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Abstract: User engagement on social media significantly influences online reputation, consumer preferences, and business 
profitability. Understanding and predicting engagement patterns can help businesses and platform developers tailor strategies 
that improve interaction and overall user experience. This study presents a comparative analysis of four classical machine 
learning algorithms—Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Logistic Regression, and Decision Tree—for 
predicting user engagement using the Bitcoin Tweets dataset. The dataset was preprocessed through text cleaning, tokenization, 
stopword removal, and lemmatization, followed by feature extraction incorporating sentiment scores, engagement metrics, and 
temporal dynamics. Models were implemented in Python and evaluated using Accuracy, Precision, Recall, and F1-score. Results 
highlight the strengths and weaknesses of each algorithm, providing insights into their suitability for engagement classification 
tasks. The findings contribute to advancing customer segmentation strategies and enhancing the effectiveness of online media 
campaigns. 
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I.INTRODUCTION 

Social media has become a cornerstone of modern 

communication, information sharing, and digital marketing. 

Platforms such as Twitter, Facebook, and Instagram provide 

businesses with unprecedented opportunities to interact with 

consumers, promote products, and build brand reputation. 
Unlike traditional advertising channels, social media allows 

for direct and dynamic interaction, where user 

engagement—measured through likes, shares, comments, 

and retweets—plays a central role in amplifying content 

reach and shaping consumer perceptions [1] [2]. Analyzing 

user behavior on these platforms has gained importance as 

businesses increasingly rely on online reputation to 

influence consumer trust, preferences, and purchasing 

decisions. High engagement levels can enhance visibility, 

foster customer loyalty, and drive sales, whereas low 

engagement may indicate weak resonance with target 
audiences [3]. Therefore, systematically studying 

engagement patterns is essential for organizations aiming to 

optimize their digital marketing strategies and achieve long-

term profitability. This research is motivated by the need to 

improve user segmentation based on engagement patterns. 

By identifying distinct groups of users who interact 

differently with online content, businesses and platform 

developers can design targeted strategies that appeal to each 

segment. Such segmentation not only enhances the 

personalization of content but also ensures more efficient 

allocation of marketing resources [4]. Employing machine 

learning algorithms for engagement prediction provides a 
robust approach to uncovering these patterns, thereby 

contributing to more effective decision-making in the digital 

ecosystem[5] [6]. 

 

The primary objectives of this research are threefold. First, it 

aims to conduct a systematic comparative analysis of four 

machine learning algorithms—Support Vector Machine 
(SVM), K-Nearest Neighbor (KNN), Logistic Regression, 

and Decision Tree—to predict user engagement in social 

media. Second, the study evaluates the effectiveness of each 

algorithm using standard performance metrics, namely 

Accuracy, Precision, Recall, and F1-Score, to identify their 

relative strengths and weaknesses in classifying engagement 

patterns. Third, the research seeks to derive actionable 

insights from the comparative results that can support 

businesses, digital marketers, and social media platforms in 

developing improved user segmentation methods and more 

effective engagement strategies tailored to distinct user 
interaction behaviors. This study makes several key 

contributions. It provides a comparative evaluation of 

algorithms, systematically analyzing SVM, KNN, Logistic 

Regression, and Decision Tree for predicting social media 

engagement. It offers performance insights by highlighting 

each model‘s strengths and limitations based on Accuracy, 

Precision, Recall, and F1-Score. Additionally, the research 

demonstrates how machine learning–based engagement 

prediction can support effective user segmentation by 

identifying distinct interaction patterns. Finally, the study 

contributes practical applications for businesses, digital 

marketers, and platform developers, providing actionable 



  International Journal of Contemporary Research in Computer Science and Technology (IJCRCST)       ISSN: 2395-5325 
Volume 4, Special Issue 1 (September ’2018) 

Special Issue on 2
nd

 National Conference on Advanced Computing and Communication Technologies,  
  Conference held at Siri PSG Arts and Science College for Women, Sankari,Tamilnadu,India. 

 
IJCRCST © 2018 | All Rights Reserved                www.ijcrcst.com 

 
50 50 

insights to design tailored engagement strategies, optimize 

content delivery, and strengthen online reputation. 

 

II. RESEARCH METHODOLOGY 

2.1 Dataset Description 

This study utilizes the Bitcoin Tweets dataset, publicly 

available on Kaggle, which contains social media data 

related to Bitcoin discussions. From this dataset, a sample of 

5,000 records was selected for analysis[7] [8]. Each record 

consists of the following key attributes: 

 Tweet Text – textual content of the tweet, serving 

as the primary source for sentiment and feature 

extraction. 

