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Abstract: Big data quality is all about ensuring that the huge amounts of data are accurate, reliable, and useful. 

It is important because decisions made based on this data can affect many things, like business strategies, 

customer experiences, and even public policies. Many researchers are studying data quality in the context of 

big data. This study aims to analyze the research trends and patterns within the domain of big data quality. 

This method reveals hidden themes in large datasets, helping to understand data quality better. The findings 

show that Latent Dirichlet Allocation (LDA) is effective for topic modeling in big data, highlighting data quality 

challenges and opportunities. The research identified key trends and effective assessment methods. For 

researchers, using LDA in a systematic review helps summarize existing studies and find gaps, guiding future 

research. Practitioners and future researchers get useful direction for managing data quality and improving 

efficiency and decisions in various industries. 
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I. Introduction 

In the modern digital age, the utilization of big data takes an important position in facilitating 

decision-making procedures and influencing many facets of both the commercial realm and society 

at large. Research by IDC says that the amount of data worldwide will increase significantly from 45 

zettabytes in 2019 to 175 zettabytes by 2025 [1]. The 5V’s qualities, namely volume, velocity, variety, 

veracity, and value, are utilized in big data [2]. Table 1 discussed about the characteristics of 5V’s. 

Table 1. Characteristics Of Big Data. 

Volu

me 

Refers to the vast amount of data being 

generated and collected. 

Veloci

ty 

Represents the speed at which data is being 

produced and processed. 

Variet

y 

Indicates the diverse types of data, 

including structured, unstructured, and 

semi-structured data. 

Veraci

ty 

Refers to the reliability and accuracy of the 

data. 
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Value 

Represents the potential insights and 

benefits that can be derived from analyzing 

the data. 

Due to the quantity and rapidity of data, along with its diverse range of types, the quality of the 

data is substandard. 

In the middle of the great quantity and speed at which data is produced, guaranteeing its quality 

has become a notable concern. Sometimes, threats like cryptojacking and ransomware also challenge 

data security, impacting the reliability of big data [3]. The presence of low data quality might result 

in incorrect conclusions and choices, underscoring the significance of evaluating and upholding data 

quality, particularly within the field of big data [4].   

Despite its importance, there remains a significant gap in systematic methods to identify and 

analyze research trends and patterns in big data quality. Recent studies focus on improving data 

quality in big data. Many articles and research papers from databases like Google Scholar, IEEE 

Xplore, and ACM Digital Library show these efforts. Searches for "data quality in big data" and 

"research on big data quality" reveal many studies on this topic. New reviews give insights into 

current knowledge, highlighting ongoing efforts to tackle challenges and opportunities in big data 

quality. 

Researchers often do systematic literature reviews (also known as systematic literature surveys) 

to keep up with the newest developments in a specific topic [5]. The process consists of three main 

phases: planning, conducting, and reporting [6]. Many systematic literature reviews have been 

conducted on the topic of data quality in the realm of big data. However, this manual procedure is 

difficult and can only identify and examine a restricted quantity of publications [7]. Topic modeling 

is a widely utilized analytical technique for the assessment of data. Latent Dirichlet Allocation (LDA) 

has been widely employed by many researchers because of its remarkable topic modeling 

capabilities. LDA is a powerful statistical tool which is an unsupervised machine learning method. It 

can be used to find the main topics hidden within a large batch of articles [8]. This research aims to 

close the gap using LDA's strengths. It is guided by the following research questions: 

RQ1: What trends are most prevalent within the domain of big data quality over the years 2010-

2024? 

RQ2: How do the most prevalent themes change across each year? 

RQ3: How does topic modeling, specifically LDA, compare to traditional literature review 

methods in identifying research trends in big data quality? 

The objective of this research is to review past publications and stay updated with current 

research trends in big data. This research will help in understanding big data quality by reviewing 

current trends and methods. Using LDA for topic modeling identifies research gaps and future 

opportunities. Practitioners will gain insights into effective data quality assessment methods. The 

review will be a great resource for academics and professionals aiming to improve data quality and 

leverage big data analytics. 

II. Literature Review 

We explored trends in big data quality using both traditional literature reviews and Latent 

Dirichlet Allocation (LDA). Traditional reviews gave us a deep analysis of key theories and concepts. 

