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Abstract—Recommendation systems now sit at the centre 

of most digital platforms, quietly shaping what users see 

and click, and potentially how they form beliefs over 

time. As these systems have grown more sophisticated, 

driven by advances in machine learning and behavioural 

data collection, a critical question has gained urgency: 

how does sustained exposure to algorithmically curated 

content shape human cognition itself? Research on 

recommendation algorithms and research on cognitive 

processing have largely developed along separate tracks, 

with few attempts to bring the two together into a 

coherent framework. 

This paper addresses that gap through a systematic 

review of literature spanning Artificial Intelligence, 

Human-Computer Interaction, Cognitive Psychology, 

Behavioural Science, and Information Science. Rather 

than starting from the assumption that personalization is 

either a benefit or a harm, the review takes a neutral, 

evidence-first stance, tracing how recommendation 

systems influence attention, information exposure, and 

decision-making, and how, in turn, user behaviour 

reshapes the very algorithms that serve them. This 

bidirectional relationship is developed into a conceptual 

framework describing the feedback loop between 

adaptive systems and human users. The review also maps 

out where current research falls short, and considers 

what these gaps mean for responsible AI design, media 

and algorithmic literacy, and the broader goal of 

building recommendation technologies that work with 

human cognition rather than around it. 
 

Index Terms—Artificial Intelligence, Recommendation 

Systems, Human Cognition, Algorithmic 

Personalization, Information Exposure, Human-

Computer Interaction, Digital Information Ecosystems 

 

I. INTRODUCTION 

 

Digital platforms increasingly use automated systems 

to select, rank, and personalize information. 

Recommender systems are used across media, 

education, commerce, search, and entertainment to 

reduce information overload and present items that are 

likely to be relevant [16], [1]. Their importance, 

however, extends beyond prediction accuracy. 

Ranking affects what becomes visible, what receives 

attention, and what users are likely to encounter 

repeatedly. 

 

The relationship is also reciprocal. Users generate 

signals through clicks, searches, ratings, viewing time, 

likes, shares, purchases, and other interactions. These 

signals can update user profiles and future rankings. 

Thus, the user is both a recipient of recommendations 

and a source of data through which the system adapts. 

The central question of this paper is therefore not 

whether algorithms simply control‖ people, but how 

recommendation systems shape information exposure, 

how users respond cognitively and behaviourally, and 

how those responses influence later 

recommendations. 

 

This review brings together technical recommender-

system research with research on attention, selective 

exposure, cognitive processing, belief evaluation, and 

user behaviour. It distinguishes exposure from 

attention and belief change, since these are related but 

different outcomes. The paper also proposes a 

conceptual feedback framework and identifies where 

evidence is established, where it is mixed, and where 

stronger research is needed. Personalization is treated 

as neither inherently beneficial nor harmful: it can 

improve relevance and discovery, but under some 

conditions it may increase repetition or narrow 

exploration. 
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Research Objectives: 

1) To examine how AI-driven recommendation 

mechanisms personalize information exposure; 

2) To examine how attention, selective exposure, 

repetition, and cognitive processing may shape 

responses to personalized information; 

3) To analyse the feedback relationship between user 

behaviour and adaptive recommendation; and 

4) To identify research gaps and human-centred 

measures for responsible recommendation design. 

 

Research Questions: 

RQ1: How do AI-driven recommendation systems 

shape personalized information exposure? 

RQ2: What cognitive and behavioural processes 

influence how users respond to personalized 

information? 

RQ3: How does user behaviour feed back into 

subsequent recommendations? 

RQ4: What does current research establish, and what 

remains uncertain about longer-term cognitive and 

behavioural effects? 

 

II. TECHNICAL FOUNDATIONS OF 

RECOMMENDATION SYSTEMS 

 

2.1. Recommendation paradigms 

A recommender system estimates the relevance or 

utility of items for a user and uses these estimates to 

filter or rank possible choices. Major approaches 

include collaborative filtering, content-based 

recommendation, knowledge-based methods, and 

hybrid systems [1], [14]. Collaborative filtering learns 

from patterns across users and items, while content-

based methods use item characteristics and user 

profiles. Matrix factorization became an influential 

method for learning latent user-item relationships [11]. 

