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ABSTRACT 

The rapid expansion of IoT, cloud computing, social media, and distributed systems has generated 

massive amounts of data, making big data analytics increasingly important. Traditional sampling 

methods are often insufficient for handling the complexity and scalability challenges of modern big 

data environments. To overcome these limitations, machine learning-based sampling techniques have 

been developed to intelligently select representative data while preserving analytical accuracy. This 

paper surveys supervised, unsupervised, reinforcement, active, and deep learning-based sampling 

approaches and their integration with platforms like Hadoop and Apache Spark. Experimental 

findings show that intelligent sampling improves scalability, accuracy, efficiency, and resource 

utilization. The study concludes that machine learning-based sampling is a key technology for future 

big data analytics, with promising directions in hybrid, federated, explainable, and real-time adaptive 

sampling models. 
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1. INTRODUCTION 

1.1 Background 

Digital technologies have changed greatly how organisations collect and manage information 

and how they use it in different fields. Today, huge amounts of structured, semi-structured and 

unstructured data is produced continuously in diverse sources like Internet of Things (IoT) sensor 

networks, mobile devices, social networks, enterprise information systems, industrial automation 

networks, health care applications, scientific research instruments, and cloud computing systems, all 

of which are heterogeneous. This exponential growth in data production has spurred the rise of big 

data analytics as a key area of study and industry. Big data analytics deals with the use of 

sophisticated computational methods to derive pattern, relationships, trends and actionable 

knowledge from very large and complex datasets. The volume, speed, and variety of today's data 

have caused a major problem for the traditional database management systems and analytical 

methods, which are typically not powerful enough to handle the large volume of data efficiently. 

Overcoming these challenges, distributed computing technologies are widely used for scalability in 

storage, processing in parallel and high-level analysis, for example, Apache Hadoop and Apache 

Spark. These frameworks allow organizations to quickly and efficiently process huge amounts of 

information in real time, which helps them make sense of the data and make the best decisions, as 

well as predict the future, optimize the organization, discover new scientific knowledge and create 

new applications for the artificial intelligence. 

 

1.2. Importance of Data Sampling in Big Data Systems 

 
Fig 1 - Importance of Data Sampling in Big Data Systems 

 

1.2.1. Reduction of Computational Complexity 

A key benefit of data sampling in big data systems is that of reduced computational 

complexity. Modern analytics applications are likely to work with huge amounts of data—millions or 

even billions of records, some of which can be very large—and they may need a lot of processing 

power, memory space and time to run. The processing of full datasets can lead to a high 

computational load and to a slow return of the analysis results. To overcome this challenge, data 

sampling involves selecting representative subsets of data that retain the statistical properties and 

patterns of the entire dataset. Scientists found that intelligent sampling decreases amount of 

processing without compromising analytical reliability and predictive confidence. This helps 

machine learning models and analysis tools to run more smoothly in large-scale computational 

applications. 
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1.2.2. Improved Scalability 

Data sampling is also very important to enhance the scalability of distributed analytics 

systems. Typical big data platforms serve multiple distributed computing nodes and partition the 

large data sets across the nodes and process them in parallel. If transferring and synchronizing full 

datasets between distributed clusters is performed, it may introduce communication bottlenecks and 

delay in the system. Sampling mechanisms minimize the amount of data transmitted between 

processing nodes by choosing only a representative and high-information content set of data for 

processing. They discovered that decreasing the amount of communication overhead increases the 

efficiency of parallel execution, fault tolerance and managing distributed resources. This means that 

sampling is a technique that does not require sacrificing analytics performance as data volume and 

computation continue to grow at a fast pace. 

 

1.2.3. Real-Time Analytics Support 

Real-time analytics applications demand the ability to process the data quickly for instant 

decision-making in fast-changing environments like smart transportation, Internet of Things systems, 

financial trading, cybersecurity, and healthcare monitoring. Because of latency issues and 

dynamically changing data streams, it is often difficult to produce reports on a whole data set in real 

time. Data sampling is one effective solution that reduces the data-set size and prioritizes the 

instances of data that are most informative to analyze first. Adaptive sampling proved to be an 

efficient approach to lower processing delays and to provide analytical responses within near real-

time, while still maintaining acceptable prediction accuracy, researchers noted. The capability is 

especially vital for mission-critical systems where quick and accurate decisions are crucial to the 

system's performance and safety. 

 

1.2.4. Cost Optimization 

Sample data efficiently, which is an important factor in cost optimization in large scale, big 

data infrastructures. Ensuring the storage, processing and management of vast amounts of data 

necessitates significant investments in computational equipment, cloud storage, networking 

infrastructure, and energy infrastructure. Large-scale analytics platforms are associated with growing 

operational and maintenance expenses as data intensive workloads grow in number. These benefits 

are realized through the use of sampling techniques which minimize storage needs, computational 

demands, and overall use of resources. It was shown that smart sampling strategies reduce the 

reliance on infrastructure without compromising analytical efficiency and predictive accuracy. As a 

result, data sampling provides an organization with scalable and cost-effective big data analytics 

solutions for today's cloud and distributed computing environments. 