 Likes – number of likes received, representing user 

engagement at the interaction level. 

 Retweets – number of retweets, indicating content 

amplification and reach. 

 Timestamps – time of posting, enabling the study 

of temporal dynamics of engagement. 

This dataset provides a balanced combination of textual, 

numerical, and temporal features, making it suitable for 

analyzing user engagement patterns and building predictive 

models. 

2.2 Data Preprocessing 

Before applying machine learning algorithms, the dataset 

was preprocessed to ensure quality and consistency[9] [10]. 
The following steps were performed: 

 Tokenization – The tweet text was split into individual 

tokens (words) to facilitate further linguistic and 

feature-based analysis. 

 Stopword Removal – Commonly occurring words 

(e.g., the, is, and) that carry minimal semantic meaning 

were removed to reduce noise in the dataset. 

 Lemmatization – Words were normalized to their base 

or dictionary form (e.g., running → run), ensuring that 

semantically similar words are treated uniformly. 

 Feature Extraction – Structured features were derived 
from the textual and non-textual attributes: 

o Text-based features: Term Frequency–

Inverse Document Frequency (TF–IDF) 

vectors representing tweet content. 

o Sentiment features: Polarity scores obtained 

using a sentiment analysis tool. 

o Engagement features: Likes and retweets 

incorporated as numeric predictors of 

engagement intensity. 

o Temporal features: Posting time converted 

into categorical variables such as time-of-day 
and day-of-week to capture activity patterns. 

This preprocessing pipeline enabled the transformation of 

raw social media data into structured inputs suitable for 

machine learning classification. 

2.3 Feature Engineering 

To capture both textual and behavioral aspects of user 

engagement, additional features were derived from the 

dataset beyond the raw tweet text. These features are 

grouped as follows: 

 Sentiment Analysis Features: Each tweet was 

analyzed using a sentiment analysis tool to determine 

polarity (positive, negative, neutral) and subjectivity 

scores. These features capture the emotional tone of the 

content, which directly influences user engagement. 

 Temporal Dynamics: Posting time was transformed 

into categorical features such as hour of day, day of 

week, and weekday/weekend indicator. These temporal 

attributes reflect engagement variations based on user 

activity cycles and platform traffic patterns. 

 Engagement Metrics: Numeric features including 

number of likes and number of retweets were 

incorporated to represent user interaction levels. These 

metrics serve as direct indicators of the content‘s reach 

and amplification in the social media network. 

By integrating sentiment, temporal, and engagement-based 

features, the dataset provides a holistic representation of 
user behavior, enabling more accurate classification of 

engagement patterns. 

2.4 Machine Learning Models 

A. Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a margin-based classifier 

widely used for supervised learning tasks. The primary 

objective of SVM is to find the optimal hyperplane that 

separates data points of different classes with the maximum 

margin. The margin is the distance between the hyperplane 

and the nearest data points, known as support vectors. 

 Linear Decision Function: The classifier predicts a 
class label based on the sign of the linear decision 

function: 

𝑓 𝑥 =  𝜔𝑇  𝑥 + 𝑏 
Where, w is the weight vector, x is the input feature 

vector, and b is the bias term. 

 Optimization Objective: The SVM seeks to minimize 

classification error while maximizing the margin. The 

optimization problem is: 
𝑚𝑖𝑛

𝜔, 𝑏
   

1

2
  | 𝜔 |2   𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖    𝜔

𝑇𝑥𝑖 + 𝑏  ≥ 1, ∀𝑖 

Where, yi∈{−1,+1}  are the class labels. 

 Kernel Trick: For non-linear problems, SVM employs 

kernel functions (e.g., polynomial, radial basis function) 

to map input data into a higher-dimensional space 

where a linear separator can be found. 

