram uses image recognition and deep learning to analyze the styles of images that
users like and collect, recommending similar brand advertisements. This integrates recommendation
technology with visual social scenarios, shifting product recommendations from text-based to
immersive formats. In addition, federated learning technology has been used to enable collaborative
model training across devices or platforms without compromising user privacy [3]. As technology
advances, platforms now reshape information visibility, affecting attention and content consumption.

2.2. The distribution logic of attention-driven content algorithms

By leveraging recommendation algorithms, social media platforms have built an institutionalized
attention economy, in which user attention serves as a core resource for allocation and management,
ultimately maximizing traffic conversion and commercial value. Besides, platforms use algorithms
to capture attention, shape user behavior, and convert it from attention to traffic and consumption.
Specifically, algorithms rank content based on user behavior, such as dwell time and engagement.
This process exceeds mere technical modeling and reflects a dissemination framework in which
platforms transform attention into usable data and assign it to content via recommendation systems.
For example, TikTok uses reinforcement learning to quickly test how different types of short videos
attract user attention, pinning content with high completion and engagement rates to the top, thus
forming institutionalized rules for attention allocation [4]. In contrast, YouTube prioritizes clickbait
or controversial content, monetizing user attention [5]. Besides, platforms shape user expectations
and interactions via segmentation and content tagging. They use trending topics to attract attention
and utilize likes, comments, and other interactions to steer focus, distribute attention across content,
and enhance user engagement. This mechanism boosts dwell time and channels attention into traffic
and conversions. Moreover, cross-platform collaboration further strengthens the institutional effects
of the attention economy. For instance, by sharing data, social media and e-commerce platforms can
prioritize product recommendations, which prolongs attention and drives cross-platform conversion
from attention to consumption [6].



2.3. The strategic guidance of content via recommendation systems

Through recommendation algorithms, social media platforms build communication systems that
determine “whose voice is heard” and “which issues receive attention,” while also commercializing
public issues and directing user attention toward traffic and commercial value.

In particular, algorithms establish content agenda rights. Through the closed-loop process of data,
model, and feedback, technical rules are converted into content allocation authority. Consequently,
platforms embed core objectives like user dwell time, interaction rates, and business conversion into
algorithms, making agenda selection strongly biased toward platform goals. For example, short-
video platforms tend to recommend emotionally stimulating and low-cognitive-cost content, while
high-cognitive-cost content, such as in-depth analysis or public policy discussions, is marginalized,
leading to a public agenda skewed toward entertainment and fragmentation [7]. Besides, algorithms
reinforce “filter bubbles” via user profiling, shaping a consumption-oriented public discourse while
shaping users’ existing preferences and constraining consensus. In environmental issues, algorithms
may direct extreme or skeptical content to different user groups, intensifying polarization. Platforms
consequently channel attention in particular directions, thus establishing control over the discourse.
For example, they reduce environmental protection to green consumption, which weakens scrutiny
of structural issues. Features such as likes, comments, rewards, and paid promotions further embed
discourse within commercial logic, creating a structure dominated by paying entities. Platforms use
content ranking and recommendation systems, together with ecosystem tools such as WeChat Mini
Programs, to link browsing with purchasing, creating a content-to-consumption cycle. Furthermore,
cross-platform and community-based recommendations further guide attention and consumption [7].

3. The mechanism of recommendation algorithms in shaping consumption behavior

3.1. The attention redistribution mechanism in content distribution

Recommendation algorithms guide user attention, reshaping information reception and distribution.
In this process, platforms establish user profiles from multiple data sources and apply text mining,
behavior analysis, and deep learning to convert comments, product details, browsing, and purchase
history into interest tags, highlighting top content. This mechanism forms an “interest-feedback-re-
recommendation” loop, shifting information dissemination from decentralized to centralized and
influencing consumption behavior. The prioritized recommendation of content changes the path via
which users access information, shifting them from active searching to algorithmic feeding. In turn,
users passively receive content through interactions like infinite scrolling and refreshing, without
explicitly expressing their needs. At the same time, timing-based interventions help guide attention
and shape the flow of information. For example, during the “Double Eleven” shopping festival,
platforms conduct A/B testing several weeks in advance to set the recommendation weights for tags
like “limited-time discounts” and “scenario-based cases,” and embed pre-sale countdowns and best-
seller lists into the feed, directing users’ attention to key promotional periods and thereby enhancing
purchase behavior. By placing consumption-related content at the forefront of information feeds,
recommendation algorithms disrupt the conventional balance of information distribution. For
instance, Twitter prioritizes brand tweets and shopping links for users with a propensity to consume,
steering attention from social interaction to product information [8]. Similarly, Pinterest highlights
high-potential products based on users' browsing history and attention mechanisms, focusing users'
attention on specific items during immersive browsing and shifting consumption decisions from
broad exploration to precise selection [9]. By adjusting recommendation weights at different times,