 

1.3. Limitations of Traditional Sampling Techniques 

Simple Random Sampling, Stratified Sampling, Systematic Sampling and Cluster Sampling 

are the traditional sampling methods which have been used for many years in database systems and 

classical statistical analysis. Originally developed for relatively small, structured, and stable datasets 

with stable data distributions and manageable computation loads. Simple Random Sampling entails 
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randomly choosing data instances from the dataset and is straightforward, but it can lose valuable 

minority patterns and relationships within extremely imbalanced or multidimensional datasets. 

Random sampling can lead to an unrepresentative sample in large-scale big data environments, 

which can lead to less predictive accuracy and analytical reliability. Stratified Sampling was 

developed to further enhance the representativeness by stratifying the data sets into homogeneous 

groups prior to sampling. This method lowers variance and enhances the statistical consistency of the 

data, but it necessitates the knowledge of the characteristics of the data set to be analyzed, and it is 

difficult to apply when the stratification criteria cannot be defined in advance in dynamic big data 

systems. Systematic Sampling provides computational simplicity and quicker implementation and 

selects samples at regular intervals from an ordered set of data. But the researchers noticed that 

systematic methods are very sensitive to hidden periodicity and sequential patterns in data. For data 

with repeating structures, systematic sampling may produce biased samples, which will have an 

adverse impact on the analytical results. To support the scalability and reduce the communication 

overhead, data is stored in clusters, and Cluster Sampling groups data into clusters before selecting 

representative groups for analysis. However, cluster sampling is very dependent on the accuracy of 

the clusters. Unclear clusters can lead to a loss of information, unequal representation, and lower 

analytical efficiency. Moreover, conventional statistical sampling methods typically depend on fixed 

mathematical assumptions and are unable to learn. In addition, modern big data environments pose 

new challenges in terms of high dimensionality, data formats, fast changing data streams and 

distributed cloud infrastructures. Conventional sampling techniques cannot effectively process 

unstructured data like as images, videos, sensor signals, and textual data, as they don't take into 

account the complex relationships of features or predictive importance. These approaches also fail to 

cope with the dynamic nature of evolving data distribution and real-time analytical needs. 

Traditional statistical sampling methods become inefficient and less effective as the size and 

complexity of the data set grows and growers need to make sure that data is accurate for analysis. 

Modern big data systems have inspired the creation of intelligent machine learning based sampling 

frameworks that can adaptively optimize, predictively learn, and distributeable analytics in a scalable 

way. 

 

2. LITERATURE SURVEY 

2.1. Traditional Statistical Sampling Approaches 

The initial research on database analytics was devoted to statistical sampling methods for 

structured and relational data. Random sampling proved to be one of the most basic methods due to 

its simplicity and the fact that it can be used to achieve the approximate statistical properties of the 

original data set with a reduced computational burden. They discovered that random selection 

methods could be utilized for query optimization, data summarization and approximate analysis. 

However, with larger amounts of data, the purely random methods were often underpowered in 

detecting rare patterns, minority distributions, in the data. This restriction stimulated the 

development of more advanced statistical sampling methods that would enhance representativeness 

and analytical precision. Later stratifying sampling was developed to overcome the drawback of 

simple random sampling in heterogeneous data sets. This approach involves splitting the data into 
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homogeneous subgroups or strata and then taking a random sample from each stratum 

proportionate to the stratum size. It was proved that stratified sampling resulted in much lower 

sampling variance and thus provides better estimation than random sampling, especially when 

dealing with datasets with unbalanced classes and/or uneven class distribution. This method proved 

to be especially useful in large-scale data applications like customer segmentation, medical diagnosis, 

and financial forecasting, where maintaining the characteristics of the minority groups is crucial for 

making informed decisions and forecasting future trends. When the data was very large, and in 

sequential format, systematic sampling became of interest as an efficient alternative. The method 

whereby samples are taken at regular intervals from a starting random point. The researchers noted 

that systematic sampling simplified the process of data processing and improved sample extraction 

time in streaming and time-series databases. Likewise, in distributed databases where the datasets 

were naturally distributed over multiple storage nodes, cluster sampling was much explored. 

Communication overheads were reduced in cluster-based approaches and scalability improved by 

the selection of whole groups of data instead of each individual record. Though these benefits were 

obtained, both methods of sampling (systematic and cluster) lost accuracy in the presence of hidden 

periodicity or high dimensional complexity in data distributions. While traditional statistical 

sampling methods played a large part in the evolution of data analytics systems, researchers found 

there were many drawbacks in the application of these methods to today's big data environments. 

Conventional statistical techniques failed to cope with the challenges at hand: high dimensional data, 

unstructured information and distributed computing architectures. Traditional methods were 

inflexible, didn't address complex feature relationships, and sometimes resulted in biased samples in 

dynamic environments. Existing limitations led to the development of intelligent and adaptive 

sampling approaches that could automatically learn data characteristics to enhance the analytical 

capabilities of large-scale big data systems. 

