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Abstract


Media coverage of disasters frequently frames self-interested behavior in contrast to collective responsibility and coordinated response. This study aims to explore how such behavior is emotionally constructed in disaster-related media, using a carefully selected corpus of 12 text-centered news articles focusing on selfish behavior. The analysis combines transformer-based sentence-level emotion classification using the tweetnlp RoBERTa model, which predicts 11 emotion categories, with Latent Dirichlet Allocation topic modeling across single-sentence and three-sentence windows in a small purposively selected corpus. Emotion–topic relationships are quantified by weighting emotion probabilities by topic distributions and visualized using bar charts, network graphs, and heatmaps. The findings suggest that fear and disgust dominate portrayals of self-interested behavior, while anticipation appears in projections of harm and anger is linked to inequality and institutional accountability. Two discursive configurations emerge: Responsibility Across Individuals and Institutions, emphasizing public accountability and authority, and Collective Fear and Self-Protective Practices, reflecting affect-driven responses under uncertainty. Although negative emotions predominate, optimism appears conditionally, signaling coordination and recovery. Overall, disaster reporting constructs selfishness through integrated emotional–semantic patterns that position individual actions within broader social risk and collective responsibility.
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1. Introduction


Disasters recurrently expose a fundamental tension between individual autonomy and collective risk management (Boin et al., 2017; Tierney, 2019). Although coordinated action is essential for mitigating shared threats, individuals often retain incentives to prioritize personal advantage, particularly under conditions of uncertainty and institutional ambiguity (Axelrod & Hamilton, 1981; Nowak, 2006). Classical social theory has long warned that intensified individualism can weaken civic obligation and erode concern for collective welfare (de Tocqueville, 1835/2003). These tensions become especially visible when policy responses depend on voluntary compliance, yet individual decision-making is shaped by perceived threat, scarcity, and responsibility (Feiock, 2013; Tierney, 2019). Within such contexts, media discourse renders self-interested behavior publicly visible and subject to evaluation, frequently through emotionally salient narratives that frame personal actions as socially consequential or morally contested (van Bavel et al., 2020; Drury et al., 2019).



Media discourse does not merely transmit information in disaster context but structures emotional meaning in ways that shape interpretations of responsibility and appropriate action. Prior research indicates that discrete emotions such as fear, disgust, and anger function as organizing mechanisms in communication, guiding how risk is interpreted, how accountability is assigned, and how responses to perceived threats are framed (Lerner et al., 2015; Nabi, 2002). From this perspective, emotional cues embedded in media texts operate as structured signals that align individual-level affect with broader narratives of social risk and collective vulnerability, providing a theoretical basis for examining emotion–topic configurations in disaster communication (van Bavel et al., 2020; Drury et al., 2019).



1.1. Emotional Cues in Disaster Media Discourse


Disaster-related responses, including selfish and prosocial behaviors, are not produced solely through deliberative reasoning (Slovic et al., 2005; LeDoux, 2000). Instead, they emerge from rapid effective processing of emotionally and semantically salient information (Pessoa, 2008; Lieberman, 2007), much of which is conveyed through media messages. From a media policy design perspective, this implies that communication strategies function not only as information delivery systems but also as emotional and cognitive regulators. Text-based analysis of media discourse therefore provides a means of identifying the affective cues and framing devices that are likely to engage cognitive–emotional processes underlying behavioral judgment and action (Entman, 1993; Forgas, 1995; Nabi, 2002).



Rapid emotional appraisal often precedes and constrains conscious decision-making, shaping how situations are interpreted and evaluated (Forgas, 1995; LeDoux, 2000; Pessoa, 2008). Contrary to popular disaster myths, this architecture does not inherently produce panic or social breakdown; cooperative and prosocial responses are common when institutional signals are coherent and trust is maintained. Panic-driven behavior is more likely to emerge under conditions of pre-existing social conflict, low institutional trust, and inconsistent or polarized media messaging—contexts that heighten threat perception and legitimize self-interested action (Alkalai Tavori & Adini, 2024; Drury et al., 2009; Tierney et al., 2006; Siegrist & Zingg, 2014).



Emotional cues embedded in media messages function as primary inputs that guide subsequent cognitive processing during crisis situations. Rather than bypassing cognition, affective signals such as fear, anger, and moral outrage shape how information is attended to, categorized, and evaluated, influencing judgments about responsibility, risk, and appropriate action (Slovic et al., 2005; Pessoa, 2008). Emotionally salient stimuli modulate higher-order cognitive functions by directing attention and constraining interpretive frames, thereby influencing deliberative decision-making and behavioral choice (LeDoux, 2000; Lieberman, 2007).



Media-generated emotional cues that foreground self-interest can influence how individuals interpret disaster situations through self-oriented rather than collective cognitive frames (Slovic et al., 2005; van Bavel et al., 2020). Messages emphasizing threat, scarcity, or norm violation tend to heighten vigilance and risk sensitivity, increasing the cognitive salience of self-protection and individual responsibility (Ansolabehere et al., 1991; Entman, 1993; Gross & D’ambrosio, 2004). Conversely, emotional cues associated with reassurance, efficacy, or shared purpose can support cognitive evaluations that favor coordination, trust in institutions, and compliance with collective measures (van Bavel et al., 2020; Drury et al., 2019). From a media policy perspective, this suggests that emotional cues are not merely expressive elements but operate as regulatory mechanisms that shape cognitive interpretations of crises, with direct implications for the design of communication strategies aimed at collective risk management.




1.2. Emotions and Associated Responses


Media messages that emphasize selfish or self-interested behaviors in disaster context tend to narrow the emotional range presented to audiences, foregrounding threat-related and self-protective emotions such as fear and anger while downplaying trust and collective orientation. Such emotionally structured framing prioritizes threat-sensitive and affective processing, shaping risk perception and behavioral responses in crisis contexts (LeDoux, 2000; Slovic, 2004; Pfaff, 2014).



Such emotionally structured framing prioritizes threat-sensitive and affective processing, shaping risk perception and behavioral responses in crisis contexts.



1.2.1. Fear and Anxiety


Fear and anxiety are associated with self-interested responses by directing attention toward threat detection and immediate risk evaluation, while limiting deliberative processing (LeDoux, 2000; Slovic, 2004; Lerner & Keltner, 2001). This shift narrows attentional focus toward negative outcomes and immediate survival priorities, rendering self-protective actions more urgent and normatively defensible (LeDoux, 2000; Loewenstein et al., 2001; Lerner et al., 2015). Media reporting that emphasizes uncertainty and escalating self-interested actions can further amplify these effects, as observed during events such as the Hurricane Irma evacuation, where intensified fear coincided with competitive behaviors around resource acquisition (Wong et al., 2018).




1.2.2. Anger and Moral Outrage


Anger and moral outrage can amplify self-interested responses during disasters by framing self-prioritization as a justified response to perceived injustice or institutional failure. Appraisal-based models suggest that anger arises when events are interpreted as controllable, blameworthy, and norm-violating, promoting approach-oriented responses and reduced cooperative restraint (Nabi, 2002; Richard et al., 2022). Media narratives emphasizing government incompetence or abandonment, as observed following Hurricane Katrina, have been shown to intensify such appraisals, contributing to declining trust in official guidance and greater reliance on self-directed or informal resource-seeking behaviors (Henkel et al., 2006; Tierney et al., 2006).