LDA helps us find hidden themes in many academic papers. Using both methods together provided 

a complete understanding of the research landscape. In this study, we manually reviewed a subset of 

the 683 articles from the Web of Science database. We focused on key themes like data quality 

dimensions, new methods, and how big data quality is applied in different sectors. Most of the 

published review papers focus on a specific area of Big Data quality [9].  

Elouataoui et al. (2022) examined big data quality and the challenges and solutions for ensuring 

it. They reviewed existing research on big data quality, Which includes its characteristics, value chain, 

and quality measures. The paper emphasized that high-quality data is crucial for reliable analytics 

and decision-making, while poor-quality data leads to errors. They discussed the complexities of big 
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data, like its large size, fast speed, and variety, and how these make it hard to keep data accurate and 

complete. The authors reviewed methods to improve data quality, such as data cleaning and 

validation, and highlighted the need for specific strategies in fields like healthcare, social media, and 

finance [9]. 

Ridzuan et al. (2020) looked at data quality in the big data era by reviewing papers published 

from 2016 to 2020 from sources like the ACM Digital Library, Scopus, and ScienceDirect. They chose 

21 papers to examine closely. The authors talked about key aspects of data quality, such as accuracy, 

completeness, consistency, and timeliness, which are important for making big data useful and 

reliable. They pointed out that poor data quality can lead to wrong conclusions, so it's crucial for 

organizations to have strong data management and quality assurance practices. The paper also 

discussed the challenges industries face in managing data quality, like integrating different data 

sources and dealing with the fast pace of data generation [10]. 

Ijab et al. (2019) introduced the Big Data Quality Framework, which includes aspects like 

Accessibility, Timeliness, Authorization, Credibility, Clarity, Accuracy, Authenticity, Integrity, 

Consistency, Completeness, Auditability, Fitness for Use, Readability, and Structure. The paper 

looked at the importance of data quality in Malaysia's public sector. As Malaysia used big data to 

improve public services, there was a need for a strong data quality framework. The authors created 

a new framework through a systematic literature review (SLR). This framework aimed to help share 

high-quality data across government sectors, increase transparency, and encourage innovation. By 

focusing on data quality from the start, the framework aimed to reduce the time and effort needed to 

fix data errors, supporting better decision-making in the public sector. The authors reviewed 

databases like ScienceDirect, IEEE Xplore, Scopus, and AIS Electronic Library from 2000 to 2018 and 

selected 295 papers, of which they analyzed 16 [11]. 

Mostafa Mirzaie et al. conducted a systematic literature review on big data quality. They 

explored three research areas: processing types, active researchers and institutions, and challenges. 

The study emphasized that the effectiveness of data-driven insights heavily relies on the quality of 

the data itself. Despite the growing acknowledgment of data quality in big data studies, 

comprehensive reviews in this area have been limited. We did a systematic literature review to map 

out the landscape of big data quality research, proposing a research framework that categorizes 

existing studies based on processing types, tasks, and techniques. They identified and discussed 

major challenges in big data quality, such as handling vast volumes of data from diverse sources at 

high velocities, and suggested future directions for research. After selecting 419 studies, they 

narrowed their focus to 170 for in-depth examination, ultimately analyzing 16 of them [12]. 

Liu et al. highlighted challenges in handling big data, including issues like inaccurate data 

collection, incomplete information, and ethical concerns. Their study, based on empirical evidence, 

underscores the importance of using rigorous scientific methods to ensure reliable findings and 

address significant data issues. The paper reviewed seven important research papers that explore 

various types of big data and related research challenges, particularly in geographic and spatial 

studies. While big data can provide valuable insights, it also poses challenges such as data errors, 

missing information, inadequate representation, and privacy issues. The authors urge researchers to 

approach big data use with care to ensure accuracy and respect privacy concerns [13] 

Ji et al. (2020) searched key databases and found 83 studies on quality assurance (QA) 

technologies for big data. They noted a lack of comprehensive reviews on QA methods for large data 

applications. The article discusses key findings on quality attributes in big data applications and 

divides QA technologies into two groups: implementation-specific and process-specific. 

