
International Conference on Advances in Management & Technology (ICAMT- March 2025) 

ISSN: 2347-8578                                         www.ijcstjournal.org                                                  Page 181 

Comparative Study of Machine Learning Algorithms for 

Predictive Analytics in Big Data Environments 
 

Amol A. Bodkhe1 

2Department of Computer Science, SSESA’s, Science College, Congress Nagar, Nagpur (MS) India 

 Manish T. Wanjari2 

2Department of Computer Science, SSESA’s, Science College, Congress Nagar, Nagpur (MS) India 

  Prof. Mahendra P. Dhore3 
3Sant Gadgebaba Amravati University, Amravati (MS) India 

ABSTRACT 
Recently, the volume and complexity of data continue to increase, predictive analytics has become an essential tool for 

deriving actionable insights from big data, influencing decision-making across various areas such as healthcare, finance, 

and e-commerce. However, choosing the right machine learning algorithm for predictive analytics can be difficult due to 

the varying levels of performance, computational demands, and scalability, particularly in big data environments. This 

paper deals with a comprehensive comparative analysis of machine learning algorithms in predictive analytics, with a 

particular focus on their effectiveness and practicality in big data scenarios. The study classifies algorithms into three 

basic learning categories: supervised, unsupervised, and reinforcement learning. The evaluation of algorithms such as 

linear regression, decision trees, support vector machines, neural networks, and clustering techniques, we examine the 

advantages and challenges of each method presents when working with large datasets. This paper, we discussed the 

recommendations for selecting machine learning algorithms based on the specific goals of predictive analytics, the 

characteristics of the data, and the computational resources. 

Keywords: Big Data Analytics (BDA), Predictive Analytics Techniques (PAT), Support Vector Machine (SVM), 

Reinforcement learning (RL).  

 

1. INTRODUCTION 
 In today’s fast-paced digital world, big data 

has emerged as a crucial asset across numerous 

industries, including healthcare, finance, retail, 

telecommunications, and manufacturing [1]. The rapid 

growth of data generated through digital transactions, 

social media platforms, sensors, and mobile devices 

presents both vast opportunities and significant 

challenges for organizations. This data, often vast, 

intricate, and varied, holds the potential for valuable 

insights but also poses technical difficulties due to its 

scale, speed, and unstructured format. Consequently, 

harnessing actionable insights from big data has 

become a primary goal of predictive analytics, with 

machine learning (ML) playing a key role in this 

process [2]. 

1.1 The Role of Predictive Analytics in Big Data 

Predictive analytics utilizes statistical models, 

machine learning, and data mining techniques to 

uncover patterns and forecast future outcomes based 

on historical data. This approach is essential in big 

data applications, helping organizations make data-

driven decisions, optimize resources, and manage risks 

proactively. Predictive analytics is applied in a wide 

range of scenarios, from demand forecasting and 

personalized marketing to fraud detection and 

improving patient outcomes in healthcare. The ability 

to anticipate future trends gives organizations a 

competitive advantage, boosts operational efficiency, 

and allows for more personalized services. However, 

the success of predictive analytics depends on the 

selection of appropriate algorithms and their ability to 

handle large datasets. The unique characteristics of big 

data such as its volume, speed, variety, and accuracy 

demand machine learning algorithms that are not only 

precise but also scalable and computationally efficient. 

Choosing the right algorithm for specific applications 

and data types is crucial to optimizing predictive 

accuracy while minimizing processing time and 

resource usage. 

1.2 Machine Learning for Predictive Analytics 

Machine learning has transformed predictive 

analytics by enabling systems to learn from data 

without being explicitly programmed. By analyzing 

vast amounts of data, ML algorithms can identify 

complex patterns, detect anomalies, and make 

predictions that exceed traditional statistical methods 

in both scope and precision. Broadly, machine learning 

algorithms used in predictive analytics fall into three 

categories: 

Supervised Learning: Involves labeled datasets, 

allowing the algorithm to learn by example. 

Supervised algorithms such as decision trees, support 

vector machines, and neural networks are widely used 

for tasks like classification, regression, and ranking. 

Unsupervised Learning: Utilized for exploring data 

without labeled responses, unsupervised learning 

algorithms like clustering and dimensionality 
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reduction techniques are valuable for uncovering 

hidden patterns or grouping data based on similarity 

[4]. 

Reinforcement Learning: While less commonly 

applied in predictive analytics, reinforcement learning 

algorithms are employed in areas requiring sequential 

decision-making, such as autonomous systems and 

dynamic pricing strategies. 