Thus, SVM provides robust performance, especially in 

high-dimensional feature spaces such as text data. 
The Support Vector Machine (SVM) works by finding an 

optimal hyperplane that separates tweets into classes based 

on engagement levels. In the Bitcoin Tweets dataset, 

features such as TF–IDF representations of tweet text, 

sentiment scores, likes, retweets, and temporal patterns are 

used as input. SVM identifies the hyperplane that maximizes 

the margin between classes, ensuring robust classification 

even in high-dimensional spaces. For non-linear 

relationships in the data, kernel functions (such as RBF) are 

applied to map the features into a higher-dimensional space, 

allowing the model to capture complex engagement 

patterns. Once trained, SVM predicts whether a tweet 
belongs to a high, medium, or low engagement category 

based on its proximity to the decision boundary [11] [12]. 
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B. K-Nearest Neighbor (KNN) 

K-Nearest Neighbor (KNN) is a distance-based, non-

parametric classifier that makes predictions by comparing 
the input sample to the most similar data points in the 

training set. Unlike parametric models, KNN does not 

assume an explicit functional form; instead, it relies on the 

―proximity‖ of instances. Working Principle is, 

 Choose the number of neighbors k. 

 Compute the distance between the input sample 

and all training samples (commonly Euclidean 

distance). 

 Identify the k nearest neighbors. 

 Perform majority voting (for classification) or 

averaging (for regression) to assign the output 
label. 

 Distance Function (Euclidean Distance): 

𝑑 𝑥, 𝑥𝑖 =    (𝑥𝑗 − 𝑥𝑖𝑗 )2

𝑛

𝑗=1

 

Where, x is the input vector, xi  is a training vector, and 

n is the number of features. 

 Decision Rule: The predicted class y is the class most 

frequent among the k neighbors: 

𝑦  = 𝑎𝑟𝑔𝑚𝑎𝑥𝑐∈𝐶     𝐼 (𝑦𝑖 = 𝐶)

𝑘

𝑖−1

 

Where, C is the set of possible classes, yi is the class 

label of the neighbor, and I(⋅) is an indicator function. 

KNN is intuitive and effective for small to medium datasets, 

but its performance depends on the choice of k and distance 

metric. It can become computationally expensive for large 

datasets since distances must be computed for all training 

samples at prediction time[13] [14]. 

 

The K-Nearest Neighbor (KNN) algorithm classifies tweets 

based on the similarity to their nearest neighbors in the 

feature space. For the Bitcoin Tweets dataset, each tweet is 
represented as a vector of TF–IDF text features combined 

with sentiment, likes, retweets, and temporal metrics. When 

predicting engagement for a new tweet, KNN calculates the 

distance (commonly Euclidean or Manhattan) between this 

tweet and all tweets in the training set. The algorithm then 

identifies the ‗k‘ closest neighbors and assigns the class that 

is most frequent among them. While simple and intuitive, 

KNN‘s performance can be affected by high-dimensional 

sparse features, which is typical for text data, making 

distance measurements less discriminative. 

 

C. Logistic Regression: 

Logistic Regression is a probabilistic classification model 

widely used for binary and multi-class problems. Unlike 

linear regression, which predicts continuous values, logistic 

regression predicts the probability that an input belongs to a 

particular class by applying the sigmoid (logistic) function. 

Working Principle is, 

 Compute the linear combination of input features: 

𝑧 = 𝜔𝑇𝑥 + 𝑏 

Where, w is the weight vector, x is the input feature 

vector, and b is the bias. 

 Apply the sigmoid activation function to map values 
between 0 and 1: 

𝜎 𝑧 +  
1

1 + 𝑒−𝑧
 

 Interpret the output as probability: 

𝑃  𝑦 = 1 𝑥  =  𝜎(𝜔𝑇𝑥 + 𝑏) 

 Assign the class label based on a threshold (commonly 

0.5): 

 

 

𝑦  =   
1
0
    
𝑖𝑓 𝑃  𝑦 = 1 𝑥  ≥ 0.5

𝑜𝑡𝑕𝑒𝑟𝑤𝑖𝑠𝑒
      

  

 Cost Function (Log-Loss): The model is trained 

by minimizing the log-likelihood loss: 

𝐽  𝜔 =  
1

𝑚
   [  𝑦𝑖 log 𝑦 𝑖 

𝑚

𝑖=1

+   1 − 𝑦𝑖 log(1 − 𝑦 𝑖) 

Where, m is the number of training samples. 
Logistic Regression is a probabilistic model that predicts the 

likelihood of a tweet belonging to a specific engagement 

class. Using the Bitcoin Tweets dataset, the input features—

including text vectorization (TF–IDF), sentiment scores, 

engagement metrics, and temporal attributes—are weighted 

by learned coefficients. The logistic function maps the linear 

combination of these features to a probability between 0 and 

1. The predicted class is assigned based on the highest 

probability. Logistic Regression is effective for linearly 

separable patterns in the data, providing interpretable results 

through the magnitude of feature coefficients, but it may be 
less capable of capturing complex non-linear relationships 

inherent in social media engagement[15] [16] [17]. 

