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Abstract
The amount of time an average person spends on social media platforms for collecting, sharing, and
storing data is exponentially increasing. Social media's rapid growth has brought up serious problems of
user impersonation, identity theft, and insecure interactions. As a result, the people's social media data
privacy and safety management concerns are drawing urgent attention. Machine learning algorithms'
ability to identify customers' usage patterns and their content enables them to identify cyberbullying and
fake news. This research provides a multimodal machine learning-based framework for safeguarding user
interaction through trustworthy persona detection and safety classification. To identify harmful profiles
and misleading material, we utilize diverse text, images, videos, and behavioral pattern data to test the
state-of-the-art learning Convolutional Neural Network, Random Forest, Support Vector Machine, Logistic
Regression, and Adaptive Boosting algorithms. Among all, Convolutional Neural Network surpassed the
rest with an accuracy of 83.1% on benchmark datasets like Face Detection Data Set and Benchmark
(FDDB), Annotated Facial Landmarks in the Wild (AFLW ), and the Deepfake Detection Challenge
dataset. Our approach allows real-time user emotion and activity recognition, providing a scalable and
adaptable approach to enhance safety on social media platforms. This work bridges significant gaps in
authenticating content genuineness, trust, and variations in digital communication environments.

Categories: Security Governance and Compliance, Machine Learning (ML), Explainable AI
Keywords: multimodal machine learning, online safety, social media security, persona identification, cnn, fddb, aflw,
deepfake detection

Introduction
Over the past few years, the world has observed widespread social media usage that has completely
transformed the way individuals communicate, connect, share, and interact online. Social media platforms
such as Facebook, Twitter, Instagram, or WhatsApp have allowed various users to connect at an
extraordinary scale. Despite all the benefits that these social media applications offer, they have
introduced significant user safety and privacy concerns. “Personification,” which can assign or imitate
human-like traits or identities through algorithms, user profiles, or platform behaviors, is another major
growing concern. Personification, as defined in this study, refers to identity falsification techniques in
which automated systems or human users exhibit false or deceptive identities. Posing as someone else,
making fake profiles, or mimicking behaviour patterns to seem genuine are a few examples. This
interpretation is not the same as algorithmic personalization, which focuses on adjusting platform
recommendations or content to a user's actual preferences and past interactions. Instead of improving the
distribution of personalized content, this initiative focuses on identifying and combating false
identification practices.

The safety of users, platform integrity, and trust are all significantly impacted by this phenomenon. New
developments in machine learning offer [1] encouraging possibilities for identifying inconsistency in
behaviour [2], examining user interaction trends, and protecting digital identities in real-time [3]. The
integration of multimodal data - text, video, voice, and behavioral metadata - for safe user profiling has
not received much attention in previous research, even though many studies have concentrated on
privacy, sentiment classification, or fake news identification.

Despite sufficient progress made by the research community [4,5] on user trust, privacy issues, ethical
considerations, and the psychological impacts of social media topics, there is still a lack of comprehensive
machine learning based methods that integrate these topics to provide security against user privacy and
personification risks [6]. The proposed study offers a systematic literature review revealing the use of
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important, ignored topics that can be integrated with current approaches. The study provides a strong
machine learning framework foundation for creating strong and safe persona detection solutions. The
main contributions are summarized below.

 i. Propose a secure, AI-driven framework that integrates Convolutional Neural Network (CNN), Random
Forest, Support Vector Machine (SVM), AdaBoost, and Logistic Regression algorithms for classifying social
media personas.

ii. Combine behavioral, emotional, and media content-based characteristics to evaluate multiple machine
learning models (CNN, Random Forest, SVM, AdaBoost, Logistic Regression) performances.

iii. Validate these models on real-world video-based persona identification on facial landmark recognition,
Face Detection Data Set and Benchmark (FDDB), Annotated Facial Landmarks in the Wild (AFLW), and
Deepfake Detection Challenge benchmark datasets.

Literature survey
Machine Learning Models for Safety in Social Media Applications

The popularity of social media applications has increased online communication in recent years. As a
result of the growing amount of private information published on these platforms, protecting user privacy
and safety is necessary. Personification of social media users using machine learning techniques is one
way to achieve safety in social media applications. Machine learning techniques for persona classification
and identification are used for overcoming possible risks like cyberbullying, harassment, or false
information by utilizing sophisticated algorithms and data analysis approaches [1,2]. In this research, the
advantages and difficulties of applying machine learning techniques for personification and safety in
social media are examined [3].

