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ABSTRACT

In the context of the digital attention economy, the following analysis
presents SlimScore, a method for assessing the resonance of content in
social networks, focusing on direct interactions. To test the effectiveness of
the tool, a study is carried out focusing on the social network X, based on
a sample of 345,000 messages from more than 17,000 nodes (profiles).
Through a comparative analysis with the Ayzenberg Social Index metric,
it is shown how this approach provides more accurate results in measuring
the virality of messages in social networks.
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1. Introduction

n the rapidly evolving landscape of the digital care economy, social networking sites (SNS) have

emerged as critical platforms for shaping public discourse, cultural trends and individual behaviour.

. Analysis of these platforms offers invaluable insights into the dynamics of information
dissemination, engagement and influence. However, the complexity and breadth of social media data
requires sophisticated approaches to accurately assess the impact of visual content and other forms of
communication. This analysis introduces a novel method that focuses on direct interactions (sharing,
mentioning and liking) to assess resonance, providing a deeper understanding of the influence of
content in the digital environment.

In this context, it is crucial to distinguish between resonance, salience and influence. Resonance
refers to the depth of engagement and emotional connection that content creates with its audience, often
generating meaningful interactions. While salience is related to visibility, it does not necessarily mean
positive engagement, often resulting from controversy or sensationalism. Influence encompasses the
ability to influence perceptions, behaviours or decisions based on both the quality and quantity of
engagement (Kaplan and Haenlein, 2010; Cha et al., 2010). The combination of these concepts can lead
to misunderstandings about the true impact of social media content, highlighting the need for clear
distinctions and robust analytical frameworks.

Furthermore, the rise of artificial intelligence and automated systems to generate hoaxes on social
networks poses additional challenges and complicates the task of distinguishing genuine engagement
from manipulated metrics (Ferrara et al,, 2016). The proliferation of bots and fake accounts can inflate
engagement statistics, misleading content creators and analysts about the true resonance of their
content. There is therefore an urgent need for standardised methods that can distinguish authentic
interactions from artificially generated rumours, ensuring the integrity and usefulness of social media
analytics.

As digital platforms evolve, they play a critical role in shaping public discourse, cultural norms and
political landscapes. This importance is underscored by the sheer volume of data generated by users
around the world, providing a rich tapestry of human interaction and information exchange. In addition,
there is a growing need for standards to distinguish between organically generated rumours and
artificially amplified content in order to maintain the integrity and authenticity of online discourse.

With the rise of sophisticated algorithms and artificial intelligence in the selection and promotion of
content on social media, there is growing concern about artificial rumours and echo chambers, where
users are increasingly exposed to homogenised content (Pariser, 2011; Sunstein, 2017). This trend not
only distorts perceptions of public opinion, but also undermines the democratic potential of social
networks by limiting exposure to diverse viewpoints. There is therefore an urgent need for standards
and mechanisms that can distinguish between content that truly resonates with human users and
content that is artificially amplified for ulterior motives, such as political manipulation or commercial
gain (Lazer et al., 2018).

1.1. Resonance, Notoriety and Influence

Critical examinations of social media highlight its role as a double-edged sword, facilitating democratic
participation and community building, but also enabling the spread of misinformation and the
manipulation of public opinion (Tufekci, 2017; Woolley & Howard, 2018). This duality highlights the
importance of analysing the mechanisms of resonance, notoriety and influence within these platforms.

Distinguishing between resonance, notoriety and influence in the context of social networks is
essential to understanding the nuanced dynamics of digital communication and social behaviour.
Resonance refers to the degree to which a message or idea resonates within a community, amplified by
the structural characteristics of the network and the relevance or emotional impact of the content
(McQuail, 2010). It signifies the depth of engagement and the degree of amplification of the message,
without necessarily implying a positive or negative evaluation.

