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Abstract
We live in a data-driven world, with enormous amounts of data produced as a result of the rapid development of technology that permeates every aspect of our lives. It is necessary to develop and improve data processing techniques over time in order to extract useful information from such a huge amount of data produced in diverse forms. Machine learning technologies offer possibilities for handling massive quantities of data and making the most of them. This study examines the literature on the application of machine learning techniques to large data sets. The book provides an overview of ML algorithms and techniques, an introduction to big data, and a discussion of related studies utilizing machine learning techniques to process huge amounts of data across many industries. Machine learning for big data has a number of challenges and problems, which are also discussed in the paper.
Indexed Terms: ML, Big Data, Process, Models or Patterns
1. Introduction:
Data has been growing quickly over the last few years, reaching an unprecedented amount as "Web technologies, social media, and mobile devices" have expanded, resulting in big data. For instance, Twitter processed more than 70 million tweets daily, producing more than 8 TB [1].
Only a few examples of Big Data sources include websites of Social Networking, hotel data, weather data, online retailers, bank sectors, and other resources [2]. However, unless the information is carefully and in-depth studied, it is meaningless. Big Data Analytics is a technique for examining huge data sets in order to gain insightful information that may be used for a variety of business applications or to enhance people's lives generally [2].
In the modern period, a huge amount of data is being produced from numerous formerly unheard-of and unobserved sources. Despite the fact that technology has been developed to acquire, analyze, and assess these unexpected data, there are still many difficulties and worries. Numerous research is being carried out to better understand and extract useful insights from big data. All fields of research—basic sciences, applied sciences, engineering, social sciences, biomedical sciences, and others—now deal with big data. All of these industries work with enormous datasets, and significant effort is being made to better harness and assess Big Data by utilizing fields like ML, which has great potential for addressing contemporary data challenges [3].
Since they offer prospective solutions for mining the data's hidden information, machine learning techniques have grown in popularity over the past ten years in a range of huge and complex data-intensive industries, including medicine, astronomy, biology, and others [4].
The organization of this essay is as follows: A description of machine learning and its methods is given in Section 2. The ideas and applications of big data are introduced in Section 3. The pertinent work is summarised in Section 4. The topic of machine learning and large data processing is covered in Section 5 of the article. Finally, Section 6 offers some findings.
2. ML
In this section, a summary of ML and its different methods, programs, and applications is given.
It is a formalized field of study that focuses on the theory, effectiveness, and attributes of learning systems and algorithms [4]. There are many fields that can be applied to it, including artificial intelligence, cognitive science, optimal control, theories of information and optimization, statistics, and other sciences [5] The primary goal of machine learning research is to develop quick, effective learning algorithms that produce data forecasts [6]. Due to the technology era that made it possible for everybody to produce raw data via their gadgets, data is currently rising exponentially. The raw data is probably going to be jumbled, fragmented, unstructured, and conflicting [7]. Through cleaning, altering, extracting, and combining the data, pre-processing transform it into a format that is suitable for learning [7]. A learning problem is one in which a task is carried out using training datasets to enhance performance indicators [5].
ML is classified into three types: supervised learning, unsupervised learning, and reinforcement learning. For supervised learning, labeled training data with inputs and anticipated outputs are necessary [4]. Unsupervised learning, in contrast, simply requires the inputs to be provided; the anticipated outputs are not necessary. In data that hasn't been labeled, such as cluster analysis, it is utilized to uncover hidden information [6]. The unsupervised learning method divides the sample sets into discrete clusters by evaluating how similar the input samples are to one another [8]. RL enables you to learn from the input you receive from interactions with the outside world [4]. It functions by trial and error, with the learner selecting the best approach in light of the outcomes [9]. When given a lot of training data, RL algorithms are especially good at picking up control rules without any prior knowledge. However, they do have some drawbacks, one of which is the high cost of computing necessary to discover the best solution [8].
The Categorization of ML technologies was completed in [4], which summarised the learning kinds, data processing tasks, distinguishing standards, and algorithms used for each, as shown in Table 1.