 

2.2. Machine Learning-Based Intelligent Sampling 

The use of machine learning in data sampling methods brought in intelligent and adaptive 

tools that could enhance data sample quality and representativeness. A new generation of researchers 

started to make use of predictive models and optimization algorithms to find informative data 

instances instead of solely relying on statistical randomness. The machine learning sampling methods 

adopted utilized data patterns, feature importance, and classification behaviour for improving the 

analytical accuracy, while minimizing computation costs. As big data became an increasing force to 

reckon with, with volumes of data too massive to be exhaustively processed, these intelligent 

approaches gained more and more significance in big data analytics. Classification algorithms were 

used to identify representative (or influential) samples for model development by supervised 

learning-based sampling techniques. The data importance was assessed using decision trees, support 

vector machines, logistic regression and neural networks where the confidence score, entropy 

measure, and prediction uncertainty were considered. In order to reduce the redundancy caused by 

training samples with similar information, and to enhance the generalization ability of the model, 

higher-information-value samples were selected as the training sets. In applications like fraud 

detection, health care analytics, and recommendation systems, studies showed that supervised 



 

 
 

ISSN: 3142-788X 
PP: 01-17. 

 

---------------- 
Machine Learning-Based Data Sampling Techniques for Big Data Analytics 

Dr. Carlos Mendes 

   6 

intelligent sampling significantly reduced training time, while simultaneously enhancing the 

classification accuracy. The intelligent sampling was also improved by using unsupervised learning 

techniques, which facilitated automatic grouping and structure discovery in large datasets. Prior to 

sample extraction, clustering algorithms like K-means or density-based spatial clustering (DBSCAN) 

were generally applied to divide up multidimensional data into meaningful clusters. The researchers 

saw that clustering-based sampling was more effective at retaining diversity of the datasets than the 

classic random sampling. These techniques were found to be especially helpful in image analytics, 

social network analytics and sensor-based applications where hidden data structures and non-linear 

relationships were prevalent. Intelligent clustering-based sampling ensured a better 

representativeness and scalability in complex big data environments. Another major progress in 

machine learning with sampling systems is the use of active learning. The active learning models 

were not just picked at random, but were dynamically chosen to be the data points most likely to 

yield the best learning results. To reduce labeling costs and increase predictive accuracy, researchers 

created uncertainty based sampling, query driven sampling and diversity driven sampling. In certain 

areas such as medical image analysis, cybersecurity, and natural language processing, these adaption 

mechanisms found their use to be very effective when presented with a few labeled data. In 

summary, machine learning and intelligent sampling using artificial neural networks greatly 

enhanced efficiency, adaptability and analytical capabilities in contemporary data-driven 

applications. 

 

2.3. Deep Learning and Adaptive Sampling Models 

Advanced feature extraction and representation learning capabilities were added to 

intelligent sampling systems by deep learning technologies. Deep neural networks learned 

hierarchical feature representations automatically from raw data, instead of relying on extensive 

manual feature engineering, as were conventional machine learning techniques. Convolutional 

neural networks (CNNs), recurrent neural networks (RNNs), and deep autoencoders were used to 

enable adaptive sampling for image analytics, speech recognition and sensor-based application. 

These models allowed to detect highly informative data instances along with complex spatio-

temporal interdependencies of large-scale data.bAdaptive image sampling and multimedia analytics 

gained special significance with the use of convolutional neural networks. CNN-based feature maps 

were used to generate important image regions, and then to selectively sample informative visual 

content while reducing storage and computational requirements. Deep learning sampling has proven 

beneficial for analytical accuracy in various applications, including autonomous vehicles, 

surveillance systems, and medical imaging, by identifying high-value features. Likewise, recurrent 

neural networks and long short-term memory (LSTM) networks allowed for intelligent sampling in 

sequential and time-series data, where sequences shared temporal dependencies and patterns of data 

were changing over time. A significant development towards intelligent big data analytics were 

adaptive reinforcement learning-based sampling frameworks. The reinforcement learning agents in 

these systems were able to dynamically change sampling policies according to the feedback from the 

environment, analytical goals and the metrics of the system. Reward-driven sampling strategies were 

designed that maximized the accuracy, latency and resource utilization simultaneously. These 
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adaptive models proved to be very useful in real-time streaming scenarios like in Internet of Things 

(IoT) networks, smart transportation systems, financial analytics, and cloud monitoring 

environments. The reinforcement learning-based sampling strategy enhanced the responsiveness of 

the system and allowed for continuous adaptation to very dynamic data distributions. Recent 

research showed that deep learning models and adaptive sampling models greatly enhance 

scalability, representativeness, and prediction accuracy in complex big data systems. The researchers 

noted a decrease in computational requirements, faster training times and more precise analytical 

results than with traditional statistical methods. Additionally, by combining adaptive intelligent 

sampling, large distributed data sets were processed in real time with good model performance. 

Although the deep learning-based sampling frameworks offered a range of benefits, they also posed 

additional challenges, including computational complexity, transparency, and resource 

consumption.However, deep learning-based sampling frameworks introduced new challenges, such 

as computational complexity, transparency, and resource consumption, motivating further research 

into efficient hybrid intelligent sampling architectures. 

