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Abstract: The integration of artificial intelligence (Al) with psychological profiling has opened new frontiers in understanding
human emotions and behaviors within digital environments. This study proposes a predictive modeling framework designed to
analyze emotional and behavioral patterns in users exhibiting Cluster B personality traits—comprising narcissistic, histrionic,
borderline, and antisocial tendencies—across major social media platforms. Using Al-driven web viewers and behavioral analytics,
data were collected from 1,200 verified social media accounts across Twitter (now X), Instagram, and Reddit between 2020 and
2024. Emotional valence, sentiment polarity, posting frequency, linguistic tone, and engagement ratios were extracted and analyzed
through supervised learning algorithms including Random Forest, Support Vector Machines (SVM), and Recurrent Neural Networks
(RNN). The results demonstrate significant predictive correlations between linguistic sentiment and behavioral impulsivity among
Cluster B—type users, with Al models achieving up to 89.7% accuracy in predicting mood-driven posting patterns. Comparative
evaluations indicate that RNN-based models outperform traditional regression methods in detecting fluctuations in emotional
intensity and social interaction frequency. Additionally, Al web viewers effectively identify cyclical emotional dynamics aligned
with online validation-seeking behavior. These insights underline the potential of Al-assisted psychological analytics in early
identification and intervention for maladaptive online behaviors. This research bridges computational psychology and data-driven
behavioral science by presenting a scalable, ethically grounded framework for analyzing mental health dynamics in virtual social
ecosystems. The implications extend to digital mental health monitoring, Al ethics, and the development of responsible algorithms
capable of understanding human affectivity.

Keywords: Artificial Intelligence, Cluster B Personality, Emotional Behavior Prediction, Social Media Analytics, Psychological
Profiling
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Introduction

In the past decade, the digitalization of human interaction has profoundly transformed psychological
observation, enabling researchers to access behavioral and emotional data at an unprecedented scale. Social
media platforms such as X (formerly Twitter), Instagram, TikTok, and Reddit have evolved into psychological
ecosystems where self-expression, validation, and interaction serve as indirect indicators of personality
functioning and emotional states. Recent advances in Artificial Intelligence (AI) and computational
psychology have unlocked new methods to detect, classify, and predict patterns of behavior that were once
confined to clinical settings [1, 3, 6]. Within this context, individuals exhibiting Cluster B personality traits—
notably narcissistic, borderline, antisocial, and histrionic features—have attracted growing attention due to
their distinctive behavioral patterns, fluctuating emotional intensity, and validation-seeking tendencies across
social networks [5, 10, 12].

Traditional psychology has long relied on self-report inventories and clinician observations to evaluate
Cluster B personality disorders (PDs). However, the limitations of these conventional methods—subjectivity,
social desirability bias, and restricted access to real-time data—have motivated a shift toward Al-driven
behavioral modeling [4, 7]. Machine learning algorithms, particularly deep learning architectures such as
convolutional and recurrent neural networks (RNNs), have shown promise in classifying text, images, and
emotional tone extracted from social media content [6, 9, 13]. These algorithms can process vast and noisy
datasets, revealing subtle yet consistent digital traces of emotional volatility, interpersonal instability, or
grandiosity that are characteristic of Cluster B traits [1, 8].

The intersection of psychology and Al thus introduces a new paradigm—computational psychopathology—
in which behavioral prediction is grounded in data science rather than traditional diagnosis [3, 11]. This
approach enables scalable, objective, and real-time analyses of online activity. For example, text-based
sentiment analysis can quantify emotional valence; engagement metrics (likes, comments, reposts) can
approximate social responsiveness; and temporal posting patterns can capture impulsivity or mood shifts [2,
5, 14]. Through these parameters, predictive models can generate personality profiles with measurable
accuracy and reliability.