Implementation-specific QA technologies include methods like architectural choices and fault 

tolerance to prevent faults. Process-specific QA technologies, such as testing and monitoring, ensure 

applications work correctly throughout their lifecycle. The review highlights important quality 

attributes affected by big data, like correctness, performance, and reliability. It emphasizes the need 

for a combined QA approach since no single method can address all issues. The authors call for more 

research to create new solutions for big data challenges and to test these technologies in real-world 

situations [14]. 
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Ramasamy & Chowdhury (2020) analyzed 17 research articles to compile a list of big data quality 

dimensions. They emphasized the importance of traditional factors like accuracy and newer ones like 

trust, especially for social media and sensor data. The study highlights challenges in managing data 

quality in big data due to its volume, speed, and variety. It calls for new methods and tools, including 

real-time analysis and ensuring data confidentiality and credibility, to improve decision-making 

reliability [15]. 

These reviews underscore the increasing significance of big data quality research. However, a 

notable challenge persists: there is a gap in research on the application of LDA in the realm of Big 

Data Quality. Researchers are leveraging LDA to uncover current research trends across various 

domains like Blockchain, Cybersecurity, and Machine Learning through topic modeling. LDA 

facilitates the efficient analysis of vast datasets. As the field of big data quality research has expanded 

substantially, techniques such as LDA have become increasingly valuable for extracting topics from 

the extensive documents used in such research. For instance, researchers have employed the LDA 

technique to predict the future directions of research in blockchain technology. They have identified 

17 emerging research trends that are now being implemented and warrant further attention [15]. 

Also, for LDA's accuracy in topic modeling heavily relies on the quality of the input data. To 

enhance data validation and integrity, blockchain technology, with its decentralized and immutable 

properties, provides tamper-proof validation, significantly strengthening the reliability of data used 

in these analytical outcomes. Its proven effectiveness in securing data across sectors such as 

healthcare, academia, and defense highlights blockchain’s potential to ensure data integrity in big 

data analytics [16]. 

Maintaining data quality in big data environments requires a precise and actionable approach 

to risk assessment. An effective risk assessment method, like AssessITS, provides clear and targeted 

methodologies for identifying and mitigating data integrity risks, which are crucial for enhancing 

data reliability. By combining theoretical guidelines with practical, step-by-step processes, this 

approach helps organizations efficiently address vulnerabilities, reducing the likelihood of data 

inaccuracies. Such a comprehensive strategy not only supports traditional data quality methods but 

also strengthens advanced techniques like Latent Dirichlet Allocation (LDA) by ensuring that data 

integrity is consistently upheld, leading to more accurate and insightful data analysis [17]. 

III. Big Data And Its Dimensions 

The importance of data quality in decision-making has been critical since the advent of the digital 

age. In 1963, the expression "garbage in, garbage out" was introduced to emphasize its significance in 

the field of computing. Over time, companies have employed data governance initiatives and tools 

such as data dictionaries to effectively oversee and regulate data quality. Data warehouses, which 

were first introduced in the 1980s, presented novel difficulties by consolidating data from many 

sources, resulting in problems such as the absence or incongruity of data. The advent of the World 

Wide Web in the 1990s increased the accessibility of data; however, it also presented difficulties due 

to the absence of data semantics. Initiatives such as the Semantic Web and Schema.org seek to tackle 

these difficulties by enhancing the compatibility of web data for queries and calculations. As we enter 

the age of big data—characterized by its velocity, variety, and volume—the fourth and fifth 'Vs'—

veracity and value—become increasingly important in guaranteeing the dependability of data and 

extracting meaningful insights. Strict data quality management is necessary to avoid mistakes that 

can greatly affect choices and operations, and veracity, or the reliability of data, addresses problems 

with consistency and quality. Value, on the other hand, highlights the data's prospective insights and 

advantages, encouraging firms to tackle data quality head-on. An effective strategy for preserving 

data quality is critical since seemingly little errors can have far-reaching effects, much like the 

butterfly effect [18]. This does double duty: it protects big data from harm and lets businesses use 

massive datasets for efficiency, strategy, and regulatory compliance. In other words, it turns data-

driven challenges into opportunities. According to IBM, the assessment of data quality pertains to 

the extent to which a dataset satisfies specific standards in terms of accuracy, comprehensiveness, 

validity, consistency, uniqueness, timeliness, and suitability for a particular purpose. This aspect 
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holds significant importance in the context of data governance endeavors inside an organization [19]. 