1.2.3. Disgust and Aversion


Disgust is especially salient in disaster media narratives involving contamination because it triggers affective responses linked to disease avoidance, promoting withdrawal and boundary formation. From a behavioral perspective, disgust directs attention toward contamination cues and reinforces avoidance tendencies, reducing openness to social contact (Curtis et al., 2011). Empirical studies of the 2014 Ebola epidemic indicate that disgust-laden media framings reinforced avoidance of response teams and stigmatization of affected families, thereby undermining coordination and trust (Fairhead, 2016). While adaptive at the individual level, disgust-based processing can scale through media circulation to produce selfish behaviors by weakening solidaristic norms in crisis contexts.




1.2.4. Sadness and Helplessness


Sadness and helplessness shape self-interested behavior in disasters in two distinct ways (Hobfoll et al., 2007; Lazarus, 1991). When amplified by loss-focused media messages, these emotions can deplete cognitive and motivational resources, reducing prefrontal regulatory engagement and biasing individuals toward short-term, self-protective responses such as withdrawal or stockpiling (Arnsten, 2009; Mullainathan & Shafir, 2013; Ochsner & Gross, 2005; Tierney, 2019). At the same time, sadness can also heighten sensitivity to vulnerability and shared loss, leaving its behavioral effects contingent on whether media framing emphasizes individual deprivation or collective recovery (Forbes, 2017). When media coverage foregrounds self-interested responses, sadness is more likely to translate into withdrawal and self-protection rather than empathy-based cooperation.




1.2.5. Guilt and Shame


Guilt and shame regulate self-interested behavior by heightening sensitivity to anticipated social evaluation and reputational consequences (Fehr & Gächter, 2002). Guilt is associated with medial prefrontal and anterior cingulate engagement and can motivate reparative or prosocial responses when individuals perceive responsibility for others’ welfare; disaster studies document forms of survivor guilt that heighten concern about whether one has done enough to help (Aakvaag et al., 2014). In contrast, shame—associated with self-focused threat processing and withdrawal—can become defensive under accusatory media framing, prompting disengagement from guidance, resistance to external judgment, and reinforcement of self-protective narratives (Scheff, 2003). Under media messages that foreground selfishness or moral failure, these dynamics may suppress cooperative regulation while indirectly sustaining self-prioritizing behavior.




1.2.6. Envy and Relative Deprivation


Envy and relative deprivation indicate that selfish behavior in disasters is shaped not only by scarcity but also by perceived distributional inequity. Media coverage that highlights uneven access to aid can activate social comparison processes, heightening sensitivity to relative disadvantage and perceived loss, which in turn encourages compensatory self-prioritizing responses (Van de Ven et al., 2012). Post-tsunami analyses of the 2004 Indian Ocean disaster show that perceived inequities in aid visibility and timing fostered intergroup resentment, weakening cooperation and legitimizing individual resource protection as a response to perceived unfairness (Telford et al., 2006).




1.2.7. Relief and Selective Empathy


Relief in disaster contexts does not primarily diminish responsiveness to others’ suffering but rather reallocates empathic concern toward a narrower circle of beneficiaries (Cikara et al., 2011). Once individuals perceive themselves as safe, relief-related affect dampens threat monitoring and redirects empathic motivation toward close others, rendering assistance to distant or abstract victims discretionary (Hein et al., 2010). Media narratives emphasizing stabilization or recovery can reinforce this shift by signaling that acute risk has passed, thereby legitimizing reduced attention to broader collective needs. (Thomas et al., 2018). Behavioral research suggests that relief reduces the intensity of immediate affective responses while reinforcing valuation processes that privilege familiar targets, producing patterns consistent with selective empathy rather than compassion loss (Hein et al., 2010; Thomas et al., 2018).



Because affective and cognitive processes are activated and reinforced through public communication, media discourse provides a critical site for examining how selfishness is framed and evaluated in crisis contexts. Focusing on emotional cues and associated cognitive elements, the analysis conceptualizes selfishness not as a fixed moral category but as a layered, context-dependent linguistic construct shaped by emotional dynamics and situational narratives. Within crisis media discourse, selfishness emerges through patterned associations among emotional cues and thematic structures related to uncertainty, risk, and collective threat.



This study advances disaster communication research by conceptualizing selfishness as a discursive construct formed through integrated emotional–semantic configurations rather than as a fixed behavioral or moral category. It hypothesizes that specific emotion–topic alignments shape how media discourse frames responsibility and acceptable action in disaster contexts. It further hypothesizes that emotions such as fear, disgust, anticipation, and anger function as structuring mechanisms that organize these framings. These mechanisms enable media discourse to linguistically connect representations of individual-level affect with broader narratives of social risk and collective vulnerability.



Building on this framework, the study aims to linguistically explore and visually demonstrate how selfishness is emotionally constructed in disaster-related media discourse by identifying dominant emotional patterns, extracting thematic structures through topic modeling, and examining their interaction within an integrated emotion–topic framework. It further aims to explain how these emotional–semantic configurations, as the underlying structure of selfishness-focused media messages, shape interpretations of responsibility and response within broader narratives of collective disaster.






2. Methods


The analysis followed a four-step workflow. First, news articles were divided into individual sentences and short overlapping segments to capture both detailed expressions and their immediate context. Second, each unit was assessed to estimate the presence of a range of emotions. Third, the texts were analyzed to identify the main themes running through the corpus. Fourth, the emotional and thematic results were combined to examine how different emotions align with specific themes. This approach provides an overview of how selfishness is represented in disaster-related media discourse from both emotional and thematic perspectives.



2.1. Data Selection


This selection strategy reflects methodological research showing that the adequacy of automated text analysis depends not solely on corpus size, but on alignment with the research question—particularly the diversity of behavioral forms, discursive contexts, and social evaluations represented, as well as the granularity of analytical units employed (Grimmer & Stewart, 2013; Lacy et al., 2015). The dataset was constructed through a criterion-based, purposive sampling process conducted over a two-year period to capture information-rich cases in which individual-level selfish or norm-violating behavior is explicitly framed in disaster contexts. The dataset was compiled from credible news articles that frame self-interested, responsibility-avoiding, or norm-violating behaviors in disaster contexts as sources of social conflict and public risk. Articles were systematically collected by tracing coverage backward from 2024 across internationally recognized news organizations characterized by professional editorial standards and broad public reach.



During this process, substantial redundancy was observed across articles, particularly among reports covering the same event or reproducing similar narrative and linguistic structures. To preserve discursive variation and avoid overrepresentation of repeated patterns, the sampling approach limited inclusion to a small number of representative articles per event and excluded closely overlapping texts, as well as articles primarily focused on institutional misconduct rather than individual behavior.



Cross-disaster and cross-period pooling is analytically necessary for this study, as media discourse is organized through recurrent framing logics and discursive formations that are reproduced and stabilized across events and over time, enabling the identification of higher-order patterns and reducing the influence of event-specific contingencies that would not be observable within single-event or time-bound analyses (Entman, 1993; Fairclough, 1995). This approach is also warranted by the relative scarcity of articles that explicitly focus on selfish or self-interested behavior, making cross-contextual aggregation necessary to capture sufficient instances of such discursive constructions. An initial pool of 57 articles was identified; editorials, duplicated reports, articles primarily focused on photographic content, and texts lacking sufficient narrative depth for systematic analysis were excluded. The final dataset consisted of 12 text-centered articles suitable for text analysis, as summarized in Table 1.