Understanding Personalization and Safety in Social Media Platforms and Its Importance

Social media platforms are crucial in connections within society in the current digital era. As data shared
on applications like Facebook, Instagram, and Twitter platforms increases, protecting user privacy and
safety is more important. Users' experiences can be improved if they feel safer communicating over social
media. It is important to make sure safety precautions are in place to minimize users from privacy
violations [1,4-6]. Understanding the significance of safety and personalization in social media platforms
allows machine learning techniques to be applied to efficiently customize information to a person and
protect user data and achieve proper utilization of social media applications [7].

Overview of Machine Learning Techniques Used for Personification in Social Media

To improve user experience and safety in social media, personification using machine learning techniques
is more important. Methods like Linear Regression and SVM perform the classification of user
interactions, persona, and behaviour to predict recommendations and classify content. Social media
platforms like Instagram, Facebook, etc. can increase user engagement and satisfaction by using machine
learning models for feature selection, extraction, classification of behaviour, analysis of sentiments,
natural language processing, audio and video classification, and to predict content for specific users
[3,7,8]. Machine learning algorithms can also be used to identify security threats. Hence, these methods
are essential for enhancing user experience and maintaining safety in the online environment [3,9].

Ensuring User Safety Through Machine Learning Algorithms on Social Media Platforms

To keep safe online communication in social media applications requires social media companies to
integrate machine learning algorithms to ensure users' safety. Social media companies can identify and
stop bad behaviors by using a specific learning model. Real-time analysis and classification of persona and
patterns can spot negative class behaviour [7,10,11]. Additionally, by suggesting relevant content and
removing objectionable content, machine learning techniques can be utilized for better user experiences.
With learning methods, social media platforms give personification for users and make online
communication safer [11,12].

Machine learning methods are proposed for safety after persona classification in social media applications
like Facebook and WhatsApp. Previous studies suggested a Modified Inception Resnet V4 CNN
(MInReCNN) for personalized recommendations [13], while one article focuses on women's safety, using
machine learning classification techniques like SVM, Naive Bayes, and AdaBoost for analysis of
sentiments [14]. The author has given the issues of fake profiles, proposing methods from machine
learning algorithms to detect and identify them [15]. To detect misleading identities on social media
platforms, features from profile images and gender-derived features are studied and reviewed using
machine learning techniques for personality identification [16,17]. The author suggested a deep
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multimodal fusion approach for user profiling and developed a multimodal deep framework for identifying
critical social media posts [18,19]. These studies collectively highlight the possibility of machine learning
in addressing various safety and personification challenges in social media.

Future Prospects and Encounters in Using Machine Learning for Personification and Safety in Social Media

Machine learning algorithms have a lot of potential to comprehend human behaviour and preferences
better as technology develops, which could result in more individualized interactions. This could improve
social media platform user experience and engagement. But some issues need to be resolved, like
protecting privacy, preventing algorithmic bias, and preserving openness in the decision-making
processes [3,20,21]. Furthermore, the rapidly changing nature of social media applications and the massive
amount of data being produced pose persistent hurdles for machine learning techniques to adapt and
successfully handle personification and safety-related issues [12].

Design issues
Learning a database that includes media data like text messages, images, and video frames is crucial
because these types of content are commonly used by social media apps like WhatsApp, Facebook, and
Twitter. The goal is to develop a data analytics system that can improve success rates by analyzing
patterns and classifying content effectively. However, the training process for this type of data analytics
can be inefficient due to the lengthy training time required. To address this issue, meta-heuristic
algorithms are used to find optimal solutions at a reasonable computing cost. Some meta-heuristic
algorithms can be reviewed for their use in direct, indirect, and hidden data. For example, identifying
patterns in text crowding can be challenging. The decision to move outside or remain indoors for health
reasons is an essential part of the dataset. Different objects are arranged in a specific way to create rules
and patterns that govern the placement of content.

Materials And Methods
Methodology
We propose a four-stage pipeline containing data preprocessing, multimodal feature fusion, model
training, and post-classification evaluation for developing a robust social media user personification and
security classifier. 