More recent systems use deep learning and richer 

representations to model users, items, and context 

[19]. 

These technical choices matter because they determine 

how behavioural data are converted into future 

exposure. A click, rating, or viewing event is not a 

perfect measure of preference: it may reflect curiosity, 

interface position, habit, or social influence. Treating 

every interaction as a stable preference can therefore 

create a misleading user profile. This is an important 

point when connecting recommender-system data with 

human cognition. 

2.2. Personalization and ranking 

Personalization adapts candidate selection, ranking, or 

presentation using information about the user, context, 

or previous interactions. A simplified ranking function 

can be represented as R(u,i,c,t)=fθ(u,i,c,t), where u is 

the user, i the candidate item, c the context, t the 

interaction time, and fθ the learned scoring function. 

Real systems may combine relevance with 

engagement, freshness, diversity, quality, fairness, 

safety, or business constraints. Evaluation should 

therefore go beyond prediction accuracy and consider 

multiple dimensions of user and system outcomes 

[18]. 

Ranking creates an opportunity structure for 

information. Items placed more prominently or 

repeatedly may receive greater opportunity for 

attention, but recommendation is not equivalent to 

actual exposure or influence. A useful sequence is: 

algorithmic selection → visibility → attention → 

consumption → cognitive processing → possible 

behavioural or attitudinal response. Each stage can be 

affected by user goals, content characteristics, 

interface design, and context. 

 

2.3. Adaptive recommendation and feedback 

Adaptive recommenders update predictions from 

changing interaction histories. Sequential and 

reinforcement-learning approaches treat 

recommendation as a series of decisions in which 

system actions are followed by user responses. The 

basic feedback loop is: recommendation → user 

response → observed signal → model update → next 

recommendation. This loop can improve relevance 

and adapt to changing interests, but it can also 

reinforce popularity or repeated behaviour. The key 

point is that recommendation and user behaviour 

influence one another rather than following a one-way 

process. 

 

III. HUMAN COGNITION IN PERSONALIZED 

INFORMATION ENVIRONMENTS 

 

3.1. Attention and information processing 

Attention is limited, so digital systems compete for it 

through ordering, visual salience, novelty, 

notifications, autoplay, and personalized sequencing. 

Recommendation can reduce search effort by filtering 

a large information space, but continuous ranked feeds 

can also increase the amount of information 
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encountered. Attention should therefore not be 

measured only through clicks. Viewing time, recall, 

task performance, and other measures can represent 

different aspects of attention. 

Information processing is also shaped by prior 

knowledge, goals, motivation, cognitive load, source 

credibility, relevance, emotion, repetition, and social 

cues. A recommended item must first be noticed and 

processed before it can contribute to a cognitive 

outcome. This makes the distinction between exposure 

and cognition essential. 

 

3.2. Selective exposure and prior beliefs 

Selective exposure refers to the tendency to prefer 

information that is compatible with existing attitudes 

or goals, while confirmation bias describes tendencies 

to seek, interpret, or remember information in ways 

that support existing beliefs [8], [12]. These are human 

cognitive and behavioural tendencies, not algorithmic 

mechanisms themselves. 

A user may first choose content that fits an existing 

interest. The recommender can then learn from that 

choice and provide more similar content, creating a 

feedback loop. Conversely, a user may receive content 

they did not actively seek and respond to it in 

unexpected ways. Research on filter bubbles therefore 

needs to separate user-driven selection from 

algorithmic ranking. Existing studies show mixed 

results: some find effects on diversity or 

fragmentation, while others conclude that filter 

bubbles are not inevitable and depend on algorithm 

type, content, and user behaviour [3], [6], [10], [20]. 

 

3.3. Repetition, social signals, and belief evaluation 

Repetition is one possible cognitive pathway. 

Research on the illusory-truth effect shows that 

repeated statements can be judged as more truthful or 

familiar, including when the statements are not 

necessarily true [4], [5]. Longitudinal research also 

finds that repetition can influence truth judgments 

across time [9]. However, these findings do not by 

themselves prove that recommendation systems cause 

belief change. A platform must repeatedly present 

information, users must attend to it, and other factors 

such as source credibility and prior beliefs can affect 

the outcome. 