algorithms concentrate user attention at key moments, forming an “attention-content-consumption”
loop and converting the effect of information distribution into actual consumption behavior.

3.2. The psychological induction mechanism in personalized recommendations

By targeting users’ psychological responses, recommendation algorithms guide consumer behavior
during participation and trigger purchase intentions at cognitive and emotional levels, thus making
consumption shaped by both content and psychological factors. In particular, platforms leverage
social proof by showcasing “others’ purchases or usage,” eliciting users’ conformity and reinforcing
self-identity. For example, Instagram includes tags such as “over 100,000 users have purchased” in
its recommendations, encouraging users to follow the behavior of the crowd [10]. At the same time,
personalized recommendations cater to users’ self-identity needs by generating identity labels and a
sense of group belonging, making it easier to deliver content that resonates psychologically. For
instance, algorithms recommend specialized fitness equipment to exercise enthusiasts, reinforcing
their identity labels and encouraging consumption. Besides, algorithms use interactive participation
mechanisms. By tracking and analyzing specific user interactions including likes, comments, and
shares, algorithms establish a “behavior-recommendation-behavior” cycle that boosts targeting and
accuracy through predictive feedback loops. For instance, on Douyin, interactive recommendation
ads use this mechanism so that users who like or comment are subsequently presented with similar
products, creating an “interaction-recommendation-consumption” loop that translates engagement
into purchases. By simulating social interactions, algorithms enhance users’ sense of self-worth and
identity, while recommending products that match user interests lowers resistance to consumption,
effectively turning engagement behaviors into triggers for repeated purchases [11]. For instance, on
Taobao, sharing shopping experiences are linked with extra product recommendations, encouraging
repeat purchases. In addition, algorithms exploit scarcity psychology to further induce consumption.
By tagging products as “low stock” or “limited edition,” platforms trigger users’ fear of missing out,
accelerating purchases and influencing both behavior and psychology.

3.3. The generation logic of consumer culture shaped by algorithms

By influencing user behavior, recommendation algorithms help shape the formation of consumption
culture, which emerges via content distribution, algorithmic reinforcement, and user internalization.
In particular, platforms promote the emergence and popularity of specific consumption cultures by
increasing the distribution frequency of selected content and amplifying trending topics through
algorithmic mechanisms. For instance, content frequently recommended on Xiaohongshu, such as
camping lifestyle and minimalist skincare, has come to symbolize emerging consumption cultures
[12]. And these lifestyles spread rapidly among users through continuous exposure and algorithmic
amplification, resulting in observable trends and fashions. At the same time, algorithms shape users’
consumption values by emphasizing instant gratification and personalized experiences. Short-video
and live-streaming e-commerce platforms encourage immediate satisfaction or impulse purchases
through recommendations of fast-moving consumer goods or customized products. Features such as
“watch-and-buy” consumption, limited-time offers, and exclusive items trigger a “fear of missing
out,” undermining rational judgment and promoting impulse buying. Through these mechanisms,
algorithms reproduce consumption culture continuously, embedding specific behavioral norms into
users’ daily practices. In addition, users further internalize recommended content into their lifestyles
and social expression via participation, sharing, and interaction. Activities like liking, commenting,
and posting reinforce users’ engagement with algorithm-driven content and align them with new



consumption trends. Thus, a self-reinforcing cycle develops, where consumption patterns, lifestyles,
and social practices interconnect. In this process, algorithms influence users’ perceptions of the
“ideal life” and turn personal consumption into collective behavior.