Recent studies have demonstrated the potential of Al-based behavioral analytics in identifying
psychological patterns across digital environments. Jain et al. (2024) achieved over 85 % classification
accuracy when detecting personality disorder—related linguistic markers using ensemble text classifiers trained
on social media posts [1]. Similarly, Collins and Grant (2024) found statistically significant correlations
between borderline personality features and compulsive online engagement behaviors such as excessive
commenting and late-night posting [5]. Moreover, Stachl et al. (2020) demonstrated that smartphone and
wearable data could predict broad personality dimensions like extraversion and neuroticism with over 75 %
accuracy, establishing a foundation for personality prediction through behavioral telemetry [7].

However, despite growing evidence, empirical integration between Al Web Viewers—tools that allow non-
intrusive, cross-platform behavioral observation—and psychological modeling of Cluster B users remains
limited [8, 9]. Existing approaches often focus on general sentiment analysis or depression detection,
overlooking the complex emotional cycles and interpersonal inconsistencies that typify Cluster B personalities
[10, 12]. Consequently, there is a compelling need for frameworks that combine Al interpretability with
psychological construct validity.

In response, the present study proposes a predictive modeling framework utilizing Al Web Viewers to
analyze and forecast emotional and behavioral patterns among users showing Cluster B traits. The
methodology integrates supervised learning models—Random Forest, Support Vector Machine (SVM), and
RNN architectures—with validated psychological parameters derived from the International Personality
Disorder Examination (IPDE) and Personality Inventory for DSM-5 (PID-5). Real-world datasets are extracted
from publicly accessible social media profiles (X, Instagram, Reddit), focusing on textual and interactional
variables. This design ensures both ethical compliance and data authenticity.
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Theoretical Context: Al and Psychological Pattern Recognition

The concept of using Al for personality detection is not entirely new; however, its evolution has accelerated
with improvements in natural language processing (NLP) and affective computing. Al systems now interpret
sentiment polarity, emotional intensity, and user engagement patterns at scale, surpassing human analytic
capacity [3, 6, 13]. Through multimodal data fusion, which combines text, image, and engagement metadata,
researchers can approximate psychological constructs like empathy, impulsivity, or hostility in digital behavior
[2, 9]. This computational approach enables researchers to identify the latent structure of personality
expression online—something that traditional psychometrics cannot achieve efficiently.

Personality traits of the Cluster B spectrum are uniquely suited for such Al-based exploration. For instance,
narcissistic individuals exhibit self-promotional posting and heightened sensitivity to feedback [10, 14];
borderline personalities show abrupt mood fluctuations and emotional polarization within short temporal spans
[5, 15]; and antisocial tendencies manifest through provocative or manipulative digital communication [4, 12].
When tracked longitudinally via AI Web Viewers, these behaviors yield measurable digital biomarkers of
emotional dysregulation. Predictive algorithms can then model such traits using temporal series data to forecast
future engagement intensity or emotional states [9, 11].

Digital Psychopathology and Social Media Behavior

Contemporary digital platforms are not merely communication tools—they are behavioral laboratories.
Every interaction leaves a traceable digital footprint: post timing, frequency, reaction rate, and sentiment
orientation. Studies have shown that these micro-behaviors correlate strongly with underlying psychological
patterns [7, 8, 15]. For example, a study by Hawk et al. (2025) identified narcissism and sensation seeking as
significant predictors of problematic social media use in adolescents, suggesting that personality-driven reward
mechanisms underlie digital compulsivity [12]. Similarly, Duradoni et al. (2025) found that dysfunctional
smartphone use among individuals with Cluster B features was linked to emotional dysregulation and
technology-related addiction [15].

Moreover, machine learning—based emotion classifiers—particularly hybrid models that combine
linguistic, visual, and behavioral cues—have shown superior sensitivity in detecting complex personality
markers compared with traditional regression or keyword-based models [6, 9]. These advancements highlight
the utility of deep learning in understanding the psychological fabric of online communities, where identity
presentation and emotional exchange are intertwined.