Notoriety is a form of recognition or fame that often carries negative connotations and highlights the
visibility that results from controversial, unusual or socially deviant actions or characteristics (Flynn et
al.2017). While celebrity can increase the prominence of an individual or idea, it does not inherently
imply persuasiveness or the ability to directly change the behaviour or beliefs of others.
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Influence involves the ability to affect the opinions, behaviours or decisions of others by using
mechanisms of persuasion, social proof and authority (Hennig-Thurau et al.,, 2010). Influence in social
networks can be exerted through both resonance and salience, but specifically denotes an effect on
change, be it attitude, perception or action.

The interplay between these concepts is complex. Resonance can generate influence when content
that deeply engages a community also persuades members to adopt new beliefs or behaviours.
Awareness can generate attention and facilitate influence, but it may not generate the positive
engagement or agreement that resonance implies. The key difference lies in the quality of engagement
and the outcome of the engagement process. While resonance and salience contribute to visibility and
engagement, influence is the fundamental ability to drive change within that visibility.

1.2. The Concept of Resonance in Literature

In the digital age, social networks have become critical spaces for disseminating ideas, shaping public
opinion and facilitating widespread influence. The concept of social media resonance refers to the
degree to which content, ideas or messages resonate and amplify within these digital communities,
profoundly affecting the dynamics of persuasion and influence. This phenomenon takes advantage of
the networked nature of social media, where information can spread virally and reach far beyond its
original audience.

Resonance in social networks is deeply intertwined with theories of persuasion and influence,
building on foundational concepts such as the Elaboration Likelihood Model (ELM) (Petty and Cacioppo,
1986) and Social Influence Theory (Cialdini, 2001). The ELM suggests that messages can persuade
individuals via a central or peripheral route, depending on the audience's motivation and ability to
process information (Petty and Cacioppo, 1986). In the context of social networks, resonance can
enhance the peripheral route of persuasion by using social cues and the apparent popularity of ideas to
influence attitudes and behaviour.

In addition, the principles of social influence theory, which include conformity, compliance and
obedience (Cialdini, 2001), are manifested in the way messages resonate and spread through social
networks. The visibility of others' endorsements, likes and shares serves as social proof, a powerful
influence mechanism that guides individuals' perceptions and actions in line with perceived social
norms.

The concept of resonance is also related to the theory of diffusion of innovations (Rogers, 2003),
which examines how new ideas, practices or products spread within a community or society. In social
networks, resonance can accelerate the diffusion process because highly resonant messages can quickly
reach a "tipping point" (Gladwell, 2000) where their adoption spreads rapidly throughout the network.

In analysing the resonance of messages in social networks, researchers also consider the role of
network structure, including the strength of weak ties (Granovetter, 1973) and the importance of
influencers within network groups (Katz and Lazarsfeld, 1955). These structural elements of social
networks have a significant impact on the flow of information and the potential for messages to resonate
and influence at scale.

Resonance within social networks is a multifaceted phenomenon that is critical to understanding the
dynamics of information dissemination, engagement and influence in the digital age. Unlike mere
exposure or visibility, resonance implies a deeper level of interaction between content and its audience,
characterised by emotional engagement, shared values and the reinforcement of community identities.
This engagement is not merely passive; it actively shapes audiences' perceptions, beliefs and ultimately
actions by aligning content with their personal and collective narratives.

At its core, resonance is about connection. It occurs when content resonates with people, echoing
their experiences, aspirations or fears, thereby fostering a sense of community and shared
understanding. For example, Slater (2007) analyses narrative persuasion and suggests that stories that
are closely aligned with an individual's narrative identity are more likely to resonate and have a greater
persuasive effect. This alignment between the narrative structure of the content and the self-concept or
worldview of the audience is a critical aspect of resonance in digital communities.

Digital platforms amplify resonance through algorithms that select content based on users'
preferences, behaviours and social connections (Pariser, 2011). This algorithmic curation can create
echo chambers where resonant content is more likely to circulate within ideologically homogeneous
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networks, reinforcing the sense of resonance among like-minded people (Sunstein, 2017). The role of
algorithms in shaping resonance highlights the interplay between technology and social dynamics,
where digital architectures facilitate the amplification of resonant messages.

