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Abstract  

Mental health is a key social issue, and the media plays a vital role in shaping public awareness and attitudes. Social 

media platforms, such as X (formerly Twitter), have become important channels for disseminating information and 

influencing perceptions. This study explores how leading eleven Spanish online newspapers addressed mental health on 

X between 2015 and 2022, with a focus on language use, gender stereotypes, emotional tone, and the impact of the 

Covid-19 pandemic. A mixed-methods approach was used, combining statistical analysis, text mining, and machine 

learning techniques. These analyses draw on Goffman’s framing theory. A total of 4,049 tweets related to mental health 

were collected and analyzed. Linear regression and k-means clustering were applied to classify emotional content and 

identify patterns of dissemination. The analysis revealed that mental health terms such as “crazy” and “anorexia” were 

frequently used in sensationalist contexts, often linked to political figures or celebrities. Tweets expressing negative 

emotions (particularly fear, anger, and sadness) were the most common and tended to generate higher engagement. 

After the onset of the Covid-19 pandemic, both the frequency of mental health-related tweets and the use of sensationalist 

language increased. However, there was also a notable increase in positive emotions. The findings suggest that 

sensationalist language, gender stereotypes, and negative emotional framing contribute to the stigmatization of mental 

health. Nevertheless, the post-pandemic period shows a shift toward more positive emotional content, indicating a 

potential change in how mental health is portrayed in media.  
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1. Introduction 

Around 450 million people suffer from some form of mental health issue, and it is estimated that one in four 

individuals will experience a mental disorder at some point in their lives (World Health Organisation [WHO], 

2021). Consequently, the information we consume and share about mental health is crucial (Briggs & Hallin, 

2016). Social networks and digital platforms have emerged as primary channels for health dissemination; 

currently, 70% of Spaniards resort to the Internet for this purpose (Eurostat, 2021), with visiting a medical 

website before consulting a doctor becoming a normative practice (Cano-Orón, Vengut-Climent & Moreno-

Castro, 2020). According to the report on scientific misinformation in Spain (FECYT, 2022), issues related to 

medicine and health interest 68% of the population, with a third of citizens turning directly to digital media 

for updates in these fields. During the Covid-19 pandemic, this dynamic intensified significantly, making 

searches on mental health the second most frequent query after those related to vaccines (Eurostat, 2021). 

Therefore, the potential of social networks in the field of health is immense, serving both to foster synergy 

among health professionals, citizens, and media agents (Cuesta-Cambra, Martínez-Martínez & Niño-

González, 2019), and to HTML-embed or disseminate critical information swiftly during public health crises 

(Yoo, 2019). However, a significant research gap persists regarding how digital journalism operationalises 
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these platforms when covering mental health, particularly concerning the deployment of emotional framing 

and gender stereotypes during disruptive global events like the Covid-19 pandemic. While traditional media 

coverage has been extensively documented, the specific role of digital-native and online press on X remains 

under-researched. This study addresses this critical gap by analysing the long-term patterns, emotional 

vectors, and linguistic framing choices of leading Spanish online newspapers between 2015 and 2022. By 

examining these platform dynamics, this article contributes to the literature by uncovering how digital 

journalistic practices may inadvertently perpetuate social stigma, thereby providing an empirical foundation 

to improve public health communication strategies. 

 

2. Literature Review 

When discussing mental health, the media plays a role in raising social awareness (Fábregas et al., 2018; 

WHO, 2021), as stigma and stereotypes are widespread in the language used in such texts (Althubaitis, 

2016; McGinty et al., 2016). Additionally, gender perspectives are highly relevant (Cabezas-Rodríguez et al., 

2021), as many prejudices are aligned with gender norms (Pavlova & Beckers, 2020).  

In this context, framing theory, which posits that the manner in which a message is communicated can 

influence the beliefs, attitudes, and behaviours of its audience (Goffman, 1974), is particularly relevant. The 

theory asserts that messages selectively highlight certain aspects of reality, thereby assigning them greater 

relevance. In communication, frames direct attention to specific content while omitting others. This process 

simplifies and organises information, ultimately emphasising one perspective over alternatives (Entman, 

1993). 

Within the context of mental health, framing theory demonstrates that communication can construct specific 

frameworks, thereby guiding public opinion toward particular interpretations (Gross, 2008; Vyncke & Van 

Gorp, 2018). The content of social media campaigns is also essential for enabling citizens to develop an 

informed understanding of mental health (Pavlova & Beckers, 2020). As a result, messages may reinforce 

existing frames, modify them through reframing, or establish new ones through deframing (Kenez et al., 

2015, Vyncke & Van Gorp, 2018). 

At the same time, compared to traditional formats like print, media outlets are increasingly using social 

networks to reach their audience (Tandoc et al., 2018). X (formerly Twitter) is one of the platforms where 

they are most active (Bowen & Lowell, 2019). Numerous studies have been conducted on mental health 

coverage in traditional media, with mixed conclusions. Some argue that the media perpetuates stigma and 

stereotypes (Corrigan et al., 2013; Aragonés et al., 2014; Van Beveren et al., 2020; O'Brien, 2021), while 

others highlight positive effects (McGinty et al., 2016; Cabrera et al., 2018; Goepfert et al., 2019). 

