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Abstract: 
This study tries to understand the impact of social media algorithms on teenagers’ brain and emotions through a cross-
field approach that integrates concepts from cognitive neuroscience, behavioral psychology, and computational social 
science. Set in five government senior secondary schools of Shahdara district, Delhi, the research employed a mixed-
methods design to capture both the measurable and lived dimensions of algorithmic curation. Quantitatively, data 
were collected from 46 Class 12 students (28 male, 18 female) using standardized tools to assess affect, distress, sleep 
quality, and loneliness, alongside a study-specific Algorithmic Exposure Index (AEI) reflecting the intensity of 
personalized recommendations, autoplay features, and time spent on algorithm-driven feeds. Qualitatively, in-depth 
interviews were conducted with 11 students (6 male, 5 female) to probe perceived changes in attention, mood volatility, 
reward sensitivity (likes/shares), body image, social comparison, and sleep hygiene. Reliability analyses demonstrated 
good internal consistency (Cronbach’s α range: .84–.90 across scales; AEI α = .86). Pearson correlations showed 
significant positive associations between AEI and negative affect (r = .42, p = .004), psychological distress (K10; r = 
.48, p = .001), loneliness (UCLA-3; r = .35, p = .016), and sleep problems (r = .31, p = .032), with a marginal 
negative association with positive affect (r = −.28, p = .064). A multiple regression model (R² = .36) indicated AEI 
as a unique predictor of negative affect (β = .39, p = .003) after controlling for gender and total daily screen time. 
Thematic analysis (six themes) illuminated mechanisms of “personalization pull,” “endless-scroll trance,” and “mood 
rollercoaster,” among others, consistent with dopaminergic reward loops and social comparison processes. Findings 
suggest that algorithmically intensified feeds are linked with heightened distress and mood dysregulation in late 
adolescents, implying a need for school-level digital hygiene programs, transparent recommender policies, and parental 
co-regulation strategies. The study concludes that a cross-field lens offers a more complete map of how algorithmic 
design meets developing adolescent neuro-emotional systems, and it outlines actionable pathways for educators and 
policymakers in urban Indian contexts. 
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INTRODUCTION  
The rapid proliferation of social media platforms over the past decade has fundamentally altered how 
young people interact, consume information, and construct their sense of self. While earlier digital 
environments relied on user-driven navigation—where individuals actively sought out pages, posts, or 
videos—modern platforms are dominated by algorithmically curated feeds. These algorithms, often 
proprietary and opaque, determine the sequence, relevance, and frequency of content that appears before 
the user, optimizing for engagement metrics such as watch time, click-through rate, and interaction 
frequency. This shift has introduced a profound transformation in the nature of media consumption, 
shifting from deliberate choice to passive, personalized immersion. 
Adolescents represent a particularly vulnerable group in this digital ecosystem. Neuroscientific evidence 
shows that during adolescence, the prefrontal cortex, which governs impulse control and long-term 
planning, is still maturing, while the limbic system, responsible for emotional reactivity and reward 
processing, is highly sensitive. This developmental asynchrony means that adolescents are especially 
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susceptible to stimuli that offer immediate gratification—precisely the kind of stimuli that algorithmic 
feeds excel at delivering. The iterative process of engagement and feedback (through likes, shares, and 
comments) creates a dopaminergic reward loop, reinforcing behaviors and making disengagement 
difficult. Such neurological underpinnings suggest that algorithms are not merely neutral delivery systems; 
rather, they actively interact with the developing brain’s architecture. 
From a socio-emotional perspective, algorithmic curation can amplify both positive and negative 
experiences. On one hand, personalized feeds can foster feelings of belonging by showing relatable 
content, connecting teenagers to peer communities, and exposing them to diverse perspectives. On the 
other, they can heighten social comparison, expose individuals to harmful or misleading content, and 
reinforce emotional volatility. For example, upward social comparisons—seeing idealized images of peers 
or influencers—are strongly linked to diminished self-esteem and increased anxiety. Moreover, algorithmic 
design features such as autoplay, infinite scroll, and push notifications have been shown to extend screen 
time far beyond user intention, often at the cost of sleep and academic focus. 
In the Indian context, and particularly within urban government school populations, the conversation 
around social media’s psychological effects often focuses on generic “screen time” rather than the distinct 
role of algorithms. This is a critical oversight. While screen time captures the quantity of exposure, 
algorithmic exposure reflects the quality, intensity, and persuasive power of the content consumed. 
International studies have demonstrated that higher algorithmic personalization correlates with stronger 
emotional responses—both positive and negative—but these findings are heavily skewed toward Western 
populations, leaving a significant evidence gap for adolescents in South Asian educational settings. 
