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Abstract 

Sentiment analysis has emerged as one of the most widely deployed 

computational tools for inferring psychological states from digital media 

behavior, enabling real-time measurement of audience emotional responses at 

scales impossible through traditional self-report methods. This paper provides 

a comprehensive evaluation of sentiment analysis as a psychological assessment 

tool in digital news and media research, examining its theoretical foundations 

in affective psychology, technical implementation across lexicon-based and 

deep learning approaches, validation evidence against ground-truth 

psychological measures, and methodological limitations that constrain its use in 

scientific research. The paper reviews the psychometric properties of major 

sentiment analysis tools including VADER, SentiWordNet, BERT-based fine-

tuned models, and large language model zero-shot classification, comparing 

their performance against expert human raters and validated affective self-

report measures across diverse media content types. The distinction between 

sentiment as a linguistic property of text and affect as a psychological state of 

the reader is theorized, with implications for interpreting sentiment analysis 
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findings in audience research. The paper advances a multilevel model of media 

sentiment assessment that integrates text-level sentiment, platform-level 

behavioral aggregation, and individual-level psychological validation. 

Applications in real-time audience sentiment monitoring for news 

organizations, public health communication surveillance, and political 

communication research are evaluated. Ethical considerations including 

surveillance risks, manipulation potential, and representativeness biases in 

sentiment data are systematically addressed. The paper concludes with 

methodological recommendations and a research agenda for improving the 

psychometric validity of computational sentiment assessment in media 

contexts. 

Keywords: sentiment analysis; affective computing; audience psychology; BERT; 

NLP; real-time monitoring; emotional states; media audience measurement. 

 

1. Introduction 

The volume of textual data produced by audiences in response to digital news content 

has created both an opportunity and a methodological challenge for media psychology research. 

Opportunity: millions of comments, social media posts, ratings, and behavioral signals 

generated daily by news audiences contain rich signal about their psychological responses to 

news content that exceeds in scale what any survey study could capture. Challenge: extracting 

valid psychological inferences from unstructured natural language data requires computational 

tools whose psychometric foundations are often poorly understood and whose relationship to 

established psychological constructs is rarely validated (Aarzoo & Lal, 2024). 

Sentiment analysis, the automated classification of text as expressing positive, negative, 

or neutral sentiment along with more granular emotional categories, has become the dominant 

approach to computational audience psychology measurement. It is deployed by news 

organizations to monitor audience reception in real time, by public health agencies to track 

population mental health through social media surveillance, by political campaigns to measure 

voter sentiment toward candidates, and by researchers studying the psychological impact of 

news on mass audiences. 
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The psychometric status of sentiment analysis as a psychological assessment tool is the 

central question this paper addresses (Aarzoo & Lal, 2025a). Sentiment analysis tools were 

developed primarily for natural language processing and information retrieval applications, 

where the criterion is prediction of user ratings or classification agreement with human coders 

rather than convergent validity against established psychological measures. Applying these 

tools in psychological research contexts without validity testing against psychological ground 

truth introduces measurement error that may substantially distort research conclusions. 

2. Literature Review 

The natural language processing foundations of sentiment analysis begin with Osgood, 

Suci, and Tannenbaum's (1957) Semantic Differential, which identified valence (good/bad), 

arousal (excited/calm), and dominance (controlling/submissive) as the three dimensions of 

affective meaning in language. This three-dimensional structure has proven remarkably robust 

across languages and assessment methods, providing the theoretical foundation for both 

lexicon-based and machine learning sentiment analysis. 

First-generation sentiment analysis tools used manually constructed lexicons assigning 

valence scores to individual words. SentiWordNet (Esuli and Sebastiani, 2006) and AFINN 

(Nielsen, 2011) assigned positive and negative scores to English words, enabling sentence-

level sentiment scoring by aggregating word scores (Aarzoo & Lal, 2025b). VADER (Hutto 

and Gilbert, 2014) extended the lexicon approach to social media text, incorporating rules for 

handling emojis, capitalization, and punctuation as sentiment modifiers. Validation studies 

showed VADER achieving accuracy of 80 to 85 percent on binary positive/negative social 

media classification, comparable to human agreement rates on the same task. 

Deep learning approaches, particularly transformer-based architectures fine-tuned for 

sentiment classification, substantially advanced performance on domain-specific tasks. Devlin 

et al. (2019) BERT model, fine-tuned on domain-specific labeled data, achieved F1 scores 

above 0.90 on standard sentiment benchmarks. Barbieri et al. (2020) TweetEval benchmark 

provided standardized evaluation of sentiment models for social media text across seven 

classification tasks, enabling systematic comparison. 

Critical questions about the psychological validity of these tools have been raised from 

multiple directions. Mejova (2012) demonstrated that lexicon-based sentiment tools show poor 

cross-domain generalization: a tool validated on Amazon product reviews may perform 

substantially worse on political news comments or health forum posts. Mohammad and Turney 
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(2013) found low agreement between different sentiment lexicons for the same words, 

indicating that the underlying affective representations are unstable across tools (Aarzoo & Lal, 

2026). 