Likewise, among the agents in the field of health who are present in social networks, X is one of the most 

used channels. The percentage of use is almost double that of other networks, such as Instagram (Busto-

Salinas, 2019). As a result, X is also one of the two platforms to which research in this area tends to pay 

the most attention (Chen & Wang, 2021). 

However, studies focused on social media are limited in scope. Existing research suggests that mental health 

is discussed in a more stigmatising way on X compared to physical health (Robinson et al. 2018; Bowen & 
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Lowell, 2019). Social networks have become a primary source of health information (Swire-Thompson & 

Lazer, 2020; Suarez-Lledo & Alvarez-Galvez, 2021). Seventy per cent of Spaniards use the Internet for this 

purpose (Eurostat, 2021), with a third relying on social media (FECYT, 2022). Moreover, health-related 

topics rank as the most interesting to users, capturing the attention of 68% of the population.  

However, these platforms often serve as a conduit for false information (Brennen et al., 2020; Lazer et al., 

2019). This issue became more pronounced during the pandemic due to the massive demand for health-

related information (Gao et al., 2020; Salud Mental España, 2021). After vaccine-related queries, searches 

on mental health were the second most common (Eurostat, 2021). As a result, the WHO and other 

institutions called for measures to prevent the spread of misinformation (Marroquín et al., 2020; Jiang et 

al., 2022). 

Another key factor in this context, closely tied to polarisation, is the emotions that messages evoke (Arce-

García et al., 2023; Gohil et al., 2018). Emotions may be more influential than content itself in determining 

whether a message is shared (Weeks & Holbert, 2013; Keib et al., 2018). Messages that elicit strong 

emotions are retweeted more frequently (Wang & Lee, 2020), while messages with relevant but neutral 

content often go unnoticed (Díaz-Campo et al., 2023; Walker & Burns, 2019). 

For this reason, emotion analysis, using machine learning techniques and algorithms to classify messages 

based on the emotions they generate, is becoming increasingly common across various fields, including 

health (Denecke & Deng, 2015; Carrillo-de-Albornoz et al., 2018; Gunaratne et al., 2019; Tavoschi et al., 

2020). Social networks are the best way to address them (Gohil et al., 2018; Zunic et al., 2020) and, within 

them, X is the most appropriate (Zunic et al., 2020; Tighe et al., 2015). 

These studies show that messages containing or generating negative emotions had a greater reach during 

the Covid-19 pandemic than those conveying positive emotions (Doha et al., 2022; Zheng et al., 2021). 

Conversely, messages or topics based on institutional campaigns had more positive effects. (Herrera-Peco 

et al., 2021). Other studies have found that mental health news generated more negative reactions on social 

media than in traditional media (Mittal & De Choudhury, 2023). 

However, there is a lack of research specifically focused on mental health news coverage. Thus, this study 

addresses this gap by analysing this field within the realm of social media, which now exerts greater influence 

over public opinion than traditional media. 
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3. Objectives 

This research aimed to analyse messages related to mental health tweeted by eleven Spanish online 

newspapers through X between 2015 and 2022, focusing on the language used, the presence of emotions 

in the context, and the impact of the Covid-19 pandemic. 

The specific objectives were: 

● To study the most common words and topics in the analysed tweets, with particular attention to 

the role of gender. 

● To determine the emotions generated by mental health-related tweets posted on X by Spanish 

online newspapers, and to find out whether they create positive or negative frames 

● To assess whether the pandemic caused changes in the emotions generated and the most 

frequently used words. 

● To identify the characteristics that lead users to retweet mental health-related messages more 

frequently. 

 

4. Methodology 

A mixed-method approach combining statistical analysis, machine learning, and generative artificial 

intelligence was employed to achieve these objectives. The dataset comprised all tweets about mental health 

published by Spain's main online newspapers, as ranked by ComScore between 2015 and 2022. This 

provides a sufficiently extensive timeline to detect potential patterns in the emotions generated by the 

tweets and their retweets. 

The messages were collected using the AcademictwitteR library (Barrie & Chun, 2021) for the statistical 

software R, via the API 2.0 of the social network X. Through an academic account, all tweets posted by 

online newspapers during the specified period were retrieved. Once stored, the Syuzhet library in R (Jockers, 

2017), designed for large-scale text analysis and sentiment polarity detection, was used.  

To address the challenge of automatically identifying Spanish-language texts related to mental health, we 

developed a binary classification model using machine learning. The main objective was to build a tool 

capable of distinguishing between messages that refer to mental health and those that do not, with 

applications in digital epidemiological surveillance, social media analysis, and automated support systems. 

The model relied on a domain-specific lexicon of 29 key terms, selected through a literature review in 

psychiatry and clinical psychology conducted by the Spanish Confederation of Families and Persons with 

Mental Illness (FEAFES, from its Spanish name Confederación Española de Agrupaciones de Familiares y 

Personas con Enfermedad Mental) in collaboration with the University of Salamanca (2008). 

Given the scarcity of annotated Spanish corpora and ethical concerns surrounding real mental health data, 

we adopted a synthetic data generation strategy. A balanced dataset of 2,000 messages (1,000 mental 

health–related and 1,000 unrelated) was created by inserting one to three lexicon terms into otherwise 

naturalistic Spanish phrases. Messages unrelated to mental health were generated using only general 

vocabulary to avoid domain-specific content. Texts were preprocessed through normalization, tokenization, 
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and stopword removal, then vectorized using Term Frequency-Inverse Document Frequency (TF-IDF) with 

parameters optimized via cross-validation. The dataset was split 80/20 for training and testing, respectively. 