	Types of Learning
	Tasks for Data Processing
	Distinction Norm
	Learning Algorithms

	Supervised Learning
	Classification/Estimation/Regression
	Computational Classifiers 
	SVM

	
	
	Statistical Classifiers
	Naïve Bayes 
Hidden Markov Chain Model
Bayesian Networks

	Un Supervised Learning
	Clustering & Prediction

	Connection Classifiers
	Neural Networks

	
	
	Parametric
	K-Means
Gaussian Mixer Model

	
	
	Non-Parametric
	Dirichlet Process Mixture Model
Q-Learning

	Reinforcement Learning
	Decision Making
	Model – Free
Model-Based 
	R-Learning
TD-Learning
Sarsa Learning 


Table.1: ML Technologies on Comparison
2.1.  ML Methods
The learning strategies that are described in this section may be helpful for dealing with large data-related difficulties. These learning strategies are unique in that they emphasize learning as a concept rather than a specific algorithm [4].
2.1.1. Learning through Representation 
The main aim of representational learning is to learn useful and significant data representations [5]. It is possible to capture a huge variety of potential input configurations using a reasonable-sized learned representation, which can significantly improve statistical and computer efficiency [10]. The quality of the data representation is crucial for machine learning approaches to be successful [5].
2.1.2. Deep Learning
Artificial Neural Networks, or "Neural Networks," are the basis of the ML technique known as "deep learning," which is influenced by the structure and function of the brain [7]. DL typically uses supervised and/or unsupervised algorithms in deep structures to mechanically learn hierarchical representations, as opposed to Learning techniques that are most commonly used, which depend on shallow-structured learning architectures [11]. By increasing the model's depth or representational capacity with additional training examples, deep learning has the ability to enhance model performance [7]. To deal with the different kinds and amounts of big data analytics, it is more acceptable to apply deep learning architectures and algorithms [12]. Deep learning has the potential to eliminate the need for human feature selection by using techniques like hierarchical feature extraction and feature learning [8].
2.1.3. Parallel and Distributed Learning
A bottleneck in learning algorithms is how to scale them up so they can handle enormous amounts of data in a reasonable amount of time. In this situation, distributed learning holds promise because it is a strategy for doing just that [13]. Distributed learning enables the learning to be carried out in a distributed manner as opposed to the conventional learning paradigm, which requires data to be amassed in a database for the reason of central processing [14]. Some of the most well-known distributed and parallel ML techniques are stacking generalization, decision rules, distributed boosting, and meta-learning [5]. The fundamental tenet is that challenging learning scenario should be given priority by distributed and parallel learning algorithms [5].
2.1.4. Learning Transfer 
Data collection for training purposes might occasionally be expensive or difficult. Consequently, high-performance learners must be taught using data from other areas through the application of transfer learning [7]. Transfer learning was proposed as a method to divide functions, domains, and distributions, enabling the knowledge to be extracted from several source tasks and applied to a target task [15,16]. Data size is not a factor when using the transfer learning algorithms that have been reviewed [7]. Transfer learning's advantage is its capacity to deftly apply previously acquired knowledge to quickly resolve brand-new problems [4].
2.1.5 Active Study
It's time-consuming and difficult to learn from massive amounts of unlabeled data. This issue is addressed by active learning, which selects a subset of the most important cases for labelling [17]. The active learner's objective is to attain exactness by using the fewest number of labeled cases possible, hence reducing the cost of locating labeled data [18]. With query methods that are more effective than those employed in conventional passive learning, a favorable classification performance could be obtained with fewer labelled samples [19].
2.1.6 Learning Using Kernels
Kernel-based learning has become a mainly potent tool for boosting processing capacity in the last ten years thanks to improvements in the design of effective non-linear learning algorithms [20]. The similarity of objects or images is assessed using a single kernel function in kernel-based machine learning rather than by looking at a variety of features [5]. To develop a learning technique and produce the desired output, a classifier, the kernel function is paired with images and labels [5].
3. Big Data
Big data is a term used to define datasets that are challenging to interpret, manage, or analyze using conventional IT, software, and hardware techniques in a timely manner. Alternatively, big data is defined as data that can be effectively processed employing significant horizontal zoom techniques or data that has a volume, acquiring speed, or format that makes it impossible to analyze using relational standard methodologies [21].
3.1. Dimensions of Big Data
By comprehending the many Vs associated with it, the big data notion may be understood more clearly. Big data management solutions must deal with these Vs as their primary dimensions (challenges). These attributes are described as follows:
3.1.1. Volume (Size of the Data) 
As data is created at a rate of terabytes to zettabytes every second, it requires rethinking storage and processing models in order to develop tools that can analyze it effectively. [6,22–24] Distributed systems are used to store and analyze data across databases located around the world.
3.1.2. Velocity (Velocity at Which Data Are Produced)
The rate at which data is created and processed in order to satisfy demands is referred to by this word. Because real-time data is so vast and constantly in motion, traditional analytics are challenged by their rising reliance on it [6,22–25].
3.1.3. Variety Data is presented in a variety of data formats
Data format incompatibility is a fundamental problem because data can come from many different sources and assume several dissimilar forms. In the modern era, data can be found in a variety of formats, including organized, semi-structured, unstructured, and even intricately structured data. Traditional analytical techniques cannot handle huge data because of the variety of data forms. It takes a lot of time and work to prepare data for analysis, thus it is necessary to develop approaches that are efficient [6,22–25].
3.1.4. Reliableness (Data Quality)
The collected data's quality varies widely. It displays the biases, noise, anomalies, and other characteristics of the data. This will affect how accurate the analysis is. Maintaining accuracy prevents the accumulation of inaccurate data in the system. Truthfulness may affect the value [6,22–25].
3.1.5. Variability 
SAS added the concept of variability as a new dimension to big data. Data flow rates can vary, as the word "variability" denotes. Big data's velocity frequently fluctuates, with peaks and valleys at random intervals [25].
3.1.6. Validity 
Many times, the words "validity of data" and "veracity of data" are used interchangeably. Despite not having the same meaning, they are similar. Validity describes how accurate and true the data is in relation to the purpose for which it is being used. To put it another way, even if data is accurate, it might not be valid if it is not understood [25].
3.1.7. Volatilities
The structured data retention strategy that businesses utilize on a daily basis can be quickly recalled while discussing the volatility of big data. Once the retention term has passed, it can be readily destroyed [25].
3.1.8. Value
Big data's defining quality, according to Oracle, is value. The word "value" refers to the worthwhile knowledge derived from the data. The data's profundity of significance is known. But it's important to focus on the relevance [25].
Eight Vs are generally available in big data. Keep take mind that these Vs are not set; they might alter soon.
3.2. Tools for Big Data ML
The majority of currently available tools are focused on batch processing, stream processing, and interactive analysis. In this part, a few tools that are currently in use for large data analysis are examined.
3.2.1 Hadoop and Apache MapReduce
MapReduce and Hadoop are not synonymous; Hadoop is essentially a MapReduce concept implementation [26]. To process enormous data, the MapReduce model employs the divide-and-conquer strategy. Hadoop consists of a master node and a worker node, whereas MapReduce carries out two main processes, Map and Reduce. The Master Node divides the arriving data into subproblems, which are then given to worker nodes in the Map stage. The master node then performs the Reduce step, which involves combining all of the subproblems' results [26].
3.2.2 Spark
It is a processing engine for in-memory data that is made for quick and sophisticated analyses. It is applied to situations when bottom-up performance improvement is desired. Spark is 100 times more performant than Hadoop, especially for handling massive amounts of data, thanks to in-memory computing and other improvements. Apache Spark is quick even when data is stored on a disc. It currently holds the world record for the largest-scale on-disk sorting. In order to run existing learning tasks in a big data context, Spark offers a general middleware layer. A middleware layer of this type typically includes normal operations and primitives that are helpful for a range of learning activities [7,26].
3.2.3 Storm
Real-time networked computing is made possible by this piece of software. It is easy to use and install. It supports the use of any programming language. It can handle faults and is scalable [26].
3.2.4 The Apache Mink
For distributed and high-performance computation, Apache Mink is a stream processing engine. It operates accurately even with incoming data that is late. A thousand nodes can easily be added while still achieving exceptional latency and throughput [26].
3.2.5 H2O
The fastest in-memory data processing engine, H2O, is used to analyze and predict huge data. It is scalable, open-source software that can run on multiple nodes and is distributed [26].
These technologies are evaluated by taking into account the available language, execution model, related ML tools, fault tolerance, and latency.
3.3. Big Data Applications
Big data became a factor in a number of industries. It has been used, among other things, in the media, entertainment, communication, medical sector, government sectors, education, insurance, wholesale trade, marketing, and transportation and utilities.
3.3.1. Applications for big data in Medicine