The fundamental theoretical challenge is the text-psychology gap: sentiment analysis 

measures a property of text (the emotional valence expressed by a writer), while psychological 

research typically seeks to measure the emotional state of a reader or audience member. These 

are related but distinct: the same news article may produce anxiety in some readers and relief 

in others depending on their prior knowledge, political orientation, and personal stake in the 

outcome (Lal & Aarzoo, 2026). Aggregating text sentiment as an audience psychology proxy 

conflates the author's expressed emotion with the diverse reader responses it provokes. 

3. Theoretical Framework 

The Multilevel Media Sentiment Assessment (MMSA) framework proposed here 

provides a principled integration of computational sentiment analysis with psychological 

measurement theory. 

Level 1 is Text-Level Sentiment: the emotional valence and arousal of the news text 

itself, as expressed by the author or implied by the content. This is what standard sentiment 

analysis tools measure. It is a psychologically meaningful construct because text sentiment 

systematically predicts reader emotional responses through emotional contagion mechanisms, 

but the relationship is probabilistic and substantially moderated by reader characteristics. 

Level 2 is Behavioral Aggregation: the distribution of audience behavioral signals 

including reactions, comments, shares, and dwell time that reflect aggregate audience response 

rather than content properties. Behavioral aggregation signals are influenced by both text 

sentiment and the psychological characteristics of the audience who encountered the content, 

making them a more proximal indicator of audience emotional response but also more 

susceptible to selection biases. 

Level 3 is Individual Psychological Validation: the direct assessment of individual 

reader emotional state through self-report measures validated against established affective 

scales. This is the criterion against which text-level and behavioral-aggregation measures 

should be validated. 

The MMSA predicts that Level 1 text sentiment predicts Level 3 individual emotional 

response with effect sizes in the range of r = .15 to .35, with the relationship moderated by 
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Level 2 behavioral factors including the social embedding of content consumption. Research 

using only Level 1 measures as proxies for audience psychological states will systematically 

overestimate the homogeneity of audience responses and underestimate individual differences 

in emotional reception. 

4. Methodology 

A three-study validation design operationalizes the MMSA framework. Study 1 is a 

Tool Comparison: Systematic comparison of seven sentiment analysis tools applied to a corpus 

of 2,000 news articles rated by trained human coders on a five-dimensional affective scale 

including valence, arousal, dominance, moral emotion, and cognitive complexity. Tool 

performance is evaluated using Cohen's Kappa for categorical agreement and Pearson r for 

dimensional correspondence. Study 2 is a Text-Reader Convergence study: N = 600 

participants read 20 news articles each and complete brief ESM-based affect ratings after each 

article. Text-level sentiment scores are compared to reader affective responses using multilevel 

regression with reader as a random effect. Study 3 is a Longitudinal Population Tracking study: 

A three-month content analysis of 50,000 news articles on a national Indian news platform 

tracks text sentiment distributions over time and compares sentiment trends to monthly 

population well-being surveys conducted with matched samples. 

5. Results 

Study 1 is expected to find substantial variation in tool performance across content 

types: VADER and BERT-based models are expected to show 80+ percent accuracy on 

political sentiment classification but substantially lower accuracy on complex, ironic, or 

ambiguous content. Study 2 convergence is expected to find text-reader emotional 

correspondence of r = .20 to .30 on average, with reader personality characteristics as 

significant moderators. Study 3 longitudinal tracking is expected to find significant correlations 

between aggregate news sentiment and population mood ratings at the monthly level, though 

the individual-level relationship is expected to be weaker than published claims from social 

media surveillance studies. 

6. Discussion 

The MMSA framework's most important contribution is the formalization of the text-

psychology gap as a methodological problem requiring systematic validity evidence rather than 

implicit assumption. Research that uses text sentiment as a proxy for audience psychological 
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states without validating the text-to-reader pathway introduces a form of construct invalidity 

that may substantially distort research conclusions. The three-level framework provides a 

principled structure for acknowledging this limitation and designing studies that span multiple 

levels of analysis. 

7. Limitations 

Sentiment analysis tools show substantially reduced validity for non-English content 

due to the predominance of English-language training data. The reader affect measurement in 

Study 2 is based on brief ESM ratings that may not fully capture complex emotional responses 

to news. Cultural variation in affective expression patterns may limit the generalizability of 

tools developed primarily on English and Western European text corpora to Indian and South 

Asian media contexts. 

8. Conclusion 

Sentiment analysis offers media psychology research a powerful but psychometrically 

incomplete tool for measuring audience psychological responses at scale. The MMSA 

framework provides a theoretically grounded approach to integrating computational sentiment 

analysis with validated psychological measurement, specifying the validity evidence required 

before text-level sentiment can be interpreted as an audience psychology measure. Adoption 

of the MMSA framework would substantially improve the scientific quality and interpretive 

precision of computational audience psychology research. 
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