The diversity in machine learning algorithms 

offers a range of options for big data applications, but 

also necessitates a clear understanding of their 

strengths, limitations, and suitability for specific data 

environments. 

1.3 Challenges in Algorithm Selection for Big Data 

Selecting the appropriate machine learning 

algorithm for predictive analytics in big data 

applications requires careful consideration of several 

key factors. These include 

Scalability: An algorithm's ability to efficiently 

process large datasets without significant increases in 

processing time or memory usage is crucial in big data 

environments. 

Computational Efficiency: As memory and 

processing power often limit performance when 

dealing with large datasets, algorithms must be chosen 

for their efficiency and ability to be parallelized across 

distributed computing systems. 

Predictive Accuracy: While accuracy is a 

fundamental criterion for selecting algorithms, 

achieving high levels of accuracy may demand 

considerable computational resources, requiring a 

balance between speed and precision Interpretability: 

Complex algorithms, such as deep neural networks, 

may deliver high accuracy but often at the cost of 

transparency. In fields like healthcare and finance, 

where transparency is essential, the interpretability of 

an algorithm is a vital factor. 

Adaptability to Data Variety: Big data encompasses 

structured, semi-structured, and unstructured data. 

Algorithms must be adaptable to process diverse data 

types and sources, including text, images, and time-

series data. 

 2. Machine Learning Algorithms  
Machine Learning (ML) is a branch of 

artificial intelligence (AI) that enables systems to 

learn from data and make decisions without being 

explicitly programmed. It has become a vital 

component of big data analytics, particularly in 

predictive applications, where algorithms examine 

historical data to predict future trends or behaviors. 

This section delves into the main types of machine 

learning algorithms employed in predictive analytics, 

categorized into three types: Supervised, 

Unsupervised, and Reinforcement Learning. Each 

category is examined in terms of its functionality, 

advantages, limitations, and its effectiveness in 

managing big data for predictive purposes. 

 2.1 Supervised Learning Algorithms 

 In supervised learning, algorithms are trained 

on labeled datasets, where each data point is associated 

with an output label. The goal is to learn the mapping 

function from inputs to outputs, allowing the model to 

make predictions on new, unseen data. Supervised 

learning is widely used in predictive analytics for tasks 

like classification and regression. 

2.1.1 Linear Regression 

 Linear regression is one of the easiest and 

most popular Machine Learning algorithms. It is a 

statistical method that is used for predictive analysis. 

Linear regression makes predictions for 

continuous/real or numeric variables such as sales, 

salary, age, product price, etc. 

 Linear regression algorithm shows a linear 

relationship between a dependent (y) and one or more 

independent (y) variables, hence called as linear 

regression. Since linear regression shows the linear 

relationship, which means it finds how the value of the 

dependent variable is changing according to the value 

of the independent variable. The linear regression 

model provides a sloped straight line representing the 

relationship between the variables. Consider the below 

image: 

 
                            Fig 1: Linear Regression 

 

2.1.2 Decision Tree: 

A decision tree is commonly known as a 

classification model, but it can also be applied to 

regression tasks. It functions as a tree-like model that 

illustrates the relationships between decisions and their 

potential outcomes [9]. These outcomes may encompass 

event results, resource costs, or utility. Each branch in 

its tree-like structure represents a choice between 

multiple alternatives, with each leaf symbolizing a 

decision. By partitioning data into subsets based on 

input variable categories, decision trees aid individuals 
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in decision analysis. The popularity of decision trees 

stems from their ease of understanding and 

interpretation. Figure 2 below illustrates a typical 

decision tree model. 

 
Fig. 2: Decision Tree 

 
2.1.3 Random Forests:  

 Random Forest is an ensemble machine 

learning algorithm that builds multiple decision trees 

and merges them to produce a more accurate and 

stable prediction. It operates by randomly selecting 

subsets of data and features to train each tree, reducing 

overfitting and improving generalization. The final 

prediction is made by averaging the outputs (for 

regression) or voting (for classification) of all trees. 

Random Forest handles both numerical and categorical 

data and is effective for large datasets with high 

dimensionality. It is robust to noise and can model 

complex relationships. This algorithm also provides 

feature importance scores, helping identify the most 

relevant features. Random Forest can be 

computationally expensive, especially with large 

datasets. However, its parallel nature allows it to be 

efficiently scaled. It is widely used in areas such as 

finance, healthcare, and e-commerce for tasks like 

classification, regression, and anomaly detection. 

Despite its high accuracy, Random Forest can be less 

interpretable than simpler models.  