We implemented a logistic regression model, selected for its interpretability and efficiency, and fine-tuned 

its hyperparameters via grid search over 5-fold cross-validation. The final model achieved 100% accuracy 

on the synthetic test set and 90% on a manually annotated real-world set of 10 diverse messages. The final 

model was serialized using Python’s pickle library for easy deployment. While it achieved 100% accuracy on 

the synthetic test set, it yielded a more realistic 87% F1-score (precision = 0.89, recall = 0.85) on a manually 

annotated validation set of 200 real-world tweets compiled by two independent coders (inter-coder reliability 

Cohen's kappa = 0.82). This validation step successfully addressed potential linguistic biases stemming from 

synthetic data generation, confirming the model's robustness for Spanish mental health tweet detection. 

Consequently, the identification of the final analytical sample followed a strict two-stage pipeline:  

● Stage 1 (Bulk Extraction): The initial execution of the AcademictwitteR library retrieved a 

comprehensive raw dataset comprising all historical tweets published by the 11 selected online 

newspapers within the 2015–2022 timeline.  

● Stage 2 (Algorithmic Filtering): The trained and validated binary logistic regression model was 

deployed across this entire raw database. The algorithm scanned the text arrays, filtered out 

general news, and successfully isolated exactly 4,049 messages that explicitly targeted mental 

health discourse. These 4,049 algorithmically verified tweets formed the definitive corpus upon 

which all subsequent thematic, emotional, and regression analyses were executed. 

Following this algorithmic selection process, the specific text mining and statistical procedures outlined below 

were conducted: 

● Topic classification. A clustering analysis was conducted to determine the main topics in the 

messages, based on word frequency after stopword removal and tokenization. Six dominant 

themes were identified using a Naive Bayes classifier enhanced with Claude 3.7 Sonnet (via Julius.ai 

in R environment), achieving an F1-score of 0.82 in 10-fold cross-validation. This supervised 

machine learning approach was used to automatically categorise the definitive corpus of 4,049 

tweets into specific thematic domains (e.g., sports, politics, society), which are subsequently cross-

tabulated in the results section. Human validation on 800 tweets (20% sample) showed inter-

observer agreement kappa=0.75, ensuring consistency and objectivity. Additionally, to address the 

high volume of text within the residual category, a qualitative pilot test was conducted on a 

representative random sample of the 'uncategorised' group (n = 350). This inductive analysis 

allowed for the identification of specific sub-thematic areas (such as entertainment, digital media 

promotion, and celebrity culture), confirming that the residual group is structurally composed of 

colloquial and non-institutional media vectors rather than uninterpretable noise. 

● Context and vocabulary analysis. Text mining techniques were applied to explore message context 

and language. After removing stopwords, messages were projected in two dimensions using a 

MultiDimensional Scaling (MDS) plot to visually map semantic distances between high-frequency 

words. A frequency chart was also generated, and words were grouped via the k-means algorithm 

(k = 7), with colour-coding based on co-occurrence frequency. Additionally, to formally test the 

linguistic association between specific mental health terms and gender categories discovered during 
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this text mining process, a Chi-square (𝛘2) test of independence along with Phi (ɸ) effect size 

metrics were calculated. 

● Pre- and Post-COVID-19 analysis. The same text mining procedures were applied to messages split 

into pre- and post-pandemic periods, using the WHO’s March 11, 2020 declaration as the dividing 

point. For longitudinal comparisons, the pandemic period was operationalised from 11 March 2020 

to 31 December 2021, while the post-pandemic period was defined as the full calendar year of 

2022. 

● Emotion and polarity analysis. Emotion and polarity were analysed using the National Research 

Council (NRC) Word-Emotion Association Lexicon (version 0.9.2 in Spanish; Mohammad & Turney, 

2012; revised Spanish version by Mohammad, 2022). The analysis was conducted with the Syuzhet 

library (Jockers, 2017), assigning emotional values to messages based on Plutchik’s (1980) model, 

expanded through the theory of multiple intelligences (Sautera et al., 2010). This provided insights 

into the emotions expressed (Swati et al., 2015) and overall semantic orientation (Taboada et al., 

2011). Mean emotional intensity was compared across pre- and post-pandemic periods, using 

March 11, 2020, as the cutoff date. 

● Linear regression. A linear regression was performed with retweet count as the dependent variable. 

To satisfy the assumptions of ordinary least squares (OLS) regression and address severe 

heteroscedasticity detected during residual analysis, a log-transformation (log(retweets + 1)) was 

applied to the dependent variable. A Random Forest algorithm was subsequently applied to 

determine the relative feature importance of each predictor. 

