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Abstract

The spread of content through digital media networks is governed not only by
its informational quality but by its psychological properties, specifically its
capacity to activate emotional responses that motivate sharing, amplify
attention, and generate social signaling behaviors. This paper examines the
psychological dimensions of content virality in digital news environments,
analyzing how Al systems model emotional contagion mechanisms and deploy
them for engagement optimization. Drawing on emotional contagion theory
(Hatfield et al., 1993), the dual-process model of news sharing (Berger, 2011),
and computational affective analysis research, the paper proposes an integrated
Affective Virality Architecture that maps psychological mechanisms of digital
content spread to the algorithmic systems that detect, amplify, and exploit them.
The paper reviews the Massive-Scale Emotional Contagion study (Kramer et
al., 2014; N = 689,003), moral outrage amplification findings from Twitter
engagement research, VADER and transformer-based sentiment analysis

validation studies, and the emerging neuroscience of viral emotion.
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Computational models for predicting content virality are evaluated for their
psychological validity and ethical implications. The paper demonstrates that Al
virality models have converged on high-arousal negative emotions as the most
reliable behavioral amplifiers, creating systematic incentives for negative
content production. An alternative affective optimization framework
prioritizing emotional diversity, epistemic curiosity, and prosocial emotion

induction is proposed.

Keywords: emotional contagion; content virality; affective computing; moral outrage;

sentiment analysis; algorithmic amplification; prosocial emotion; news sharing

1. Introduction

Why do some news stories spread virally through digital networks while others, equally
accurate and important, reach only small audiences? The answer, the research consistently
shows, is not informational quality but psychological activation. Content that triggers high-
arousal emotions, particularly moral outrage, anxiety, and disgust, spreads through digital
networks at dramatically higher rates than calm, factually equivalent content (Aarzoo & Lal,
2024). This finding, replicated across platforms, countries, and content types, has profound
implications for both the psychology of media engagement and the design of Al systems that

determine which content is amplified to which audiences.

The Al systems governing content distribution in digital news environments have
learned the psychology of emotional contagion. Trained on behavioral data in which high-
emotional-arousal content systematically generates more engagement, these systems have
converged on implicit models of affective dynamics that they use to predict, rank, and amplify
content. This process operates without explicit instruction to favor emotionally activating
content: it emerges as a predictable consequence of optimizing for engagement metrics in
environments where emotional arousal robustly predicts sharing, commenting, and returning

behavior.

The psychological consequences are significant. When Al systems systematically
amplify content with high outrage and anxiety valence, they alter the emotional baseline of
news consumption toward persistent negativity, contribute to affective polarization by

distributing content that activates moral identity threats, and distort the epistemic quality of
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public discourse by rewarding emotionally activating narratives over accurate but

psychologically subdued reporting.

2. Literature Review

Emotional contagion theory (Hatfield, Cacioppo, and Rapson, 1993) describes the
tendency for individuals to automatically mimic and synchronize with the emotional
expressions of others, resulting in emotional convergence within social groups (Aarzoo & Lal,
2025a). In digital environments, emotional contagion operates through linguistic cues in text

and visual content rather than direct interpersonal contact.

Berger and Milkman (2012) provided the foundational empirical evidence for emotion-
driven content virality in news contexts. In a study of New York Times articles over three
months, they found that content evoking positive high-arousal emotions including awe and
amusement, and negative high-arousal emotions including anger and anxiety, was significantly
more likely to achieve most emailed status. The critical dimension was arousal rather than
valence: high-arousal emotions of either valence predicted virality, while low-arousal
emotional content did not.

Brady, Wills, Jost, Tucker, and VVan Bavel (2017) Twitter analysis extended the arousal
hypothesis specifically to moral outrage. Using LIWC-based analysis of 563,312 tweets, they
found that each moral-emotional word increased retweet rates by approximately 20 percent.
This identified moral outrage as the single most powerful predictor of content virality on
Twitter.

The Kramer, Guillory, and Hancock (2014) study provided evidence for emotional
contagion effects at scale (Aarzoo & Lal, 2025b). In a randomized experiment with N =
689,003 Facebook users, the researchers manipulated emotional valence of News Feed content
and found users who saw fewer negative posts produced fewer negative posts and more positive
posts. The study's ethical conduct was widely criticized as it was conducted without informed
consent, but its psychological findings have been subsequently replicated in observational

designs.

Computational approaches to virality prediction have operationalized these
mechanisms through machine learning models trained on large-scale content engagement data.
Sentiment analysis tools including VADER (Hutto and Gilbert, 2014) and transformer-based
models estimate emotional valence and arousal (Aarzoo & Lal, 2026). Moral foundations
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analysis (Haidt, 2012) provides multi-dimensional categorization identifying care or harm,
fairness or cheating, loyalty or betrayal, authority or subversion, sanctity or degradation, and
liberty or oppression as moral dimensions activating distinct emotional responses. Content high
in moral foundation violations consistently shows higher engagement and sharing rates (Lal &
Aarzoo, 2026).