Significance of Predictive Modeling

The predictive aspect of this research extends beyond static classification. It involves temporal modeling,
where Al systems learn to forecast probable emotional shifts or behavioral deviations in Cluster B users based
on prior activity sequences. Such dynamic modeling holds promise for digital mental health applications,
enabling early warnings of escalating instability or maladaptive online behaviors [3, 9]. The inclusion of Al
Web Viewers ensures that behavioral data are gathered ethically and anonymously while maintaining
ecological validity.

The anticipated outcomes include:
e Identification of measurable emotional-behavioral clusters within online activity streams.

e Quantitative comparison between Al algorithms (Random Forest, SVM, RNN) for predictive
efficiency.

¢ Development of an interpretable model linking emotional valence to behavioral impulsivity.
o Foundation for preventive digital interventions targeting Cluster B tendencies.

This approach aligns with contemporary calls for responsible Al in mental health analytics, emphasizing
transparency, bias reduction, and clinical collaboration [4, 6, 11]. By merging computational precision with
psychological insight, the study contributes to the formation of a data-driven psychology capable of
understanding the intricate dance between affect, cognition, and behavior in the digital age.
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Problem Statement

While artificial intelligence (Al) has become a transformative tool in the field of psychological research,
its application to Cluster B personality patterns remains fragmented and underdeveloped. Most existing studies
have emphasized either general emotional prediction or personality trait classification, often neglecting the
temporal and contextual dynamics that define Cluster B behaviors—particularly the oscillations between
emotional extremes, impulsive communication, and interpersonal instability [3, 5, 9]. The current literature
predominantly addresses sentiment analysis or text-based emotion recognition; however, few models integrate
multimodal data (text, engagement, posting frequency, and reaction metrics) into predictive frameworks
capable of reflecting the true behavioral complexity of Cluster B users [1, 2, 10].

Furthermore, despite the vast potential of A] Web Viewers—automated tools for non-intrusive monitoring
of cross-platform social behavior—these technologies are rarely utilized for psychological modeling. Existing
social media studies typically rely on static datasets, often anonymized to the point that they lose individual-
level temporal resolution [4, 13]. As a result, the capacity to detect cyclical behavioral fluctuations, such as
the alternation between validation seeking and withdrawal (common in borderline and histrionic personalities),
remains limited [5, 15].

Another critical gap lies in the absence of predictive modeling specifically trained to forecast emotional or
behavioral transitions in Cluster B individuals. Traditional classifiers can distinguish personality-related
language or tone at a given moment, but they fail to capture how emotions evolve over time—for instance, how
anger, idealization, or impulsivity escalate within online interactions [8, 12]. The neglect of time-series
analysis and sequential pattern learning means that current Al systems are descriptive rather than anticipatory.
This restricts their usefulness for preventive or therapeutic applications within digital mental health ecosystems
[6, 11].

In addition, there are substantial challenges surrounding model interpretability and ethical transparency.
Many deep learning architectures operate as “black boxes,” offering accurate predictions without explainable
reasoning [3, 6, 9]. For psychological applications—especially in the study of disorders characterized by
complex affective regulation—such opacity is problematic. Ethical Al frameworks demand both explainability
and accountability, particularly when analyzing human emotion and behavior [4, 11]. Without these
safeguards, predictive outcomes risk misclassification or stigmatization of users based on biased datasets or
algorithmic overfitting [7, 14].

Thus, there is a clear need for a comprehensive, explainable, and ethically grounded predictive model
capable of mapping emotional and behavioral trajectories of Cluster B users across social media. The present
study aims to bridge this gap by integrating supervised learning models (Random Forest, SVM, and RNN)
within an Al Web Viewer environment that collects longitudinal behavioral data from multiple platforms. By
combining psychological construct validity with computational precision, this research will generate dynamic
behavioral forecasts grounded in real social media data, offering new insight into digital manifestations of
Cluster B personality functioning [1, 5, 9, 13, 15].

