www.ijhssm.org

o

International Journal of Humanities Social Science and Management (IJHSSM)
Volume 6, Issue 5, Sep. — Oct., 2026, pp: 133-139

ISSN: 3048-6874

Beyond Likes and Views: A Multidimensional and Cognitively
Grounded Measure of Social Media Engagement

"Herbert Jair Bermudez Sosa, 2Martha Lucia Gomez Parra
Universidad Nacional de Colombia, Bogotd, Colombia.
Corresponding Author: Herbert Jair Bermudez Sosa

Date of Submission: 11-09-2026

Date of Acceptance: 21-09-2026

ABSTRACT: his research paper proposes a
multidimensional measure of social media
engagement based on behavioral, cognitive, and
emotional information extracted from textual and
interaction data generated on X. There are many
possibilities for measuring engagement through
digital platforms. The study integrates observable
behavioral indicators with natural language
processing techniques to identify sentiment,
emotions, semantic structures, and thematic patterns
within social media content. For textual analysis,
Transformer-based models, including BETO and
RoBERTa, were employed together with Sentence-
BERT and topic modeling techniques, while a
cognitive appraisal framework supported by
Argument Mining and large language models was
incorporated to examine relevance, implications,
coping potential, and normative significance. The
empirical analysis was conducted on 103,921 posts
collected from followers of brands in the mass
media sector. The resulting indicators were
integrated into a multidimensional engagement
structure and examined through Partial Least
Squares Structural Equation Modeling. The results
show significant relationships between behavioral,
cognitive, and emotional dimensions and the
proposed Engagement Score, with coefficients of 3
= 0.28, p = 0.35, and B = 0.30, respectively, while
the model explains 72% of the variance in
engagement. The proposed approach seeks to move
beyond conventional metrics based primarily on
likes and views, incorporating textual and
cognitively grounded information to provide a
broader representation of engagement in social
media environments.

KEYWORDS: Social Media Engagement,
Engagement Measurement, Natural Language
Processing, Sentiment Analysis, Emotion Analysis,
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SEM.

I. INTRODUCTION

Social media platforms have progressively
transformed the way organizations and audiences
interact, generating large volumes of behavioral and
textual information that can be used to examine user
engagement. Conventional engagement measures,
however, have generally concentrated on observable
interactions such as views, likes, replies, retweets,
and quotes, providing useful indicators of user
activity but offering a limited representation of the
cognitive and emotional processes underlying such
interactions. Customer engagement has
consequently  been  conceptualized as a
multidimensional phenomenon, rather than as a
simple accumulation of behavioral responses, with
behavioral, cognitive, and emotional components
representing complementary manifestations of the
relationship between individuals and brands [1], [2].
Within social media environments, this distinction
becomes particularly relevant because users may
view, like, share, or respond to content for
substantially different cognitive and affective
reasons, while identical behavioral outcomes may
emerge from different psychological states.

The increasing availability of textual data
has created new opportunities for extending
engagement measurement beyond platform-
generated interaction counts. Research on social
media has demonstrated that the content, context,
and characteristics of users and creators can
influence engagement outcomes [3], while text
analytics has made it possible to examine topics,
opinions,  sentiment, and other linguistic
characteristics associated with digital interactions
[4]. Sentiment and emotion analysis have, in
particular, developed from conventional lexical and
statistical approaches toward machine learning, deep
learning, and contextual language models capable of
processing  large-scale  unstructured  textual
information [5]. As shown by Bermudez-Sosa et al.
[5], this methodological evolution has substantially
expanded the capacity to identify affective

DOI: 10.5281/zenodo.22871463

| Impact Factor value 7.52 | ISO 9001: 2008 Certified Journal

Page 133



www.ijhssm.org

¢

International Journal of Humanities Social Science and Management (IJHSSM)
Volume 6, Issue 5, Sep. — Oct., 2026, pp: 133-139

ISSN: 3048-6874

information embedded in natural language, although
sentiment and emotion represent analytically distinct
dimensions that should not be treated as
interchangeable constructs.