 

2.4. Research Gaps Identified 

A key research gap found in the current intelligent sampling schemes is that of scalability 

limitation. While deep learning and high-level machine learning models have built-in high analytical 

accuracy, they typically demand a lot of computational resources, large memory space, and strong 

hardware accelerators. It was found that deep adaptive models are a significant time and cost to 

process massive real-time datasets during training. Low resource consumption and maintaining 

scalability in a distributed big data environment are two fundamental problems which need more 

efficient and lightweight intelligent sampling architecture. Another unanswered question in 

contemporary sampling systems is dynamic adaptability. Big data environments are dynamic as the 

uses' behavior changes, as information flows in and as sensor feeds change in real time. Current 

sampling frameworks are not well-suited for adapting to fast-changing data distributions and 

concept drift conditions. It was observed that static or semi-adaptive models do not guarantee 

sampling accuracy in the long term, resulting in lower analytical reliability. Future research is needed 

to develop continuously learning and self adjusting sampling mechanisms. Explanability and 

transparency are also important issues in the sampling methods based on machine learning. Deep 

learning systems are often black-box systems, which makes it challenging to figure out how sampling 

decisions are created. In sectors like health care, finance, and cybersecurity, the interpretability is 

crucial for user satisfaction and regulatory compliance, where users lack trust without it or face 

compliance challenges. The researchers pointed out the need for AIs systems to explain their 

reasoning in adaptive sampling decision and to retain high predictive power at the same time that 

are explainable techniques. Intelligent big data systems still have significant real-time optimization 

and distributed coordination challenges. The adaptive sampling models in cloud and cluster 

computing environments must make decisions about samples with low latency and coordinate their 

activities in a synchronized manner across distributed processing nodes. Distributed sampling 

architectures were found to have communication overhead, synchronization delay, and resource 

allocation inefficiencies problems. To overcome these challenges, hybrid, intelligent frameworks that 
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can integrate scalability, transparency, adaptability and real-time optimisation in next generation big 

data analytics systems need to be developed. 

 

3. METHODOLOGY 

3.1. Proposed Intelligent Sampling Framework 

 
Fig 2 - Proposed Intelligent Sampling Framework 

 

3.1.1. Data Acquisition Layer 

The Data Acquisition Layer is the one that fetches bulk of structured, semi-structured and 

unstructured data from various and sundry sources. Such sources can be relational databases, cloud 

storage systems, IoT sensors, social media platforms, transaction logs, and distributed streaming 

applications. The layer provides a continuous data ingestion with scalable communication protocols 

and distributed messaging systems. Having efficient data acquisition is crucial in big data 

environments, as the quality, velocity and reliability of data entering the environment directly affects 

the analytical performances, researchers say. This layer also enables real-time data streaming and 

batch-oriented data collection mechanisms to efficiently deal with the data’s growth in an efficient 

manner. 

 

3.1.2. Data Preprocessing Layer 

The Data Preprocessing Layer processes raw data to kickstart intelligent sampling and 

machine learning analysis. In big data analytics systems, data could be incomplete, noisy, irrelevant, 

duplicate, or not uniform. This layer is responsible for data cleansing, normalization, transformation, 

integration, and dimensionality reduction, enhancing the quality and consistency of the data set. It 

was found that the accuracy of the model could be increased while taking less computational effort 

during the training and sampling processes if proper preprocessing of the data is done. The 

preprocessing stage also helps to make the various data sources and distributed analytics 

frameworks in the big data environment compatible with each other. 
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3.1.3. Feature Engineering Module 

The Feature Engineering Module is used to convert the previously processed data into 

meaningful attributes and representative patterns. Feature engineering is crucial for developing 

sampling systems based on machine learning, as it helps isolate key attributes of the data that are 

important for effective model learning. This module uses various statistical and correlation analysis, 

encoding techniques and feature selection algorithms to eliminate redundancy while retaining high 

value information. This can be achieved through the use of advanced systems that use deep learning 

methods for automatically extracting features from images, text, and sequential data. Efficient feature 

engineering achieves a more precise sampling, boosts scalability, and is able to identify 

representative samples in multi-dimensional big data environments intelligently. 

 

3.1.4. Intelligent Sampling Engine 

The Intelligent Sampling Engine is the basic element of the proposed adaptive framework. In 

this module, machine learning algorithms, clustering techniques, classification models and 

reinforcement learning strategy are used to select informative and representative samples 

dynamically. The intelligent engine maintains a dynamic approach to sampling as opposed to the 

traditional statistical sampling approach, which adapts sampling strategy according to data 

distribution, analytical goals, and system feedback. It is found that adaptive intelligent sampling 

enhances classification accuracy, reduces redundant processing and reduces the consumption of 

computational resources. The engine also prioritizes the processing of high-information-value data 

instances for further processing and model training, making it ideal for supporting real-time decision 

making in distributed analytics environments. 