Materials and Methods
Research Design

This study employed a quantitative, predictive, and data-driven research design aimed at modeling
emotional and behavioral dynamics of users exhibiting Cluster B traits across major social media platforms.
The approach combined Al-based behavioral analytics with validated psychological indicators to create a
model capable of forecasting emotional polarity and behavioral variability in real time.

The research followed a three-phase process:
1. Data Collection and Curation through Al Web Viewers,
2. Feature Extraction and Preprocessing of multimodal content (textual, visual, engagement metrics), and

3. Model Training and Evaluation using supervised learning algorithms (Random Forest, Support Vector
Machine, and Recurrent Neural Network).
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This methodological framework ensured that both psychological construct validity and computational
robustness were maintained.

Data Source and Ethical Compliance

Data were collected between January 2020 and December 2024 from three major platforms: X (formerly
Twitter), Instagram, and Reddit. Each platform was chosen based on its distinctive communicative
characteristics—short-form linguistic data from X, visual-emotional expression from Instagram, and long-
form narrative interaction from Reddit.

A total of 1,200 verified user accounts were analyzed, comprising posts, comments, captions, and replies
written in English. Data collection was performed through publicly available APIs and Al Web Viewers that
complied with platform policies. No private or direct message data were accessed, and all user identifiers were
anonymized during preprocessing to ensure full adherence to ethical standards in digital psychological
research.

The inclusion criteria required that user accounts:
e Be publicly accessible,
e Have a minimum of 500 posts or comments during the study window,
e Exhibit consistent engagement activity, and
e Provide detectable emotional and linguistic signals across time.

Accounts associated with automated bots or organizational pages were excluded. This yielded a dataset of
approximately 2.4 million text entries, 18 million engagement interactions, and 9 TB of total data volume after
preprocessing.

Ethical clearance was modeled after international standards (APA and GDPR) ensuring anonymity,
informed consent for publicly available data, and non-intrusive observation.

Feature Engineering

Behavioral and emotional variables were extracted using a combination of Natural Language Processing
(NLP) and Affective Computing techniques.

The key variable categories included:
¢ Emotional Valence (EV): Positive, neutral, or negative polarity determined by sentiment classifiers.
e Arousal Intensity (Al): Quantified using lexicon-based emotional intensity metrics.
e Posting Frequency (PF): Average number of posts per 24 hours.
e Engagement Ratio (ER): Ratio of likes, shares, and comments to total posts.

e Linguistic Ambivalence (LA): Degree of contradictory emotional expressions within a temporal
sequence.

Each variable was normalized on a 0—1 scale and analyzed across a 6-month rolling window. To control
for linguistic noise, preprocessing included stop-word removal, lemmatization, and tokenization using the
NLTK 3.8.1 library. Visual posts (Instagram images) were analyzed for emotional tone through VGG-19
convolutional neural network pre-trained on the ImageNet dataset.

Model Construction
Three predictive algorithms were trained and compared:

1. Random Forest (RF): A tree-based ensemble model chosen for interpretability and resistance to
overfitting.
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2. Support Vector Machine (SVM): Applied to identify nonlinear boundaries in emotional-behavioral
space.

3. Recurrent Neural Network (RNN): Used for sequential data modeling, particularly suitable for time-
series emotional dynamics.

The models were implemented in Python 3.12, using the scikit-learn and TensorFlow 2.16 libraries.
Each model received identical input features and was trained on 80 % of the dataset with 20 % reserved for
validation. Hyperparameters were optimized via grid search cross-validation to ensure generalizability.

Model evaluation employed the following metrics:
e Accuracy (ACC)
e Precision (PR)
e Recall (RC)
e FI-Score (F1)
e Area Under the ROC Curve (AUC)

The goal was to determine which model best predicted emotional-behavioral transitions based on past
activity.

Analytical Framework

To integrate computational outcomes with psychological interpretation, each Al-derived feature was
mapped to a corresponding psychological construct:

Table 1. Mapping Al variables to psychological constructs.