The dataset was constructed through a criterion-based, purposive sampling process designed to assemble information-rich cases in which selfish or norm-violating behavior is explicitly framed in disaster-related news coverage (Grimmer & Stewart, 2013; Lacy et al., 2015). This sampling approach supports the conceptual focus of the study; however, it does not in itself establish the statistical stability of topic model estimates. Accordingly, the LDA results are interpreted as exploratory summaries of recurrent lexical patterns within this corpus rather than as stable or generalizable topic structures, and the two-topic solution is treated as a provisional interpretive device within the present dataset (Blei et al., 2003; Grimmer & Stewart, 2013). Given the constrained corpus size, the stability of these topic structures cannot be fully established (Tang et al., 2014; Sbalchiero & Eder, 2020). Inter-rater reliability for article selection was high (Krippendorff’s α = 0.91). Disagreements occurred in three cases and were resolved through discussion until consensus was reached.




2.2. Data Processing


The unit of analysis was defined to balance contextual continuity with analytical granularity for emotion and topic analysis. Unit definition and preprocessing were treated as core data-processing decisions, given their influence on interpretive outcomes beyond document-level aggregation (Van Atteveldt et al., 2021). Emotional and evaluative expressions, particularly those related to self-interested behavior, often unfold across contiguous discourse rather than isolated sentences, making unit construction a critical methodological consideration (Grimmer & Stewart, 2013; Hase, 2023).



The corpus was constructed by compiling approximately 4,000 words across over 220 sentences from selected media articles. Headlines and body texts were extracted and organized into an article-level data frame containing the article title, full text, and a unique article identifier. This structure ensures traceability between analytical units and their source texts throughout the analysis.



Text segmentation was performed at the sentence level, followed by the construction of overlapping multi-sentence units. Article texts were segmented into sentences and expanded into a sentence-level data frame, with article identifiers retained for contextual reference. A fixed-length sliding-window approach grouped sequences of three consecutive sentences into a single analytical unit, preserving local semantic context while generating multiple observations (Jurafsky & Martin, 2009). This approach enhances the identification of emotional and thematic patterns without relying on full document aggregation (Grimmer & Stewart, 2013; Stevens et al., 2012).




2.3. Sentiment Analysis


When individuals are exposed to disaster-related information, emotional responses are rarely discrete but instead involve overlapping affective states—such as fear, anger, sadness, trust, and optimism—that jointly shape risk per3ception and behavioral tendencies (Buechel & Hahn, 2018). This analytic work employs an eleven-category emotion framework to capture these co-occurring patterns, which is well suited to disaster-related media discourse characterized by mixed and layered emotional cues (Mohammad, 2020).



Emotion classification was performed using the TweetNLP implementation of a transformer-based model based on the RoBERTa architecture. The model estimates probability distributions across eleven discrete emotion categories—anger, anticipation, disgust, fear, joy, love, optimism, pessimism, sadness, surprise, and trust—reflecting widely used multidimensional approaches in computational emotion research (Camacho-Collados et al., 2022; Liu et al., 2019; Mohammad, 2020). However, because the model was trained on social media data, its application to formal news discourse required empirical validation. A random sample of 50 analytical units from the news corpus was independently annotated by two human coders with expertise in text analysis using the same 11-category emotion framework employed in the computational analysis. Intercoder reliability was assessed using Krippendorff’s alpha for nominal data (Krippendorff, 2018), yielding α = 0.69, indicating a moderate to substantial level of agreement. Disagreements were resolved through discussion to produce a final human-coded label for each unit.



Model–human agreement was then evaluated by comparing the model’s highest-probability emotion label with the final human-coded label using overall accuracy and Cohen’s kappa (Cohen, 1960; Artstein & Poesio, 2008). The results showed an overall accuracy of 0.72 and a Cohen’s kappa of 0.68, indicating moderate to substantial agreement beyond chance. While these values reflect a meaningful level of alignment, the magnitude of agreement remains moderate, which is consistent with the relatively small size of the validation sample. These findings indicate that the model reflects general emotional patterns in the text while maintaining an appropriate level of caution in interpretation.



Emotion estimation was conducted at the sentence level to quantify overall emotional distributions in the corpus. For each unit, the model outputs a probability vector across all emotion categories, with the highest-probability category assigned as the primary label while retaining full probability distributions for analysis. This probabilistic representation captures overlapping emotional signals common in media texts (Buechel & Hahn, 2018). Accordingly, emotion outputs are interpreted as probabilistic indicators contributing to pattern detection, rather than as definitive labels assigned to individual sentences (Grimmer & Stewart, 2013).



To enhance robustness, emotion estimation was extended to multi-sentence units using a sliding-window approach. Groups of two to three consecutive sentences were treated as a single unit to reduce sentence-level variability and contextual fragmentation (Buechel & Hahn, 2018; Grimmer & Stewart, 2013). Emotion distributions were compared across sentence-level and window-level units to identify consistent patterns across analytical scales (Roberts et al., 2014). This multi-level aggregation reduces the influence of potential misclassification at the sentence level and allows more stable emotional patterns to emerge across the corpus. However, it is not treated here as a substitute for domain validation; rather, the added human-coding step provides a separate empirical check that is directly relevant to the news-text context.



Emotion–topic relationships were examined by integrating emotion classification with LDA (Latent Dirichlet Allocation) topic modeling. Each multi-sentence unit was assigned a representative emotion based on the highest predicted probability, and corresponding topic–word weights were extracted using LDA (Blei et al., 2003; Grimmer & Stewart, 2013). These weights were aggregated by emotion category to identify emotion-linked semantic patterns.



Visualization was employed to represent emotion-specific semantic patterns. For each emotion, salient terms were identified based on aggregated topic–word weights and presented using bar charts and emotion–term network graphs. Edge thickness in the network visualizations indicates relative importance, supporting clearer interpretation of emotion–term relationships.




2.4. Topic Modeling


Model Selection and Topic Labeling were conducted using LDA on the full corpus (Blei et al., 2003), following standard preprocessing procedures. Models with varying numbers of topics were evaluated using coherence scores, and a two-topic solution was selected based on coherence, interpretability, and corpus size (Röder et al., 2015). Given the small, purposively selected corpus, coherence scores were treated as heuristic indicators rather than as evidence of topic stability. Accordingly, the resulting two-topic solution is interpreted as preliminary and exploratory (Roberts et al., 2014).



Topic keyword extraction and visualization were conducted to support interpretation. For each topic, the ten highest-weighted keywords were identified and visualized using bar charts and network graphs to represent relative importance and topic–word associations (Stevens et al., 2012).




2.5. Integration: Topic–Emotion Mapping


Topic–emotion mapping was conducted to examine the alignment between thematic structures and emotional patterns. Each three-sentence unit was associated with (1) a topic probability distribution generated by the LDA model and (2) an emotion probability distribution produced by the emotion classifier.



Rather than assigning each unit to a single topic, a probabilistic (soft) assignment approach was adopted, allowing each unit to contribute to multiple topics in proportion to its topic probabilities. This approach accounts for the presence of mixed thematic content within textual units. Topic-level emotion profiles were computed using weighted aggregation. For each topic k and emotion e, the aggregated value was calculated as:


Emotion(k, e) = Σ_d [θ(d, k) × p(d, e)]/Σ_d [θ(d, k)]








where θ(d, k) denotes the probability of topic k in unit d, and p(d, e) denotes the probability of emotion e in the same unit. This formulation ensures that contributions from each unit are proportionally weighted and that the resulting emotion profiles represent averaged patterns across the corpus.