FIGURE 1: Proposed methodology

As shown in Figure 1 of the proposed research methodology, the embedded or social media application
contents, such as images, texts, video frames, and audio, are taken as the input focus. Social media
applications like Twitter, Instagram, WhatsApp, Facebook, etc., use the same media content. By analyzing
a case study of Facebook, it is possible to incorporate features such as gender, age, and behaviour into the
object's sub-feature. This can help achieve personification and safety. To create a feature vector that
achieves this, input data is given to various algorithms like K-means, DBSCAN, and principal component
analysis. From the results, it is observed that K-means performed well in identifying the top terms of
cluster centers, but it did not correlate well with reviews in some instances [9]. On the other hand,
DBSCAN grouped all behaviors into one cluster when analyzing the following 11 distinct feature variables,
resulting in poor performance.

 i. Valence - a numeric value indicating the pleasantness of the detected emotion.

 ii. Arousal - a score reflecting the emotional activation or intensity.

 iii. Dominance - a measure of the perceived control or influence within the emotional state.
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 iv. Facial landmarks - coordinate points representing key regions of the face, such as eyes, nose, and
mouth, used for geometry-based analysis.

 v. Facial action units - codes describing specific facial muscle movements linked to expressions.

 vi. Sentiment polarity - categorical or numeric representation of text sentiment as positive, negative, or
neutral.

vii. Object detection flags - binary indicators marking the presence of predefined objects in images or
frames.

viii. Pitch - the fundamental frequency derived from speech segments.

 ix. Energy - the loudness or amplitude level of the audio signal.

 x. Behavioral patterns - metrics describing frequency, type, and timing of user interactions or activities.

 xi. Demographic attributes - non-identifiable metadata such as age group and gender category.

Hierarchical clustering, when used with BOW and TFIDF, failed to identify clusters and divide them
unevenly. However, when using average word vectors, clusters were evenly divided and identified. Despite
these challenges to determine the user based on hierarchical formation is still hard. To evaluate and
contrast the effectiveness of the clustering methods used, specifically K-means, DBSCAN, and hierarchical
clustering, we used the silhouette score and cluster purity as measurements. While cluster purity
represents the percentage of samples in a cluster that are members of the same reference class, the
silhouette score shows how correctly each data point falls into its allocated cluster in relation to nearby
clusters. By combining these measures with visual assessment of cluster assignments, it was possible to
determine when clusters were significant and well-separated, as well as when overlaps between behavioral
and emotional traits degraded the grouping's overall quality.

Construction of Two-Dimensional Valence-Arousal Emotion Map

The spatial distribution of emotional states was represented using a two-dimensional valence-arousal
framework. According to this method, emotions are represented as coordinates inside a plane, with the
vertical axis (arousal) spanning from low to high activation levels and the horizontal axis (valence)
ranging from unpleasant to pleasant affect. Both the intensity and the positivity or negativity of emotions
can be visualized, thanks to this dimensional mapping. 
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FIGURE 2: Valence–arousal map showing emotions by pleasantness
and activation, with examples in each quadrant and neutral near the
origin

Figure 2 shows the plotting of the identified emotions based on their corresponding locations in this
space. Anger, for example, is found in the negative high-arousal quadrant, serenity is found in the positive
low-arousal quadrant, excitement is found in the positive high-arousal quadrant, and melancholy is found
in the negative low-arousal quadrant. Neutral states, which represent balanced valence and moderate
arousal, are located close to the origin. Mathematical equations are used to identify and detect emotions
from videos. For example, in Equation (1), V(t) describes how the valence (mood swings or sentiment
anomalies) of an emotion (positive/negative) changes over time ‘t’:

where  represents the baseline (Initial valence) emotional state, and emotional volatility (valence
shifts over time) is obtained from Rate of Change (ROC). The time or frame index ‘t’ models emotions
from video or time sequence data.

Multimodal Feature Fusion

Physiological markers, which can be used to categorize and predict emotional states, are the basis of
another method for identifying emotions. Variables like skin conductance, heart rate, and user activity
levels are all included in these models. Three primary categories of user data are also taken into
consideration:

• Emotional features are obtained from speech tone or prosody patterns, sentiment scores from text
captions, and facial expression analysis (AFLW dataset).

• Behavioral features, such as the frequency of content sharing, likes, scrolling habits, and login history,
are taken from the metadata of user interactions.

• Media features include visual descriptors, facial embeddings, and objects identified by CNN-based
tagging. 