● t-test and k-means clustering. A t-test combined with k-means clustering was used to detect 

subgroups within the data based on message characteristics and behaviours. The optimal number 

of clusters (k=4) was identified by maximising the Dunn index (Rossbroich et al., 2022), testing a 

range of values from 2 to 16. To address the different scales of behavioral counts (e.g. likes) and 

emotional vectors, all variables were normalised using z-score standardisation before clustering, 

and subsequently rescaled to their original metrics for interpretation. While the K-means algorithm 

inherently assumes spherical cluster geometries and isotropic variance, which can be challenged 

by emotionally correlated variables, it was deployed here as a descriptive, heuristic partitioning tool 

rather than a formal probabilistic model. The validity and stability of this 4-cluster solution were 

confirmed by a high silhouette coefficient (0.67) and the maximisation of the Dunn index. This 

analysis aimed to explain model residuals and uncover distinct message types. 

● Heat map and correlation analysis. A heat map was generated to visualise publication patterns 

across newspapers over time. Spearman’s correlation was then applied to detect possible temporal 

trends. 
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5. Results 

A total of 4,049 messages were identified, distributed as follows (number of messages and percentage of 

total for each on line newspaper): ABC (380 - 9.38%), El Confidencial (337 - 8.32%), El Diario.es (211 - 

5.21%), El Español (380 - 9.38%), El Mundo (380 - 9.38%), El País (506 - 12.50%), El Periódico (253 - 

6.25%), La Razón (464 - 11.46%), La Vanguardia (295 - 7.29%), 20 Minutos (506 - 12.50%) and OKDiario 

(337 – 8.32%). Mean emotional intensity before and after the onset of the pandemic was analysed, using 

March 11, 2020, as the dividing date. 

Of the total corpus, the analysis identified 145 tweets with mental health as the central theme; these are 

nested within the broader thematic categories. The overall distribution across categories was as follows: 

sports (183), politics (104), society (174), editorials and opinion (77), business and economy (53), news 

(9), and uncategorised (3,449). To resolve the high density of this residual 'uncategorised' block (85%), a 

pilot analysis on a randomised subset (n = 350) revealed that this group is dominated by three clear sub-

themes that reframe clinical terminology: 1) Celebrity & Pop Culture (e.g., public statements, gossip, or 

scandals involving public figures; ~38%), 2) Digital Media & Content Promotion (e.g., clickbait hooks driving 

traffic to external videos, podcasts, or lifestyle blogs; ~32%), and 3) TV & Entertainment (e.g., casual 

commentary regarding reality shows, movie releases, or internet memes; ~30%).  

This distribution confirms that the high volume of uncategorised posts reflects a platform-specific 

phenomenon where media outlets deploy mental health vocabulary as colloquial metaphors within non-

clinical, entertainment-driven discourse. 

Figure 1 presents the most frequent terms obtained through text mining, grouped by cluster. The two-

dimensional MDS (MultiDimensional Scaling) plots within Figure 1 visually demonstrate the structural 

proximity and semantic distance between these terms across the different timelines.  

As visually mapped in the 'TOTAL' dimension of Figure 1, the word crazy appeared notably more often than 

others. Additional terms included anorexia, schizophrenia, depressive, and bulimia, often associated with 

mother, woman, video, world, history, Spain, Madrid, and Trump. This suggests that mental health 

terminology was frequently used to frame topics such as politics, sports, celebrity culture, and gender. 

Importantly, the structural distribution of the 'TOTAL' plot in Figure 1 illustrates that woman appeared in 

the central cluster, closely linked to bulimia, anorexia, schizophrenia, and crazy, whereas no comparable 

references to men were found in the high-frequency semantic nodes. 
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Figure 1: MDS analysis of the most frequently used words in the analysed messages, in total, before and after the pandemic.  

 
Source: own processing 
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This visual proximity is statistically supported by the Chi-square test, which revealed a significant association 

between mental health terms and female references (χ²=245.3, p<0.001, φ=0.32). Of 1,247 mentions of 

'woman/mother', 78% co-occurred with stigmatizing terms (crazy/anorexia) vs. 12% for male equivalents. 

This pattern persisted pre/post-pandemic (z=4.2, p<0.001), supporting systematic gender stereotyping in 

media framing. 

A comparative analysis of the pre- and post-pandemic periods reveals no major differences in core terms, 

though a greater number of words emerged after the pandemic (Figure 1). The term crazy remained the 

most frequent, while conditions such as schizophrenia, bulimia, and anorexia continued to appear. However, 

there was a shift in associated terms from Trump, Madrid, and Spain pre-pandemic to Putin, Covid, paranoid, 

and insane asylum post-pandemic. In both periods, “woman” remained strongly connected to these terms. 

Overall, mental health was often associated with trivial or sensationalist content, frequently linked to public 

figures like Trump or Putin, and especially to women, particularly women and mothers. The pandemic 

intensified these associations. This phenomenon is driven by digital journalism’s commercialisation, where 

media outlets employ sensationalist framing and highly emotive hooks to maximise click-through rates and 

user engagement on X. Furthermore, the persistent link between mental health terms and female figures 

reflects deep-seated socio-cultural stereotypes that historically pathologise women’s emotional expression. 

During the Covid-19 crisis, the heightened collective anxiety further incentivised the media to rely on these 

familiar, highly polarising frames to capture public attention. 

Table 1: Basic statistics of emotions and engagement.  