This distinction is consequential for the
measurement of social media engagement, because
behavioral traces indicate what users do, whereas
textual information can provide complementary
evidence concerning what users express and
potentially how they evaluate an interaction.
Previous research has demonstrated relationships
between sentiment, emotional content, information
diffusion, and social media behavior [6], while
automated text analysis has increasingly been
incorporated into consumer research to extract
theoretically relevant information from naturally
occurring language [7]. Nevertheless, the
predominant measurement logic of social media
engagement continues to rely heavily on observable
interaction indicators, creating a methodological gap
between the richness of textual information and its
incorporation into engagement metrics.
Consequently, the challenge is not simply to identify
sentiment or emotion in social media text, but to
determine how these signals can be integrated with
behavioral information within a  coherent
measurement architecture.

The present study addresses this gap by
proposing a multidimensional and cognitively
grounded measure of social media engagement,
integrating behavioral, cognitive, and emotional
information obtained from social media data. The
analytical ~ framework  combines  behavioral
indicators with natural language processing models
operating at different levels of representation,
including BETO and RoBERTa for textual affective

classification, Sentence-BERT and topic modeling
for semantic and thematic characterization, and a
cognitively grounded appraisal layer supported by
Argument Mining and large language models. The
latter extends textual analysis beyond categorical
sentiment or emotion identification by considering
appraisal-related dimensions such as relevance,
implications, coping potential, and normative
significance, following the cognitive appraisal
perspective of emotion [8]. In this sense, the
proposed approach does not replace conventional
engagement indicators; rather, it situates them
within a broader analytical structure in which
observable behavior and textual evidence are jointly
considered.

Accordingly, this study uses 103,921 posts collected
from X to examine whether behavioral, cognitive,
and emotional dimensions contribute significantly to
a unified Engagement Score, subsequently evaluated
through Partial Least Squares Structural Equation
Modeling. The specific objective is to develop and
empirically examine a measurement architecture
capable of incorporating heterogeneous digital
traces into a multidimensional representation of
engagement; the purpose is therefore to move from
the conventional interpretation of engagement as an
observable accumulation of platform interactions
toward a measurement perspective that recognizes
the behavioral manifestation, cognitive content, and
emotional character of wusers' responses. The
contribution lies in connecting advances in
computational text analysis with engagement
measurement, extending previous work on
sentiment and emotion analysis [5] toward an
empirically testable framework in which textual and
behavioral signals can jointly inform the assessment
of social media engagement.

II. METHOD

The study was conducted using a large-
scale corpus of textual and behavioral information
collected from X, comprising 103,921 publications
generated by followers of brands in the mass media
sector, with the analytical process designed to
examine social media engagement through the joint
consideration of observable interactions and
information embedded in naturally occurring
language. The dataset incorporated behavioral
indicators associated with platform activity,
including views, likes, replies, retweets, and quotes,
together with textual information subsequently
subjected to  computational analysis; this

configuration allowed the study to move beyond
engagement measures based exclusively on visible
interaction  counts, incorporating  additional
information associated with sentiment, emotion,
semantic content, thematic structure, and cognitive
appraisal.

The analytical procedure followed a
sequential and integrative NLP pipeline, in which
textual  information was transformed into
progressively richer representations before being
incorporated into the proposed engagement
measurement architecture. Initial textual processing
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was followed by the application of Transformer-
based models for affective characterization, with
BETO employed for the analysis of sentiment and
RoBERTa incorporated for emotion-related
classification; these models were selected within the
broader methodological evolution of textual
sentiment and emotion analysis, where contextual
language models have expanded the capacity to
process large-scale unstructured information and
identify affective patterns beyond conventional
lexical approaches [1]. The analysis additionally
incorporated Sentence-BERT representations and
Latent Dirichlet Allocation (LDA) to characterize
semantic similarity and thematic structure, thereby
preserving complementary information concerning
what users expressed, the affective orientation of
their messages, and the topics around which
interaction occurred.