Recommendation interfaces may also display ratings, 

likes, view counts, or trending labels. These social 

signals can affect perceived relevance or credibility, 

but their effects depend on trust, group identity, source 

expertise, and user goals. Personalization therefore 

creates possible cognitive pathways rather than 

guaranteed outcomes. 

 

3.4. Cognitive load and information consumption 

Personalization has a dual relationship with cognitive 

load. It can reduce the effort needed to find relevant 

information, but continuous streams can also increase 

information volume and encourage passive 

consumption.  

Repeated interaction may become habitual, but habit 

should not automatically be equated with addiction. 

These outcomes depend on the task, interface, user 

goals, and platform design. 

 

IV. INTERACTION BETWEEN 

RECOMMENDATION SYSTEMS AND HUMAN 

COGNITION 

 

The literature is best understood as a multi-stage 

interaction rather than a direct algorithm-to-belief 

relationship.  

 

The proposed pathway is: 

Recommendation mechanism → personalized 

exposure → attention and selection → cognitive 

processing → possible attitude or belief response → 

behaviour → feedback data → model adaptation 

 

The important feature is the feedback loop. User 

behaviour affects what the system learns, while system 

outputs affect the environment in which later 

behaviour occurs. Prior beliefs, knowledge, 

motivation, content quality, interface design, 

recommendation objectives, and user awareness can 

moderate these relationships. 

 

Current evidence is strongest for technical and 

behavioural links: recommendation systems rank 

information, ranking affects visibility, and user 

interactions provide signals for adaptation. Evidence 

for cognitive mechanisms such as repetition is strong 

in controlled psychological studies, but evidence 

connecting these mechanisms to long-term effects in 

real recommendation environments is more limited. 

The literature therefore does not justify claims that 

algorithms universally manipulate users, create filter 

bubbles, or determine beliefs. 
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4.1. Evidence summary 

 

Table 1. Evidence summary for the proposed 

feedback-oriented model of recommendation and 

cognition. 

Relationship What research 

supports 

Caution 

Ranking → 

visibility 

Strong 

technical basis 

Visibility does not 

guarantee attention. 

Visibility → 

attention 

Context-

dependent 

User goals and interface 

matter. 

Repetition → 

perceived truth 

Supported 

experimentally 

Naturalistic 

recommender effects 

need direct study. 

Personalization 

→ selective 

exposure 

Mixed User choice and 

algorithmic selection 

interact. 

Recommendation 

→ durable belief 

change 

Heterogeneous Strong causal evidence 

is limited. 

User behaviour 

→ future 

recommendation 

Central to 

adaptive 

systems 

Signals may not 

represent stable 

preferences. 

 

V. METHODOLOGY 

 

This study uses a systematic literature review approach 

with conceptual synthesis. The purpose is to connect 

evidence from recommender systems, AI, HCI, 

cognitive psychology, behavioural science, and 

information science rather than treat these fields 

separately.  

The review is organized around five questions: (1) 

which recommendation mechanisms shape 

personalized exposure; (2) which cognitive and 

behavioural mechanisms connect exposure with user 

response; (3) how user interactions become feedback 

signals; (4) which contextual factors influence these 

relationships; and (5) what limits strong causal 

conclusions about long-term effects. 

 

Relevant literature was identified using combinations 

of terms such as —recommender systems, ‖—

recommendation algorithms, ‖ —algorithmic curation, 

‖ —personalization, ‖ —attention, ‖ —selective 

exposure, ‖ —cognitive processing, ‖ —belief 

updating, ‖ —user behavior, ‖ and —feedback loops. ‖ 

Major scholarly sources for this field include IEEE 

Xplore, ACM Digital Library, Scopus or Web of 

Science where available, ScienceDirect, 

SpringerLink, and Google Scholar for citation 

chaining. Studies were included when they examined 

recommendation, ranking, personalization, or curation 

and connected these mechanisms with human 

behaviour, cognition, attention, information exposure, 

or user agency. Purely technical accuracy studies 

without a relevant human or informational outcome 

were treated as background rather than direct 

evidence. 