Furthermore, the concept of resonance extends beyond individual psychological processes to
collective behaviours. The viral spread of memes, hashtags and movements on social media illustrates
how resonance can mobilise communities around common causes or cultural moments (Milner, 2013).
These instances of collective resonance demonstrate the power of social media not only to reflect, but
also to shape social norms and public discourses.

Measuring resonance on social networks often relies on quantitative metrics such as 'likes’, 'shares’
and comments, which can provide information about the depth of engagement and dissemination of
content. However, these metrics only scratch the surface of the emotional and cognitive processes that
underlie resonance. Qualitative analyses, including sentiment analysis and thematic analysis of user
interactions, provide a richer understanding of how and why particular content resonates within
communities (Jenkins et al., 2013).

In addressing the challenges of resonance, researchers have raised concerns about the potential for
misinformation, polarisation and the reinforcement of harmful stereotypes through resonant content
(Allcott & Gentzkow, 2017). These challenges highlight the need for a nuanced understanding of
resonance that considers both its positive and negative impacts on society.

1.3. Social Index and its Limits on Resonance Measurement

The Ayzenberg Earned Media Value (EMV) Index, often referred to as the Social Index, has become a
fundamental standard within the public relations industry for evaluating earned media (Dwyer, 2007).
This tool provides companies with a quantitative framework for evaluating the performance of their
earned media efforts by providing a structured method for assigning monetary values to various social
media interactions, including likes, shares and comments. The valuation derived from these interactions
facilitates a comprehensive understanding of the return on investment (ROI) of social media campaigns
(Chung & Koo, 2015) and enables the identification of trends on key platforms such as X, Snapchat,
Instagram, Facebook and YouTube.

Beyond its core functions, the Social Index serves as a critical dataset for decision making, enabling
the comparison of EMV data across time periods and the identification of underlying trends in digital
marketing strategies. This capability underlines the Index's role in demonstrating the tangible impact
of social media initiatives on brand awareness and engagement.

While the Social Index is a valuable tool for measuring media performance, it is recommended that it
be used in conjunction with other EMV analytics tools to gain a holistic view of a campaign's
effectiveness. The core metrics of influencer marketing (Manthiou et al, 2016), including reach,
impressions, engagement rate, conversion and sales, and sentiment analysis, complement the insights
provided by the Social Index and provide a multifaceted perspective on digital marketing effectiveness.

The application of EMV methodologies, such as the Ayzenberg Social Index, is critical in assessing the
importance of content in relation to brand marketing efforts (Ahuja, 2012). By using a formula that
measures the impact of digital marketing strategies against other outreach efforts, the EMV method
provides a valuable benchmark for evaluating the effectiveness of organisational marketing efforts in
the digital realm, particularly in sectors such as Spanish tourism marketing, which is increasingly using
influencers to improve brand engagement.

In critically evaluating the Ayzenberg Earned Media Value Inde, it is important to recognise its
inherent limitations, in particular its reliance on the number of followers to estimate impressions and
engagement. This approach may not accurately represent the depth and quality of engagement, as a
larger number of followers does not necessarily equate to more meaningful interactions (Kaplan and
Haenlein, 2010). Furthermore, the index's primary focus on monetising social interactions may not fully
align with the broader goals of digital marketing strategies, which often aim to cultivate long-term brand
loyalty, improve customer satisfaction and encourage active community participation - outcomes that
go beyond simple monetisation (Hoffman and Fodor, 2010).

While the Ayzenberg EMV index provides valuable insights into the economic impact of social media
campaigns, its emphasis on quantitative metrics such as follower counts and its goal of translating
engagement into dollar values can obscure the qualitative benefits of such strategies (Lovett & Staelin,
2016). This highlights the need to integrate quantitative and qualitative evaluations to gain a
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comprehensive understanding of a campaign's success and its impact on brand and consumer
relationships (Culnan et al., 2010).