No thresholding or filtering was applied to emotion probabilities prior to aggregation. The full probability distributions were retained, allowing each unit to contribute across multiple emotional dimensions. The resulting topic–emotion matrix enables comparison of emotional distributions across topics. An overview of the analytical workflow is provided in Figure 1.





3. Results


3.1. Sentiment Analysis


The results first describe the overall distribution of emotions associated with media messages framing selfish behavior. Emotions were classified at the sentence level, and the proportion of each emotion represents its relative prevalence across the corpus (see Figure 2). The validity of the classification in the news-text context was assessed through a separate human-annotation procedure (see Section 2.3), which indicated a moderate to substantial level of agreement between model predictions and human judgments.



Anticipation emerges as the most prevalent emotion, followed by disgust and fear. This pattern is observed at the sentence level and reflects the forward-looking orientation of the media texts, which emphasize the projected consequences of selfish behavior, including increased infection risk, policy disruption, and broader social instability. Such coverage frequently relies on predictive or cautionary framing—highlighting potential escalation and future harm—thereby situating selfish actions within narratives of anticipated risk rather than immediate outcomes.



Disgust and fear, the next most prevalent emotions, are closely associated with moralized risk appraisal. These emotions are primarily elicited by media portrayals of behaviors such as panic buying and other forms of individualistic conduct framed as endangering others. In this context, disgust reflects moral aversion to perceived norm violations, whereas fear signals perceived threats to collective safety.



Optimism appears alongside fear and anger as a prominent emotional category, occupying an intermediate position between threat-oriented and blame-oriented responses. This pattern suggests that media discourse does not move directly from fear to anger, but incorporates resolution-oriented affect. Anger remains a high-profile emotion, reflecting moral evaluation and responsibility attribution, while optimism signals expectations of correction or containment within the same discursive space. Anger remains a high-impact emotion in the discourse, but it is typically articulated through risk-oriented and norm-enforcing framings rather than explicit moral outrage.



To enhance robustness and mitigate sentence-level dependence, three adjacent sentences were aggregated into a single analytic unit and analyzed using the same modeling approach; the resulting distributions are presented in Figure 3.



Under this multi-sentence configuration, the emotional distribution shifted relative to the sentence-level analysis, with fear (20.3%), disgust (18.0%), and anticipation (16.0%) emerging as the most dominant emotions. This shift indicates that emotions are interpreted more contextually at the multi-sentence level, such that positive expressions within a single sentence may be attenuated or overridden by negative cues in surrounding text.



Because the corpus contains frequent references to disasters, infectious diseases, and broader societal risks, the multi-sentence analysis tends to integrate these cues into a more unified threat context, which the model predominantly classifies as fear. By contrast, at the sentence level, forward-looking or cautionary statements were more often categorized as anticipation. When three adjacent sentences are analyzed jointly, however, extended sequences of risk description, social criticism, or institutional failure outweigh isolated predictive framing, shifting emotional classification from anticipation toward fear.




3.2. Emotion-Specific LDA Topic Modeling


Results from the emotion-specific LDA topic modeling indicate distinct semantic patterns associated with dominant emotional categories in media messages framing selfish behavior. Topics were examined in relation to emotion-linked keyword distributions, allowing for identification of how specific emotional states align with recurring semantic themes. Bar charts (see Figure 4) illustrate the relative prominence of key terms within each emotion, while network graphs (see Figure 5) depict the relational structure among keywords, highlighting the discursive patterns through which selfish and self-interested responses are constructed in disaster-related media discourse.



Fear is associated with terms such as panic and health, indicating heightened concern over public hygiene and collective risk, as well as words like empty, need, products, and stores, which reflect anxieties about systemic instability and widespread scarcity rather than isolated incidents. The presence of quantified terms, such as percent, further suggests that fear functions not only as an affective response but also as a collective risk frame shaped by perceived vulnerabilities in supply and distribution systems.



Disgust is associated with consumption-related terms such as paper, water, and buy, alongside references to children, parents, and government. This pattern links essential-goods purchasing to moral evaluation, particularly when caregiving roles are invoked. The inclusion of governmental references suggests that such behaviors are framed not only as individual failures but also as consequences of regulatory or coordination breakdowns, positioning disgust as a mode of moral condemnation toward socially irresponsible conduct.



Anticipation, a forward-looking affect, is associated with stockpiling and supply-related terms such as store, containers, shoppers, products, and weeks. This lexical pattern reflects expectations of future scarcity and systemic disruption. In this context, anticipation indexes uncertainty and collective anxiety surrounding the potential escalation of hoarding behavior and supply-chain instability, rather than positive or hopeful outlooks.



Optimism co-occurs with terms related to membership, duty, health, and reach, alongside references to institutional actors such as major retailers. Rather than signaling unqualified positivity, this configuration suggests conditional confidence in collective responsibility and institutional capacity to manage disruption, even as awareness of opportunistic or free-riding behavior remains salient.



Anger is most strongly associated with terms such as inequality, president, board, county, and suit, indicating that it is oriented primarily toward policy decisions and institutional authority rather than interpersonal misconduct. The co-occurrence of household-related terms, including parents, wear, and risk, points to tensions at the intersection of private decision-making and collective safety, while references to inequality foreground perceptions of uneven policy impacts. The emotion of anger reflects concerns about political accountability, institutional fairness, and unequal risk distribution, under conditions that may intensify individual selfishness.




3.3. Topic Analysis


LDA topic modeling was applied to identify provisional thematic structures within the corpus, with the ten highest-weighted terms extracted for each topic. These topic labels are interpreted as summaries of patterns observed in the present dataset rather than as stable latent structures of broader disaster-media discourse. Results are presented using bar charts to indicate relative term importance and network graphs to visualize structural relationships among key terms, with edge thickness reflecting relative weight. The network visualizations complement the bar charts by emphasizing the internal word structure of each topic through reduced term sets and topic-specific layouts (see Figure 6).



Topic 1 centers on the tension between individual responsibility and institutional accountability. Keywords such as individual, responsibility, and self-care emphasize personal choice while situating it within a framework of collective consequence. References to government and president anchor these behaviors in broader debates over political leadership and institutional response, while terms such as population and panic buying extend the issue to the level of societal risk. The presence of newspaper underscores the mediating role of news coverage in circulating and stabilizing these interpretations. Overall, this topic frames selfish behavior not as private misconduct but as a publicly contested issue shaped by responsibility attribution, institutional authority, and social evaluation.



Topic 2 focuses on everyday self-protective behaviors shaped by shared fear under crisis conditions (see Figure 7). Keywords such as panic, social, food, getting, line, and still capture collective anxiety and routine practices—including waiting, congestion, and stockpiling—through which individuals seek to secure essential resources amid uncertainty. References to risk, able, and two reflect ongoing assessments of vulnerability and constrained capacity, indicating that these behaviors are oriented toward managing perceived risk rather than expressing stable dispositional tendencies. The inclusion of declaration situates individual actions within broader social conditions and official communications that activate or legitimize such responses. Overall, this topic characterizes these behaviors as context-dependent responses to instability and perceived threat.