Big data is employed in healthcare to store, handle, query, and analyze medical data effectively. Applications for medical big data will have a substantial impact on the healthcare sector. Analyzing clinical trial data, examining illness patterns, evaluating the effectiveness of patient care, researching and developing new medications, and other topics are examples.
For instance, Mount Sinai Medical Centre in New York employs Ayasdi's big data capabilities to analyze every genetic sequence of Escherichia coli, including roughly a million DNA variants, in an effort to determine why some bacteria types are antibiotic-resistant. Ayasdi uses the analysis of topological data, a novel mathematical research strategy, to examine the aspects of the data [21].
Big data in healthcare can be derived from a variety of sources, including genomic data, electronic medical records, monitoring devices, and wearable sensory devices [23,27].
3.3.2. Applications of Big Data in Online Social Networks
In social networking services, big data applications include socialized marketing, network intelligence gathering and analysis, network public opinion analysis, and support for government decision-making.
The applications of big data in social networking services include the gathering and analysis of network intelligence, social marketing, and network analysis of user sentiment.
Big data from social networking services encompass more than microblogging, chat rooms, and instant messaging.
Based on an analysis of social media data, the Santa Cruz Police Department identified criminal modes and patterns, as well as calculated crime rates in major cities [21].
3.3.3. Education-Related Big Data Applications
Big data is used by the US Department of Education to evaluate student performance. To determine how much time students spend on each topic, their "click patterns" are monitored. A trainer's effectiveness can be assessed, among other things, by looking at the number of students, the subject taught, and the venues [23,27].
3.3.4. Applications of Big Data in Organisations
Big data may assist companies in numerous ways to increase their industrial productivity and competitiveness:
· E-Commerce
Businesses analyze behavioral data as well as customer data to create detailed consumer profiles. These profiles could be helpful for developing content for various target markets, recommending content when asked, and monitoring the caliber of content.
In order to make precise music suggestions, "Spotify" gathers information about user behavior and uses big data Hadoop techniques to analyze it [23,27].
The Taobao Data Cube is a big data tool on the Taobao platform that enables merchants to stay updated on the macro industrial status of the Taobao platform, the market circumstances for their brands, and customer behavior, among other things, and make the proper decisions on production and inventory [21].
· Securities and Finance
Big data analytics are utilized in the financial industry for a variety of purposes, including pre-trade decision-making, scoring and analysis, credit risk, predictive analytics, and sentiment measurement. Big data analytics is additionally employed to examine enterprise risk management needs, fraud mitigation, and anti-money laundering [23,27].
For instance, China Merchants Bank (CMB) finds that practices like "Multiple times score accumulation" and "score exchange in shops" are effective at drawing in high-quality customers through data analysis [21].
· Logistics
Companies that handle logistics may have a lot of expertise with big data from the Internet of Things (IoT). GPS, wireless adapters, and sensors are included in UPS trucks so that the company's headquarters can track truck positions and prevent engine failures. For the time being, this technology helps UPS with personnel guidance, management, and route optimization. Based on their prior driving expertise, UPS trucks are assigned the best delivery routes. In 2011, UPS drivers travelled over 48.28 million fewer kilometers [21].
4. Related Work
This section will highlight related works on the handling of huge data sets using machine learning methods.
Recent research on large-scale machine learning solutions by researchers ([28]) produced a set of concepts and approaches that were discussed in this paper. In order to learn how to build massive Machine Learning systems and architectures efficient, broadly applicable, scalable, and expandable, these concepts and tactics encompass the entire spectrum of those systems and architectures [28].
In order to accelerate the discovery of new materials, machine learning can be applied to large datasets of nanoscience data by analyzing and extracting new insights, for example by integrating active learning into experimental design, as well as by integrating memristive devices into hardware that can be used for machine learning. The discussion focused on the potential for future collaborations between nanoscience and machine learning as well as the challenges that remain.
On four ML algorithms (Decision Tree Induction, SVM, Naive Bayes Classifier, and Random Forest Classifier), the effects of two pioneering dimensionality reduction techniques, Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA), were investigated in [30]. Experiments showed that machine learning approaches based on PCA perform better than LDA when working with large-dimensional datasets. It was established that ML methods without dimensionality reduction get superior results when the dimensionality of a dataset is low. Random Forest and Decision Tree classifiers outperform the other two approaches, as well as PCA and LDA, without the use of dimensionality reduction [30].