According to ISO/IEC, Data Product Quality can be defined as how well the data meets the needs 

specified by the organization that owns the product [20]. Essentially, these needs are represented in 

the Data Quality model via various attributes (such as Accuracy, Completeness, Consistency, 

Credibility, Timeliness, and Accessibility). 

Data changes for many reasons, and to improve its quality, it's important to identify and 

organize these reasons into different categories of data quality dimensions [21]. Data quality 

dimensions (DQDs) can be described as "a set of data quality attributes that represent a single aspect 

or construct of data quality" [15]. Common data quality dimensions include Accuracy, Completeness, 

Consistency, Freshness, Uniqueness, and Validity, with literature also suggesting additional aspects 

like security, traceability, navigation, and data decay [9]. In the study by Lee et al. (2006), the 

researchers identified several key dimensions for evaluating data quality (Calvert, 2007). Free of 

Error, Completeness, Consistency, Credibility, Timeliness, and Accessibility are some of the 

dimensions that offer a comprehensive framework for assessing data quality, highlighting aspects 

crucial for organizations. Additionally, Lee et al. propose metrics to quantify these dimensions, 

further aiding in their practical application. In the context of big data, the challenges related to data 

quality (DQ) have become ever more complicated. The large quantity of data (volume) poses 

challenges in ensuring correctness, while the rapid rate at which data is received might undermine 

its timeliness.  

IV. Topic Modelling  

Topic modeling is an effective text mining technique derived from Natural Language Processing 

(NLP) that investigates the relationship between the collected data and the documents. Data mining 

is an emerging field that aims to extract information from unstructured data [22].   

Statistical models are used to find relationships between words and texts within a collection of 

unorganized textual material. This allows the identification of significant themes or subjects within 

the data. Natural language processing makes extensive use of topic modeling approaches, especially 

those based on Latent Dirichlet Allocation (LDA), to sort through unstructured materials for subjects 

and extract meaning. All sorts of fields can benefit from these techniques, including text mining, data 

analysis for social media, and information retrieval. The use of LDA-based topic modeling in social 

media networks, such as Twitter and Facebook, helps to understand online discussions and 

interactions and allows for the discovery of useful insights and patterns. In addition to their use in 

social media, topic models have many other applications in areas such as software engineering, 

geography, politics, and medicine by uncovering the semantics and structures hidden in large 

datasets [23].  In LDA, a corpus is viewed as a generative probabilistic model. It was introduced by 

Blei et al. in 2003. Essentially, documents are considered as mixtures of hidden topics, where each 

topic is defined by a distribution of words. LDA. It is a popular method in topic modeling that 

represents topics through word probabilities. The words with the highest probabilities in each topic 

typically provide insight into the topic's content. LDA, being an unsupervised probabilistic approach, 

assumes that each document can be represented by a distribution of latent topics, with all documents 

sharing a common Dirichlet prior. Similarly, each latent topic is represented by a distribution of 

words, with the word distributions also sharing a common Dirichlet prior [24]. 

Table 2. Steps Involved In LDA. 

St

ep 
Description 

1 Identify individual words as features in NLP. 

2 

Utilize Latent Dirichlet Allocation (LDA) 

method to establish connections between 

documents. 
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St

ep 
Description 

3 

Employ Variational Expectation Maximization 

(VEM) algorithm to estimate similarities within 

the corpus. 

4 
Utilize Bag of Words (BoW) to extract initial few 

words for LDA model. 

5 
Represent each document in the corpus as a 

distribution of topics. 

6 
Extract topics representing distributions of 

words. 

7 
Determine probabilistic distribution of topics 

for each document through LDA. 

8 
Obtain comprehensive understanding of 

relationships between topics. 

In natural language processing (NLP), using individual words as features helps find important 

information quickly. It helps to avoid the need to analyze the entire dataset. The Latent Dirichlet 

Allocation (LDA) method establishes statistical and visual connections between items. LDA uses the 

Variational Expectation Maximization (VEM) algorithm to estimate similarities within the corpus. 

However, LDA often lacks semantic details, so only the first few words from the Bag of Words (BoW) 

are used. Each document represents a distribution of topics, and each topic represents a distribution 

of words. LDA reveals the topic distribution in each document, aiding in understanding the 

relationships between them [22]. 