Topics 1 and 2 delineate a clear distinction between normative–institutional and situational–affective framings of self-interested behavior in disaster-related media discourse. The first topic reflects Responsibility Across Individuals and Institutions, foregrounding politically and normatively framed evaluations of individual behavior. It emphasizes debates over responsibility, rights, and institutional authority, and is more closely associated with cognitively oriented reasoning about norms, accountability, and governance. Individual actions are interpreted in relation to broader political leadership and institutional response, situating behavioral evaluation within public discourse on collective responsibility. The second topic reflects Collective Fear and Self-Protective Practices, capturing situationally driven behaviors shaped by uncertainty, fear, and perceived resource scarcity. This topic highlights routine self-protective actions that emerge under crisis conditions, such as securing essential goods and managing perceived risk, and is strongly aligned with affectively driven responses to instability.




3.4. Topic–Emotion Mapping Based on LDA


Each row represents one of the two thematic topics extracted through LDA, Topics 1 and 2, and each column corresponds to one of the eleven emotions ranging from optimism to love predicted by the model. The value in each cell indicates the weighted average emotional score, calculated by weighting emotion probabilities by the topic probability of the paragraphs assigned to each topic. Based on the results of the LDA topic modeling, Figure 8 illustrates how each topic is differentially associated with specific emotional profiles.



The heatmap shows that fear and disgust account for a substantial proportion of the emotional weight in both topics, although their overall emotional configurations differ. Topic 1, Responsibility Across Individuals and Institutions, is characterized by relatively elevated levels of fear, anticipation, disgust, and sadness. This emotional profile suggests that media discussions centered on responsibility and accountability are accompanied by multiple, overlapping negative affective responses. The co-occurrence of fear and anticipation reflects uncertainty surrounding institutional decision-making and future outcomes, while the presence of disgust and sadness points to broader affective reactions such as frustration, moral disapproval, or emotional fatigue. Evaluations of individual behavior within this topic are embedded in a discourse marked by sustained negative emotion and ongoing contestation over institutional authority and social responsibility.



Topic 2, Collective Fear and Self-Protective Practices, likewise displays fear as the salient emotion, but with a distinct emotional pattern. In this topic, fear, disgust, and anger are more evenly distributed and are accompanied by a noticeable level of optimism. This configuration indicates that emotional responses are not confined to negative affect alone but include affective states associated with adaptation and action. In this context, fear appears to be closely associated with behavioral responses, which may facilitate a partial restoration of perceived control, as evidenced by the concurrent presence of optimism in the emotional profile.



Based on the topic–emotion matrix integrating emotion classification with LDA-derived topics, Responsibility Across Individuals and Institutions exhibits a pattern of accumulated and persistent negative emotion associated with extended public debate and responsibility attribution. By contrast, Collective Fear and Self-Protective Practices reflects a shift from negative affect toward short-term emotional regulation through immediate action. While emotional responses in the first topic remain embedded in institutional and normative conflict, those in the second topic suggest an action-oriented emotional sequence that begins with fear and moves toward provisional control or reassurance.





4. Discussion


The findings of this study do not demonstrate direct effects on individual behavior, but instead explore how behavior is constructed and interpreted within media discourse. This distinction is critical for situating the analysis within a discursive framework. In disaster contexts, discursive evaluations of responses are reconfigured, situating self-interested actions within broader expectations of social responsibility and shaping these assessments through underlying emotional processes.



As hypothesized, emotion–topic alignments structure interpretations of selfish behavior, with fear, disgust, anticipation, and anger functioning as organizing mechanisms that inform judgments of responsibility and acceptable action. Consistent with the study’s objectives, selfishness emerges in disaster-related media discourse through the convergence of emotional and thematic patterns, where emotional–semantic configurations shape how responsibility and response are interpreted within evolving narratives of collective disaster.



Selfishness is consistently constructed within predominantly negative affective contexts, with its emotional configuration varying across analytical scope. At the sentence level, anticipation emerges as the most prevalent emotion, followed by disgust and fear. This pattern indicates that media discourse frames selfish behavior in forward-looking terms, emphasizing projected consequences such as escalating health risks, policy breakdowns, and collective vulnerability. Such future-oriented framing positions selfishness not simply as immediate misconduct but as a catalyst for potential systemic harm.



The co-occurrence of disgust and fear suggests that selfish behavior is evaluated through a dual affective structure combining moral judgment and threat perception. Disgust functions as a mechanism of moral boundary construction, marking certain behaviors as socially unacceptable, while fear reflects anxiety about contagion, scarcity, and loss of collective control. The relatively limited presence of anger indicates that selfishness is less frequently framed as an object of direct moral outrage and more as a source of diffuse social risk. Notably, optimism exceeds anger in prevalence, indicating that media narratives incorporate elements of correction, recovery, and collective adjustment alongside moral evaluation.



When the analytical window expands to multi-sentence units, fear becomes the dominant emotion, surpassing anticipation. This shift highlights the importance of narrative context in shaping emotional interpretation. While isolated sentences emphasize anticipated risk, extended passages situate selfish behavior within broader crisis narratives characterized by escalation, uncertainty, and systemic instability. In this context, selfishness is embedded within sustained fear-based storylines concerning societal breakdown, resource insecurity, and institutional strain. These patterns suggest that selfishness is not associated with discrete emotional reactions but is embedded within enduring affective structures that amplify collective anxiety and perceived threat.



Emotion-specific keyword patterns further indicate that selfishness is articulated across multiple emotional domains, each shaping distinct interpretive frames. Rather than merely accompanying representations of behavior, emotions function as structuring mechanisms that organize how selfishness is rendered meaningful within crisis discourse.



The emotional patterns identified in this analysis suggest that selfishness is not evaluated through a single moral lens but is differentially structured across distinct affective domains that organize its meaning in crisis contexts. Fear-oriented patterns position selfishness as a risk multiplier, where individual actions are interpreted through their capacity to destabilize an already fragile collective system, shifting evaluation away from moral transgression toward the amplification of shared vulnerability and uncertainty. Disgust, by contrast, stabilizes moral meaning by delineating boundaries between legitimate and illegitimate forms of consumption, operating as a normative sorting mechanism that renders selfish behavior visible as a violation of social obligations, particularly in relation to caregiving and access to essential goods.



Anticipation introduces a forward-looking interpretive frame in which selfish actions are situated within calculations shaped by uncertainty, recasting behaviors such as stockpiling as attempts to regain control over an unstable future rather than as purely ethical failure. Optimism, while limited and conditional, functions to contain these disruptions by reframing selfishness as a temporary deviation within a system expected to recover through institutional coordination, thereby sustaining expectations of regulation and cooperation. In contrast, anger reorients evaluation from individual behavior to institutional conditions, politicizing selfishness by embedding it within narratives of governance, inequality, and policy inconsistency.



These patterns indicate that emotions operate not merely as reactions but as structuring mechanisms that differentially frame selfishness as risk, norm violation, adaptive response, temporary disruption, or systemic failure, depending on the affective configuration through which it is articulated.



Emotion patterns in this study highlight how selfishness in disaster-related media discourse is not framed through a single perspective but through two distinct interpretive logics. Responsibility Across Individuals and Institutions presents selfishness as a matter of public judgment, where individual actions become a basis for evaluating authority, fairness, and institutional legitimacy. In this framing, selfish behavior is less about the act itself and more about what it reveals regarding governance and collective obligation, allowing it to serve as a focal point for broader concerns about leadership, accountability, and the distribution of risk.



By contrast, Collective Fear and Self-Protective Practices frame selfishness as a situational response to uncertainty. Here, self-protective actions are understood as practical responses to perceived threat, shaped by conditions of scarcity and urgency rather than by moral intent. These behaviors are not necessarily treated as violations of collective norms but are instead normalized as ways of coping with instability, especially when public messaging amplifies a sense of risk and immediacy.