These feature sets are integrated into a single combined vector, with the process mathematically
represented in Equations (2) and (3).

Feature Vector Xcomb: Here, Xcomb represents a combined feature vector that can be obtained by
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concatenating the emotional features Xemo, media features Xmedia, and behavioral features Xbehave for

representing individual users' personas.

Standardizing Xnormalize: For the dataset to write similar scale for all features, we can normalize the total

feature vector Xcomb represented as

where  describes the mean value of each feature across the dataset, and  
representing the standard deviation of each feature.

Classification

To train CNN, SVM, Random Forest, AdaBoost, and Logistic Regression ML models, we used a normalized
vector  to predict a label (Real/Fake) or classify (Risky/Not Risky) as represented using Equation 4.

Here, fclassifer represent the trained classifier function of the above-mentioned ML models on a Xnormalize 

input features obtained from Equation (3). The best-performing classifier (CNN) is further optimized using
grid search on hyperparameters: learning rate, kernel size, dropout rate, and batch size.

Testing Model: To test the performance of the model , evaluation methods like mean
squared error (MSE), accuracy, Recall, Precision, etc., are used on unseen test data. After evaluation, we
have refined the model by iterating on feature selection and model parameters to improve its
performance, as shown in Equation (5). Representation of this in an iterative process is

The input test data is represented as Xinput test while  provides the above-listed evaluation

metrics. The model optimization parameters using hyperparameters (e.g., learning rate, tree depth) are
defined with the help of Refine(f,theta) function.

Evaluation Metrics

We evaluated the model's performance using metrics such as Accuracy, Precision, Recall, F1-Score, Area
Under ROC Curve (AUC), and confusion matrices (multi-class tasks). We conducted all experiments using
PyTorch, which was trained on an NVIDIA RTX 3090 GPU system, and for robust validation, we used an
over 5-fold cross-validation method. Here, classification models such as Logistic Regression, AdaBoost,
Random Forest, SVM, and CNN are validated to classify personas with different classes, so that
personification can be decided for achieving safety in social media applications. All steps are provided in
Algorithm 1.

Algorithm 1: Secure & Personalized User Representation for Social Media

Input:

Udata: Multimodal inputs - text, images, videos, and behavioural logs.

Output:

Urepr: AI-driven, secure persona profile for safety detection.

1. Data Acquisition

 · Udata: Gather user interactions, profile details, media content, and activity logs from social platforms.

 · Apply preprocessing: clean text, standardize image size, and ensure consistent formats.

2. Feature Extraction:
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 · Emotional Features () - from text sentiment, speech tone, and facial expression analysis.

 · Media Features ( - using CNN-based object recognition, facial landmark detection, and image
descriptors.

 · Behavioral Features (derived from posting patterns, media sharing frequency, and login activity.

3. Feature Fusion:

 · Combine extracted features:  

4. Standardization:

 · Normalize features for scale consistency:

5. Label Assignment

 · Define target classes: real/fake profiles, threat detection, and impersonation alerts.

6. Model Training

 · Train SVM, AdaBoost, RF, CNN, and LR models on

 · Optimize CNN hyperparameters (learning rate, kernel size, dropout rate, batch size) via grid search.

7. Performance Evaluation

 · Assess accuracy, precision, recall, F1-score, MSE, and AUC with 5-fold cross-validation.

8. Refinement

 · Adjust features and parameters ) based on evaluation and retraining:

9. Deployment & Adaptive Learning

 · Deploy the best model for real-time monitoring.

 · Update dynamically as new data patterns emerge.

Class imbalance considerations and negative class: The dataset was examined before the training phase to
find any unequal distribution of output categories, such as high-risk versus low-risk profiles or real versus
fraudulent accounts. To ensure that each class was proportionately represented in both the training and
validation subsets, stratified sampling was used in the 5-fold cross-validation procedure when the
difference was greater than about 10%. Class-specific weighting was added to the CNN model's loss
function to further address imbalance, and both under-sampling of majority groups and oversampling of
minority groups (using SMOTE) were investigated for tree-based and linear classifiers. To create a more
impartial and trustworthy assessment of predicted performance, several steps were taken to lessen bias
towards dominating classes.

