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Abstract 

The booming field of big data analytics has attracted significant attention in both the academic 

and business worlds, driven by the need to extract useful insights from ever-growing and 

complicated data sets. The volume of data collected in numerous areas such as healthcare, social 

media, urban infrastructure, agriculture, finance, and education has increased due to 

developments in sensor networks, cyber-physical systems, and Internet of Things (IoT) 

technologies. However, these data are often questionable due to noise, incompleteness, and 

inconsistency, making their interpretation difficult. To systematically examine large amounts of 

data and enable highly accurate data-driven decision making, sophisticated analytical 

approaches are required. As data characteristics such as volume, variety and velocity increase, 

the level of inherent uncertainty also increases, reducing confidence in the subsequent analysis 

and decisions. Artificial intelligence (AI) approaches, which include machine learning, natural 

language processing, and computational intelligence, have demonstrated improved performance 

in terms of accuracy, speed, and scalability in big data analysis compared to traditional methods. 

Existing research largely focuses on specific approaches or areas; Nevertheless, there is a 

significant lack of studies addressing the difficulty of uncertainty in big data and the role of AI 

in minimizing this problem. The purpose of this article is to provide a complete review of the 

literature on big data analysis and outline the outstanding difficulties and future prospects for 

managing and mitigating uncertainty. 

Indexing terms: Big Data, Uncertainty, Artificial intelligence, computational 

intelligence, Natural Language Processing 

Introduction 

The evaluation of big data analytics is becoming increasingly complex due to the 

inherent uncertainty in both data and models. Uncertainty can stem from various 

sources such as data inconsistency, imprecision in measurement, and ambiguity in data 

interpretation. These uncertainties have the potential to significantly affect the 

accuracy, reliability, and decision-making capability of big data analytical systems [1]. 

The integration of uncertainty into big data analytics is not straightforward and poses 

several challenges including computational complexity, scalability, and the need for 

real-time processing. This paper aims to provide a comprehensive review of the impact 

of uncertainty on big data analytics by presenting various case studies that illustrate the 

challenges and solutions. The objective is to shed light on the current methodologies 

that are capable of handling uncertainty in big data environments, and to highlight the 

areas that require further research for robust and reliable analytics [2]. 

Figure 1. 

 
 

The amount of data generated in the digital age is nothing short of astonishing. 

According to the National Security Agency, the Internet processes a staggering 1826 

petabytes of data per day [3]. To put this in perspective, in 2018, the world was 
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producing 2.5 quintillion bytes of data every single day. The exponential growth of data 

generation has defied earlier predictions, with 90% of all the data in the world being 

generated over just the last two years. Google alone processes an astonishing 3.5 billion 

searches per day, while Facebook users upload 300 million photos, 510,000 comments, 

and 293,000 status updates daily. Clearly, the world is awash with data, and this presents 

both an opportunity and a challenge [4]. 

To make sense of this data deluge, advanced data analysis techniques are crucial. These 

techniques are essential for transforming big data into smart data, which provides 

actionable insights and enhances decision-making capabilities for organizations and 

businesses [5]. For example, in healthcare, analyzing large datasets, such as Electronic 

Health Records, can enable practitioners to deliver more effective and affordable 

solutions by identifying trends in patient histories. Traditional data analytics struggle 

with big data due to its unique characteristics, known as the five V's: high volume, low 

veracity, high velocity, high variety, and high value. Additionally, big data presents 

other challenges like variability, viscosity, validity, and viability. This is where artificial 

intelligence (AI) techniques like machine learning, natural language processing, 

computational intelligence, and data mining come into play, offering faster, more 

accurate, and precise solutions for massive data volumes [6]. 

The primary aim of these advanced analytic techniques is to uncover hidden patterns, 

unknown correlations, and valuable information within vast datasets [7]. For instance, 

a detailed analysis of historical patient data can lead to early disease detection and better 

treatment plans. Furthermore, businesses can make informed decisions by leveraging 

simulations and predictive models. However, while AI-powered big data analytics 

holds great promise, it is not without its challenges. Uncertainty creeps in at various 

stages, often due to the inherent characteristics of big data. The V characteristics 

introduce uncertainty sources such as unstructured, incomplete, or noisy data. Dealing 

with incomplete and imprecise information poses significant challenges, and biased 

training data can lead to suboptimal results in machine learning algorithms [8]. As we 

scale these issues to the big data level, any errors or shortcomings in the analytics 

process are magnified. Therefore, addressing uncertainty in big data analytics is critical, 

as it can profoundly affect the accuracy of results. 