This contrast reveals that media discourse moves between judging selfishness and explaining it, shifting how responsibility and response are interpreted in crisis contexts. Framing selfishness solely as a moral failure overlooks the conditions under which such behavior emerges, while situational interpretations bring attention to how uncertainty, risk perception, and institutional signals influence public responses. The distinction therefore highlights the limits of purely moral evaluations and underscores the importance of considering how context shapes the meaning of individual action.



Emotional patterns reinforce this divide. Responsibility Across Individuals and Institutions is associated with a sustained negative tone, where concern, disapproval, and uncertainty accumulate, reflecting ongoing tension around accountability and unresolved outcomes. In contrast, Collective Fear and Self-Protective Practices shows a more varied emotional profile in which concern is accompanied by moments of adjustment and partial stabilization. This pattern suggests that while fear may initially drive self-protective behavior, subsequent actions can ease uncertainty to some extent, allowing for a limited sense of regained control even within continuing disruption.



Effective crisis communication therefore depends not only on informational accuracy but also on the emotional structures through which responsibility and legitimacy are articulated in media texts. Communication approaches that mitigate uncertainty, foreground institutional capacity, and emphasize shared responsibility may be more conducive to sustained compliance and cooperation than those relying on moralized emotional intensification.



Interpretations of selfish behavior are shaped by underlying emotional conditions and structural contexts that jointly inform perception and response. Crisis communication and policy interventions are therefore likely to be more effective when they are attentive to the emotional dynamics of disaster contexts and seek to mitigate uncertainty and perceived risk while reinforcing shared norms of responsibility, rather than relying primarily on moral exhortation. Emotion should be understood not as a variable subject to direct manipulation, but as a constitutive element of crisis dynamics. Emerging at the individual level and circulating through media and public discourse, emotional responses structure collective interpretation and behavioral coordination. Recognizing emotion as an integral component of crisis communication is thus essential for understanding and managing cooperative responses during disasters.




5. Conclusions


Disaster-related media do not merely report self-interested behavior but construct it through patterned emotional–semantic configurations that shape how such actions are understood and evaluated. Across contexts, fear and disgust emerge as dominant signals, while anticipation organizes projections of potential harm and conditional optimism appears within narratives of coordination and recovery.



The amplification of disgust in media discourse emerges as a particularly salient pattern, suggesting a possible communicative function of curbing the spread of such behaviors by leveraging emotional responses. At the same time, this interpretation remains tentative and requires further empirical investigation. In addition, the findings indicate that emotional responses to selfish behavior are not uniformly aligned with specific message frames but instead constitute a more complex and differentiated affective structure than initially anticipated.



Two distinct yet interrelated discursive configurations become evident: Responsibility Across Individuals and Institutions and Collective Fear and Self-Protective Practices. The former situates selfishness within ongoing negotiations of responsibility, authority, and accountability, whereas the latter reflects situational responses to uncertainty in which fear-oriented reactions are accompanied by short-term efforts to restore control. Together, these configurations indicate that selfishness is not treated as a stable moral category but as a context-dependent construct shaped by emotional structuring and narrative positioning.



Attention to these patterns highlights how media discourse organizes interpretations of responsibility and action through emotional cues embedded in broader narratives of collective vulnerability. The focused and purposively selected nature of the dataset supports the conceptual scope of the study, while not establishing the stability of a probabilistic topic model at this scale (Tang et al., 2014; Sbalchiero & Eder, 2020). Accordingly, the findings should be interpreted as exploratory within-corpus patterns rather than as stable or generalizable structures, or as classifications applicable beyond the present dataset, identifying cross-contextual discursive regularities rather than context-specific effects, and reflecting aggregated emotional–discursive patterns rather than precise sentence-level classifications. Extending this approach to more varied datasets and comparative contexts, including non-selfish behavioral framings, would further clarify how these emotional–semantic structures operate under different communicative conditions and how they may vary across disaster types, temporal settings, and institutional contexts; human-coding validation and model–human agreement assessment were conducted on a sample of 50 analytical units to provide an empirical check on the emotion classification. While this process strengthens the methodological grounding of the study, further validation using larger samples and additional comparative designs would support a more comprehensive assessment of the robustness of this approach.



While the controversial nature of selfishness as a dimension of human behavior extends beyond the scope of this study, the patterns identified here suggest a structured way of understanding how such behavior is represented and interpreted in crisis contexts, offering a basis for future research to examine how these underlying configurations shape responses across different social and communicative settings.







Author Contributions


Conceptualization S.K. 70%, C.S. 20% and S.L. 10%; methodology, S.K. 90% and S.L. 10%; data curation S.K. 100%; writing—original draft preparation, S.K. 90% and S.L. 10%; writing—review and editing, S.K. 65%, C.S. 10% and S.L. 20%; project administration, S.K. 90% and C.S. 10%; funding acquisition, S.K. 90% and C.S. 10%. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the Ministry of Education of the Republic of Korea and the National Research Foundation of Korea (NRF-2020S1A5A2A03046573).




Institutional Review Board Statement


Ethical review and approval were waived for this study because it did not involve human participants or human subjects. The research did not include any direct interaction with individuals, nor did it involve surveys, interviews, experiments, or the collection of personal or sensitive data. This research was conducted in conformance with Article 15 of the Bioethics and Safety Act of the Republic of Korea. Article 13 of its Enforcement Rule states that research using information publicly available to the general public, or research that does not collect or record personally identifiable information, is eligible for exemption from Institutional Review Board (IRB) review (https://www.irb.or.kr/menu02/commonDeliberation.aspx, accessed on 16 February 2026). Our study analyzed publicly accessible news articles and did not involve any physical intervention, interaction with individuals, or the collection of identifiable personal data. Therefore, under the relevant national regulations, this study qualifies for IRB exemption.




Informed Consent Statement


Informed consent was waived because the study did not involve human participants or any form of personal data collection. As the research analyzed only publicly available news texts and did not include direct participation, interaction, or intervention involving individuals, there were no participants from whom informed consent could be obtained.




Data Availability Statement


Data are available by request from the corresponding author subject to embargo.




Acknowledgments


The authors have reviewed and edited the output and take full responsibility for the content of this publication.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Aakvaag, H. F., Thoresen, S., Wentzel-Larsen, T., Røysamb, E., & Dyb, G. (2014). Shame and guilt in the aftermath of terror: The Utøya Island study. Journal of Traumatic Stress, 27(5), 618–621. [Google Scholar] [CrossRef]

	



Alkalai Tavori, A., & Adini, B. (2024). Unraveling myths: Assessing beliefs in disaster management misconceptions among first responders and the general public. International Journal of Disaster Risk Reduction, 114, 104965. [Google Scholar] [CrossRef]

	



Ansolabehere, S., Behr, R., & Iyengar, S. (1991). Mass media and elections: An overview. American Politics Quarterly, 19(1), 109–139. [Google Scholar] [CrossRef]

	



Arnsten, A. F. T. (2009). Stress signalling pathways that impair prefrontal cortex structure and function. Nature Reviews Neuroscience, 10(6), 410–422. [Google Scholar] [CrossRef] [PubMed]

	



Artstein, R., & Poesio, M. (2008). Inter-coder agreement for computational linguistics. Computational Linguistics, 34(4), 555–596. [Google Scholar] [CrossRef]

	