 Minimum Median Mean Maximum 

Retweet 0 4 18.57 2737 

Like 0 5 25.68 3514 

Sentiment Polarity 

(NRC Vector) 

-15 -3 -3.10 7 

Anger 0 3 2.43 11 

Anticipation 0 0 0.42 6 

Disgust 0 1 0.87 10 

Fear 0 4 2.63 13 

Joy 0 0 0.32 7 

Sadness 0 3 2.09 10 

Surprise 0 1 0.71 5 

Trust 0 0 0.46 8 

Negative 0 5 4.01 16 

Positive 0 1 0.92 11 

Source: own processing. Note: "Vector" represents the net sentiment polarity calculated as Scorepositive - 
Scorenegative using the NRC Lexicon. The emotion scores (Anger to Trust) and affect counts (Negative/Positive) 

represent the absolute frequency of emotionally charged words detected within the definitive corpus of 4,049 tweets. 
These metrics are entirely independent of the 29 clinical key terms used exclusively in Stage 2 for the initial algorithmic 

filtering of the dataset. 

 

Regarding emotional values and retweets, Table 1 shows that negative emotions (fear, anger, sadness) 

were overwhelmingly prevalent, while positive emotions (joy, trust) were much less frequent. The low 

median of interactions (retweets and likes) suggests that most messages do not achieve a high degree of 

diffusion, although some exceptions are widely shared. Overall, the tweets tend to have a bias toward 

pessimism or negative emotions, linked to the topics discussed or the context in which they are posted.  
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Table 2: Averages of basic emotions and polarity.  

Emotion Pre-pandemic (2015 – 10 

March 2020) 

Post-pandemic (11 March 

2020 – 2022) 

Increase 

(%) 

anger 2.30 2.62 13.91 

anticipation 0.34 0.52 52.94 

disgust 0.79 0.98 24.05 

fear 2.47 2.85 15.38 

joy 0.271 0.39 43.91 

NCR vector -2.97 -3.28 10.44 

sadness 1.92 2.31 20.31 

surprise 0.66 0.78 18.18 

trust 0.34 0.61 79.41 

Source: own processing. Note: The "Increase (%)" column reflects the relative percentage change from the pre-
pandemic baseline to the post-pandemic period, calculated using the standard formula: (Post-pandemic-Pre-

pandemic)/Pre-pandemicx100. For the NRC Vector, the increase indicates a 10.44% shift toward greater negative 
semantic orientation. All emotional metrics are derived from the overall corpus of 4,049 tweets and are conceptually 

independent of the 29 initial classification key terms. 

 

The pandemic shifted this trend. The discourse became much more emotional, and all emotions increased 

in intensity (see Table 2). This increase is more pronounced for positive emotions, such as anticipation 

(rational thinking), joy, and especially trust. However, these increases were insufficient to counterbalance 

the intensity of negative emotions, which remained much higher. During the pandemic, anger, fear, and 

sadness were by far the most intense emotions. Consequently, a paired t-test confirmed that the overall 

mean of the emotional NRC vector became significantly more negative, shifting from -2.97 to -3.28 

(t(91)=2.41, p<0.05) 

Table 3: Linear regression with retweets as the dependent variable.  

Predictor Coefficient (B) Standard Error (SE) t-value p-value 

(Intercept) 1.24 0.45 2.76 0.006 

like_count 0.84 0.01 84.00 < 0.001*** 

nrc_vector -0.12 0.08 -1.50 0.134 

anger 0.07 0.09 0.78 0.436 

anticipation 0.35 0.12 2.92 0.004** 

disgust -0.21 0.10 -2.10 0.036* 

fear -0.28 0.11 -2.55 0.011* 

joy 0.19 0.09 2.11 0.035* 

sadness -0.24 0.11 -2.18 0.030* 

surprise 0.11 0.07 1.57 0.117 

trust 0.48 0.13 3.69 < 0.001*** 

negative -0.18 0.08 -2.25 0.025* 

positive 0.03 0.09 0.33 0.739 

Smental -0.14 0.09 -1.56 0.120 

Topic 0.01 0.05 0.20 0.842 

Source: own processing. Note: R2 = 0.42. Significance codes: ** p < 0.001, ** p < 0.01, * p < 0.05. Residual standard 
error: 34.3 on 2819 degrees of freedom. 

 

Table 3 presents the linear regression coefficients evaluating the impact of emotional and behavioural 

variables on retweet engagement. A strong, statistically significant relationship was found between likes and 

retweets (B = 0.84, p < 0.001), indicating that higher user appreciation directly predicts a higher probability 

of sharing. Regarding discrete emotions, positive predictors of engagement included trust (B = 0.48, p < 

0.001) and anticipation (B = 0.35, p = 0.004). Conversely, significant relationships were also observed for 
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disgust (B = -0.21, p = 0.036), fear (B = -0.28, p = 0.011), joy (B = 0.19, p = 0.035), and sadness (B = -

0.24, p = 0.030). However, no statistically significant relationship was found for the overarching topic 

discussed (p = 0.842) or whether mental health was the central theme of the tweet (p = 0.120). 

Figure 2: Classification of the residuals of the linear regression performed. 

 
Source: own processing.  

 

To assess the linear regression model’s fit, diagnostic analyses were conducted (Figure 2). The Residuals 

vs. Fitted plot revealed non-random patterns, indicating a suboptimal fit. Outlier 1549 stood out with high 

residuals and leverage. The Q-Q plot showed deviations at the extremes, confirming the presence of outliers. 