2.1.4 Support Vector Machines (SVM): 

It is supervised kind of machine learning 

technique popularly used in predictive analytics. With 

associative learning algorithms, it analyzes the data for 

classification and regression [5, 6]. However, it is 

mostly used in classification applications. It is a 

discriminative classifier which is defined by a 

hyperplane to classify examples into categories. It is 

the representation of examples in a plane such that the 

examples are separated into categories with a clear 

gap. The new examples are then predicted to belong to 

a class as which side of the gap they fall. The example 

of separation by a support vector machine is 

represented in figure 6. Change the paragraphs 

sentence  

 

Fig.3: Support Vector Machine 

 
2.1.5 Neural Networks:  

Neural Networks are inspired by the human brain and 

consist of layers of interconnected nodes (neurons) 

that process input data and identify complex patterns. 

They excel in tasks with non-linear relationships and 

are particularly effective in deep learning, where 

networks have multiple hidden layers. 

2.2 Unsupervised Learning Algorithms: 

Unsupervised learning algorithms work with 

unlabeled data, aiming to identify hidden structures or 

patterns within the data. These algorithms are often 

used in exploratory data analysis and feature 

extraction, which is critical in predictive analytics for 

dimensionality reduction and data segmentation. 

2.2.1 K-means Clustering:  

K-Means Clustering is an unsupervised 

machine learning algorithm used for partitioning a 

dataset into distinct groups or clusters. The algorithm 

works by randomly initializing k centroids (one for 

each cluster), then iteratively assigning each data point 

to the nearest centroid and updating the centroids 

based on the assigned points. This process continues 

until the centroids no longer change significantly. K-

Means aims to minimize the variance within each 

cluster, ensuring that data points within a cluster are as 

similar as possible. It is computationally efficient and 

works well with large datasets, making it popular for 

tasks such as customer segmentation and image 

compression. However, K-Means requires the user to 

specify the number of clusters (k) in advance, which 

can be challenging without domain knowledge. 

Additionally, K-Means is sensitive to the initial 

placement of centroids and may converge to local 

minima, impacting the quality of the clusters. It also 

assumes spherical, equally sized clusters and may 

struggle with non-linear or overlapping data 

distributions. 

2.2.2 Hierarchical Clustering:      
          Hierarchical Clustering is an unsupervised 

machine learning algorithm used to group similar data 

points into a hierarchy of clusters. It can be 

agglomerative (bottom-up) or divisive (top-down). In 

agglomerative clustering, each data point starts as its 

own cluster, and pairs of clusters are merged based on 
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similarity until only one cluster remains. In divisive 

clustering, all data points start in one cluster, which is 

recursively split into smaller clusters. The algorithm 

uses a distance metric (e.g., Euclidean distance) to 

measure similarity between clusters. The results are 

often represented as a dendrogram, showing the tree-

like structure of the clusters. Hierarchical clustering 

does not require the number of clusters to be specified 

in advance, unlike K-Means. However, it can be 

computationally expensive for large datasets and may 

struggle with clusters of varying sizes and densities. 

2.2.3 Principal Component Analysis (PCA) 
             Principal Component Analysis (PCA) is a 

dimensionality reduction technique used to transform 

high-dimensional data into a lower-dimensional form 

while retaining most of the original variability. PCA 

works by identifying the directions (principal 

components) in which the data varies the most. These 

directions are orthogonal (uncorrelated) and ordered 

by the amount of variance they capture. The first 

principal component captures the most variance, the 

second captures the second most, and so on. PCA is 

widely used for data visualization, noise reduction, and 

feature selection. It helps reduce computational 

complexity and storage requirements in machine 

learning models. Although PCA improves 

performance in many cases, it can be sensitive to 

outliers and assumes linear relationships between 

variables. It also may be harder to interpret the 

transformed data, as the new dimensions are 

combinations of the original features. 

2.3 Reinforcement Learning Algorithms 
Reinforcement Learning (RL) is a different approach 

in which an agent learns to make decisions by 

interacting with an environment to maximize 

cumulative rewards. While not as commonly used in 

predictive analytics for big data, RL has applications 

in real-time decision-making, especially in dynamic 

environments. 

2.3.1 Q-Learning:  
Q-Learning is a model-free reinforcement learning 

algorithm that learns the value of an action in a 

particular state by maximizing the expected rewards 

over time. It is commonly used in robotics, gaming, 

and operational optimization. 

• Advantages: Effective in environments with a clear 

reward structure; suitable for real-time adaptation. 

• Disadvantages: Slow convergence for large state 

spaces; requires extensive tuning for complex 

environments. 

• Suitability for Big Data: Limited direct applicability 

in batch-oriented predictive analytics but useful for 

real-time applications with streaming data. 