Understanding this within the cultural and infrastructural context of Indian schools is crucial, as access 
patterns, device types, and parental mediation strategies differ markedly from those in high-income 
countries. 
The Shahdara district of Delhi, where this study is situated, provides an important setting for exploring 
these dynamics. As a densely populated urban area with a mix of socioeconomic backgrounds, Shahdara’s 
government senior secondary schools serve students who often face academic pressures, limited 
recreational spaces, and a high reliance on mobile devices for both entertainment and communication. 
Within this demographic, the interplay between algorithmic feed exposure and mental-emotional well-
being has not been systematically examined. This absence of localized data hinders the ability of educators, 
policymakers, and mental health practitioners to design targeted interventions. 
A cross-field approach is particularly relevant for addressing this gap. By integrating perspectives from 
cognitive neuroscience (how algorithmic stimuli engage neural reward and attention systems), behavioral 
psychology (how they shape habits, mood regulation, and coping mechanisms), and computational social 
science (how algorithms function and evolve), researchers can achieve a holistic understanding of the 
phenomenon. This approach moves beyond siloed studies that either treat algorithms as technological 
artifacts divorced from human impact, or adolescents as passive recipients of content without considering 
the computational logic behind its delivery. 
In this study, we operationalize algorithmic exposure through a newly developed Algorithmic Exposure 
Index (AEI) that measures students’ interactions with recommendation systems, autoplay features, and 
personalized notifications. By combining quantitative assessments with qualitative interviews, we aim not 
only to quantify the statistical relationships between algorithmic exposure and emotional outcomes but 
also to capture the lived experiences, metaphors, and narratives through which students make sense of 
their engagement. This is critical for designing interventions that are culturally resonant, developmentally 
appropriate, and technically informed. 
Ultimately, the present research addresses three pressing questions: 
(1) To what extent is algorithmic exposure associated with changes in teenagers’ emotional states and 
cognitive well-being in the government school context of Shahdara? 
(2) How do these associations compare when accounting for overall screen time, suggesting whether the 
“algorithmic factor” adds unique risk? 
(3) What lived experiences and self-reported mechanisms do students identify as linking algorithmic feeds 
to mood, attention, and sleep patterns? 
By answering these questions, this study contributes to the growing body of literature on digital well-being 
while offering localized, actionable insights for the Indian school system. In doing so, it also highlights 
the importance of treating algorithmic design as a variable of interest in adolescent mental health 
research—an area poised to become increasingly urgent as platform technologies evolve and penetrate 
every aspect of young people’s daily lives. 
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REVIEW OF RELATED LITERATURE 
Orben and Przybylski (2019) conducted a large-scale analysis and found only modest associations between 
screen time and adolescent well-being, suggesting that content and context (e.g., algorithmic cues) may be 
more important than quantity alone. Their work pushes the field toward examining how digital 
environments, not just how much, affect youth. 
Montag, Lachmann, Herrlich, and Zweig (2019) proposed the “digital phenotyping” framework, arguing 
that algorithm-driven platforms alter cognitive rhythms and attention in adolescents via constant novelty 
rewards. They highlight how platforms engineer intermittent reinforcement similar to slot-machine 
mechanics, fostering habitual checking. 
Known for exploring platform mechanics, Meshi, Tamir, and Heekeren (2015) reviewed how social media 
interactions—especially “likes” and feedback loops—recruit the adolescent brain’s reward circuitry, 
amplifying affective responses. Their neuroscience perspective complements design-critical studies. 
Inoue and Yamaguchi (2020) focused on autoplay and infinite scroll, showing that these features 
significantly increased time spent and lowered self-regulation in high-school students; they also noted 
heightened sleep delay and evening cognitive fatigue. 
Vaterlaus, Sherman, and Davey (2021) conducted a survey among adolescents aged 15–18 and found that 
algorithmic recommendation content (e.g., For You pages) was positively associated with mood swings 
and feelings of restlessness, independently of total screen time. 
A small experimental study by Ballew, Omura, Linkenbach, and Hall (2022) demonstrated that exposure 
to personalized social media feeds increased social comparison and body dissatisfaction in teenage girls 
compared to chronological, non-curated feeds. 
 
RESEARCH METHODOLOGY 
Research Design 
This study employed a mixed-methods cross-sectional design integrating quantitative and qualitative 
strands to explore the impact of social media algorithms on teenagers’ cognitive and emotional domains. 
Guided by a cross-field approach drawing from cognitive neuroscience, behavioural psychology, and 
computational social science, the study aimed to capture both measurable outcomes and lived experiences 
of algorithmic curation. 
Objectives 
1. To investigate how social media algorithms affect teenagers’ cognitive processing, attention span, and 
emotional regulation. 
2. To analyse teenagers’ subjective experiences and perceptions of algorithm-driven content, focusing on 
its influence on mood, self-perception, and social interactions. 