4. The collaborative construction relationship of users platforms - algorithms

4.1. Dynamic co-construction mechanism of user behavior and recommended content

There exists a two-way interaction between user behavior and recommended content. Specifically,
user behavior provides fundamental data for algorithmic recommendations and also plays an active
role within the algorithmic dissemination structure, reflecting the essence of “co-construction.” As a
result, this mechanism can expand users’ consumption boundaries, with user interests and platform
recommendations reinforcing each other, thus forming a continuous behavior-recommendation-new
behavior cycle. If users display interest in fashion content, the algorithm delivers more relevant
brand information, reinforcing browsing patterns and maintaining a continuous interaction loop [13].
For example, if a Douban user marks an art film as “want to watch,” the algorithm may recommend
similar films and related cultural and creative products, transforming the user from a mere film
enthusiast into a consumer within the cultural and creative domain. Moreover, social relationships
shape the co-construction of user behavior and recommended content. By collecting user behavior
data and analyzing preferences, platforms can push content that matches users’ interests, facilitating
content migration and shifts in user interests. In this process, social ties serve as a medium within
the dissemination process, enabling the algorithm to make effective use of user behavior data. Users’
interactive behaviors on social platforms, such as sharing with friends or liking products, are also
included in recommendations. For example, WeChat Channels considers individual and friends’
behavior to highlight social influence and spread consumption across networks.

4.2. The mechanism of communication structure reshaping driven by business logic

In pursuit of commercial goals, platforms rely on algorithms to reorganize the dissemination system,
forming a triangle linking algorithm, structure, and consumer power. In the pursuit of advertising
monetization and commercial revenue, algorithms adjust information flows and resource allocation
to favor high-consumption users and branded content, thereby concentrating traffic and enhancing
marketing value [14]. For example, WeChat Official Account recommendation algorithms prioritize
traffic to verified brand accounts, hence making their content more easily visible to users. Similarly,
TikTok’s branded live-streaming rooms leverage algorithms to reach the top of the traffic pool,
where users passively receive brand information, boosting the brand’s impact on consumer choices.
The restructured dissemination system shifts users’ purchasing power, giving brands an edge via
algorithmic promotion while limiting users’ options and strengthening brand influence [15]. At the
same time, this structural reshaping gives rise to a new role of “algorithmic intermediary,” making
algorithmic operations more industrialized and structurally refined. Multi-channel network agencies
apply algorithmic rules to help brands optimize content distribution, thus serving as intermediaries
between brands and platform algorithms. Platforms like Facebook and Instagram set up professional
teams to boost ad reach and brand awareness through algorithmic support [16]. This mechanism
boots dissemination and shapes consumption, creating more complex flows under commercial logic.



4.3. Algorithm response strategy mechanism based on user perception

Platform algorithms adjust recommendation strategies by perceiving user feedback, transforming the
recommendation mechanism from a purely technical tool into an emotional communication
regulator, aimed at balancing user experience with commercial objectives. Algorithms can detect
users’ positive or negative perceptions and optimize recommended content and display strategies
accordingly, forming a “perception-feedback-re-recommendation” loop. If users experience fatigue
or negative emotions toward repetitive content, algorithms optimize the experience through content
diversification and brand display adjustments. For example, algorithms track users’ video scrolling
frequency and viewing time to detect preferences and signs of fatigue, then adjust content variety or
brand presentation. Conversely, when users actively engage with a brand’s content, the algorithm
raises that brand’s recommendation weight and display priority, generating a positive feedback loop
[17]. Moreover, with technological advances, algorithms can respond to user perceptions more
precisely. Some platforms use affective computing to analyze comments and interaction emotions,
refining recommendation relevance and push frequency [18]. For example, when a platform detects
strong negative emotions toward a particular product recommendation, the algorithm reduces push
frequency, analyzes the underlying cause, optimizes content matching, and boots the effectiveness
and intelligence of the response strategy. This mechanism helps platforms improve experience and
drive conversion via a perception-feedback loop guiding consumer behavior.