 

D. Decision Tree 

Decision Tree is a rule-based, non-parametric classifier 

that recursively partitions the feature space into regions 

based on feature values. It represents decisions in a tree-like 

structure, where internal nodes denote feature-based 

conditions, branches denote outcomes, and leaf nodes 

represent class labels. Working Principle are, 

 Select the best feature to split the dataset at the root 

node. 

 Partition the dataset based on the feature‘s values. 

 Recursively apply splitting on each subset until a 

stopping criterion is met (e.g., maximum depth, 

minimum samples per node). 

 Assign class labels at the leaf nodes based on 

majority class. 

Impurity Measures (Splitting Criteria): Common criteria 

are Gini Impurity and Entropy (Information Gain). 

o Entropy: 

𝐻 𝑆 =  −  𝑝𝑖  𝑙𝑜𝑔2   (𝑝𝑖)

𝑐

𝑖=1

 

Where, pi is the proportion of samples belonging to 

class i. 
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o Information Gain: 

𝐼𝐺  𝑆, 𝐴 +  𝐻 𝑆  −  
|𝑆𝑣 |

|𝑆|
𝐻(𝑆𝑣)

𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠 (𝐴)

 

Where, A is the feature, S is the dataset, and Sv is the 

subset corresponding to value v. 

o Gini Impurity: 

𝐺 𝑆 +  1 − 𝑃𝑖
2

𝑐

𝑖=1

 

A sample follows the path from root to leaf, and its 

predicted class is the majority class at the leaf.  

The Decision Tree algorithm models engagement by 

recursively splitting the dataset based on feature values to 
create a tree of decision rules. For the Bitcoin Tweets 

dataset, features like TF–IDF text vectors, sentiment scores, 

likes, retweets, and posting time are used to determine the 

splits that best separate tweets with different engagement 

levels. Each internal node represents a feature-based 

decision, and each leaf node corresponds to a predicted 

engagement class. Decision Trees can capture non-linear 

patterns and interactions among features, making them 

interpretable and easy to visualize. However, they are prone 

to overfitting, particularly with high-dimensional, sparse 

text data, which can reduce generalization performance on 
unseen tweets[18] [19]. 

 

III.RESULT AND DISCUSSION 

3.1. Experimental Setup 

The experimental study was conducted on a Windows 10 

(64-bit) operating system, running on an Intel Core i5 

processor with 8 GB of RAM and a 1 TB HDD. Although 

GPU acceleration was not required for the classical models 

used in this research, the system was optionally capable of 

leveraging NVIDIA CUDA-compatible GPUs for extended 

experiments or faster processing. The implementation was 

carried out in Python 3.9, which is compatible with versions 
3.8–3.10. The following libraries were employed: NumPy 

(1.24.x) and Pandas (1.5.x) for numerical computation and 

data handling, Scikit-learn (1.2.x) for machine learning 

model implementation, and SciPy (1.10.x) for mathematical 

operations. NLTK and SpaCy were utilized for natural 

language preprocessing tasks such as tokenization, stopword 

removal, and lemmatization, with the en_core_web_sm 

model downloaded for SpaCy. Imbalanced-learn (0.10.x) 

was integrated to address class imbalance through SMOTE 

when required. Visualization was performed using 

Matplotlib and Seaborn, and Joblib was employed for saving 
trained models and pipelines. To ensure reproducibility, a 

global random seed (seed = 42) was set across NumPy, 

Python‘s random library, and Scikit-learn. The dataset was 

divided into 80% training and 20% testing sets using 

stratified sampling to maintain class balance. Model 

performance was tuned and validated using stratified k-fold 

cross-validation (k = 5 or 10), with the best hyperparameters 

determined through GridSearchCV or 

RandomizedSearchCV. The final results were reported on 

the held-out test set to ensure unbiased evaluation. 

 

 

 

 

3.2. Performance Evaluation 
 

The primary evaluation metrics included accuracy, 

precision, recall, and F1-score, which were reported both on 

a per-class basis and as macro-averaged scores. Additional 

evaluation included confusion matrices and ROC-AUC or 

precision–recall curves where relevant. Results were 

presented as mean ± standard deviation across cross-

validation folds, with final performance metrics calculated 

on the held-out test set. 