A further analytical layer was incorporated
to address the cognitive dimension of textual
responses, based on the Component Process Model
(CPM) proposed by Scherer, in which emotional
processes are conceptualized through sequential
stimulus evaluation checks rather than as merely
discrete affective categories [2]. The
implementation operationalized four appraisal
dimensions, namely Relevance, Implications,
Coping Potential, and Normative Significance,
which were processed sequentially as cognitively
oriented analytical nodes; this architecture was
implemented through Argument Mining, a large-
language-model-based agent designed to structure
appraisal-oriented reasoning over textual comments.
Each node generated a structured textual output,
with subsequent nodes receiving the outputs
produced by preceding stages, thereby creating an
accumulative analytical sequence corresponding to
the conceptual ordering of the stimulus evaluation
checks. The Relevance node was additionally
configured to access external search tools for
contextual verification, whereas the subsequent
appraisal nodes operated on the accumulated

information generated within the analytical
sequence.

The cognitive appraisal outputs were
subsequently incorporated into the broader
measurement architecture rather than being treated
exclusively as independent textual classifications;
this procedure allowed sentiment, emotion, semantic
and thematic information to be considered alongside
observable behavioral activity. The resulting
indicators were organized into three analytically
distinct dimensions, behavioral, cognitive, and
emotional, reflecting the  multidimensional
conceptualization of engagement adopted in the
study; the behavioral dimension represented
observable platform activity, whereas the cognitive
and emotional dimensions incorporated information
derived from textual and appraisal-based analysis.
This integration was intended to preserve the
distinction between sentiment, understood primarily
in terms of evaluative orientation, and emotion,
understood through more specific affective states, a
distinction that is particularly relevant in
computational analyses of textual information [1].

Finally, the resulting indicators were
incorporated into the proposed Engagement Score
and evaluated through Partial Least Squares
Structural Equation Modeling (PLS-SEM), allowing
the relationships among the behavioral, cognitive,
and emotional dimensions and the resulting
engagement  construct to  be  examined
simultaneously. The structural assessment employed
bootstrapping to estimate the statistical significance
of the proposed relationships, while explanatory and
predictive relevance were examined through R?, {2
and Q? statistics; consequently, the methodological
procedure connected large-scale social media data,
contextual NLP, cognitively grounded appraisal, and
structural modeling within a single analytical
sequence, providing the empirical basis for
examining whether engagement can be represented
through a  multidimensional — measurement
architecture rather than through the isolated
aggregation of conventional platform interactions.

II1. RESULTS

The empirical analysis was conducted on a
corpus of 103,921 publications collected from X,
integrating behavioral indicators generated by the
platform with textual information processed
through the proposed natural language processing
architecture. The behavioral component
incorporated views, likes, replies, retweets, and
quotes, while the textual component provided
complementary information concerning sentiment,

emotion, thematic structure, and cognitive
appraisal; this configuration made it possible to
examine engagement as a construct emerging from
heterogeneous digital traces rather than from a
single observable interaction metric. The
distribution of sentiment categories revealed a
strongly asymmetric textual environment, with
97.28% of the publications classified as neutral,
followed by neutral-positive content (1.12%),
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positive content (0.60%), negative content (0.33%),
neutral-negative  content (0.33%), extremely
negative content (0.28%), and extremely positive
content (0.06%), indicating that the frequency of a
textual category alone does not necessarily
correspond to its behavioral relevance.

Table 1. Distribution of sentiment categories in the
social media corpus

Sentiment category Percentage
Extremely Negative 0.28%
Extremely Positive 0.06%

Negative 0.33%
Neutral 97.28%
Neutral Negative 0.33%
Neutral Positive 1.12%
Positive 0.60%

Source: Authors, based on the analyzed X corpus.

The behavioral results provide an
additional perspective on this asymmetry, since the
categories with lower textual frequency were not
necessarily associated with proportionally lower
interaction levels. Positive publications exhibited
the highest average number of views (9,087), likes
(99.0), replies (27.7), retweets (39.4), and quotes
(3.5), whereas extremely negative publications also
generated comparatively substantial behavioral
responses, averaging 4,533.1 views and 27.4 likes;
therefore, the results indicate that the volume of
interaction cannot be interpreted independently
from the textual characteristics of the content,
particularly when affective polarity and behavioral
response are considered simultaneously.