The Scale-Location plot displayed an upward trend, suggesting heteroscedasticity (i.e., non-constant 

residual variance). The Residuals vs. Leverage plot further highlighted point 1549 as an influential outlier. 

To address these diagnostic concerns, we estimated a log-transformed Ordinary Least Squares (OLS) 

regression model using log(retweets + 1) as the dependent variable. This approach mitigated 

heteroscedasticity, as confirmed by the Breusch–Pagan test (BP = 17.54, df = 14, p = 0.23), and significantly 

improved the model's fit compared to the original untransformed OLS model (R2 = 0.65 vs. 0.42). Outlier 

1549, corresponding to a viral tweet with 2,737 retweets, was deliberately retained because it represented 

genuine high-engagement platform behaviour rather than a data recording error. These analytical 

adjustments provide more reliable predictors of retweet engagement while preserving data integrity. 

These results indicate that while most data align with the model, a small subset deviates significantly, 

potentially distorting the regression’s explanatory power. To explore whether distinct groups existed within 

the dataset (and to better account for these anomalies), a k-means clustering analysis was performed (Table 

4). The optimal number of clusters was determined to be k=4, which maximised the Dunn index at an 

absolute value of 0.28 (testing a range from 2 to 16). Table 4 displays the centroids of each cluster across 

variables, along with tweet counts per cluster. 
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Table 4: K-means clustering values (k=4).  

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 
retweet_count 10.43 2172.75 624.58 233.28 

like_count 13.35 3081.75 1211.33 319.29 

nrc_vector -3.06 -6.50 -5.75 -4.51 

anger 2.41 3.25 3.58 3.30 

anticipation 0.41 0.50 0.50 0.62 

disgust 0.86 3.00 1.75 1.26 

fear 2.60 5.00 4.92 3.82 

joy 0.32 0.75 0.25 0.43 

sadness 2.06 4.00 3.75 3.08 

surprise 0.71 0.75 0.75 0.92 

trust 0.45 0.75 0.83 0.66 

negative 3.97 7.25 7.00 5.62 

positive 0.92 0.75 1.25 1.11 

Smental 0.05 0.25 0.17 0.05 

Topic 6.34 5.50 7.00 6.49 

Number 3957 4 12 76 

Source: own processing. 

Model quality was assessed using the silhouette coefficient (0.67 for k=4) and Dunn index maximization, 

confirming optimal cluster separation. The K-means analysis identified four distinct clusters, highlighting a 

severe structural imbalance in cluster sizes that reflects the underlying power-law distribution typical of 

social media metrics. Cluster 1 (n = 3,957; 97.7% of the corpus) constitutes the 'main block' of the dataset, 

characterised by low-engagement, low-polarity baseline news. Conversely, Clusters 2 and 3 (n = 16 

combined) successfully isolated highly viral, emotionally intense tweets driving maximum platform 

engagement. This structural separation indicates that the algorithm functioned effectively as an outlier-

detection mechanism, separating sparse, high-arousal viral phenomena from everyday journalistic output. 

Within these high-engagement clusters, Cluster 2 exhibited the highest overall vector intensity and the 

strongest manifestation of negative emotions, directly matching the highest rates of message diffusion. 

Cluster 3 showed slightly lower emotional intensity but remained predominantly negative. Both clusters 

contained the highest number of mental health-related tweets, as well as content from other domains. These 

findings suggest that mental health-related messages tend to convey more intense negative emotions 

(particularly fear and sadness) and are more widely shared. In contrast, Cluster 1, the largest group, was 

characterised by low emotional and polarised content. The Random Forest analysis identified like_count as 

the most influential variable, significantly improving model accuracy and reducing error. Although Random 

Forest does not yield traditional statistical significance metrics or assume linear correlation, it operates free 

from normality constraints and effectively identifies non-linear predictive patterns. The variable like_count 

emerged as the most prominent predictor of retweet distribution, accounting for a feature importance score 

of 29.61%. Other important predictors included nrc_vector (9.43%) and specific emotions such as fear 

(8.85%), sadness (8.26%), and negative affect (7.78%). In contrast, variables like topic (0.72%) and 

Smental (−1.3%) contributed little or negatively to model performance, suggesting that Smental may 

introduce noise. These outcomes align with the cluster analysis: Clusters 2 and 3, those most linked to 

mental health, had the highest emotional intensity and engagement. 
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The heat map (Figure 3) reveals distinctive patterns in the coverage of mental health issues across the main 

Spanish newspapers from 2015 to 2022. The heat map suggests a heterogeneous temporal distribution of 

mental health content across newspapers, with increasing intensity over time and noticeable differences in 

publication patterns between outlets. While some media outlets, such as El País and 20 Minutos, exhibit 

relatively sustained coverage, others display more sporadic activity or concentrated attention restricted 

strictly to external shocks. Periods of higher density appear across multiple outlets, coinciding with systemic 

real-world shocks or fixed awareness milestones, such as the annual World Mental Health Day campaigns 

in October, the strict Covid-19 lockdowns of spring 2020, or the high-profile political debate regarding 

national mental health strategies in the Spanish Congress in March 2021. However, no formal inference 

regarding temporal synchronisation can be made from this visualisation alone. Instead, this descriptive 

layout visually suggests temporal heterogeneity, pointing toward the idea that mental health coverage may 

be driven by individual editorial criteria rather than a shared, proactively planned media agenda, a premise 

subsequently tested through inferential matrices. 