Axelrod, R., & Hamilton, W. D. (1981). The evolution of cooperation. Science, 211(4489), 1390–1396. [Google Scholar] [CrossRef]

	



Blei, D. M., Ng, A. Y., & Jordan, M. I. (2003). Latent dirichlet allocation. Journal of Machine Learning Research, 3, 993–1022. [Google Scholar]

	



Boin, A., ’t Hart, P., Stern, E., & Sundelius, B. (2017). The politics of crisis management: Public leadership under pressure (2nd ed.). Cambridge University Press. [Google Scholar]

	



Buechel, S., & Hahn, U. (2018). Word emotion induction for multiple languages as a deep multi-task learning problem. In Proceedings of the 2018 conference of the North American chapter of the association for computational linguistics: Human language technologies (NAACL-HLT 2018) (pp. 1907–1918). Association for Computational Linguistics. [Google Scholar]

	



Camacho-Collados, J., Rezaee, K., Riahi, T., Ushio, A., Loureiro, D., Antypas, D., Boisson, J., Espinosa-Anke, L., Liu, F., Martínez-Cámara, E., Medina, G., Buhrmann, T., Neves, L., & Barbieri, F. (2022). TweetNLP: Cutting-edge natural language processing for social media. In Proceedings of the 2022 conference on empirical methods in natural language processing: System demonstrations (pp. 38–49). Association for Computational Linguistics. [Google Scholar]

	



Cikara, M., Botvinick, M. M., & Fiske, S. T. (2011). Us versus them: Social identity shapes neural responses to others’ fortunes and misfortunes. Social Cognitive and Affective Neuroscience, 6(2), 173–181. [Google Scholar]

	



Cohen, J. (1960). A coefficient of agreement for nominal scales. Educational and Psychological Measurement, 20(1), 37–46. [Google Scholar] [CrossRef]

	



Curtis, V., de Barra, M., & Aunger, R. (2011). Disgust as an adaptive system for disease avoidance behaviour. Philosophical Transactions of the Royal Society B: Biological Sciences, 366(1563), 389–401. [Google Scholar] [CrossRef]

	



de Tocqueville, A. (2003). Democracy in America (G. Bevan, Trans.). Penguin Classics. (Original work published 1835). [Google Scholar]

	



Drury, J., Carter, H., Cocking, C., Ntontis, E., Tekin Guven, S., & Amlôt, R. (2019). Facilitating collective resilience in the public in emergencies: Twelve recommendations based on the social identity approach. Frontiers in Public Health, 7, 141. [Google Scholar] [PubMed]

	



Drury, J., Cocking, C., & Reicher, S. (2009). Everyone for themselves? A comparative study of crowd solidarity among emergency survivors. British Journal of Social Psychology, 48(3), 487–506. [Google Scholar] [CrossRef]

	



Entman, R. M. (1993). Framing: Toward clarification of a fractured paradigm. Journal of Communication, 43(4), 51–58. [Google Scholar] [CrossRef]

	



Fairclough, N. (1995). Media discourse. Edward Arnold. [Google Scholar]

	



Fairhead, J. (2016). Understanding social resistance to the Ebola response in the forest region of the Republic of Guinea: An anthropological perspective. African Studies Review, 59(3), 7–31. [Google Scholar] [CrossRef]

	



Fehr, E., & Gächter, S. (2002). Altruistic punishment in humans. Nature, 415(6868), 137–140. [Google Scholar] [CrossRef] [PubMed]

	



Feiock, R. C. (2013). The institutional collective action framework. Policy Studies Journal, 41(3), 397–425. [Google Scholar] [CrossRef]

	



Forbes, L. (2017). Post-disaster consumption: Analysis from the 2011 Christchurch earthquake. Australasian Marketing Journal, 25(2), 148–155. [Google Scholar] [CrossRef]

	



Forgas, J. P. (1995). Strange couples: Mood effects on judgments and memory about prototypical and atypical relationships. Personality and Social Psychology Bulletin, 21(7), 747–765. [Google Scholar] [CrossRef]

	



Grimmer, J., & Stewart, B. M. (2013). Text as data: The promise and pitfalls of automatic content analysis methods for political texts. Political Analysis, 21(3), 267–297. [Google Scholar] [CrossRef]

	



Gross, K., & D’ambrosio, L. (2004). Framing emotional response. Political Psychology, 25(1), 1–29. [Google Scholar] [CrossRef]

	



Hase, V. (2023). Automated content analysis. In The SAGE handbook of digital journalism (pp. 249–263). SAGE Publications. [Google Scholar]

	



Hein, G., Silani, G., Preuschoff, K., Batson, C. D., & Singer, T. (2010). Neural responses to ingroup and outgroup members’ suffering predict individual differences in costly helping. Neuron, 68(1), 149–160. [Google Scholar] [CrossRef]

	



Henkel, K. E., Dovidio, J. F., & Gaertner, S. L. (2006). Institutional discrimination, individual racism, and Hurricane Katrina. Analyses of Social Issues and Public Policy, 6(1), 99–124. [Google Scholar] [CrossRef]

	



Hobfoll, S. E., Watson, P., Bell, C. C., Bryant, R. A., Brymer, M. J., Friedman, M. J., Friedman, M., Gersons, B. P., De Jong, J. T., Layne, C. M., & Maguen, S. (2007). Five essential elements of immediate and mid–term mass trauma intervention: Empirical evidence. Psychiatry, 70(4), 283–315. [Google Scholar] [CrossRef]

	



Jurafsky, D., & Martin, J. H. (2009). Speech and language processing: An introduction to natural language processing, computational linguistics, and speech recognition (2nd ed.). Pearson Prentice Hall. [Google Scholar]

	



Krippendorff, K. (2018). Content analysis: An introduction to its methodology (4th ed.). Sage Publications. [Google Scholar]

	



Lacy, S., Watson, B. R., Riffe, D., & Lovejoy, J. (2015). Issues and best practices in content analysis. Journalism & Mass Communication Quarterly, 92(4), 791–811. [Google Scholar] [CrossRef]

	



Lazarus, R. S. (1991). Emotion and adaptation. Oxford University Press. [Google Scholar]

	



LeDoux, J. E. (2000). Emotion circuits in the brain. Annual Review of Neuroscience, 23, 155–184. [Google Scholar] [CrossRef]

	



Lerner, J. S., & Keltner, D. (2001). Fear, anger, and risk. Journal of Personality and Social Psychology, 81(1), 146–159. [Google Scholar] [CrossRef]

	



Lerner, J. S., Li, Y., Valdesolo, P., & Kassam, K. S. (2015). Emotion and decision making. Annual Review of Psychology, 66, 799–823. [Google Scholar] [CrossRef]

	



Lieberman, M. D. (2007). Social cognitive neuroscience: A review of core processes. Annual Review of Psychology, 58, 259–289. [Google Scholar] [CrossRef]

	



Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., Levy, O., Lewis, M., Zettlemoyer, L., & Stoyanov, V. (2019). RoBERTa: A robustly optimized BERT pretraining approach. arXiv, arXiv:1907.11692. [Google Scholar]

	



Loewenstein, G. F., Weber, E. U., Hsee, C. K., & Welch, N. (2001). Risk as feelings. Psychological Bulletin, 127(2), 267–286. [Google Scholar] [CrossRef] [PubMed]

	



Mohammad, S. M. (2020). Practical and ethical considerations in the effective use of emotion and sentiment lexicons. arXiv, arXiv:2011.03492. [Google Scholar] [CrossRef]