Table 2. Behavioral indicators according to
sentiment category

Sentiment Mean Views Mean
Quotes Mean Replies ~ Mean Retweets Mean
Likes

Extremely Negative 4,533.1 1.2
6.2 16.0 27.4
Extremely Positive 2,567.3 0.0

0.5 1.3 5.4

Negative 3,773.5 0.6 4.2
2.3 7.2

Neutral 4,191.9 0.8 4.7 11.0
25.4

Neutral Negative 3,338.2 0.3 3.7
10.0 20.1

Neutral Positive 2,560.2 0.2 1.6
9.1 17.5

Positive 9,087.0 3.5 27.7 39.4
99.0

Source: Authors.

The emotional analysis further
demonstrated that textual engagement cannot be
adequately represented through a simple positive-
negative continuum. The emotion classification
identified neutral content as the dominant category
(66.03%), followed by sadness (14.23%), love
(10.04%), calm (5.10%), fear (4.00%), and anger
(0.60%);  the  predominance of  neutral
classifications is consistent with the heterogenecous
nature of social media discourse, where users
frequently communicate information without an
explicit  affective  expression, while  the
comparatively smaller emotional categories may
nevertheless correspond to interactions with greater
behavioral intensity. This finding reinforces the
methodological distinction between sentiment and
emotion, since a publication may exhibit neutral
sentiment while still containing emotionally
meaningful or cognitively relevant linguistic
information.

The semantic and thematic analyses
complemented these affective classifications by
identifying recurrent patterns within the textual
corpus, allowing the engagement framework to
incorporate not only the evaluative orientation or
emotional state expressed in a publication, but also
the semantic and thematic context in which that
expression occurred. Sentence-BERT
representations and LDA-based topic modeling
were therefore used as complementary components
of the textual architecture, preserving information
that would otherwise be lost when social media
content is reduced to a single sentiment label; this
multidimensional representation is particularly
relevant for engagement measurement because
identical behavioral responses may correspond to
substantially different informational, affective, and
contextual configurations.

A further contribution of the analysis was
the incorporation of the cognitive appraisal layer,
implemented through the Argument Mining
architecture and grounded in Scherer's Component
Process Model. Argument Mining operationalized
the appraisal sequence through four stimulus
evaluation checks, Relevance, Implications, Coping
Potential, and Normative Significance, followed by
a convergence node that synthesized the preceding
outputs into a final classification; each appraisal
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node generated a structured textual output, while
subsequent nodes received the outputs of preceding
stages, producing an accumulative reasoning
sequence. The Relevance node was additionally
connected to external search capabilities for
contextual verification, whereas the subsequent
nodes operated on the information generated within
the appraisal sequence.
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Figure 1. Proposed architecture for
multidimensional  social media engagement
measurement

Social Media Data — Behavioral Signals
+ Textual Signals — NLP/Transformer Analysis —
Cognitive Appraisal — Behavioral, Cognitive and
Emotional Dimensions — Engagement Score —
PLS-SEM

Source: Authors.

The integration of these analytical
components  resulted in  the  proposed
Multidimensional Engagement Score, in which
behavioral, cognitive, and emotional information
were treated as complementary sources of
evidence. The behavioral dimension incorporated
observable platform interactions, the cognitive
dimension incorporated textual, semantic, thematic,
and appraisal-related information, while the
emotional dimension incorporated sentiment and
emotion  representations;  consequently, the
proposed measure extends conventional
engagement metrics by allowing observable
activity to be interpreted jointly with information

IV. CONCLUSION
Looking back on the study, the overall findings
indicate  that the proposed measurement
architecture provides an empirical basis for

extracted from language and cognitively grounded
appraisal.

The structural analysis provided empirical
support for the proposed multidimensional
configuration. The behavioral dimension presented
a significant relationship with Engagement Score
(B=0.28,t=3.21, p = .001), while the cognitive
dimension showed B =0.35 (t=4.05, p <.001) and
the emotional dimension p = 0.30 (t = 3.87, p <
.001). The model explained 72% of the variance in
Engagement Score (R* = 0.72), while the reported
predictive relevance was Q* = 0.26; these results
indicate that the three dimensions provide
statistically  significant information for the
proposed engagement construct, with the cognitive
component representing a substantial contribution
within the structural configuration.