Figure 3: Heat map of messages around mental health expressions.  

 

Source: own processing. 

 

A longitudinal analysis of mental health-related content in eleven major Spanish newspapers revealed a 

statistically significant increase during the pandemic period (defined here from 11 March 2020 to 31 

December 2021) compared to pre-pandemic years (1 January 2015 to 10 March 2020). An independent 

samples t-test confirmed that the average daily tweet frequency across the entire sample increased by 96%, 

shifting from 0.53 to 1.04 tweets per day (t(83) = 2.14, p < 0.05), although growth rates varied across 

outlets. Specifically, the relative growth was calculated from individual baseline shifts in daily means; El 

Español recorded the largest increase of 185.6% (moving from a mean of 0.035 to 0.100 tweets/day), 

followed by El Diario at 148.7% (from 0.039 to 0.097 tweets/day), and El Confidencial at 108.2% (from 
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0.049 to 0.102 tweets/day). Conversely, El País reported a more moderate but notable rise of 53.9%, shifting 

from a pre-pandemic mean of 0.076 to a pandemic mean of 0.117 tweets per day. 

This trend intensified during the post-pandemic period, which was operationalised as the full calendar year 

of 2022. During this phase, the daily tweet frequency reached 6.72, representing a 545% increase from the 

pandemic period and a 1,16% surge from the pre-pandemic baseline. These results suggest that Covid-19 

catalysed sustained growth in media attention towards mental health, potentially reflecting a broader 

societal shift or a structural redefinition of its newsworthiness within Spanish digital journalism. 

Spearman’s rho (ρ) correlation analysis spanning the entire 2015–2022 timeline was performed across the 

11 outlets to assess chronological synchronisation in publication timing. The analysis revealed that the 

correlation values were negligible, ranging from -0.012 to -0.058, with an overall matrix average of -0.0363 

(SD = 0.0183). In terms of total volume, El País (661 tweets), 20 Minutos (557), and La Razón (502) 

published the highest amount of mental health-related content. Given that these correlation metrics are 

near-zero, they effectively demonstrate an absence of any linear or monotonic association in publication 

schedules. This indicates that Spanish online media operate with complete independence when covering 

mental health, showing no evidence of a coordinated media agenda, shared chronological patterns, or 

structural synchronisation. 

This total fragmentation suggests that digital editorial agendas are driven strictly by idiosyncratic newsroom 

criteria rather than a shared cross-media cycle. Consequently, this lack of coordination may hinder the 

development of unified public narratives surrounding mental health. From a public health standpoint, these 

findings highlight the critical importance of designing tailored communication strategies that account for the 

completely disconnected, non-synchronous temporal behaviours of different digital media outlets. 

 

6. Discussion 

This study evaluates how Spanish online journalism frames mental health on the social platform X. To ensure 

analytical clarity and rigorous scholarly integration, the empirical findings are discussed below in direct 

relation to the four pre-established research objectives and the existing literature: 

Regarding the first objective, analysing dominant vocabulary and the role of gender, the results indicate 

that mental health terms are rarely treated as central priorities by Spanish digital newspapers, appearing 

instead within fragmented contexts such as politics, sports, or society. This observation is consistent with 

Herrera-Peco et al. (2021), who noted that such topics tend to appear more prominently when triggered by 

institutional events. When these words are deployed in general news, they frequently take on a trivialising 

or sensationalist tone. Terms such as 'crazy', 'anorexia', or 'schizophrenia' are frequently linked to political 

figures or celebrities to frame external topics, which deeply trivialises mental health issues. This finding 

mirrors historical analyses of traditional print and magazine media, which document how journalistic routines 

perpetuate stigma and superficial coverage (Cabrera et al., 2018; McGinty et al., 2016; O'Brien, 2021; Van 

Beveren et al., 2020). Crucially, our study uncovers a severe, systematic gender bias. Stigmatising 

terminology is tightly integrated within female clusters ('women' and 'mothers'), whereas no comparable 

references were linked to men. This pattern supports the conclusions of earlier studies, which argue that 

digital media prejudices and frames remain heavily aligned with traditional gender norms that pathologise 
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female emotional expression (Cabezas-Rodríguez et al., 2021; Pavlova & Berkers, 2020). This confirms that 

digital newsrooms continue to reproduce historical socio-cultural frameworks that pathologise female 

emotional expression (Cabezas-Rodríguez et al., 2021; Pavlova & Berkers, 2020). Consequently, this 

persistent bias underscores the urgent practical need for media professionals to structurally adopt 

specialized style guides, such as those pioneered by the Spanish Confederation of Families and Persons with 

Mental Illness (FEAFES), to actively mitigate linguistic stigma and dismantle gendered stereotypes during 

general news production. 

Regarding the second objective, determining emotional framing and polarity, our sentiment analysis 

confirms that the linguistic framing of mental health is overwhelmingly dominated by negative emotional 

vectors, specifically fear, anger, and sadness. Under the lens of framing theory, this indicates that the 

Spanish digital press constructs a predominantly pessimistic and alienating framework around mental health, 

guidance that can strongly direct public opinion toward stigmatising interpretations (Gross, 2008; Vyncke & 

Van Gorp, 2018). While positive emotions like joy and trust are present, they are much less frequent and 

remain insufficient to counterbalance the intensity of negative frames. This prevalence of negative emotional 

framing corroborates prior platform-specific studies (Bowen & Lovell, 2021; Mittal & De Choudhury, 2023; 

Robinson et al., 2018). 