Surprisingly, despite the growing importance of uncertainty in big data analytics, there 

has been relatively little research dedicated to understanding its impact 

comprehensively. To fill this gap, this article provides an overview of existing AI 

techniques for big data analytics, including machine learning, natural language 

processing, and computational intelligence, from the perspective of uncertainty 

challenges [9]. It also outlines potential directions for future research in these areas. The 

contributions of this work include an examination of uncertainty challenges within each 

of the five V's, a review of techniques considering the impact of uncertainty, and a 

discussion of strategies to address these challenges. To the best of our knowledge, this 

is the first comprehensive survey of uncertainty in the context of big data analytics. The 

remainder of this paper is organized into sections covering background information, the 

perspective of uncertainty in different AI techniques, a summary of mitigation 

strategies, and a discussion of future research directions in this exciting and evolving 

field. 

Big Data 

The evolution of big data over the years has been nothing short of transformative. Back 

in 2011, it was heralded as the next frontier, promising unprecedented gains in 

productivity, innovation, and competitiveness. Fast forward to 2018, and the number of 

Internet users had surged to a staggering 3.7 billion, emphasizing the vastness of the 

digital realm. Within this digital universe, data was growing at an astonishing pace, 

ballooning from 1 zettabyte in 2010 to a staggering 7 zettabytes by 2014. This surge in 

data gave rise to the concept of the three V's - Volume, Velocity, and Variety, in 2001, 

defining the fundamental challenges of managing big data [10]. However, the 

complexity of big data didn't stop there; it expanded to include Value in 2011 and 
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Veracity in 2012, underlining the importance of quality and context in this data-rich 

landscape [11]. 

Figure 2. 

 
Volume, in the context of big data, refers to the sheer magnitude of data being generated 

constantly. Defining a universal threshold for what constitutes a 'big dataset' is 

impractical, as it depends on various factors such as the time and type of data. While 

datasets in the exabyte (EB) or zettabyte (ZB) range are generally considered big data, 

challenges persist even with smaller datasets. For instance, Walmart collects a 

staggering 2.5 petabytes (PB) of data from over a million customers every hour, 

presenting scalability and uncertainty issues [12]. Many existing data analysis 

techniques struggle to handle such massive datasets, falling short when attempting to 

process and understand data at such a scale. Variety encompasses the diverse forms of 

data within a dataset, including structured, semi-structured, and unstructured data. 

Structured data, often stored in relational databases, is well-organized and easily sorted. 

In contrast, unstructured data, such as text and multimedia content, is random and 

challenging to analyze. Semi-structured data, like NoSQL databases, contains tags to 

separate data elements, but enforcing this structure is typically left to the database user. 

Uncertainty arises when converting between different data types or dealing with mixed 

data types, impacting the effectiveness of traditional big data analytics algorithms [13]. 

These algorithms, designed for well-formatted input data, may struggle with incomplete 

and diverse data formats, presenting a significant challenge in handling multi-modal, 

incomplete, and noisy data. 

Efficiently analyzing unstructured and semi-structured data is particularly challenging 

due to the heterogeneous sources and data types involved. Real-world databases often 

suffer from inconsistencies, incompleteness, and noise. Data preprocessing techniques, 

including data cleaning, data integration, and data transformation, are employed to 

remove noise from data [14]. Data cleaning techniques address issues related to data 

quality and uncertainty stemming from data variety, such as noise and inconsistent data. 

By identifying and eliminating mislabeled training samples, data cleaning can 

significantly enhance the performance of data analysis, leading to improvements in 

classification accuracy, especially in machine learning. 

Figure 3. 
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Velocity emphasizes the speed at which data is processed, categorized into batch, near-

real-time, real-time, and streaming processing. It underscores the importance of 

processing data at a pace that matches its generation rate. For instance, Internet of 

Things (IoT) devices continuously generate vast amounts of sensor data. In the context 

of medical devices like pacemakers, any delays in processing and transmitting critical 

data to clinicians can have life-threatening consequences [15]. Similarly, in cyber-

physical systems, where real-time operating systems enforce strict timing standards, 

any delays in delivering data from a big data application can lead to operational issues. 

Veracity focuses on the quality of data, including its uncertainty and imprecision. Poor 

data quality can have significant economic consequences, with estimates suggesting 

that it costs the US economy billions of dollars annually. In a world where data can be 

inconsistent, noisy, ambiguous, or incomplete, establishing accuracy and trust in big 

data analytics becomes challenging. For instance, when analyzing health care records 

to detect disease trends, any ambiguities or inconsistencies in the dataset can interfere 

with the precision of the analytics process [16]. Similarly, the use of social media for 

both official and personal communication can introduce uncertainty when analyzing 

such data. 