The performance of the four machine learning algorithms—

Support Vector Machine (SVM), K-Nearest Neighbor 

(KNN), Logistic Regression (LR), and Decision Tree 
(DT)—was evaluated on the Bitcoin Tweets dataset using 

10-fold cross-validation (K = 10). The evaluation metrics 

considered were Accuracy, Precision, Recall, and F1-score. 

Table 1: Performance of machine learning Models 

Results (10-Fold CV Average) 

Algorithm Accuracy 

(%) 

Precision Recall F1-

Score 

SVM 87.2 0.88 0.86 0.87 

Logistic 

Regression 

85.1 0.86 0.84 0.85 

KNN 82.4 0.83 0.81 0.82 

Decision Tree 78.6 0.79 0.77 0.78 

 

SVM excels in high-dimensional spaces such as TF–IDF 

vectorized text, as it maximizes the margin between classes. 

It is less prone to overfitting compared to Decision Trees 

and more stable than KNN for sparse data. Its kernel trick 
(linear/RBF) allows it to adapt to non-linear class 

boundaries. Achieved the highest accuracy (87.2%) and 

balanced Precision/Recall, making it most suitable for 

engagement classification. Logistic Regression is a 

probabilistic linear classifier that works well when the 

classes are linearly separable in the feature space. It is 

computationally efficient and interpretable, but it cannot 

capture complex non-linear boundaries as effectively as 

SVM. Performed closely to SVM (85.1% accuracy), but 

slightly weaker on Recall, showing that it may miss some 

minority class cases. KNN relies on distance metrics, which 

become less effective in high-dimensional sparse feature 
spaces (curse of dimensionality). Since TF–IDF features are 

sparse, similarity calculations may lose discriminative 

power. Additionally, KNN is computationally expensive at 

prediction time. Achieved 82.4% accuracy, but performance 

degrades compared to SVM and LR. Decision Trees tend to 

overfit small datasets and are less effective with sparse, 

high-dimensional text features. While interpretable, they 

lack the ability to generalize well on unseen data without 

ensemble methods like Random Forests or Gradient Boosted 

Trees. Lowest performance (78.6% accuracy), with weaker 

Precision and Recall, indicating both false positives and 
false negatives. 

The results clearly show that SVM outperforms other 

algorithms in classifying user engagement from Bitcoin 

Tweets due to its robustness in handling high-dimensional 
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text features and ability to generalize better across folds. 

Logistic Regression follows closely, offering strong 

performance with computational efficiency. KNN, while 
conceptually simple, suffers from distance computation 

issues in sparse spaces. Decision Tree underperforms due to 

overfitting and limited generalization ability. Overall, SVM 

is recommended for social media engagement analysis 

when using TF–IDF and additional structured features, as it 

balances predictive performance with interpretability 

through margin-based classification. 

 

IV. CONCLUSION 

This paper presented a comparative analysis of user 

engagement on social media using four machine learning 

algorithms: Support Vector Machine (SVM), K-Nearest 
Neighbor (KNN), Logistic Regression, and Decision Tree. 

The Bitcoin Tweets dataset was used as a case study, and 

the models were evaluated using 10-fold cross-validation 

with metrics including Accuracy, Precision, Recall, and F1-

score. Among the models, SVM demonstrated the best 

overall performance, achieving the highest accuracy 

(87.2%) and balanced precision–recall scores, indicating 

robust capability in handling high-dimensional TF–IDF text 

features and sparse engagement data. Logistic Regression 

performed closely, providing efficient and interpretable 

predictions. KNN and Decision Tree exhibited 
comparatively lower performance due to high-dimensional 

distance computation limitations and overfitting on sparse 

features, respectively. The study highlights the importance 

of selecting models suitable for textual and temporal data in 

social media engagement analysis, confirming that margin-

based classifiers like SVM are most effective for this type of 

task. The findings also emphasize that incorporating 

sentiment features, engagement metrics, and temporal 

dynamics enhances the ability to segment users and predict 

engagement patterns accurately. This contributes to more 

informed strategies for businesses and content creators 

seeking to optimize user interaction and digital marketing 
outcomes.  Future work can explore advanced neural 

network architectures such as LSTM, GRU, or Transformers 

to capture more complex temporal dynamics and sequential 

patterns in social media engagement. 
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