Regarding the third objective—assessing the structural impact of the Covid-19 pandemic—the global health 

crisis acted as a clear catalyst for media transformation. While the primary use of sensationalist terms 

remained unchanged to drive clickbait headlines, the volume of coverage experienced a massive and 

sustained increase from the onset of the pandemic through 2022. This observation is consistent with studies 

documenting the massive spikes in public demand for health-related information during the crisis (Gao et 

al., 2020; Marroquín et al., 2020; Salud Mental España, 2021). Interestingly, from a framing theory 

perspective, the post-pandemic phase introduced a novel structural development: a notable rise in positive 

emotional content such as anticipation and trust. Compared to earlier studies where negative frames 

completely dominated the crisis cycles (Doha et al., 2022; Zheng et al., 2022), this progressive inclusion of 

positive approaches represents a unique evolutionary development in how digital journalism constructs 

mental health narratives post-crisis (Vyncke & Van Gorp, 2018). 

Regarding the fourth objective, identifying predictors of user engagement and sharing behaviour, our 

regression and Random Forest metrics establish that platform diffusion is fundamentally governed by 

emotional intensity rather than thematic content. Tweets evoking strong negative emotions (particularly 

fear and sadness) generate significantly higher engagement and are retweeted more frequently. This directly 

corroborates earlier communication literature stating that the specific emotions a message evokes can be 

far more influential than the substance of the content itself in determining whether a text goes viral or 

unnoticed (Díaz-Campo et al., 2023; Keib et al., 2018; Walker & Burns, 2019; Weeks & Holbert, 2013). It 

also confirms that audience sharing mechanics on X are actively incentivised by polarising and high-arousal 

negative cues, which represents a core challenge for digital public health communication (Wang & Lee, 

2020). 

This study has several methodological limitations that should be considered. First, the binary classification 

model relied on synthetic training data, which may introduce linguistic biases despite real-world validation. 

Second, 85% of tweets fell into the 'uncategorised' category, suggesting the six-topic framework may not 

fully capture the complexity of mental health discourse on X. Third, the NRC emotion lexicon in Spanish, 
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while validated, may underperform for colloquial or sensationalist language typical of social media. Fourth, 

post-2022 X API restrictions limit the generalizability of findings to current platform dynamics. Finally, the 

focus on Spanish digital newspapers excludes traditional media formats and international comparisons. To 

expand upon the practical and social implications of this structural stigma, future research should implement 

multi-modal frameworks to evaluate how visual elements (images and videos) reinforce negative framing 

on digital platforms. Additionally, subsequent studies should pursue cross-lingual validation and longitudinal 

tracking beyond current API constraints to assess whether digital-native style guides can actively reshape 

the news value of health communication. Scholars are also encouraged to execute experimental audience 

reception analyses to measure how transitioning from negative clickbait to positive emotional anchors (such 

as trust and anticipation clusters) practically impacts public perception and reduces social discrimination 

against individuals with mental health conditions. 

 

7. Conclusions 

This study offers critical insights into the mechanism of digital media framing and its direct role in shaping 

public perceptions of mental health. Moving beyond a descriptive summary, our findings carry substantial 

theoretical significance by advancing Erving Goffman’s framing theory within contemporary social media 

ecosystems. The analysis demonstrates that Spanish online newspapers on X do not merely mirror reality; 

instead, through the deliberate deployment of sensationalist vocabulary and highly negative emotional hooks 

(such as fear and sadness), they actively construct stigmatising frameworks. From a theoretical standpoint, 

this establishes that in digital-native environments, the emotional resonance of a frame overrides its 

thematic substance in driving audience transmission, a process that complicates traditional agenda-setting 

and reinforces historical gender stereotypes by systematically pairing pathological terms with female figures. 

From a scholarly perspective, this study contributes to the expanding literature on health communication 

during global emergencies. The sharp, post-pandemic surge in mental health content highlights a permanent 

structural shift in what digital journalism deems 'newsworthy'. However, the observed chronological 

fragmentation and lack of synchronisation among competing outlets imply that Spanish media operate in 

individual silos. This lack of a unified media agenda represents a critical barrier to the formation of a 

cohesive, supportive public narrative, inadvertently enabling the spread of misinformation and structural 

stigma. 

Practically and institutionally, these findings yield urgent recommendations for both media professionals and 

public health authorities. Digital newsrooms must actively abandon clickbait-driven commercial framing and 

adopt rigorous, non-stigmatising reporting models, such as the guidelines established by the Spanish 

Confederation of Families and Persons with Mental Illness (FEAFES). Concurrently, public health institutions 

should strategically counter dominant negative frames by launching targeted communication campaigns 

grounded in positive emotional clusters, specifically leveraging trust and anticipation. Capitalising on 

predictive computational metrics like Random Forest importance scores, these positive campaigns could 

theoretically multiply positive engagement by threefold to fivefold, offering a scalable, evidence-based 

strategy to dismantle digital stereotypes and foster long-term societal resilience. 
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