3. Theoretical Framework

The Affective Virality Architecture (AVA) provides an integrated framework for
understanding how psychological mechanisms of emotional contagion are detected, modeled,

and exploited by Al content amplification systems.

The AVA identifies three functional layers. The Detection Layer encompasses the
computational tools used by Al systems to estimate the affective properties of content:
sentiment analysis for basic valence and arousal estimation, moral foundations analysis for
moral emotion activation estimation, and social identity threat analysis for partisan activation
potential. Each detection tool's validity against ground-truth psychological measures is a
researchable question with significant practical implications.

The Modeling Layer encompasses the machine learning architectures that learn
relationships between affective content properties and engagement outcomes from historical
behavioral data. This is where the psychological exploitation mechanism operates: models
trained to predict engagement learn that moral outrage, anxiety, and disgust content reliably
generates the highest engagement rates.

The Amplification Layer encompasses the distribution decisions that translate detection
and modeling outputs into behavioral consequences for audiences. The amplification layer is
where psychological harm is produced at scale: content selected for high outrage or anxiety
activation reaches millions of users, systematically shaping the emotional tenor of public

information consumption.

The AVA's normative implication is that governing Al virality requires intervening at
all three layers: improving detection tool validity, redesigning modeling objectives away from
pure engagement prediction, and implementing amplification constraints limiting distribution

of high-harm-activation content.

4. Methodology

Three empirical studies are proposed to test the AVA framework.
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Study 1 is a Detection Validity study: A content validity study evaluates the accuracy
of automated affective analysis tools including VADER, RoBERTa-base-sentiment, LIWC
Emotionality, and Moral Foundations Dictionary in classifying emotional content compared to
expert psychological raters, using N = 50 raters evaluating 500 news articles. Inter-rater
reliability, sensitivity, and specificity are estimated for each tool against gold-standard expert
ratings.

Study 2 is an Amplification Audit: A longitudinal content analysis of 10,000 news
articles published on three platforms over 30 days codes articles for affective properties using
validated tools and tracks engagement metrics. Multi-level modeling tests whether affective
properties predict amplification rates while controlling for topic salience, publisher reach, and

publication timing.

Study 3 is an Emotional Contagion Effect Size study: A pre-registered observational
study with N = 1,200 collects daily ESM assessments of emotional state and news engagement
behavior over 21 days, linking affective content properties of consumed content to subsequent
emotional state reports. Lagged multilevel models estimate the daily emotional spillover from

news affective content to user emotional state.

5. Results

The AVA framework predicts specific patterns in each study. Detection validity study
is expected to find significant gaps between automated and human expert ratings, particularly
for irony, cultural specificity, and implicit moral framing, indicating that Al detection tools
misclassify large proportions of affectively significant content. Amplification audit is expected
to find significant positive relationships between moral outrage content and amplification rates
on all three platforms. Emotional contagion study is expected to find that news emotional
content predicts subsequent user emotional state with modest but significant effect sizes of r =

.10 to .20, with stronger effects for high-arousal content categories.

6. Discussion

The AVA framework's most important implication is the identification of moral outrage
amplification as a systemic, algorithmically mediated process creating perverse incentives
throughout the journalism production system. When Al systems amplify outrage content, they

signal to content producers that outrage-triggering content receives greater distribution,
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creating production incentives favoring outrage-activating journalism over accurate but

emotionally subdued reporting.

The alternative, affective diversity optimization, would require Al systems to maintain
balanced emotional coverage across valence and arousal dimensions, prioritizing epistemic
curiosity-inducing content and prosocial emotion content. Such systems exist in prototype form

and have shown promising results in controlled experiments.

The psychological governance implications are threefold. Platform algorithms should
be audited for systematic affective amplification biases using the Detection and Amplification
layers of the AVA. Welfare metrics including emotional state tracking and mood impact
assessment should be incorporated into platform performance measurement. Regulatory
frameworks should establish maximum amplification differentials for high-outrage content

relative to neutral or positive content.

7. Limitations

Emotional contagion research faces fundamental challenges of ecological validity.
Laboratory studies cannot replicate the social embedding of news consumption, and
observational studies face selection confounds from audience self-selection into affectively
preferred content. The ESM study's 21-day observation window may not capture long-term
emotional habituation effects. Cultural variation in moral foundations activation implies that
virality models trained on English-language data may not generalize across language and

cultural contexts.

8. Conclusion

The psychology of content virality has been computationally modeled and
algorithmically exploited at unprecedented scale in digital news environments. Al systems
amplifying moral outrage content have created systematic incentives for emotionally activating
journalism that undermines epistemic quality and democratic discourse. The Affective Virality
Architecture provides a theoretical and empirical framework for understanding and governing
these mechanisms, with implications for platform algorithm design, journalism ethics, and

regulatory frameworks for digital news environments.
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