The review follows PRISMA 2020 as reporting 

guidance [13]. Because the final database screening 

and exact record counts were not completed within the 

submission period, this manuscript does not report 

invented PRISMA numbers. It is more accurately 

described as a structured systematic-literature 

synthesis with a conceptual framework. A full 

reproducible review should report the exact search 

date, database results, duplicate removal, screening 

decisions, exclusion reasons, and final study count. 

 

VI. FINDINGS AND THEMATIC SYNTHESIS 

 

6.1. Personalization changes information visibility 

Technical research shows a clear progression from 

classical recommender methods to hybrid, contextual, 

deep-learning, and sequential approaches [15], [19]. 

As these systems become more adaptive, ranking 

becomes an important part of the user's information 

environment. However, better prediction does not 

automatically mean better understanding, diversity, or 

user control. Research on recommender evaluation 

increasingly supports considering fairness, diversity, 

transparency, and user-centred outcomes alongside 

accuracy. 

 

6.2. Cognitive response is mediated by the user 

The literature does not support a simple claim that 

personalized content directly changes beliefs. Users 

interpret information through prior beliefs, 

knowledge, goals, trust, and motivation. Selective 

exposure may reinforce existing preferences, while 

contradictory information may be rejected or 

evaluated more carefully.  

Repetition provides a plausible route through which 

recommendation could influence truth judgments, but 

direct evidence connecting platform-level 

recommendation to durable belief change remains 

limited. 
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6.3. Feedback is the key connection 

The strongest link between the technical and cognitive 

literatures is behavioural feedback. User actions 

become observations that can update future rankings. 

This can be useful when interests change, but it can 

also reinforce temporary behaviour, popularity, or 

narrow exposure. Static offline datasets cannot fully 

capture this process because they often reflect 

previous recommendation decisions. Longitudinal and 

multi-round evaluation is therefore important. 

 

6.4. What the literature does and does not establish 

The evidence supports the view that recommendation 

systems can shape what information is made visible 

and can adapt to user behaviour. It also supports 

several cognitive mechanisms that may operate within 

personalized environments. However, evidence is 

weaker for universal claims about durable belief 

change, inevitable filter bubbles, polarization, or loss 

of autonomy. These outcomes depend on system 

objectives, content, users, interfaces, and context. This 

distinction is central to an evidence-based 

interpretation of algorithmic influence. 

 

VII. PROPOSED CONCEPTUAL FRAMEWORK 

 

We term this the Personalization–Cognition Feedback 

Loop (PCFL). It integrates the technical system and 

the human user through a feedback loop: 
 

Context and platform objectives 

↓ 

Recommendation system: candidate generation, 

filtering, ranking, personalization 

↓ 

Personalized information environment: visibility, 

ordering, repetition, diversity, social cues 

↓ 

Human cognition: goals, prior beliefs, attention, 

cognitive load, processing, evaluation 

↓ 

User response: viewing, selecting, searching, sharing, 

skipping, disengaging 

↓ 

Feedback data: explicit and implicit interaction 

signals 

𝐺 

Model adaptation and future recommendations 

 

Across repeated interactions, these individual-level 

processes may contribute to broader outcomes such as 

changes in information diversity, creator behaviour, 

popularity concentration, or public information 

environments. These should be treated as possible 

aggregate effects rather than direct outputs of an 

algorithm. The framework therefore avoids 

technological determinism and keeps user agency and 

contextual factors within the model. 

The framework's main conceptual propositions are: (1) 

ranking policies shape information visibility; (2) 

visibility affects attention only under particular user 

and interface conditions; (3) cognitive processing 

mediates possible effects of exposure on attitudes or 

beliefs; (4) prior beliefs and digital literacy moderate 

responses; and (5) user behaviour feeds back into 

subsequent personalization. These propositions 

organize future research and are not presented as 

experimentally validated causal claims. 