V. Methodology  

In this section, we included all the steps and activities relating our experiment to data quality in 

the big data domain. First, we talked about where we got our data from and why we chose a specific 

database called Web of Science. Then, we describe how we cleaned up the data to make it easier to 

analyze using a computer program called Python. After that, we introduce LDA. We also talked about 

how we figured out the best number of topics to look for in our data. Finally, we explain why it's 

important to give labels to the topics we find and how it helps us understand them better. This part 

helps you understand how we did our research and why each step was important.   

A. Data Collection 

In this study, the researchers examined the Web of Science database, known for its extensive 

research coverage. The Web of Science database contains research articles from various sources such 

as journals, conferences, books, and more. While other databases exist, including free options like 

Microsoft Academic and specialized ones like PubMed, the reliability of these alternatives may vary. 

For a comprehensive analysis and research evaluation, the Web of Science is still considered the most 

reliable source [23]. The search string designed for this study was (“Big data” AND “data quality”). 

The terms "big data" and "data quality" were chosen as the focus of this research due to their 

foundational significance. "Big data" creates challenges that old data management methods can't 

handle. "Data quality" is crucial for making reliable decisions. Errors in data can cause big problems 

in business, healthcare, and other fields. The inclusion criteria specify that only research papers 

published in English and categorized as articles are considered.  

We selected the topic category in the search box within the Web of Science databases. In this 

category, it searches the search string in the title, abstract, and author keywords. To capture the 

research trends, we considered all articles published related to the string, resulting in a total of 683 
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papers out of 456 different sources of research articles (as of April 19, 2024). IEEE Access is the 

primary source of research articles on data quality in big data, housing 17 articles. Following that is 

Sensors with nine articles, and then Applied Sciences Basel with eight articles. We have these results 

in an Excel file, with each column containing different data. 

 

Figure 1. Publication Year. 

B. Data Processing 

The second step is processing the collected documents. During preprocessing, the aim is to 

eliminate any unnecessary information present in the material. This process eliminates unwanted 

words and characters from the gathered corpus or dataset, improving its quality and accuracy for 

further processing. All these steps are conducted using the Python programming language.  

The code imports some useful libraries that provide tools for text processing and topic modeling. 

These libraries include pandas (for data manipulation) and nltk (for natural language processing). 

The preprocess text(text) function takes input from a piece of text (like an article title or abstract). This 

function loads a list of common English words called “stop words” (e.g., “the,” “and,” “in”) that we 

want to ignore. It uses a lemmatizer to convert words to their base form (e.g., “running” becomes 

“run”) and tokenizes the text (splits it into individual words). It also preprocesses text data by 

filtering out non-alphabetic and non-numeric words, removing short words and stop words, and 

ultimately returning a list of cleaned-up words. Afterward, the code tried to load data from the Excel 

file. The code combines the “Article Title” and “Abstract” columns from the loaded data into a single 

list called documents. This list contains all the titles and abstracts of research articles. Later, the code 

creates a dictionary of unique words from the preprocessed documents. It also creates a “bag of 

words” representation (called a corpus) for each document. The corpus represents how often each 

word appears in a document. Overall, these preprocessing steps are essential for cleaning and 

standardizing the text data extracted from input files. 

C. Data Analysis 

For analysis, we used the LDA method. We used the LDA from Python’s Gensim package. There 

is one problem with LDA it does not give optimal number of topic. The number of topics for the LDA 

model could be selected using the perplexity, JS divergence, coherence, and stability methods [25]. 

We chose the coherence method to find the optimal topic number. Latent Dirichlet Allocation (LDA) 

relies heavily on high-quality data input for accurate topic modeling. The coherence method looks at 

how well words fit together in a model, checking the chance that words from the top-ranked topics 

appear together in a document. Our code computed coherence scores for different numbers of topics 

(ranging from 2 to 20). The optimal number of topics that gave the highest coherence score was 16. 

The ideal number of words per topic in Latent Dirichlet Allocation (LDA) is not fixed and can vary 

based on the specific dataset and research objectives. However, too few words per topic may result 

in vague or overly broad topics as well as too many words per topic can make them difficult to 

understand. Many studies on topic models typically use the top 5 to 20 words (Choosing Words in a 

Topic, Which Cut-off for LDA Topics? n.d.). However, we decided to use ten words for each topic. 