Value represents the context and usefulness of data for decision-making. While the 

previous Vs focus on the challenges of big data, value highlights the potential benefits. 

Companies like Facebook, Google, and Amazon have leveraged big data analytics to 

enhance their products and services. Amazon uses large datasets to provide product 

recommendations, Google utilizes location data for improved mapping services, and 

Facebook employs user activity data for targeted advertising and friend 

recommendations. These companies have harnessed the value of big data to make 

informed business decisions and achieve significant growth. 

Uncertainty 

Uncertainty is a pervasive challenge in the realm of big data analytics, stemming from 

a multitude of sources that span every stage of the data processing pipeline. From the 

inception of data collection, factors like variance in environmental conditions and issues 

related to sampling introduce ambiguity and imperfection. The very nature of the data, 

often characterized by multimodality and complexity, further complicates matters. For 

instance, in the realm of healthcare, patient health records amalgamate numerical, 

textual, and image data, making it inherently uncertain. Shockingly, a significant 

portion of attribute values pertinent to the timing of big data events are frequently 

missing due to noise and incompleteness. Social networks also suffer from missing links 

between data points, hovering around 80% to 90%, while patient reports transcribed 

from doctor diagnoses exhibit more than 90% of missing attribute values [17]. Industry 

experts, as indicated by IBM research in 2014, predicted that by 2015, an astonishing 

80% of the world's data would be shrouded in uncertainty [18]. 

The multifaceted forms of uncertainty in the big data landscape have the potential to 

severely compromise the accuracy and effectiveness of analytical results. When training 

data is tainted by biases, incompleteness, or inaccurate sampling, learning algorithms 

operating on such compromised datasets inevitably produce flawed results. To address 

this pressing concern, meta-analysis studies that integrate uncertainty and data-driven 

learning have witnessed a surge in popularity. The management of uncertainty, woven 

into the fabric of the data analytics process, plays a pivotal role in the performance of 

big data learning. Notably, the challenges of multimodality and changed-uncertainty set 

big data apart from conventional small-size datasets, with the size of the dataset itself 

being positively correlated with the magnitude of uncertainty [19]. Techniques such as 

employing fuzzy sets to model uncertainty have gained traction, especially when 

dealing with vague or inaccurate information that may contain hidden relationships. 

Evaluating uncertainty in big data poses a formidable challenge, especially when data 

collection methods introduce biases. To tackle the myriad forms of uncertainty, various 

theories and techniques have been developed. One such approach is Bayesian theory, 
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which interprets probability based on past events and prior knowledge. Belief function 

theory, on the other hand, aggregates imperfect data through an information fusion 

process when faced with uncertainty. Probability theory deals with the statistical 

characteristics of input data, incorporating randomness. Classification entropy 

measures ambiguity between classes and provides an index of confidence in 

classification. Fuzziness is employed to measure uncertainty in classes, particularly in 

human language. Fuzzy logic then handles uncertainty associated with human 

perception. Shannon's entropy quantifies information and its missing components in a 

variable. Rough set theory, with its upper and lower approximations, aids in reasoning 

with vague, uncertain, or incomplete information [20]. Probabilistic theory and 

Shannon's entropy are also frequently used to model imprecise, incomplete, and 

inaccurate data, providing a comprehensive toolkit to navigate the complex landscape 

of uncertainty in big data analytics. 

Data Analytics  

Big data analytics is a powerful approach for uncovering valuable insights from massive 

datasets, offering the capability to identify patterns, correlations, market trends, and 

user preferences that were previously beyond the reach of traditional analytical tools 

[21]. The advent of big data's five V characteristics necessitated a reevaluation of 

analysis techniques due to their limitations in processing time and space. In recent years, 

the opportunities presented by big data have grown exponentially, with a significant 

increase in the global adoption of big data technologies and services, accompanied by 

substantial growth in income generated from big data and business analytics. To 

effectively harness the potential of big data analytics, various advanced data analysis 

techniques and strategies have emerged. These include machine learning (ML), data 

mining, natural language processing (NLP), and computational intelligence (CI), 

among others. Additionally, strategies like parallelization, divide-and-conquer, 

incremental learning, sampling, granular computing, feature selection, and instance 

selection have proven instrumental in addressing the challenges posed by big data. 