 The term "negative class" in this study refers to user accounts or actions, such as identity impersonation,
fake profiles, and abnormal activity patterns, that suggest possible harm or suspect intent. These cases
were classified using a mixed approach: other occurrences were automatically highlighted based on
behavioral metadata, and reference samples from well-known datasets (FDDB, AFLW, and the Deepfake
Detection Challenge) were manually examined and labelled. Atypical posting intervals, erratic content-
sharing patterns, and inconsistent demographic characteristics were among the automatic criteria. This
two-step procedure improved labelling accuracy while enabling the technique to scale well for bigger
datasets.

Results And Discussion
We trained and evaluated the proposed CNN-based model on a publicly available facial and emotion
recognition FDDB [22] and AFLW [23] benchmark datasets. The personification threat in real-world
circumstances was assessed using a custom Deepfake Detection Challenge dataset [24] containing 165
videos that were combined with 138 interview videos offering multimodal (video frames, face landmarks,
and images) information essential for building a robust object and emotion detection pipeline for CNN
models. Table 1 shows a representative sample of the dataset to show how it is organized. The assigned
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emotion category, the matching valence and arousal scores obtained from emotion analysis, and a brief
written entry are all included in each record. For training and assessing the model, this structure
facilitates both qualitative labelling and quantitative mapping in the valence-arousal space.

Text Sample Valence Arousal Emotion Label

I am so thrilled about the news! 0.85 0.88 Excitement

This is the worst day of my life. -0.90 0.65 Sadness

Feeling calm and relaxed. 0.60 -0.45 Calm

I am furious about what happened. -0.75 0.80 Anger

It was an ordinary, uneventful day. 0.05 0.00 Neutral

TABLE 1: Sample entries from the dataset used for emotion representation

Figure 3 illustrates the CNN model’s training and testing accuracy trends developed for object
localization, emotion identification, and action recognition tasks. With each increase in the epoch, the
graph's training accuracy steadily rises while the testing accuracy stays closely aligned, indicating minimal
overfitting. In addition to understanding the training trend, the CNN model performs well when
generalizing to fresh data. Furthermore, the model's resilience and dependability for real-time object
detection tasks in social media content are supported by the steady convergence that is seen after several
epochs. CNN's dominance over conventional classifiers in processing high-dimensional, complex
multimedia data typically seen in social media environments is justified by this performance.

FIGURE 3: Training vs. testing accuracy for object recognition

As a single video may include many emotions, and for video-based personification, it is necessary to
consider text extracted using audio along with image frames. A feature vector is formed from the detected
object, image descriptor, and text generated from audio.
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FIGURE 4: Accuracy of emotions recognized from video clip

Figure 4 represents the accuracy of emotion recognition concerning the sequence of frames from the
sample video, and the results depicted are difficult for personification because of the lack of detailed
description. Object recognition, expression recognition, and activity recognition from our custom 138
interview videos and 165 Deepfake Detection Challenge videos give classification results greater than 91%
using CNN for personification and safety.

FIGURE 5: Confusion matrix for five classification models
AdaBoost, Adaptive Boosting; CNN, Convolutional Neural Networks; SVM, Support Vector Machine

Figure 5 shows confusion matrices for five classification models (SVM, AdaBoost, Random Forest, Logistic
Regression, and CNN) trained on 300 samples of three categories. The confusion matrix shows that the
SVM model provides moderate performance in distinguishing the three classes. For Object Recognition
(Class 0), only 26 out of 102 samples were correctly classified, with most being wrongly predicted as
Expression Recognition (Class 1). Expression Recognition (Class 1) had 34 correct predictions out of 92 but
was often confused with the other classes. Activity Recognition (Class 2) had the best performance, with
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40 correct predictions out of 106. Overall, the model performs poorly on Object and Expression
Recognition, while it handles Activity Recognition relatively better.

The confusion matrix for the Random Forest model shows improved performance compared to the SVM.
For Object Recognition (Class 0), 43 out of 102 samples were correctly classified, with 28 and 31
misclassified as Expression and Activity Recognition, respectively. Expression Recognition (Class 1) had
30 correct out of 100, with most confusion occurring with Object Recognition. Activity Recognition (Class
2) had 33 correct predictions out of 98, with moderate confusion with both other classes. Overall, while
misclassifications are still present, the model performs more consistently across all three classes, showing
a more balanced recognition ability.