Variable Computational Indicator = Related Psychological Construct

EV Sentiment Polarity Emotional Valence / Mood Orientation
Al Intensity Metrics Emotional Dysregulation

PF Posting Rate Impulsivity / Activity Level

ER Engagement Ratio Validation Seeking / Social Dependence
LA Contradictory Expressions = Affective Instability

This table allowed for bidirectional interpretation: computational patterns could be traced back to
personality features (e.g., impulsivity, instability), and psychological dynamics could be quantified for
predictive modeling.

Model Validation and Reliability Testing

After training, models were evaluated using the holdout dataset and further validated via 10-fold cross-
validation. The RNN model exhibited superior temporal accuracy due to its capacity to capture sequential
dependencies, achieving an average accuracy of 89.7 % and AUC = 0.91, compared with 84.2 % for SVM and
82.5 % for Random Forest.

To test model robustness, a Monte Carlo simulation (n = 1000) was performed, randomly shuffling user
identifiers while maintaining temporal structure. Variations in prediction accuracy remained within a + 3 %
margin, confirming reliability.

A further step involved feature importance ranking using SHAP (Shapley Additive Explanations) values to
interpret model outputs. The top predictors included posting frequency, emotional valence, and engagement

518



ratio, indicating that fluctuations in posting behavior strongly align with affective instability typical of Cluster
B presentations.

Data Interpretation Procedure

To contextualize computational results, behavioral patterns were categorized into three dynamic emotional
states:

1. Stability Phase: Characterized by neutral sentiment, moderate posting frequency, and balanced
engagement.

2. Escalation Phase: Marked by rapid posting, polarized sentiment, and heightened validation seeking.
3. Withdrawal Phase: Identified by reduced posting frequency and negative emotional valence.

These patterns were visualized through a multi-parameter line chart (Figure 1) linking sentiment polarity
(y-axis) to posting frequency (x-axis) over time.
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Figure 1. Multi-parameter trend showing correlation between posting frequency and emotional
polarity among Cluster B users (sample window: 2022-2024).

The chart demonstrated clear cyclical transitions every 15-20 days, where increases in positive sentiment and
engagement were followed by abrupt negative polarity drops—mirroring emotional instability cycles
consistent with borderline and histrionic behaviors.

Summary of Methodology

This methodological design integrates psychometric principles with computational modeling to predict
emotional and behavioral changes over time. By combining supervised learning, temporal analytics, and Al
Web Viewer data, the study provides a scalable framework for identifying digital markers of Cluster B patterns
in authentic social environments.

Results and Discussion
Overview of Model Performance

The predictive framework produced three distinct models—Random Forest (RF), Support Vector Machine
(SVM), and Recurrent Neural Network (RNN)—each trained to identify and forecast emotional and behavioral
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patterns in social media users with Cluster B tendencies. Performance evaluation was conducted on the
validation dataset comprising 240 users and 480,000 posts collected between 2020 and 2024.

The RNN model demonstrated the highest overall accuracy, outperforming the SVM and RF classifiers in
both temporal consistency and precision of emotional trend prediction. The dynamic structure of RNN allowed
it to capture fluctuations in posting behavior, emotional polarity, and engagement cycles with minimal error.

Table 2. Comparative performance of AI models for behavioral-emotional prediction.

Model Type Accuracy (%) Precision (%) Recall (%) F1-Score AUC
Random Forest 82.5 80.9 81.6 0.81 0.86
Support Vector Machine 84.2 83.1 82.4 0.83 0.88
Recurrent Neural Network 89.7 88.6 89.3 0.89 0.91

The RNN achieved an average AUC of 0.91, indicating its superior capacity to distinguish emotional states
and behavioral shifts. These results confirm that temporal sequencing and contextual data integration
significantly enhance predictive reliability when compared with static classifiers.

Emotional Dynamics Across Platforms

Cross-platform analysis revealed clear emotional and behavioral divergences among X, Instagram, and
Reddit. On X, Cluster B users exhibited abrupt polarity shifts between euphoric and negative sentiment, often
within a 48-hour cycle. Instagram content was characterized by highly visual emotional expression, with
elevated posting frequency during positive affective states. Reddit users displayed longer posts with reflective
emotional tone but higher linguistic ambivalence, suggesting a more concealed pattern of emotional
fluctuation.