Figure 4. 

 
 

Parallelization stands out as a technique that significantly reduces computation time by 

breaking down complex problems into smaller tasks that can be executed 

simultaneously. This approach optimizes processing power by distributing tasks across 

multiple threads, cores, or processors, thereby speeding up data analysis without 

reducing the overall workload. The divide-and-conquer strategy plays a vital role in 

handling big data. It involves breaking down a large problem into smaller, more 

manageable subproblems, solving them individually, and then integrating their 

solutions to address the overarching issue. This approach has been particularly effective 

in managing massive databases, where records are processed in smaller groups rather 

than all at once. 

Incremental learning, on the other hand, is tailored for streaming data, adapting learning 

algorithms to incorporate new data as it arrives. It continually adjusts parameters based 

on incoming data, ensuring that each data point contributes to the model's ongoing 

refinement. Sampling offers a valuable data reduction method for big data analytics, 

enabling the extraction of patterns from large datasets by analyzing a carefully chosen 
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subset of the data. The effectiveness of this technique depends on the criteria used for 

data sampling. Granular computing simplifies the complexity of large datasets by 

grouping elements into subsets or granules. This approach is particularly useful for 

handling uncertainty in the search space, reducing large objects to a more manageable 

scale. Feature selection is a critical strategy in data mining, aiming to select a subset of 

relevant features for a more precise representation of the data. It plays a pivotal role in 

preparing high-scale data for analysis. 

Instance selection is another practical technique commonly used in machine learning 

and data mining. It allows for the reduction of training sets and runtime in classification 

and training phases, thereby enhancing efficiency. The field of big data analytics 

continues to evolve, the application of advanced data analysis techniques and strategic 

approaches is essential for overcoming the challenges posed by massive datasets. These 

techniques not only enhance decision-making capabilities but also reduce costs and 

improve processing efficiency. However, the costs and challenges associated with 

uncertainty in big data analytics remain significant, prompting further exploration of 

this issue to ensure the development of robust and high-performing systems. 

Addressing Uncertainty in Big Data Analytics Techniques 

In this section, we delve into the effects of uncertainty on three pivotal AI 

methodologies applied in the realm of big data analytics: Machine Learning (ML), 

Natural Language Processing (NLP), and Computational Intelligence (CI). While 

numerous analytical techniques exist, we narrow our focus to these three and explore 

the inherent uncertainties associated with each, as well as strategies for mitigating them. 

Machine Learning and Its Role in Big Data 

In the domain of data analytics, Machine Learning (ML) stands as a vital tool for 

crafting predictive models and facilitating data-driven decision-making. Traditional ML 

methods, however, encounter challenges when dealing with the characteristics of big 

data—such as vast volumes, high velocity, diverse data types, low value density, and 

data incompleteness—coupled with uncertainties stemming from issues like biased 

training data and unexpected data types [22].  

Figure 5. 

 
 

Advanced ML techniques tailored for big data analysis include feature learning, deep 

learning, transfer learning, distributed learning, and active learning. Feature learning 

allows systems to autonomously uncover essential data representations for detection or 

classification from raw data. The choice of data representation significantly impacts 

ML algorithm performance. Deep learning, designed to extract meaningful knowledge 

from extensive and multi-source datasets, incurs substantial computational costs. 

Distributed learning combats scalability issues by distributing calculations across 

several workstations. Transfer learning enhances learners in one domain by transferring 

knowledge from related contexts [23]. Active learning, meanwhile, expedites ML tasks 

and mitigates labeling challenges by selectively collecting the most valuable data 

instances. Uncertainties in ML primarily arise from learning from data of low veracity 
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and low value. Active learning, deep learning, and fuzzy logic theory are particularly 

adept at addressing these uncertainties, offering greater flexibility and efficiency [24]. 

Natural Language Processing in the Big Data Landscape 

Natural Language Processing (NLP), a facet of ML, empowers devices to interpret, 

analyze, and generate text. NLP and big data analytics specialize in processing vast 

amounts of textual data in real-time. Various NLP techniques, including lexical 

acquisition, word sense disambiguation, and part-of-speech tagging, have been 

harnessed for tasks like information extraction, topic modeling, text summarization, 

classification, clustering, question answering, and opinion mining [25]. For instance, 

NLP aids in fraud investigations by sifting through immense textual data, identifying 

criminal names, and analyzing bank records. Additionally, it plays a role in establishing 

traceability links among textual artifacts [26]. Nevertheless, uncertainty influences 

NLP, particularly in keyword searches, where documents containing keywords may not 

guarantee relevance. Ambiguities in word meanings and sentence structures pose 

challenges for automatic POS tagging. Although IBM Content Analytics (ICA) can 

alleviate some of these issues, large-scale data remains a concern. Furthermore, 

biomedical language introduces additional complexities to POS tagging. Integrating 

NLP techniques with uncertainty modeling like fuzzy and probabilistic sets holds 

promise for real-time textual data analysis, but further research is required in this 

domain [27]. 