5. Conclusion

This study investigates the guiding mechanism of social media recommendation algorithms on user
consumption behavior. The results show that algorithms, aligned with platform characteristics and
business goals, form an attention-driven logic that shapes consumption through content distribution,
decision-making, and value formation. Besides, user behavior, platform strategies, and algorithmic
adjustments interact dynamically, collectively shaping the digital consumption ecosystem. However,
the study relies on literature and case studies without quantitative data, focusing only on short-term
effects and providing limited insight into long-term, intergenerational, or ethical impacts. Future
research could utilize big data and experiments to measure algorithmic impacts, assess long-term
effects, and explore improvements via technology, policy, and user education.

References

[1] Resnick, P., Iacovou, N., Suchak, M., et al. (1994). GroupLens: an open architecture for collaborative filtering of
netnews. Proceedings of the 1994 ACM conference on Computer supported cooperative work, 175-186.

[2] He, X., Liao, L., Zhang, H., et al. (2017). Neural Collaborative Filtering. In: Proceedings of the 26th International
Conference on World Wide Web.Perth. pp.173-182.

[3] Liu, J., Huang, J., Zhou, Y., et al. (2022). From distributed machine learning to federated learning: a survey.
Knowledge and Information Systems, 64(4): 885-917.

[4] Xie, Y.H., Zhang, Y., Lin, T., et al. (2024). Short video preloading via domain knowledge assisted deep
reinforcement learning Short video preloading via domain knowledge assisted deep reinforcement learning. Digital
Communications and Networks, 10(6): 1826-1836.

[5] Ng, Y.M.M., Hoffmann Pham, K., & Luengo-Oroz, M. (2023). Exploring YouTube’s Recommendation System in
the Context of COVID-19 Vaccines: Computational and Comparative Analysis of Video Trajectories. Journal of
Medical Internet Research, 25(12): e49061.

[6] Zhou, R. (2024). Understanding the Impact of TikTok’s Recommendation Algorithm on User Engagement.
International Journal of Computer Science and Information Technology, 3(2), 201-208.

[7] Rao, Q., & Ko, E. (2021) Impulsive purchasing and luxury brand loyalty in WeChat Mini Program. Asia Pacific
Journal of MarketingandLogistics, 33(10), 2054-2071.



[8] Bakshy, E., Messing, S., & Adamic, L.A. (2015). Exposure to ideologically diverse news and opinion on Facebook.
Science (American Association for the Advancement of Science), 348(6239), 1130-1132.

[9] Feng, Z., Cong, F., Chen, K., et al. (2013). An Empirical Study of User Behaviors on Pinterest Social Network.
International Joint Conferences on Web Intelligence (WI) and Intelligent Agent Technologies (IAT), 402-409.

[10] Cialdini, R.B. (2007) Influence: The psychology of persuasion. Harper Collins Publishers.
[11] Ionescu, C.G., & Licu, M. (2023). Are TikTok Algorithms Influencing Users’ Self-Perceived Identities and Personal

Values? A Mini Review. Social Sciences (Basel), 12(8), 465.
[12] Huang, Y., & Miao, W. (2024). Domesticating algorithms through data reflectivity and user reflexivity: The

metaphor of Yanghao on Xiaohongshu (RED). Convergence (London, England), 30(6), 1959-1973.
[13] Bonnefon, J.F., Shariff, A., & Rahwan, I. (2016). The social dilemma of autonomous vehicles. Science (American

Association for the Advancement of Science), 352(6293), 1573-1576.
[14] Yang, B., Hu, Y., Cheng, X., et al. (2023) Exploring the factors affecting content dissemination through WeChat

official accounts: a heuristic-systematic model perspective. Electronic Commerce Research, 23(4), 2713-2735.
[15] Ibrahim, B., Aljarah, A., & Ababneh, B. (2020). Do Social Media Marketing Activities Enhance Consumer

Perception of Brands? A Meta-Analytic Examination. Journal of Promotion Management, 26(4), 544-568.
[16] McPherson, D. (2018). Response : Multi-Channel Direct Advertising, 26(10), 24-26, 28.
[17] Yu, Y., Gu, Y., Zuo, H., et al. (2021). Social recommendation algorithms with user feedback information.

Concurrency and Computation, 33(22): e5934.
[18] Caruelle, D., Shams, P., Gustafsson, A., et al. (2022). Affective Computing in Marketing: Practical Implications and

Research Opportunities Afforded by Emotionally Intelligent Machines. Marketing Letters, 33(1), 163-169.