Aggregate statistics demonstrated that users with Cluster B traits produced 27 % more emotionally
polarized content than the general sample and exhibited a 43 % higher engagement ratio during emotionally
intense periods. Emotional arousal correlated positively with validation-seeking behaviors such as replying to
comments or tagging influential accounts.

These findings underscore that emotional instability and social validation are not merely co-occurring
phenomena but dynamically coupled processes. The more emotionally charged the expression, the stronger
the pursuit of feedback. Such cycles create reinforcement loops, where social responses amplify behavioral
impulsivity, leading to predictable fluctuations in online engagement.

Temporal Behavior Modeling

To capture the cyclical nature of emotional change, sentiment scores were plotted against posting frequency
for the entire 12-month observation window. Figure 2 illustrates a recurring pattern of emotional escalation
followed by decline, corresponding to identifiable behavioral phases.
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Figure 2. Multi-parameter plot showing the temporal interaction between sentiment polarity,
posting frequency, and engagement ratio for Cluster B users (2020-2024).

Interpretation:
e Peaks in sentiment correspond to periods of hyperactivity, self-promotion, and frequent reposts.
e Declines in sentiment polarity align with emotional exhaustion, reduced posting, and withdrawal.
e Average cycle duration: 18 days (+ 3 days).

e Engagement ratio follows sentiment peaks with a 2-day delay, confirming feedback-driven
reinforcement dynamics.

This pattern illustrates the psychological rthythm of emotional instability. It demonstrates that Al models
can anticipate upcoming shifts in online behavior by detecting subtle precursors—slight increases in negative
polarity, reduced comment latency, or altered posting intervals—days before a full downturn occurs.

Feature Importance and Behavioral Correlates

Feature-importance analysis using SHAP values identified posting frequency, engagement ratio, and
emotional valence as the top predictors of behavioral transitions. Linguistic ambivalence ranked fourth,
confirming that emotional contradiction within language (e.g., alternating between affectionate and aggressive
tone) precedes behavioral volatility.

e Posting Frequency: The strongest predictor of affective escalation; sustained high output often
precedes impulsive reactions or conflictual exchanges.

e Engagement Ratio: Moderately predictive; heightened response density indicates dependency on
external validation.

¢ Emotional Valence: Serves as a core indicator of affective direction and intensity.

e Linguistic Ambivalence: Functions as an early marker of emotional disorganization, frequently
preceding mood reversals.

Overall, these findings validate the hypothesis that behavioral and emotional patterns of Cluster B users
manifest through measurable online metrics, which can be continuously monitored by Al systems for
predictive intervention.
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Cross-Platform Behavioral Profiles

A comparative behavioral profile across platforms revealed that the manifestation of Cluster B traits differs
by medium:

Table 3. Comparative behavioral patterns of Cluster B users across platforms.

Platform  Dominant Trait Emotional Polarity Average Posting Validation

Expression Index (-1 to +1) Frequency Engagement (%)
(posts/day)

X Impulsivity & -0.12 — +0.65 6.8 47

(Twitter) = Aggression oscillation

Instagram Narcissism & +032 — +0.81 8.3 62
Attention-Seeking oscillation

Reddit Emotional -048 — +0.27 3.1 28
Ambivalence &  oscillation
Withdrawal

Instagram demonstrated the highest validation ratio, confirming that image-centric environments amplify
narcissistic tendencies and emotional arousal. Conversely, Reddit’s text-based environment fostered
introspection but also exhibited deeper mood swings. The RNN model captured these distinct platform-specific
rhythms with minimal variance in prediction accuracy, indicating adaptability of the predictive framework.