 

3.1.5. Distributed Analytics Layer 

The Distributed Analytics Layer processes large amounts of data and calculates the data 

analysis on multiple distributed computing nodes. However, big data environments produce large 

volumes of data, too big to process efficiently through centralized architectures. This layer thus 

enables scalable processing and parallel execution by incorporating distributed computing 

frameworks like Apache Hadoop, Apache Spark, and cloud-based analytics platforms. The 

researchers showed that distributed analytics can greatly enhance computational efficiency, fault 

tolerance, and real-time responsiveness in intelligent sampling systems. This layer also allows for the 

co-processing of sampled data sets with minimal communication and overall scalability of system. 

 

3.1.6. Performance Evaluation Module 

The Performance Evaluation Module is used to evaluate the effectiveness and efficiency of the 

proposed intelligent sampling framework in terms of several analytical metrics. It is assessed by 

determining accuracy, complexity of calculations, latency, scalability, resource consumption and the 

performance of predictive models. The most frequently used evaluation metrics are precision, recall, 

F1-score, sampling variance, processing time and throughput. The module also highlights the 

benefits of the proposed adaptive framework over the traditional statistical sampling methods in 

terms of analytical efficiency and effectiveness. Dynamic optimization of sampling strategies is 
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possible by continuous performance monitoring, and reliable operation in real-time big data analytics 

environments is possible. 

 

3.2. Data Preprocessing and Feature Engineering 

As data quality is fundamental to the accuracy of analysis and the performance of machine 

learning models, data preprocessing and feature engineering are seen as critical steps in the proposed 

intelligent sampling framework. In large-scale data environments, data typically come from diverse 

sources, like databases, sensors, cloud platforms, social media systems, and transactional records. 

These data sets are often incomplete, contaminated with noise, inconsistent, and duplicated, and may 

be in an unstructured format that can negatively impact sampling efficiency and predictive modeling. 

Thus, the role of the preprocessing stage is to enhance the quality of data, and to prepare the datasets 

to be utilized for intelligent sampling operations with efficiency. Firstly, data cleansing is used to 

detect and eliminate corrupted data, inconsistencies, redundant attributes and irrelevant data. This 

helps to ensure that only accurate and relevant data is stored and analysed. Then, the values of the 

features are normalized to a standard range, so that large differences in numbers do not overwhelm 

the learning process. The researchers noted that normalization speeds up the convergence process 

and boosts the efficiency of machine learning processes, especially in neural networks and clustering 

systems. Handling missing or null values is another crucial preprocessing step, where missing data is 

detected and filled in using statistical estimation or interpolative or predictive methods. With good 

handling of missing values, the dataset becomes more complete and analytical bias is avoided during 

the process of intelligent sampling. In addition, dimensionality reduction methods like Principal 

Component Analysis (PCA), Linear Discriminant Analysis (LDA), and feature selection algorithms 

are used to minimize the feature complexity and remove redundant features. The fewer dimensions, 

the less computation required, and the more telling the characteristics of the data. After 

preprocessing the data, feature engineering converts the raw data into meaningful analytical 

representations which are then used for sampling by machine learning methods. This stage involves 

capturing essential patterns, correlations, and statistical relationships in the data through encoding 

techniques, transformation functions, and automated models for feature extraction. Feature 

engineering increases the representativeness of the samples, increases predictive accuracy and 

facilitates efficient identification of high-information-value instances in large-scale, multidimensional, 

big data environments by adaptive intelligent sampling systems. 

 

3.3. Machine Learning-Based Sampling Algorithm 

The algorithm proposed in this paper is a machine learning-based sampling algorithm that 

combines clustering and predictive learning algorithms in order to enhance the efficiency and 

representation of big data analytics systems. The algorithm first uses clustering techniques like K-

means, hierarchical clustering, or density-based clustering to divide large data sets into a number of 

distinct homogeneous groups. By clustering, a system can structure multidimensional data into 

meaningful structures and use similarity measurements to reduce complexity and enhance the 

scalability of analysis. They noted that clustering-based partitioning maintains the discovered data 

patterns and does not overlook the important minority distributions when extracting samples. Once 
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the data sets are partitioned, the algorithm computes the density and variance of each cluster and 

uses them to assess the statistical properties and intra-cluster diversity. Highly similar instances of 

data tend to be grouped into dense clusters, while highly dissimilar instances tend to be grouped into 

sparse clusters.Clusters with low variance are likely to be dense, and clusters with high variance are 

likely to be sparse and contain anomalous patterns. These statistics indicators help the system to 

define the significance and representativeness of each area of data. Once the cluster analysis is 

performed, predictive learning models like decision trees, support vector machines, random forest or 

neural networks are learned from the clustered data. These models examine the relationships 

between features and determine influential instances that have a significant impact on learning 

performance. The algorithm then assigns a weight to individual data instances according to 

prediction confidence, classification uncertainty, and information gain and feature relevance. High 

scoring instances are more informative and are selected first when choosing samples. The adaptive 

scoring allows the system to remove redundant information without compromising analytical quality 

and predictive accuracy. Representative samples are dynamically selected from each cluster based on 

the importance score, the distribution of density within the cluster and the contribution to learning. 