Research Approach 
A convergent mixed-method approach is adopted, where qualitative and quantitative data are collected 
and analysed concurrently, and findings are integrated during interpretation. 
Population and Sample 
The study was conducted in five Government Senior Secondary Schools located in Shahdara district, 
Delhi. The target population comprised Class 12 students from government schools who were regular 
social media users. 
• Quantitative sample: 46 students (28 male, 18 female). 
• Qualitative sample: 11 students (6 male, 5 female). 
• Selection method: Purposive sampling, ensuring inclusion of students actively engaged with algorithm-
driven platforms such as Instagram, YouTube, TikTok, and Snapchat for a minimum of 1–2 hours daily. 
Data Collection Tools 
Quantitative Instruments 
1. Positive and Negative Affect Schedule (PANAS) – To assess positive and negative affect. 
2. Kessler Psychological Distress Scale (K10) – To measure psychological distress. 
3. UCLA Loneliness Scale (Short Form – 3 items) – To assess perceived loneliness. 
4. Sleep Quality Index – To evaluate self-reported sleep problems. 
5. Algorithmic Exposure Index (AEI) – A study-specific scale developed to capture intensity of 
personalized recommendations, autoplay features, and time spent on algorithm-driven feeds. 
Qualitative Instruments 
• Semi-structured interviews focusing on perceived changes in attention, mood volatility, reward 
sensitivity (likes/shares), body image concerns, social comparison tendencies, and sleep hygiene. 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 22s, 2025 
https://theaspd.com/index.php 

556 
 

Procedure 
• Quantitative phase: Data were collected in classroom settings during school hours with paper-and-pen 
administration. Standardized instructions were given to maintain uniformity. 
• Qualitative phase: In-depth interviews were conducted individually in quiet rooms within school 
premises to ensure confidentiality and participant comfort. Each interview lasted 25–40 minutes and was 
audio-recorded with consent. 
Data Analysis 
Quantitative Analysis 
• Reliability testing was performed using Cronbach’s alpha for each scale (ranging from .84 to .90; AEI 
α = .86). 
• Pearson correlation analysis examined associations between AEI scores and emotional/cognitive 
variables. 
• Multiple regression analysis was used to determine the predictive capacity of AEI on negative affect, 
controlling for gender and total daily screen time. 
• All statistical analyses were conducted using SPSS v27. 
Qualitative Analysis 
• Audio-recorded interviews were transcribed verbatim. 
• NVivo 14 software was used for thematic analysis following Braun & Clarke’s (2006) six-step 
framework. 
• Coding proceeded through open coding, axial coding, and theme development. 
• Six major themes emerged, including personalization pull, endless-scroll trance, and mood 
rollercoaster, reflecting underlying mechanisms consistent with dopaminergic reward cycles and social 
comparison. 
 
RESULTS AND ANALYSIS 
The quantitative strand of this study yielded statistically robust findings, demonstrating consistent and 
meaningful relationships between algorithmic exposure and adolescent emotional well-being. Reliability 
testing confirmed high internal consistency across all standardized instruments, with Cronbach’s alpha 
values ranging from .84 to .90, and a strong reliability score for the study-specific Algorithmic Exposure 
Index (AEI) (α = .86). These values indicate that the measures used were both consistent and dependable 
for assessing the constructs of affect, psychological distress, loneliness, and sleep problems within this 
adolescent population. 
Pearson correlation analyses revealed that AEI scores were significantly and positively correlated with 
multiple negative emotional outcomes. Specifically, higher algorithmic exposure was associated with 
increased negative affect (r = .42, p = .004), greater psychological distress as measured by the Kessler 
Psychological Distress Scale (r = .48, p = .001), higher loneliness scores on the UCLA-3 scale (r = .35, p = 
.016), and more reported sleep problems (r = .31, p = .032). Additionally, a marginally significant negative 
correlation was found between AEI and positive affect (r = −.28, p = .064), suggesting a possible inverse 
relationship between algorithmic exposure and positive mood states. The multiple regression analysis 
further clarified these associations. After controlling for gender and total daily screen time, AEI emerged 
as a unique and significant predictor of negative affect (β = .39, p = .003), with the model explaining 36% 
of the variance in negative affect (R² = .36). This indicates that algorithmic exposure plays a substantial 
and independent role in shaping negative emotional outcomes in late adolescents, beyond the effects of 
overall screen time or demographic variables. 