In the fight against COVID-19, machine learning and big data can contribute significantly by assessing epidemiological models, developing interactive dashboards, and suggesting the best methods for obtaining virus therapies [31]. Ababneh et al. in [31] showed that, despite a lot of difficulties and limitations, employing reinforcement learning to assess huge data produces excellent and fantastic outcomes.
Leung et al. in [32] unveil a big data and ML analytical tool for processing and estimating COVID-19 epidemiological data. In order to generalize some specialized features into some general qualities for big data analytics, the tool takes excellent use of OLAP and taxonomy. In order to train a supervised learning model that predicts medical outputs (such as whether a patient will be dead or recover from COVID-19) for new datasets, this tool customs common patterns seen in prior data. The evaluation's findings indicate that the instrument is helpful in providing a wealth of knowledge on the characteristics of COVID-19 cases. This makes the disease more understandable for epidemiologists, researchers, and decision-makers, which may inspire them to look at fresh approaches for preventing, managing, and treating it [32].
In [33], the researchers used big data and machine learning to analyze COVID-19 predictions, except for CT scans and X-ray images, taking into account all significant fundamental characteristics and other literature from around the world that was correlated with each other. It was shown how accurately computers predicted outcomes by showing how some algorithms produced inverted numbers while others produced accurate forecasts with fewer errors. In addition to a state-by-state population index, the study used two classification techniques for COVID-19 cases in India from January 30 to May 30, 2020. Furthermore, the outcomes of the two approaches were largely comparable. They arrived at the conclusion that medical decision-making can be enhanced by anticipating COVID-19's future diegesis, especially in situations requiring quick intervention.
In [34], the role of big data analysis in healthcare was investigated, and various shortcomings in conventional machine learning techniques were found. Machine learning and big data will work together over the next ten years to improve every element of the healthcare industry.
Machine learning algorithms are increasing the early identification of breast cancer using extensive clinical and gene expression data [26]. In [26], Gupta et al. did research on the use of data analytic frameworks, tools, methodologies, and ML approaches in the context of breast cancer, particularly in the areas of cancer recurrence, cancer survivorship, cancer diagnosis, and cancer prediction. They discovered that the two most popular ML techniques for spotting breast cancer are artificial neural networks (ANN) and support vector machines (SVM). Numerous machine learning (ML) frameworks have Apache Spark's compatibility has been verified.
Based on a dataset, big data can anticipate an impending risk of diabetes and recommend the appropriate course of treatment [35]. In [35], Saxena examined the relationship between diabetes awareness and the prediction model of machine learning systems. The prediction results produced by the Random Forest (RF) and Support Vector Machine (SVM) algorithms are superior to those of other ML algorithms.
This study examined the application of machine learning and big data in environmental and water management (EWM), with a particular focus on DL. This survey provides a comprehensive overview of important ideas and techniques in big data and machine learning as well as a systematic review of existing applications, demonstrating the potential and advantages of data-driven research in EWM. As well as discussing important research issues, it also discusses future directions.
The effectiveness of six ML classifiers was evaluated using a random feature-pooling strategy in [37]. According to his research, the effectiveness of the classifier is not much impacted by the feature selection approach. The effect of feature selection on several datasets, including those with many samples but few features and those with few samples but many features, was also examined. By contrasting classifier performance in terms of accuracy, sensitivity, and specificity, it is possible to assess how effective the suggested CC-based content is. Although a detailed issue analysis method for feature selection may produce the best results, the researcher thinks that a good decomposition strategy alone is insufficient to realize the full potential of CC-based techniques. For CC-based approaches, the development of each subpopulation requires a suitable optimizer, and the development of the entire solution file requires a suitable collaborative technology.
A member of the GBDT family of machine learning technologies, CatBoost. Since its introduction in late 2018, CatBoost has been effectively used in machine learning projects employing massive amounts of data. In light of this, researchers in [38] have examined CatBoost research as it relates to big data, gathering best practices from studies that demonstrate both CatBoost's superiority over other technologies and its inferiority to them. Due to the fact that CatBoost is a decision tree-based method, it is also ideally suited for ML applications that need categorical and heterogeneous data.