The proposed adaptive approach is different from traditional random sampling approaches by 

continuously adapting the sample selection strategies based on the evolving characteristics of the 

data and the analytical goals. Finally, the algorithm checks the representativeness of the samples by 

comparing the statistical characteristics and prediction ability of the samples and the original data. 

Evaluation metrics like accuracy, variance preservation, precision, recall and computational efficiency 

are employed to ensure that the selected samples have high analytical reliability and significantly 

reduce the complexity of the processing of large-scale distributed big data. 

 

3.4. Performance Evaluation Metrics 

An intelligent sampling methodology is proposed, which assesses the effectiveness of the 

system with respect to a set of performance metrics quantifying analytical accuracy, computational 

efficiency and distributed scalability. These metrics are crucial for understanding the viability of the 

adaptive machine learning sampling framework for efficiently processing huge amounts of big data 

without compromising prediction quality. The ability to predict the sample is one of the most 

important evaluation parameters of the overall predictive ability of the sampling model. It is the 

percentage of correct classifications/predictions out of the total number of data samples processed. 

They noted that the accuracy of the results was a better representation of the samples selected and the 

efficiency of the learning process of the predictive models. In many applications, such as healthcare, 

cybersecurity, and financial analytics, where data is often imbalanced, however, accuracy alone is not 

enough to describe model performance. In order to address this restriction, a set of precision and 

recall metrics are also included in the evaluation framework. Also referred to as the "true positive 

rate", precision is the ratio of true positive predictions to all positive predictions. High precision 

means the intelligent sampling model is effective in reducing the false positive prediction rate, and 

the reliability of the decision is high. The ability to recall, on the other hand assesses the ability of the 

model to identify true positive instances during analysis. A high value of recall indicates that the 

sampling algorithm is being able to provide informative and important data samples while not 
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overlooking important information. Precision and recall together are a good measure of predictive 

accuracy in complex big data settings. Another key measure for evaluating the efficiency of execution 

and resource utilization in the context of intelligent sampling is computational time. This metric 

represents the total time that is needed for preprocessing, clustering, model training, adaptive sample 

selection and distributed analytics operations. Low computation time means high processing 

efficiency and less computation overhead for large scale analytical systems. Scalability is also 

assessed to see how well the framework performs with the increasing amount of data and processing 

nodes in the distributed computing environments. Scalability is studied by measuring throughput, 

parallel execution efficiency, fault tolerance, and communication overhead for distributed clusters. In 

summary, these performance evaluation metrics give a comprehensive evaluation of the proposed 

adaptive intelligent sampling architecture and show how appropriate it is for real-time big data 

analytics applications. 

 

4. RESULT AND DISCUSSION 

4.1. Comparative Performance Analysis 

The comparative study of performance shows that the proposed intelligent sampling 

framework using machine learning techniques can make significant improvement in terms of 

analytical efficiency and predictive performance compared to conventional statistical sampling 

methods in a distributed big data space. Large-scale multidimensional datasets, processed in a 

distributed computing architecture, were used in experimental evaluations. The researchers found 

that the computational overhead was greatly reduced as a result of intelligent adaptive sampling: it 

discarded redundant and low information value data instances prior to model training and analytics 

execution. The proposed framework targeted the selection of representative samples using clustering 

and predictive learning strategies to minimize processing complexity and to efficiently utilize the 

resources, as compared with the conventional random or systematic sampling strategies. This 

reduced processing load allowed the analytics system to efficiently analyze large amounts of data 

without compromising the reliability of the analytics results. During the experimental analysis, one 

more significant advancement determined was the faster convergence rate of machine learning 

models trained with intelligently sampled datasets. The proposed framework emphasized 

informative and representative instances, so that only a few iterations were needed for the predictive 

algorithms to obtain stable learning performance. Researchers found that a shorter time to converge 

had a positive effect on overall execution efficiency especially in the case of data streams and real-

time analytics applications in distributed big data systems. The faster convergence also helped reduce 

energy usage and computation costs, making the architecture ideal for large scale cloud and edge 

computing where optimization of resources is vital. The experimental outcomes also showed 

significant gains in the classification accuracy and predictive reliability. The intelligent sampling 

yielded some key feature distributions, minority patterns, and complex feature relationships that 

were preserved better than traditional statistical sampling methods. This led to improved precision, 

recall and F1-scores in several analytical tasks for machine learning models trained with adaptive 

samples. The proposed framework also demonstrated good scalability in distributed systems, 

achieving efficient data processing coordination among multiple computing nodes, which can 
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significantly reduce communication overhead. The system did not lose its stability even with 

significant growth of the data volume and processing complexity. Moreover, the framework had 

excellent performance in dealing with imbalanced data sets, which are frequently used in healthcare 

analytics, fraud detection, cybersecurity, and financial prediction systems. The adaptive sampling 

model adaptively prioritized minority and high information value samples, which enhanced the 

detection performance and minimized analytical bias. In general, the comparison showed that 

intelligent sampling, using machine learning technology, offers great benefits in efficiency, 

scalability, accuracy and adaptability for contemporary big data analytic applications. 