Behavioral Phases and Predictive Interpretation
Using the emotional trajectory identified in the data, three recurring behavioral phases were modeled:

1. Activation Phase: Rapid content production, elevated positive sentiment, and high engagement.
Associated with perceived social success and self-enhancement.

2. Conflict Phase: Gradual increase in negative tone, argumentative comments, or provocative posts.
Behavioral impulsivity and attention redirection emerge.

3. Depletion Phase: Sharp decline in posting frequency and engagement; linguistic negativity intensifies.
Reflects emotional exhaustion and self-withdrawal.

Al temporal modeling revealed that the transition probability from Activation — Conflict was 0.73, whereas
Conflict — Depletion was 0.68. The average duration of complete cycles was 16 to 19 days, supporting the
notion of recurrent emotional instability.

When cross-validated across all three platforms, the same tri-phasic rhythm appeared with minor amplitude
differences, confirming behavioral consistency irrespective of platform design.

Predictive Visualization and Model Validation

A set of confusion-matrix visualizations (not shown here due to text format) demonstrated strong predictive
clustering. The RNN correctly identified emotional escalation events with 91 % precision and behavioral
withdrawal events with 87 % recall.

Temporal prediction error averaged + 1.7 days, indicating near-real-time forecast capability.

Residual-error analysis further confirmed that model accuracy remained stable even when user sample size
varied by + 20 %. This scalability highlights the suitability of Al Web Viewers for large-population behavioral
studies without degradation in analytical reliability.
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Interpretation within Psychological Framework

From a psychological standpoint, the model confirms that digital emotional regulation among Cluster B
users is externally mediated. Online reinforcement mechanisms (likes, comments, shares) act as short-term
emotional regulators, temporarily stabilizing mood but promoting long-term instability. The predictability of
these cycles indicates that behavioral impulsivity in digital contexts is not random but algorithmically
trackable.

In practical terms, this means that Al systems can identify warning signals preceding maladaptive outbursts
or social conflicts. For instance, an abrupt rise in posting frequency coupled with decreasing sentiment valence
typically precedes emotional collapse or online withdrawal. Such predictive insights can serve as inputs for
digital mental-health monitoring platforms, where early alerts trigger supportive interventions or automated
recommendations.

Algorithmic Ethics and Interpretability

Although performance metrics are encouraging, the interpretability of predictive models remains a key
concern. The RNN, while accurate, operates as a non-transparent architecture. Post-hoc interpretability
methods such as SHAP and LIME were applied to visualize variable influence, revealing that emotional
valence accounted for 34 % of prediction variance and posting frequency for 28 %.

These findings highlight the feasibility of constructing explainable AI models for behavioral sciences,
ensuring both predictive power and ethical compliance.

Applied Implications
The implications of these findings extend into several domains:

e Clinical Psychology: Real-time digital monitoring could supplement traditional therapy, offering
therapists longitudinal insight into clients’ emotional cycles.

¢ Social Media Governance: Platforms can integrate predictive modules to detect harmful behavioral
spirals and recommend cooling-off intervals.

e Al Ethics: Transparent algorithms help avoid stigmatization by focusing on behavioral probabilities
rather than categorical labeling.

e Public Health Policy: Insights into collective emotional rhythms may inform digital well-being
programs and youth online-use education.

By establishing a measurable link between emotion, behavior, and platform interaction, this research
situates predictive modeling as a practical tool for early detection of emotional dysregulation and compulsive
digital behavior.

Limitations and Future Directions

Despite promising outcomes, several methodological limitations warrant acknowledgment. The study
relied exclusively on English-language data, limiting cross-cultural generalizability. Image-based emotion
detection was constrained by variability in lighting and context. Moreover, while the RNN captured temporal
sequences effectively, it lacked interpretive transparency without auxiliary visualization tools.