 

VIII. RESEARCH GAPS AND IMPLICATIONS 

 

8.1. Research gaps 

Four gaps are especially important. First, technical and 

cognitive studies often use different measures, making 

it difficult to connect ranking quality with cognitive 

outcomes. Second, exposure and engagement are 

sometimes treated as proxies for cognition, even 

though exposure is not the same as attention, 

comprehension, memory, or belief. Third, causal 

evidence is limited because users are not randomly 

assigned to recommendation environments and their 

prior interests affect both selection and 

recommendation. Fourth, real-world systems are 

proprietary and dynamic, making repeated interactions 

and model updates difficult to observe. 

Future studies should use longitudinal designs, 

controlled feed interventions, natural experiments, 

within-person comparisons, and clearer measures of 

exposure, attention, comprehension, memory, belief 

confidence, and behaviour. Research should also 

include more diverse populations and evaluate 

recommendation outcomes over time rather than 

relying only on static datasets. 

 

8.2. Human-centred implications 

The literature suggests that responsible 

recommendation design should evaluate more than 

engagement. Diversity, novelty, information quality, 
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fairness, transparency, privacy, and user agency 

should also be considered [17]. Users should have 

meaningful ways to inspect, reset, or modify 

personalization where appropriate. Interface design 

can influence behaviour, making human-AI 

interaction principles relevant to recommender 

systems [7], [2]. 

Algorithmic and media literacy can help users 

understand that recommendations are adaptive outputs 

rather than neutral representations of all available 

information. However, literacy should not be 

presented as a complete solution. Effective safeguards 

require both informed users and systems designed to 

support choice, transparency, diversity, and long-term 

user goals. 

 

IX. CONCLUSION 

 

AI-driven recommendation systems do more than 

predict what users may like. By filtering and ranking 

information, they help shape the environment in which 

users decide what to notice and consume. At the same 

time, users continuously generate the behavioural 

signals through which these systems adapt. The 

relationship is therefore best understood as a feedback 

process rather than a one-way flow of algorithmic 

influence. 

We argue that much of the disagreement in this field 

stems from treating exposure and belief change as 

interchangeable outcomes. The evidence reviewed 

here shows they are not: exposure is well predicted by 

ranking and personalization, while belief change 

depends on a separate chain of cognitive conditions 

that current recommender research rarely measures. 

Collapsing the two is, in our view, the central 

methodological gap the field needs to close. 

The reviewed literature supports strong claims about 

ranking, visibility, personalization, and behavioural 

feedback, while evidence for durable belief change 

and broad societal effects remains more mixed. 

Personalization can improve relevance and discovery, 

but it can also reinforce repeated exposure or narrow 

exploration under particular conditions. The main 

contribution of this review is a framework that 

connects these technical and cognitive processes 

without assuming that either algorithms or users are 

solely responsible for the resulting information 

environment. 

Future research should connect recommender-system 

evaluation with cognitive and behavioural measures 

through longitudinal, causal, and human-centred 

studies. Recommendation quality should ultimately be 

considered not only through accuracy and 

engagement, but also through information diversity, 

comprehension, agency, fairness, transparency, and 

privacy. 

 

9.1. Suggestions for Responsible Use and Design 

The review suggests that solutions should address both 

the system and the user. First, recommender systems 

should be evaluated beyond accuracy and engagement 

by including information diversity, quality, fairness, 

transparency, privacy, and user agency [17], [18]. 

Second, users should be given understandable controls 

to inspect, reset, or modify personalization where 

appropriate. Third, platforms should provide clearer 

signals about why content is recommended and avoid 

treating every click or viewing event as a stable 

statement of user preference. 

Fourth, algorithmic and media literacy should be 

strengthened so that users understand that a 

personalized feed is a selected information 

environment, not a complete representation of 

available information. Literacy alone, however, cannot 

solve the problem; responsible design should make 

alternative information easier to access and should 

support informed choice. 

Finally, we position the PCFL's five propositions that 

ranking shapes visibility, that visibility affects 

attention only under specific conditions, that cognitive 

processing mediates belief effects, that prior belief and 

literacy moderate this process, and that user behaviour 

continuously reshapes personalization as a concrete 

research agenda rather than a settled conclusion. 

Testing these propositions directly, through 

longitudinal and causal studies that separate exposure 

from belief change, is the clearest path toward 

resolving the disagreements this review has identified. 
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