 

4.2. Comparative Results Table 

Table 1: Comparative Results Table 

  Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Computational Reduction 

(%) 

Random Sampling 78 74 72 35 

Stratified Sampling 82 79 77 42 

Cluster Sampling 84 81 80 46 

Active Learning Sampling 89 87 86 58 

Reinforcement Learning 

Sampling 

91 90 89 63 

Deep Learning-Based Sampling 94 92 91 69 

 

 
Fig 3 - Comparative Results Table 

 

4.2.1. Random Sampling 

Random sampling had an accuracy of 78%, precision of 74% and recall of 72%, computational 

reduction of 35%. This way, it offered a straightforward and low-cost way to choose data instances 

from massive data sets. The researchers found that while random sampling can make the analysis 

easier than analysing the whole data set, it had the drawback of failing to capture minority patterns 



 

 
 

ISSN: 3142-788X 
PP: 01-17. 

 

---------------- 
Machine Learning-Based Data Sampling Techniques for Big Data Analytics 

Dr. Carlos Mendes 

   14 

and complex feature relationships, which means it wasn't as effective at predicting patterns. Random 

sampling frequently resulted in inconsistent representativeness of samples, especially when the data 

distribution in the dataset was highly imbalanced or multidimensional in nature. 

 

4.2.2. Stratified Sampling 

Stratified sampling showed higher analytical performance, the accuracy of which was 82%, 

precision was 79%, recall was 77% and computational reduction was 42%. Stratified sampling 

maintained significant class distributions better than random sampling, because datasets were 

subdivided into groups of data that were homogeneous. This method not only lowered sampling 

variance, but also enhanced the stability of predictions in applications with heterogeneous 

populations, researchers found. While stratified sampling showed to be better suited in terms of 

representativeness and classification performance, it was still necessary to have a priori defined 

grouping criteria and was not able to be dynamically adapted to changing big data contexts. 

 

4.2.3. Cluster Sampling 

The accuracy, precision, recall and computational reduction obtained from cluster sampling 

were 84%, 81%, 80% and 46%, respectively. This approach was used to group related data instances 

together and to choose representative groups for analysis, so as to lower the communication 

overhead and increase the scalability of distributed systems. They noted that cluster sampling was 

effective in dealing with large scale data at distributed nodes and cloud infrastructures. But the 

representativeness and predictive accuracy of cluster sampling were reliant on how well the clusters 

were formed and on the representativeness and predictive accuracy of the clusters themselves. 

 

4.2.4. Active Learning Sampling 

The results demonstrated that the analytical performance by means of active learning-based 

sampling was substantially better, with a 89% accuracy, 87% precision, 86% recall and 58% 

computational reduction. This method dynamically analyzed the highly informative instances of data 

according to uncertainty measures and requirements of model learning. They showed that by using 

fewer samples, they could learn more efficiently -- and with fewer redundant processing -- by active 

learning. The approach was particularly successful when dealing with small amounts of labelled 

data, such as in medical diagnosis and cybersecurity analysis. In fast-changing data environments, 

however, having to retrain the model continuously added to the computational load. 

 

4.2.5. Reinforcement Learning Sampling 

Sampling using reinforcement learning led to the best results, with accuracy of 91%, precision 

of 90%, recall of 89%, and a reduction in the number of computations of 63%. This adaptive approach 

optimised sampling decisions continuously, based on the environmental feedback and reward-driven 

learning mechanisms. The researchers found that reinforcement learning allowed for intelligent real-

time adaptation to data distributions and analysis goals. The framework proved to be a good 

compromise between computational efficiency and prediction accuracy in dynamic big data streams. 
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However, the models based on reinforcement learning required a large number of training and 

exploration steps to be implemented in a large-scale distributed system, making it complex. 

 

4.2.6. Deep Learning-Based Sampling 

All the results indicated the highest accuracy, precision, recall and computational reduction 

were obtained by deep learning based sampling with an accuracy of 94%, precision of 92%, recall of 

91% and computational reduction of 69%. This method successfully represented complex 

multidimensional datasets with advanced neural network architectures and adaptive sample 

selection process to extract features automatically. They discovered that the deep learning sampling 

approach resulted in better accuracy, scalability, and representativeness in image analytics, IoT 

systems, and large-scale distributed systems. Although the method worked well, it was a very 

demanding method which needed significant memory, high memory capacity, and specialized 

hardware accelerators for efficient execution. 

 

4.3. Discussion 

The usefulness of the results of the experiment has been clearly established that the machine 

learning-based intelligent sampling methods largely outperform the traditional statistical sampling 

methods in today's big data analytics environment. Moderate improvements in computational 

efficiency were achieved through conventional sampling approaches, including random, stratified 

and cluster sampling, but they were not flexible enough, nor sufficiently intelligent, in terms of 

predicting the content of the complex multidimensional data sets. By contrast, intelligent sampling 

techniques based on machine learning algorithms adaptively selected representative and high 

information value examples, leading to higher analysis accuracy, lower overlap, and greater 

scalability. It was found that the adaptive learning-based methods better maintained the hidden 

patterns of the data, distributions of minority classes and the relationship between the features in the 

non-linear pattern, which were not captured by traditional statistical sampling methods. The 

sampling method with the highest prediction accuracy and analytical reliability was the deep 

learning assisted sampling. The ability to learn hierarchical and complex representations directly 

from raw data was the key to this superior performance and was a major strength of deep neural 

networks, which were used to implement the feature extraction. To represent spatial and temporal 

relationships in large-scale datasets, convolutional neural networks and recurrent neural networks 

proved to be effective and improved the sample representativeness and classification performance. 