2. Hypothesis

In the digital landscape where social media platforms dominate the public sphere, understanding the
true impact of content has become both a challenge and a necessity. Traditional metrics for measuring
the success and reach of social media content often rely on follower counts and engagement metrics that
can be manipulated or do not accurately reflect the depth of audience connection. This discrepancy
highlights a gap in our ability to authentically assess content resonance, leading to the need for a refined
analytical lens. The following hypotheses are proposed to explore alternative metrics that prioritise
direct interactions over follower counts and economic incentives, with the aim of providing a clearer
picture of true resonance and influence on social networks. This approach challenges the status quo and
seeks to uncover a more organic understanding of content impact, free from the distortions of economic
bias and the superficiality of follower metrics that can be artificially manipulated.

H1: Traditional social network rankings, such as the Ayzenberg Social Index, are predominantly
based on follower counts and are directly influenced by the number of followers, which may not
accurately reflect the actual resonance and influence of the content.

H2: Measurement approaches that only consider direct interactions (shares, likes and mentions)
will provide more accurate and realistic results for assessing the resonance of social media
content, avoiding the bias introduced by follower counts.

H3: Current ranking mechanisms are overly influenced by engagement metrics, which can be
artificially inflated by monetary investment, distorting the perception of content's organic
resonance. A novel approach that prioritises direct interactions over engagement metrics
influenced by economic factors will provide a more authentic measure of content impact and
cultural resonance.

These assumptions form the basis for a thorough examination of existing metrics against a proposed
methodology that focuses on direct interactions as the primary indicator of content resonance. The
distinction between follower-based metrics and direct interaction metrics highlights the potential
mismatch between perceived resonance (often influenced by economic factors) and organic resonance.
By highlighting the importance of direct interactions, this study aims to propose a more reliable and
authentic framework for understanding the dynamics of social media content and its impact on
audiences, beyond the limitations of follower counts.

3. Methodology

This study uses a quantitative, big data-based approach to analyse the resonance of social network
content within a dataset of 345,000 posts from 17,074 nodes (unique authors) on social network X,
collected during May 2023. The analysis contrasts Ayzenberg's EMV index with our newly formulated
SlimScore Composite Resonance Index, providing a multi-faceted understanding of the dynamics of
social media engagement.

3.1. Analytical Framework
3.1.1. Analysis of the Ayzenberg EMV Social Index

The Ayzenberg EMV Social Index quantifies the monetary value of user interactions, including likes,
shares, and comments. While this index primarily measures the value of engagement (placing an
economic value on interactions), it is recognised that an account's number of followers can indirectly
influence EMV. Accounts with a higher number of followers potentially have a greater reach, which could
increase the visibility and impact of interactions, thus affecting earned media value. While focusing on
the value of engagement, Ayzenberg's model recognises the broader context of reach and efficiency of
engagement as contributing to the overall valuation of social networking activity.
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3.1.2. SlimScore Analysis

In contrast, the SlimScore emphasises the importance of direct social interactions (shares, likes and
mentions) as indicators of content resonance, without direct monetary valuation.

The development of this methodology is based on previous studies on social media influence
(Lamiran, 2022), which have shown their effectiveness in detecting viral content and identifying the
most influential profiles.

This methodology establishes a quantitative framework for assessing the salience of X accounts
during election campaigns, using a composite metric that weights different types of social interactions:
retweets, mentions and likes. The weights assigned reflect the hypothesis that retweets imply a higher
degree of influence than mentions and mentions imply a higher degree of influence than likes.

Social media resonance is an important indicator of public participation and engagement, especially
during major events such as election campaigns. Traditionally, influence is measured by the number of
followers or the frequency of posts. However, these metrics do not fully capture meaningful interaction.
Therefore, a Z-score based methodology is proposed to normalise and weight social influence
indicators: retweets, mentions and likes.