Computational Intelligence for Big Data Analysis 

Computational Intelligence (CI) encompasses nature-inspired computational methods 

that play a crucial role in addressing the complexities of big data analysis. These 

techniques, including evolutionary algorithms, artificial neural networks, and fuzzy 

logic, are instrumental in tackling high complexity, uncertainty, and data-related 

challenges that conventional methods struggle with. CI techniques are well-suited for 

scenarios involving substantial uncertainty, such as predicting user emotions based on 

extensive, fuzzy emotional data [28]. Challenges persist, especially concerning the 

veracity and value aspects of big data. New CI techniques are being developed to 

efficiently handle large datasets and adapt swiftly to data modifications. Swarm 

intelligence, AI, and ML algorithms are leveraged for tasks like predictive analysis, 

collaborative filtering, and building empirical statistical models to enhance big data 

analysis. Fuzzy logic, in particular, excels at modeling qualitative data for uncertainty 

challenges, making use of linguistic quantifiers and interpretable fuzzy rules for 

inference and decision-making [29]. EAs, mimicking the evolution process, offer 

efficient solutions to complex problems presented by big data. However, CI-based 

algorithms may still be affected by motion, noise, and unforeseen environmental 

factors, necessitating further research to address these multi-faceted challenges 

effectively [30]. 

Conclusion  
This paper extensively examined various methodologies in the realm of big data 

analytics and assessed the impact of uncertainty on each of these approaches. The 

findings have been conveniently summarized in Table 2. To begin with, each AI 

technique has been categorized as ML, NLP, or CI. The next column sheds light on how 

uncertainty affects these techniques, encompassing both data-related and intrinsic 

uncertainties. Lastly, the third column encapsulates suggested measures to tackle the 

specific challenges posed by uncertainty in each case. For instance, the first entry in 

Table 2 highlights a scenario where uncertainty can be introduced in the domain of ML 

due to incomplete training data [31]. One potential remedy to address this particular 

form of uncertainty is the application of active learning techniques, which involve 

selecting a subset of data deemed most critical, thereby mitigating the challenge of 

limited available training data. It's noteworthy that each aspect of big data was dissected 

individually, but it's crucial to acknowledge that combining multiple characteristics of 
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big data introduces a significantly higher level of uncertainty, necessitating further in-

depth investigation [32]. 

This paper delves into the influence of uncertainty on the realm of big data, 

encompassing its effects on both data analytics and the datasets themselves. The 

primary objective was to offer an extensive overview of contemporary big data analytics 

techniques, scrutinize the adverse repercussions of uncertainty on these methods, and 

elucidate the unresolved challenges that persist [33]. The paper diligently summarizes 

pertinent research pertaining to each prevalent technique, providing valuable insights 

for fellow members of the community engaged in the development of their own 

methodologies. While the discussion comprehensively addresses the quintessential five 

V's of big data, it acknowledges the existence of numerous other V's. Notably, the 

research predominantly concentrates on the dimensions of volume, variety, velocity, 

and veracity of data, with limited attention given to the aspect of value, specifically data 

associated with corporate interests and decision-making within distinct domains [34]. 

The passage discusses various avenues for future research in the field. Firstly, it 

emphasizes the need to investigate the interplay between different characteristics of big 

data since they coexist and interact in real-world scenarios. Secondly, there is a call for 

empirical assessments of the scalability and effectiveness of existing analytics 

techniques when applied to big data. Thirdly, it suggests the development of new 

techniques and algorithms in machine learning (ML) and natural language processing 

(NLP) to address the real-time decision-making demands posed by vast datasets [35]. 

Furthermore, the passage highlights the necessity of exploring efficient methods to 

model uncertainty in ML and NLP and to represent uncertainty arising from big data 

analytics. Lastly, it points out that while computational intelligence (CI) algorithms 

have been employed to address ML and uncertainty challenges in data analytics, there 

is a notable absence of CI metaheuristic algorithms specifically tailored for tackling 

uncertainty in the context of big data analytics. 
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