The confusion matrix for the Random Forest model indicates a relatively balanced classification across the
three classes. For Object Recognition (Class 0), 43 out of 102 samples were correctly classified, while 28
and 31 were misclassified as Expression (Class 1) and Activity Recognition (Class 2), respectively.
Expression Recognition had 30 correct predictions out of 100, with significant confusion toward both
other classes. Activity Recognition (Class 2) showed the best performance with 33 correct out of 98,
though 38 were misclassified as Object and 27 as Expression. Overall, while the model performs
reasonably well, it still shows a notable overlap between the classes, especially between Object and
Activity Recognition.

The confusion matrix for the Logistic Regression model shows that it struggles to separate the three
classes. For Object Recognition (Class 0), only 25 out of 102 samples were correctly predicted, with the
majority (47) misclassified as Expression Recognition (Class 1). Expression Recognition had moderate
performance, with 35 correct predictions out of 100, and the rest were mostly confused with Activity
Recognition (39). Activity Recognition (Class 2) had 32 correct predictions out of 98, with a high number
(45) misclassified as Expression Recognition. Overall, the model tends to over-predict Expression
Recognition, leading to frequent misclassifications across all classes.

The confusion matrix shows that the CNN model struggles with accurate classification across all three
tasks. Out of 300 samples, Object recognition (Class 0) had the highest correct predictions (47), but was
still frequently confused with Expression (27) and Activity (28). Expression recognition (Class 1) was the
most challenging, with only 24 correct predictions and many being misclassified as Object (48) or Activity
(28). Activity recognition (Class 2) had 17 correct predictions but was often mistaken for Object (43) or
Expression (35). Overall, the model demonstrates significant confusion among the classes, particularly
with Expression recognition, indicating a need for improved feature learning or class separation.

CNN performs best with the highest diagonal values, i.e., it correctly classifies cases most often. SVM and
Logistic Regression misclassify many cases in the second category. AdaBoost and Random Forest exhibit
moderate misclassification error rates, particularly for the third category. CNN exhibits the highest overall
accuracy and is therefore the most reliable model. The accuracy results presented for each model, unless
otherwise specified, reflect performance on the persona classification task, which combines several
prediction components such as emotion labelling, object recognition, and identity deception detection
(false profiles/impersonation). Instead of evaluating each sub-task separately, the combined metric shows
how well the model can classify a sample into the relevant category in this integrated classification
scenario.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Area Under the Curve Score

Support vector machine 72.3 71.5 70.8 71.1 0.52

AdaBoost 68.9 67.4 66.8 67.1 0.48

Random Forest 79.2 78.6 78 78.3 0.52

Logistic Regression 70.5 69.7 69.2 69.4 0.51

Convolutional neural network 83.1 82.5 81.9 82.2 0.48

TABLE 2: Performance comparison of models for social media security

Table 2 compares SVM, AdaBoost, Random Forest, Logistic Regression, and CNN based on AUC score,
precision, recall, accuracy, and F1-score. CNN is the best with 83.1% accuracy, highest precision, recall,
and F1-score. Random Forest takes the second spot with 79.2% accuracy, exhibiting good classification
capacity. SVM (72.3%) and Logistic Regression (70.5%) classify moderately, with well-balanced metrics.
AdaBoost is the weakest with 68.9% accuracy, depicting poor classification. AUC scores are close (0.48-
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0.52), indicating good class separation for all models.

FIGURE 6: Performance metrics comparison of our different models
AdaBoost, Adaptive Boosting; CNN, Convolutional Neural Networks; SVM, Support Vector Machine

The bar graph in Figure 6 compares the performance of five machine learning models: SVM, AdaBoost,
Random Forest, Logistic Regression, and CNN, across four key metrics: Accuracy, Precision, Recall, and F1-
Score. CNN outperforms all other models in every metric, showing the highest overall performance,
followed by Random Forest. Logistic Regression and SVM show moderate performance, while AdaBoost
ranks lowest. Although CNN and Random Forest share similar AUC scores with SVM, CNN's significant
lead in other metrics makes it the most effective model among the five.