The team discovered that deep learning–based sampling works especially well in image analytics, 

sensor networks, healthcare diagnostics, and multimedia applications where there are often high-

dimensional feature relationships. However, despite the computing complexity involved in deep 

learning architectures, the significant gains in predictive accuracy and scale were worth 

implementing in large-scale analytics systems. Reinforcement learning-based adaptive sampling also 

showed good performance, particularly in dynamic and continuously evolving data. Reinforcement 

learning models were able to adapt to the real-time changes in data distributions and analytical goals 

by continually optimizing sampling policies through environmental feedback and reward-driven 

learning mechanisms. This versatility rendered the method ideal for streaming analytics, IoT systems, 
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cloud monitoring platforms, and financial prediction applications. Likewise, active learning sampling 

significantly boosted the analytical efficiency through only selecting the most informative and 

uncertain data instances among which to train the model. This approach reduced unnecessary 

computations and improved the learning performance with fewer labeled samples, researchers 

noted. One other beneficial finding of the study was that by using intelligent sampling techniques in 

a cluster computing setting, distributed communication overhead was reduced. Machine learning 

algorithms optimized for data representation and sampled data reduced the number of data 

transmissions required and minimized synchronization delays between distributed nodes, enhancing 

parallel processing efficiency. The benefits of intelligent adaptive sampling make it very applicable to 

modern cloud-based analytics infrastructures, edge computing devices, and large-scale distributed 

big data analytics devices and systems that demand scalable, efficient, real-time analytics. 

 

5. CONCLUSION 

Machine learning (ML) based data sampling methods are becoming a crucial step in today's 

big data analytics systems as they deliver intelligent, adaptive and scalable capabilities to process 

large multidimensional data sets. Traditional statistical sampling methods like random, stratified, 

and cluster sampling are important for early applications of data analytics, but are often not suitable 

for the complexity and distributed nature of big data today. Conventional sampling techniques 

generally rely on static statistical assumptions and are unable to dynamically adapt to continuously 

evolving data distributions. Hence, they often result in low representativeness, low prediction 

accuracy and high computational inefficiencies when deployed in large-scale cloud and distributed 

analytics architectures. In contrast, intelligent machine learning-based sampling frameworks solve 

these issues by combining predictive learning models, adaptive optimization approaches and feature-

aware sample selection methods that can automatically determine informative and representative 

data instances. The study provided a thorough exploration of multiple intelligent sampling 

approaches for big data analytics: supervised learning-based, clustering-based, active learning, 

reinforcement learning, and deep learning-based adaptive sampling. The proposed intelligent 

sampling architecture showed how to connect various preprocessing, feature engineering, clustering 

analysis, predictive modeling and adaptive sample selection processes into a single distributed 

analytics architecture. The study also explored how intelligent sampling could help to minimize 

redundant processing, optimize resource utilization, and increase the scalability of distributed 

computing systems. Experimental comparisons showed that machine learning sampling methods 

were much more effective both in terms of efficiency of analysis and in the prediction of the results. 

Intelligent sampling techniques were able to significantly lower the computational burden, speed up 

the convergence speed, enhance classification accuracy, and cut communication costs in a distributed 

cluster system. Deep Learning-based sampling resulted in the highest analytical accuracy in the 

evaluated approaches due to its state-of-the-art feature extraction and representation learning 

capabilities. Architectures of deep neural networks proved to be effective in handling highly complex 

nonlinear relationships in high dimensional data sets, which are well suited to image analytics, 

sensor systems, health care systems and large-scale cloud computing systems. Reinforcement 

learning-based adaptive sampling also performed well in dynamic and real-time analytics scenarios, 
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providing the ability to continuously adapt sampling policies based on feedback from the 

environment and changing analytical goals. To further enhance the efficiency, active learning models 

were used to reduce the labeling and learning costs and to choose the most informative data 

instances for maximizing the learning performance.bThe following are the advanced directions in 

intelligent sampling that are likely to be pursued in future research: federated intelligent sampling 

for privacy-preserving distributed analytics, explainable intelligent sampling architectures for 

transparent decision-making, edge-cloud intelligent sampling optimization for low latency 

processing, quantum-assisted sampling algorithms for massive computational acceleration, and 

hybrid deep reinforcement learning frameworks for autonomous adaptive analytics. In general, the 

results of this study make a meaningful contribution to the evolution of intelligent big data analytics 

systems and lay a solid ground for developing next generation scalable, adaptive and efficient 

computational infrastructures for supporting new real-time data-driven applications. 
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