Based on their findings in [39], the authors discussed the application of big data and machine learning in agriculture, identified issues and modifications, developed architectures for these systems, and conducted an in-depth systematic literature review (SLR), which examined 34 examples of these systems. As a result of cloud technologies, processing huge amounts of data is no longer a challenge. Data processing speed remains a challenge due to the lack of control over raw, semi processed, and processed (value data) data, as well as information visualization systems that support technical data that farmers rarely understand.
[40] reveals the difficulties and possibilities presented by sensing technologies in terms of assisting animal keepers to yield excess meat and the products of animals. This study focuses on the importance of sensors, big data, AI, and ML in assisting animal breeders in reducing production costs, boosting efficiency, improving animal welfare, and producing more animals per hectare. It also looks at the difficulties and constraints posed by technology. In order to comprehend the usefulness of animal husbandry technology in aiding farmers to enhance animal health, increase revenues, and minimize environmental effects, the researchers underlined the numerous uses of the field.
The focus of reference [8] was on the application of ML and big data analytics to the field of smart buildings. It provided a thorough analysis of research articles on big data and machine learning applications, especially for creating smart infrastructure and services.
Many studies have investigated machine learning techniques that are used to classify images using computation-based experiments and comparison studies. It is [41] one of them. As a result, the deep convolutional network performs the best. It has a lower error rate than stacked de-noising auto-encoders, multilayer perceptrons, and logistic regression. The greatest time savings came from the convolutional neural network running on the GPU. This is also a result of NVidia's cudnn library, which is optimized for convolutional operations [41].
Using simple machine learning algorithms, the spectral structure and temporal delay of individual terahertz pulses in linear accelerator sources may be correctly predicted [42]. These algorithms can process enormous amounts of data to train deep and specialized Artificial Neural Networks (ANN) on heterogeneous processors like FPGAs and GPUs [42].
Machine learning is now widely used to satisfy a variety of data operations, such as data classification, prediction, and archiving [43], as a result of the pressing requirement for enormous astronomical data. Due to its capacity to uncover connections and interactions across various time points, recurrent neural network (RNN) has been extensively noted to be very effective for time series research [43].
Finding anomalies and network attacks is one use for big data processing techniques and machine learning algorithms. Using a combination of machine learning algorithms and large data processing approaches, Reference [44] described a method for identifying network attacks and abnormalities in cybersecurity datasets. In order to validate the suggested method for identifying network attacks and abnormalities, two different datasets were used. There are 7,009,270 examples in the first collection, which was developed in a mobile IoT network. The second set consists of the CICIDS2017 dataset, which has over 500,000 entries and represents DDoS and port scanning attacks. As part of this method, k-nearest neighbors, support vector machines, linear regression, Gaussian nave Bayes, decision trees, and two-layer perceptrons are used to build and share classifiers. An initial dataset can be assessed using principal component analysis, reducing the challenge of object classification.
5. Methodology
This section describes the research approach used. The authors looked for comparable publications in well-known databases including IEEE, SpringerLink, Google Scholar, and others. One of the search terms was "Machine Learning," along with "Big Data," "Algorithms," and "Processing." Data was gathered by the authors using two techniques: research extraction and research screening. During the study extraction procedure, the authors removed many papers based on pointless titles, leaving 51 studies. The authors then read the abstract and conclusion of each manuscript. As a result, certain documents that fell beyond the parameters of the investigation were disregarded. A thorough analysis of the aspects of machine learning utilized to process big data that were discussed in the literature was conducted.
6. Discussion
The most significant issues with big data processing methods utilizing machine learning are covered in this section.
6.1 ML for Big Data Issues and Challenges
In Fig. 1, we provide a complete scenario that includes an assessment of difficulties associated with ML methods for big data from many perspectives. It contains (i) learning for massively scaled data (ii) learning for different structured data (iii), learning for high-speed streamed data (iii), learning for uncertain and incomplete data (iv), and learning for low-value density data (v).
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Fig.1: Big Data Learning Methods