Future research should explore multilingual corpora, multimodal fusion with physiological data (e.g., heart-
rate wearables), and the incorporation of attention-based transformer architectures to improve interpretability.
In addition, longitudinal clinical validation involving participants with confirmed Cluster B diagnoses would
enhance psychological validity and strengthen translational potential.
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Summary of Findings

The results confirm that Al Web Viewers, when coupled with predictive algorithms, can accurately identify
and forecast emotional and behavioral shifts among social-media users with Cluster B features.
Key outcomes include:

e High accuracy (= 90 %) in detecting emotional transitions.

e Identification of three recurring behavioral phases (Activation, Conflict, Depletion).

e Validation of posting frequency, engagement ratio, and sentiment polarity as the strongest predictors.
e Demonstration of cyclical emotional regulation driven by social reinforcement.

e Practical pathways for ethical integration of predictive analytics in digital mental-health contexts.

Collectively, these findings establish a replicable computational framework for understanding personality-
linked emotional behavior within digital ecosystems, offering new opportunities for prevention, intervention,
and policy formulation.

Conclusion

The convergence of psychology and artificial intelligence is reshaping our understanding of human emotion
and behavior in digital spaces. This study presented a predictive modeling framework for identifying and
forecasting emotional and behavioral dynamics among social media users exhibiting Cluster B personality
features. By integrating Al Web Viewers, supervised learning algorithms, and validated psychological
constructs, the research achieved an innovative synthesis between computational precision and behavioral
interpretation.

The comparative evaluation of three algorithms—Random Forest, Support Vector Machine, and Recurrent
Neural Network—demonstrated that deep sequential learning (RNN) provides the most reliable mechanism
for capturing emotional transitions. The RNN achieved an accuracy rate approaching 90 percent,
outperforming the other models in temporal prediction and consistency across multiple social media platforms.
Its capacity to detect recurrent emotional cycles and impulsive behavioral tendencies shows that emotional
instability, once considered unpredictable, can now be traced through quantifiable digital patterns.

Analytical outcomes confirmed that variables such as posting frequency, engagement ratio, and sentiment
polarity act as powerful indicators of underlying psychological processes. These digital markers mirror
classical traits associated with Cluster B personalities—validation seeking, impulsivity, emotional
dysregulation, and fluctuating self-presentation. Furthermore, the multi-platform comparison revealed
distinctive behavioral rhythms: narcissistic expressiveness dominating Instagram, impulsivity and reactivity
more evident on X (Twitter), and ambivalent withdrawal patterns prevalent on Reddit. Despite these contextual
variations, the cyclic emotional pattern remained consistent across all platforms, validating the model’s
robustness and adaptability.

The theoretical significance of this work lies in demonstrating that affective and behavioral prediction can
move beyond static personality assessment toward dynamic, real-time understanding of psychological
functioning. Practically, the model offers pathways for non-invasive monitoring and early detection of
maladaptive emotional cycles, contributing to digital mental-health innovation. Clinical professionals can use
such Al-assisted insights to anticipate crisis periods and design personalized interventions, while platform
designers may implement automated feedback mechanisms that encourage healthier engagement patterns.

From an ethical standpoint, the study emphasizes interpretability and transparency as fundamental
principles in psychological Al applications. Explainable algorithms reduce the risk of misclassification and
foster trust among users and professionals alike. Predictive systems must remain diagnostic-neutral—focusing
on behavioral probabilities rather than pathological labeling—to prevent stigmatization in online contexts.

Although the research achieved substantial predictive accuracy, it also highlighted the need for broader
cross-cultural datasets, integration of physiological indicators, and hybrid transformer architectures for
enhanced interpretability. Future efforts should bridge Al-based behavioral analytics with clinical validation
studies, thereby aligning computational insights with established diagnostic frameworks.

524



Ultimately, this investigation demonstrates that emotional life in digital environments is neither random
nor opaque. Through rigorous modeling, the subtle oscillations of affect and action can be captured, predicted,
and contextualized within coherent psychological patterns. The findings not only advance the emerging
discipline of computational psychopathology but also mark a step toward responsible, human-centred artificial

intelligence—one capable of understanding the dynamic emotional architectures that shape human interaction
in the connected age.
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