Discussion
The experimental results show that CNNs are robust when handling multimodal input for safety and social
media user personification applications. CNN demonstrated its efficacy in tests, including object,
expression, and activity identification by outperforming all other classification models in terms of
accuracy, precision, recall, and F1-score. The capacity of the model to learn deep feature representations
from intricate pictures and video inputs is responsible for its exceptional performance. Traditional models
like SVM, Logistic Regression, and AdaBoost demonstrated observable confusion, especially when it came
to distinguishing between expression and activity identification, whereas Random Forest was the second-
best model and showed comparatively balanced performance across classes. Effective cluster separation
was hampered by the hierarchical and dimensional clustering techniques utilized during feature vector
creation, particularly when examining behavioral and emotional data at the same time. The overlap in
class characteristics indicates a need for better representation learning, even with the use of standardized
combined feature vectors and emotion models such as valence-arousal. To effectively handle ambiguity in
mood and activity features taken from social media content, future refinement should concentrate on
improving class differentiation utilizing sophisticated hybrid models or attention-based methods.

AUC Results and Possible Causes

Even though the top models show good performance in terms of F1-score, recall, accuracy, and precision,
their AUC values are still rather low. There could be two reasons for this result. The ROC curve's capacity
to separate data can be limited by a residual skew in class proportions, particularly for borderline
occurrences, even when balancing techniques such stratified sampling, weighted loss functions, and re-
sampling have been applied. Second, a certain amount of label ambiguity, which results from partially
automated annotations based on behavioral characteristics, could make it difficult to distinguish between
classes when profiles exhibit qualities that overlap. Because of this combination, models are able to attain
poorer overall ranking performance as determined by AUC while still performing well at a fixed decision
threshold. In order to improve ROC-based measures, future work will focus on lowering annotation
ambiguity and investigating learning strategies that are naturally more resistant to class imbalance.

Emotion Class Overlap
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Certain emotional states show subtle similarities throughout the classification process, which might make
correct distinction difficult. For instance, when facial emotions are fleeting or the context is unclear, low-
intensity surprise may exhibit behavioral and facial indicators like those of a neutral state. This overlap
may result in incorrect classification and lower the accuracy of personification. Since partial occlusion,
illumination, and image resolution can further mask emotion-specific indicators, the problem is especially
pertinent to real-world social media content. To address this, future research should investigate context-
aware emotion interpretation, improved label taxonomies, and hybrid models that better distinguish
closely related affective states by including temporal and multimodal information.

Deployment scenarios
Depending on system goals and available resources, the proposed framework can be applied to a variety of
operational setups:

• To enable immediate detection and decision-making without constant network connectivity, on-device
(edge) implementation involves physically installing a condensed version of the CNN model onto user
hardware, such as smartphones or Internet of Things-enabled cameras.

• Centralized server processing allows for large-scale content analysis, unified updates, and interaction
with automatic moderation systems by executing the detection pipeline inside a platform's backend
environment.

• Web browser extensions: Developing small add-ons that work inside browsers to assess user-generated
content and interaction patterns locally before uploading or displaying, providing notifications and
direction in real time.

Both localized processing for speed and privacy, as well as cloud-based solutions for scalability and wide-
ranging monitoring, are supported by this multi-path deployment technique.

Conclusions
To address personification and safety issues in social media, this study suggests a machine learning-based
framework that uses multimodal data, such as text, photos, audio, video, and user behavior patterns, to
identify impersonation and protect user privacy. After testing several algorithms, CNN produced the best
accuracy (83.1%) and balanced results for all important parameters. Real-time threat identification and
content filtering are made possible by the system's ability to distinguish between legitimate users and
possible threats through the integration of emotion recognition, behavioral clustering, and pattern
analysis. The study emphasizes the possibility for implementation in actual social media settings by
demonstrating the usefulness of AI-driven safety features and validating its methodology across several
datasets.

The future scope of the study includes the real-time application of the CNN-based model for live content
screening and proactive safety alerts. Improving cross-cultural and multilingual flexibility will increase its
worldwide usefulness. Clarity will be increased by including explainable AI, and false positives can be
decreased by improving emotion recognition using multimodal data. The model will adapt to new trends
with the aid of adaptive learning, and expanding validation will be supported by the creation of annotated
datasets. Consistent safety protocols across various social media platforms can be guaranteed through
cross-platform integration using modular application programming interface. While complete
longitudinal validation was outside the purview of this study, future work could explore contrastive
learning techniques and attention-based neural architectures to enhance feature disentanglement and
achieve a more distinct separation between authentic user profiles and impersonation attempts. Together
with more extensive empirical testing, these improvements would improve the precision and reliability of
AI-powered safety systems in dynamic online settings.
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