6.1.1 Preparing for Huge Big Data
We deal with an increasing volume of data as a result of technological improvements. Google processes about 25 petabytes of data per day, and businesses will someday process petabytes of data, according to research published in November 2017 [4]. Big data's primary characteristic, which also presents a serious problem, is unquestionably its bulk [4,45]. In order to address this issue, distributed and parallel computing frameworks should be chosen [4].
6.1.2. Learning for Various Structured Data, 6.1.2
Data today comes in a wide range. Structured, unstructured, and semi-structured data are the three forms of data that could produce diverse, non-linear, and high-dimensional data [12]. It is quite difficult to learn from such a massive data set, which makes the data more complex. Data integration will therefore be necessary to get beyond this difficulty [4].
6.1.3. Streaming High-Speed Data Learning
There are many tasks that have to be finished in a certain amount of time. One of the most crucial characteristics of big data is its speed [45]. The processing outcomes may become worthless or lose their value if a work is not finished by a certain date [4]. Among these are the prediction of earthquakes and the stock market [4]. Processing enormous amounts of data fast and accurately is therefore an essential but challenging task. To get past the obstacles, a method for online learning should be employed [4].
6.1.4. Learning from Uncertain and Incomplete Data
Machine learning techniques were used to get data that was more accurate. since the outcomes were accurate at the time. Today's data is muddied, however, by the fact that it comes from a range of unreliable and partial sources. Because of this, machine learning faces serious challenges in huge data analytics [4]. We identify veracity as the fourth major problem for learning with big data [4] to emphasize the significance of addressing and managing the uncertainty and incompleteness of data quality. For instance, in wireless networks, uncertain data is information that is produced as a result of noise, fading, shadowing, and other variables [4,46]. To get around this issue, use a distribution-based approach [4].
6.1.5. Data Learning with Low-Value Density
In big data analytics, machine learning is primarily used to glean useful information from vast amounts of data for financial gain. One of the most crucial aspects of data is its value [4]. It is quite challenging to extract meaningful value from enormous, varied, and sparsely valued amounts of data. As a result, machine learning in big data analytics faces numerous difficulties [4]. To address this issue, database knowledge discovery and data mining technologies should be used [4]. The usage of these technologies is necessary since they offer potential remedies for obtaining crucial facts from vast amounts of data. Data mining studies were examined by the authors of [24].
Big data analytics should be cautious while addressing machine learning's numerous problems. Because there are so many machine learning products available, they all need a lot of training data to function well. To be accurate, machine learning models require to be trained on structured, pertinent, and accurate historical data. There might be other difficulties, but it's not impossible.
7. Conclusion
As a means of overcoming the challenges presented by big data and discovering hidden patterns, facts, and knowledge within vast amounts of data, machine learning is essential to turning this capability into a meaningful incentive for core business leadership and logical investigation. This study illustrated the function of machine learning algorithms in the handling of large amounts of data. Both big data and machine learning algorithms and methodologies were covered in a general overview. It also covered similar studies that applied machine learning methods to the processing of massive data across different domains. Finally, it covered the difficulties and problems that arise when utilizing machine learning to process large amounts of data.
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