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The qualitative strand, analysed through NVivo 14 following Braun and Clarke’s six-step framework, 
generated six key themes that shed light on the lived experiences behind these statistical patterns. These 
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themes—personalization pull, endless-scroll trance, mood rollercoaster, validation loops, distorted self-
image, and sleep erosion—captured the mechanisms by which algorithmic design influences both 
cognition and emotion. Participants described the “personalization pull” as an almost magnetic draw 
toward curated content that felt “too relevant to ignore,” often leading to prolonged, unplanned use. The 
“endless-scroll trance” referred to states of dissociation during content consumption, where awareness of 
time diminished. The “mood rollercoaster” theme encapsulated rapid emotional shifts triggered by 
alternating positive and negative content, reflecting the brain’s sensitivity to reward and novelty cycles. 
These qualitative insights complement the quantitative findings, offering rich, context-specific 
explanations for the observed correlations. For instance, the association between AEI and sleep problems 
aligns with the “sleep erosion” theme, in which participants reported difficulty disengaging from late-
night scrolling, disrupting circadian rhythms. Similarly, the link between AEI and loneliness is echoed in 
the “distorted self-image” and “validation loops” themes, where teenagers engaged in constant social 
comparison and derived self-worth from online approval metrics. 
 
CONCLUSION 
This study provides compelling evidence that algorithmic exposure on social media platforms exerts a 
measurable and independent influence on adolescents’ emotional well-being. Quantitative findings 
demonstrated strong internal reliability across all instruments and revealed significant associations 
between higher Algorithmic Exposure Index (AEI) scores and elevated levels of negative affect, 
psychological distress, loneliness, and sleep disturbances, alongside a trend toward reduced positive affect. 
The regression analysis confirmed that algorithmic exposure predicts negative emotional states even when 
controlling for gender and total screen time, underscoring its unique impact beyond general digital 
engagement. 
Complementing these statistical patterns, the qualitative thematic analysis illuminated the lived 
experiences behind these numbers, revealing processes such as “personalization pull,” “endless-scroll 
trance,” and “mood rollercoaster,” which reflect cognitive-emotional mechanisms tied to reward loops, 
social comparison, and disrupted self-regulation. Together, the mixed-method evidence paints a 
consistent picture: algorithmically intensified feeds are not merely neutral delivery systems for content 
but active drivers of mood volatility and psychological strain in late adolescents. In the context of urban 
Indian schooling, these findings highlight an urgent need for multi-stakeholder interventions, including 
digital literacy programs, transparent recommender system policies, and parental co-regulation practices, 
to safeguard adolescent mental health. The cross-field approach adopted here demonstrates that 
integrating insights from neuroscience, psychology, and computational sciences yields a richer and more 
actionable understanding of how algorithmic design interacts with developing neuro-emotional systems. 
SUGGESTIONS 
Based on the findings of this study, several targeted recommendations can be proposed to mitigate the 
negative emotional and behavioral outcomes associated with high Algorithmic Exposure Index (AEI) 
scores among adolescents. 
Firstly, digital hygiene education in schools should be prioritized, as elevated AEI levels were strongly 
linked to increased negative affect, psychological distress, loneliness, and sleep problems. Structured 
programs can teach students practical strategies for managing screen time, recognizing algorithmic 
influence, and consciously curating their feeds to limit harmful content exposure. 
Secondly, awareness campaigns on algorithmic influence are essential, as many adolescents underestimate 
the psychological effects of personalized recommendations and endless scrolling. Interactive sessions, 
including live demonstrations of algorithmic processes, could empower students to identify manipulation 
patterns and make more informed digital choices. 
Thirdly, parental co-regulation strategies should be encouraged. Instead of solely imposing restrictions, 
parents can engage in co-using social media with their teens, fostering open discussions about online 
experiences, and establishing mutually agreed-upon digital boundaries that respect both autonomy and 
safety. 
Fourthly, schools could integrate mindfulness and emotional regulation practices into wellness curricula, 
particularly because AEI emerged as a strong predictor of negative affect. Approaches such as mindfulness-
based stress reduction (MBSR) and cognitive-behavioral techniques can enhance emotional resilience and 
reduce algorithm-related stress triggers. 
Fifthly, improved sleep hygiene interventions are needed to address the observed link between AEI and 
sleep disturbances. Adolescents should be made aware of the relationship between late-night engagement 
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with algorithm-driven platforms and disrupted circadian rhythms, alongside practical measures such as 
implementing “screen-off” schedules before bedtime. 
Furthermore, collaborative policy advocacy is crucial. Educators, policymakers, and technology 
stakeholders should work together to promote transparent recommender systems, user-friendly algorithm 
controls, and age-appropriate content curation options on popular platforms. 
Finally, further research using longitudinal designs is recommended to move beyond the limitations of 
this study’s cross-sectional approach. Tracking adolescents over time would provide deeper insights into 
the long-term cognitive, emotional, and behavioral consequences of sustained high algorithmic exposure, 
enabling more evidence-based interventions. 
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