3 Data Preprocessing and Feature Selection 

Requirements 

Data preprocessing is essential in big data environments 

due to the large volume and diverse nature of data 

sources. This section outlines the preprocessing steps and 

feature selection criteria necessary to optimize algorithm 

performance: 

Data Cleaning and Transformation: Big data often 

contains issues such as missing, duplicate, or inconsistent 

entries. Algorithms are evaluated based on how well they 

handle these inconsistencies and whether preprocessing 

steps like data imputation, standardization, and 

normalization are needed to prepare the data. 

Feature Selection: Feature selection aims to reduce the 

data’s dimensionality, enhancing algorithm performance 

by eliminating redundant or irrelevant features. This step 

examines how well each algorithm manages high-

dimensional datasets, as some, like decision trees, 

naturally handle numerous features, while others, such as 

linear models, may struggle with multicollinearity. 

Data Partitioning: To ensure a fair comparison, the 

dataset is divided into training and testing subsets, 

typically using a standard ratio (such as 70:30 or 80:20). 

In cases of data imbalance, stratified sampling is used to 

maintain balanced class distributions across both training 

and testing sets. 

Distributed Processing Capabilities: For big data 

applications, distributed processing is often necessary. 

Algorithms are assessed for their compatibility with 

distributed frameworks such as Hadoop or Apache 

Spark, which allow them to process large datasets more 

efficiently. 

4 Applications of Predictive Analytics for Big 

Data 
          Predictive analytics in big data relies heavily on 

machine learning algorithms to forecast trends, detect 

patterns, and make accurate predictions based on vast 

and complex datasets. This capability is invaluable 

across multiple industries, where leveraging predictive 

analytics can improve decision-making, optimize 

resources, and enhance user experience. Here, we delve 

into specific applications across healthcare, finance, e-

commerce, energy, and social media, demonstrating 

how machine learning algorithms operate in predictive 

analytics for big data [2].  

4.1 Healthcare: Predictive Diagnostics and Outcome 

Predictions in healthcare, predictive analytics using big 

data has revolutionized patient care by enabling early 

diagnostics, treatment recommendations, and patient 

outcome predictions. 

Example: A hospital analyzing historical patient data 

uses a Random Forest model to predict patients likely to 

develop complications post-surgery, allowing for 

preemptive interventions. 

4.2 Finance: Fraud Detection and Credit Scoring In 

finance, machine learning-powered predictive analytics 

has a significant impact on fraud detection, credit 
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scoring, and customer retention, among other 

applications. 

Example: A credit card company uses Neural Networks to 

detect suspicious spending patterns, minimizing false 

positives and improving the efficiency of fraud detection 

systems. 

4.3 E-commerce: Customer Segmentation and 

Recommendation Systems 

In e-commerce, predictive analytics enables companies to 

create personalized experiences, optimize sales strategies, 

and forecast demand. 

Example: Amazon’s recommendation system uses 

collaborative filtering and neural networks to analyze 

customer behavior and suggest products, improving 

customer retention and driving sales. 

4.4 Energy Sector: Demand Forecasting and Predictive 

Maintenance 

Predictive analytics in the energy sector is vital for 

demand forecasting, optimizing energy production, and 

ensuring efficient maintenance of equipment. 

Example: A utility company leverages time-series models 

to predict peak demand periods, ensuring sufficient 

energy reserves are maintained, thus avoiding power 

outages. 

4.5 Social Media: Sentiment Analysis and User 

Engagement Prediction Social media platforms employ 

predictive analytics to improve user experience, track 

sentiment, and enhance ad targeting. 

Example: Twitter uses NLP algorithms to analyze real-

time tweets, identifying trends and public sentiment to 

improve user engagement and content relevance. 

5. Conclusion  

In this comparative study, we studied the 

various machine learning algorithm. The rapid 

expansion of big data has amplified the need for 

advanced predictive analytics, propelling machine 

learning (ML) algorithms to the forefront of 

technological innovation. we analyzed the several 

machine learning algorithms spanning supervised, 

unsupervised, and reinforcement learning 

categories evaluating their suitability and 

efficiency for large-scale predictive analytics 

applications such as healthcare, finance, social 

media etc.  

In this comparative study, we observed that 

ensemble methods like Random Forest, Support Vector 

Machine and Principal Component Analysis 

consistently yield high accuracy and robustness, 

making them well-suited for applications where 

prediction precision is paramount, such as fraud 

detection in finance or outcome prediction in 

healthcare. However, these models tend to be 

computationally intensive, which can pose scalability 

challenges in real- time analytics scenarios.   
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