	



Mullainathan, S., & Shafir, E. (2013). Scarcity: Why having too little means so much. Times Books. [Google Scholar]

	



Nabi, R. L. (2002). Anger, fear, uncertainty, and attitudes: A test of the cognitive-functional model. Communication Monographs, 69(3), 204–216. [Google Scholar] [CrossRef]

	



Nowak, M. A. (2006). Five rules for the evolution of cooperation. Science, 314(5805), 1560–1563. [Google Scholar] [CrossRef] [PubMed]

	



Ochsner, K. N., & Gross, J. J. (2005). The cognitive control of emotion. Trends in Cognitive Sciences, 9(5), 242–249. [Google Scholar] [CrossRef] [PubMed]

	



Pessoa, L. (2008). On the relationship between emotion and cognition. Nature Reviews Neuroscience, 9(2), 148–158. [Google Scholar] [CrossRef]

	



Pfaff, D. W. (2014). The altruistic brain: How we are naturally good. Oxford University Press. [Google Scholar]

	



Richard, Y., Tazi, N., Frydecka, D., Hamid, M. S., & Moustafa, A. A. (2022). Neural and cognitive correlates of anger and aggression: A systematic review of neuroimaging studies. Current Psychology, 42(20), 17174–17186. [Google Scholar] [CrossRef]

	



Roberts, M. E., Stewart, B. M., Tingley, D., Lucas, C., Leder-Luis, J., Gadarian, S. K., Albertson, B., & Rand, D. G. (2014). Structural topic models for open-ended survey responses. American Journal of Political Science, 58(4), 1064–1082. [Google Scholar] [CrossRef]

	



Röder, M., Both, A., & Hinneburg, A. (2015). Exploring the space of topic coherence measures. In Proceedings of the Eighth ACM international conference on web search and data mining (pp. 399–408). Association for Computing Machinery. [Google Scholar]

	



Sbalchiero, S., & Eder, M. (2020). Topic modeling, long texts and the best number of topics: Some problems and solutions. Quality & Quantity, 54(4), 1095–1108. [Google Scholar] [CrossRef]

	



Scheff, T. J. (2003). Shame in self and society. Symbolic Interaction, 26(2), 239–262. [Google Scholar] [CrossRef]

	



Siegrist, M., & Zingg, A. (2014). The role of public trust during pandemics: Implications for crisis communication. European Psychologist, 19(1), 23–32. [Google Scholar] [CrossRef]

	



Slovic, P. (2004). What’s fear got to do with it-It’s affect we need to worry about. Missouri Law Review, 69, 971. [Google Scholar]

	



Slovic, P., Peters, E., Finucane, M. L., & MacGregor, D. G. (2005). Affect, risk, and decision making. Health Psychology, 24, S35–S40. [Google Scholar] [CrossRef]

	



Stevens, K., Kegelmeyer, P., Andrzejewski, D., & Buttler, D. (2012). Exploring topic coherence over many models and many topics. In Proceedings of the 2012 joint conference on empirical methods in natural language processing and computational natural language learning (pp. 952–961). Association for Computational Linguistics. [Google Scholar]

	



Tang, J., Meng, Z., Nguyen, X., Mei, Q., & Zhang, M. (2014). Understanding the limiting factors of topic modeling via posterior contraction analysis. In Proceedings of the 31st international conference on machine learning (ICML) (pp. 190–198). PMLR. [Google Scholar]

	



Telford, J., Cosgrave, J., & Houghton, R. (2006). Joint evaluation of the international response to the Indian Ocean tsunami: Synthesis report. Tsunami Evaluation Coalition. [Google Scholar]

	



Thomas, E. F., Cary, N., Smith, L. G., Spears, R., & McGarty, C. (2018). The role of social media in shaping solidarity and compassion fade: How the death of a child turned apathy into action but distress took it away. New Media & Society, 20(10), 3778–3798. [Google Scholar] [CrossRef]

	



Tierney, K. (2019). Disasters: A sociological approach. Polity Press. [Google Scholar]

	



Tierney, K., Bevc, C., & Kuligowski, E. (2006). Metaphors matter: Disaster myths, media frames, and their consequences in Hurricane Katrina. The Annals of the American Academy of Political and Social Science, 604(1), 57–81. [Google Scholar] [CrossRef]

	



Van Atteveldt, W., Trilling, D., & Calderón, C. A. (2021). Computational analysis of communication. In Wiley interdisciplinary reviews: Computational statistics (vol. 13). John Wiley & Sons. [Google Scholar]

	



van Bavel, J. J., Baicker, K., Boggio, P. S., Capraro, V., Cichocka, A., Cikara, M., Crockett, M. J., Crum, A. J., Douglas, K. M., Druckman, J. N., & Drury, J. (2020). Using social and behavioural science to support COVID-19 pandemic response. Nature Human Behaviour, 4(5), 460–471. [Google Scholar] [CrossRef]

	



Van de Ven, N., Zeelenberg, M., & Pieters, R. (2012). Appraisal patterns of envy and related emotions. Motivation and Emotion, 36(2), 195–204. [Google Scholar] [CrossRef] [PubMed]

	



Wong, S., Shaheen, S., & Walker, J. (2018). Understanding evacuee behavior: A case study of Hurricane Irma (Report No. ITS-RRP-2018-14). Institute of Transportation Studies, University of California, Berkeley. [Google Scholar]








[image: Behavsci 16 00621 g001] 





Figure 1. Overview of the Text Analysis Procedure. 
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Figure 2. Overall emotion distribution in the text—sentence level. 
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Figure 3. Overall emotion distributions in the text—window aggregation. 
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Figure 4. LDA based keywords analysis by Emotion. 
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Figure 5. Emotion–Topic Network of Selfishness Framing. 
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Figure 6. Topic 1 and top 10 words. 
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Figure 7. Topic 2 and top 10 words. 






Figure 7. Topic 2 and top 10 words.



[image: Behavsci 16 00621 g007]







[image: Behavsci 16 00621 g008] 





Figure 8. Topic-Emotion Matrix. 
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Table 1. Overview of selected media articles.
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	ID
	Year
	Title
	Source





	01
	2012
	After Sandy, officials are wondering what it takes to get people to heed evacuation orders
	Global News



	02
	2013
	Biggest fines for gouging after Sandy imposed on New York fuel sellers
	Associated Press/Reuters



	03
	2015
	Nepal earthquake: Government to investigate profiteering
	The Guardian



	04
	2017
	3 Texas businesses sued for alleged price gouging during Harvey.
	WCNC



	05
	2018
	Hurricane Michael leaves ‘unimaginable destruction’
	BBC News



	06
	2018
	Homeless “hero” jailed for stealing from British bomb victims
	Reuters



	07
	2020
	America’s selfish individualism has become a death cult in the COVID-19 era
	Business Standard News



	08
	2020
	Florida parents sue school board over mandate that requires students to wear masks
	NBC Philadelphia



	09
	2021
	McConnell strives to counter bad advice to boost U.S. Republican vaccination rate
	Reuters



	10
	2022
	“Lowest form of scum”: Lee County deputies arrest Orlando men for allegedly looting after Hurricane Ian
	FOX 13 News



	11
	2024
	Rush on gas & groceries causes some shortages, long lines ahead of Hurricane Milton
	News4JAX



	12
	2024
	Thousands flee Hurricane Milton, causing traffic jams and fuel shortages
	Reuters
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