The indicator was developed along the following lines:

a) Data collection: Data is collected from Twitter accounts using relevant keywords. The number
of retweets, mentions and likes for each account over a given period is then extracted.

b) Normalisation of the indicators: The values of each indicator are normalised using the Z-score
to standardise the data. The Z-score is calculated as Z= (X- p) /o, where X is the indicator value,
u is the mean of the indicator values and o is the standard deviation of the indicator values.

c) Weighting of the indicators: Weights are assigned to each normalised indicator based on its
perceived impact on social influence: retweets (3), mentions (2) and likes (1).

d) Calculation of the composite resonance index: A composite index is calculated by adding the
weighted Z-scores of the three indicators for each user: SlimScore=3 Zretweets+2
Zmentions+1 Zlikes.

e) Statistical analysis: Composite indices are analysed to identify trends and patterns of influence.
Finally, statistical methods are used to assess the significance of differences between social
network X accounts.

3.1.3. Comparative Analysis

The study compares the results of the Ayzenberg EMV Social Index and the SlimScore Index, highlighting
the different perspectives on the impact of social media content. This comparison sheds light on the
nuances between evaluating engagement and direct interaction metrics, providing insight into the
different facets of social media resonance.

In this study, we use Pearson's correlation coefficient, a statistical measure that assesses the linear
relationship between two continuous variables. Pearson's correlation coefficient (denoted as r) ranges
from -1 to +1, where +1 indicates a perfect positive linear relationship, -1 indicates a perfect negative
linear relationship and 0 indicates no linear relationship. This coefficient thus quantifies the degree to
which two variables are linearly related.

3.2. Data Collection

The dataset was systematically extracted using the API of social network X, ensuring a broad
representation of user interactions during the specified period.

3.2.1. Data Structure

Data was collected from the X API, focusing on specific key performance indicators (KPIs) relevant to
social media engagement: retweets, likes, mentions, impressions and followers. These metrics were
chosen for their importance in measuring user engagement and reach on the platform. In addition, we
calculated the SlimScore index and the Ayzenberg index for each user to capture the overall engagement
and influence of X's accounts.

244



3.2.2. Data Normalisation

Given the different scales of the KPIs, we normalised the data to ensure comparability between metrics.
Normalisation was performed using the Min-Max scaling technique, which rescales the data to a range
[0, 1]. This step ensures that each KPI contributes equally to the analysis, eliminating bias due to
differences in scale.

3.2.3. Correlation analysis

We calculated Pearson's correlation coefficient to examine the relationship between the SlimScore index
and each KPI (retweets, likes, mentions, impressions, followers), and between the Ayzenberg index and
the same set of KPIs. The aim of this analysis was to find out how these indices, which represent
aggregate measures of social network performance, relate to the individual engagement metrics
commonly used to measure user interaction and reach on X.

4. Results
The results of this analysis are described below.
4.1. Pearson's Correlation:

Analysis of the X data using Pearson's correlation coefficient provided insight into the relationship
between aggregate social network performance indices and specific engagement metrics. In particular,
the SlimScore index showed a strong positive correlation with key performance indicators such as
retweets, likes, mentions, impressions and followers, suggesting that accounts with higher indices are
associated with higher user engagement and broader reach on the platform. Similarly, while the
Ayzenberg Index also showed positive correlations with these KPIs, it showed a slightly lower degree of
correlation, indicating differences in how different indices capture aspects of social media influence.
These findings underscore the interconnectedness of social network performance measures and
highlight the potential of the SlimScore to reflect the multifaceted nature of user engagement on X.

Figure 1. Pearson's correlation coefficients
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The strong correlation between followers and SlimScore might suggest that, while followers are not
directly considered in the calculation of the index presented here, there are underlying factors that
influence both the Index and the number of followers. For example, content quality or engagement levels
(likes, retweets, mentions) could lead to a higher composite resonance index and an increase in
followers.
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It is possible that factors included in the SlimScore index, such as retweets, likes and mentions,
indirectly influence the number of followers. High engagement rates can increase a user's visibility on
the platform, leading to a higher number of followers. Therefore, the correlation with followers can be
an artefact of the relationship between engagement metrics and follower growth.