Table 3. Structural relationships in the
multidimensional engagement model

Dimension B t-value p-
value  Relationship

Behavioral — Engagement Score  0.28
3.21 .001 Significant

Cognitive — Engagement Score  0.35
4.05 <.001 Significant

Emotional — Engagement Score  0.30
3.87 <.001 Significant

Model explanatory power: R? = 0.72
Predictive relevance: Q> =0.26

Source: Authors.

Overall, the results provide empirical
evidence for treating social media engagement as a
multidimensional measurement problem, rather
than exclusively as an aggregation of likes, views,
replies, retweets, and quotes; the integration of
behavioral traces with NLP-derived sentiment,
emotion, semantic and thematic representations,
complemented by cognitively grounded appraisal,
produced a measurement architecture in which
engagement reflects multiple forms of user
involvement, subsequently represented through a
statistically evaluated Engagement Score.

reconsidering how social media engagement is
assessed, particularly when conventional indicators
such as likes, views, replies, retweets, and quotes
are examined together with information derived
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from textual content. The first objective,
concerning the integration of behavioral and textual
signals within a unified engagement framework,
was achieved through the incorporation of
behavioral, cognitive, and emotional dimensions,
allowing observable platform activity to be
complemented by sentiment, emotion, semantic,
thematic, and cognitively grounded information; in
this regard, the study extends the conventional
interpretation of engagement by treating textual
information as an integral component of
measurement rather than merely as an auxiliary
descriptive variable.

The second objective, related to the incorporation
of advanced natural language processing
approaches, = was  addressed  through a
methodological architecture combining
Transformer-based models, including BETO and
RoBERTa, with Sentence-BERT, topic modeling,
and the Argument Mining/LLM cognitive appraisal
framework, thereby establishing different analytical
levels for the interpretation of social media text.
The incorporation of Relevance, Implications,
Coping Potential, and Normative Significance
provided an additional cognitive layer through
which textual responses could be examined beyond
categorical sentiment or emotion classification;
consequently, the proposed framework preserves
the distinction between behavioral activity,
affective expression, and cognitively grounded
appraisal, while connecting these elements within a
common measurement structure.

The third objective, concerning the empirical
assessment of the proposed multidimensional
Engagement Score, was supported by the PLS-
SEM  results, which identified significant
relationships between the behavioral, cognitive,
and emotional dimensions and the resulting
engagement construct, with coefficients of p =
0.28, B =0.35, and B = 0.30, respectively, while the
model explained 72% of the variance in
Engagement Score (R? = 0.72) and presented a Q?
value of 0.26; these findings provide quantitative
support for the inclusion of multiple dimensions in
the measurement of social media engagement,
although the results should be interpreted within
the characteristics and scope of the analyzed X
corpus. Future research should therefore examine
the proposed architecture across additional
platforms, sectors, languages, and datasets, while
further testing the stability of the cognitive
appraisal layer and the generalizability of the
Engagement Score under different social media

contexts.

Finally, the study contributes a measurement
perspective in which engagement is understood not
solely through the magnitude of observable
interactions, but through the conjunction of what
users do, what they express, and how their textual
responses can be cognitively and emotionally
characterized; this approach provides a foundation
for subsequent research seeking to refine
multidimensional engagement  measurement
through larger datasets, longitudinal designs,
alternative language models, and independent
validation samples. Further studies should also
investigate the sensitivity of the proposed score to
contextual and  platform-specific ~ factors,
particularly because interaction metrics, linguistic
behavior, and emotional expression may vary
according to communication environment; thus, the
principal contribution of the study resides in
establishing an empirically testable framework
capable of connecting social media behavioral
analytics, NLP, cognitive appraisal, and structural
modeling within a unified approach to engagement
measurement.

SOME OF THE ADVANAGES FROM THE
ABOVE RESULTS

a) Integration of Multidimensional Engagement
Signals

b) Incorporation of Behavioral, Cognitive, and
Emotional Dimensions

¢) Enhanced Interpretation of Textual Information
through NLP Models

d) Integration of Cognitive Appraisal into Social
Media Engagement Measurement

e) Beyond Conventional Likes and Views-Based
Metrics

f) Empirical Validation through PLS-SEM

g) Integration of Sentiment, Emotion, Semantic,
and Thematic Information

h) Improved Representation of the Psychological
and Behavioral Complexity of Social Media
Engagement
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