Comparison between the SlimScore and Ayzenberg indices in relation to the X KPIs reveals distinct
correlation patterns that provide insights into their respective measures of social media performance.
The strong correlations of the SlimScore index across all KPIs suggest that it is an integral reflection of
overall engagement and reach. In contrast, the Ayzenberg index, with its varying correlation strengths,
can offer a nuanced perspective, potentially emphasising the virality aspect of content (as indicated by
its higher correlation with Retweets).

4.2. Messages with Greater Resonance

Figure 2 shows the frequency of appearance of users in the SlimScore and Ayzenberg scores, providing
information on the prominence of users within each rank. Each bar represents the frequency of
occurrence of a particular User ID (UID), with different colours distinguishing between the SlimScore
and Ayzenberg scores.

Figure 2. Frequency of occurrence of users in the SlimScore and Ayzenberg rankings
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We observe that certain user IDs have a higher frequency of occurrence compared to others within
each rank. For example, in the composite rank, user IDs 0, 1 and 2 appear to be the most prominent, with
relatively higher frequencies of occurrence compared to the rest. Similarly, in the Ayzenberg rank, the
same user IDs maintain a notable presence, albeit with slightly lower frequencies.

Figure 3. Comparative table of frequency of users (UID), by KPI and by Index
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A comparison between the SlimScore and Ayzenberg rating matrices (Figure 3) suggests nuances in
the assessment of user salience. While both indices show similarities in the distribution of user
frequencies, the SlimScore ranking appears to offer a slightly broader spectrum of user interactions,
encompassing a wider range of user IDs with comparatively higher frequencies of appearance. On the
other hand, the Ayzenberg ranking shows a more concentrated distribution, with fewer user IDs
showing a higher frequency of occurrence.

5. Discussion

This quantitative research outlines a comparative overview between the SlimScore and Ayzenberg
ranking indices, providing a critical insight into the complexity of user engagement in digital
environments. The differences observed in the frequency distributions of users according to each index
postulate divergent methodological approaches to quantifying the resonance of messages on social
network X.

Based on a weighted average of shares, likes, and mentions, the SlimScore composite resonance index
represents a multidimensional indicator of social media engagement. The higher frequencies associated
with certain user IDs in the composite index imply a high level of visibility and potential influence,
making it possible to identify users whose messages are most successfully disseminated on the network.

In contrast, Ayzenberg's index, which may be calibrated to assess specific metrics or criteria
considered important contexts, shows a more delimited distribution of user frequencies. Although a
cohort of user IDs occupies a prominent position in Ayzenberg's ranking, the scope of participation
measures and their link to the monetary value of interactions may limit their ability to capture the
totality of user interactions. However, the concentrated approach of the Ayzenberg index could be
beneficial in contexts where niche metrics or different typologies of engagement are of primary
importance.

The juxtaposition of the SlimScore and Ayzenberg indices highlights a strategic dichotomy between
comprehensiveness and specificity in measuring user salience. The SlimScore index aligns with a broad
range of engagement measures, while the Ayzenberg index provides a focused assessment that adheres
to pre-defined engagement criteria. The choice between these dichotomous indices depends on the
research objectives, as each offers a different view of the mechanics of user engagement.

In conclusion, the use of SlimScore in comparative analysis with the Ayzenberg Social Index has
demonstrated its ability to provide more accurate results in measuring the virality of social media
messages. This accuracy is crucial for unravelling patterns of content distribution and resonance, which
in turn facilitates more informed and effective strategic planning by content creators, brands, and
political organisations. By more accurately reflecting the active engagement of audiences, SlimScore is
a useful tool for designing communication strategies that not only aim to extend reach, but also to
deepen impact and encourage organic rather than artificially automated engagement.

The SlimScore study therefore makes a significant contribution to the field of digital communications
and social network analysis. By offering a refined metric for assessing online resonance, it invites critical
reflection on current measurement practices and points the way towards more holistic analyses that
recognise the complexity of human interactions in the digital realm. Ultimately, the proposed index not
only enriches academic understanding of social influence in the digital age, but also provides
practitioners and strategists with more effective tools to navigate and shape the contemporary media
landscape.
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