D. Topic Labeling 
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The LDA model helps find themes, and each theme is given a label manually by looking at the 

keywords related to it. It refers to a way of giving descriptive and meaningful labels to the latent 

topics that are derived from a set of text documents. Researchers try to discover groups of related 

words (topics) that stand in for general concepts in the corpus when they use topic modeling 

approaches.  

Assigning labels to topics is crucial for understanding and delving deeper into a topic model. It 

serves not only to aid in interpretation but also to offer qualitative backing when choosing among 

different models. Labeling topics can highlight which topics are more pertinent to a research query 

or, conversely, identify less informative ones. This becomes particularly important in models with 

numerous topics, as distinctions between topics might be more about language structure than actual 

content; for instance, comparing "eating healthy" with "following a balanced diet" showcases how 

topic labels can vary based on nuances in wording [26]. 

E. Comparison with Traditional Literature Review Methods 

We used Latent Dirichlet Allocation (LDA) for topic modeling and also did a traditional 

literature review on some of the same articles. This helped us compare the strengths and weaknesses 

of both methods. LDA found hidden trends, while the traditional review gave a deeper 

understanding of key themes. Comparing both methods, we tested how well LDA could find new 

research trends and checked its accuracy against known literature. 

VI. Result 

The LDA-Gensim model produced ten words for each of the 16 topics. A coherence value 

ranging from 0.5 to 0.7 is considered a good score for identifying semantic similarities among the 

main words of a topic (Evaluation of Topic Modeling: How to Understand a Coherence Value/C_v of 

0.4, Is It Good or Bad? n.d.). The coherence score is 0.3357. Since LDA is unsupervised, it might not 

group words into topics accurately. It works by using the probability of word occurrence in the text. 

The domain is very diverse, encompassing areas such as marketing, supply chain, social media, 

algorithm performance, clinical studies, and pollution studies. The top 30 most salient terms are –  

Data, Quality, Chain, Supply, Big, Health, Evaluation, Adoption, Analytics, Study, Management, 

Firm, Model, Research, Performance, System, Medical, Decision, Record, Learning, Information, 

Science, Database, Method, Big Data Analytics, Based, Patient, Network, Detection, Assessment. 

A. Research Area 

After extracting key terms from the LDA model, we labeled the resulting topics by scrutinizing 

the associated keywords. 

Table 3. Key Terms And Topic Label. 

No. Key Terms Topic Label 

 

1. 

data, research, study, 

quality, big, 

performance, record, 

firm, process, impact 

Data-Driven Decision 

and Performance 

Analysis 

2. 

data, quality, big, 

method, based, model, 

proposed, evaluation, 

process, result 

Big Data Evaluation 

Methods 

3. 
data, system, analytics, 

quality, analysis, social, 

Social Media Data 

Analytics and Quality 

Research 
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research, medium, 

based, line 

4. 

data, quality, big, 

algorithm, database, 

result, model, 

performance, 

processing, process 

Big Data Processing 

and Algorithm 

Performance 

5. 

chain, supply, data, 

performance, big, 

analytics, model, 

management, 

organizational, 

operational 

Big Data Analytics in 

Supply Chain 

Management 

6. 

data, medical, 

detection, leisure, 

website, phishing, 

image, record, big data 

analytics, agriculture 

Big Data Analytics in 

Medical 

7. 

data, quality, 

information, study, 

model, method, 

pollution, present, 

analysis, result 

Data Quality Analysis 

in Pollution Studies 

8. 

data, decision, big, 

research, quality, 

marketing, big data 

analytics, sensing, 

technology, analytics 

Big Data Analytics for 

Decision-Making and 

Marketing 

9. 

data, health, quality, 

method, study, big, 

clinical, research, 

patient, medical 

Big Data in Clinical 

Research 

10. 

data, big, quality, 

study, analysis, 

research, collection, use, 

network, using 

Network Analysis by 

Data Quality 

11. 

data, quality, big, 

assessment, measure, 

improvement, label, 

supplier, decision, 

using 

Data Quality 

Measures for Supplier 

Assessment 
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12. 

data, quality, research, 

management, survey, 

big, framework, 

machine, learning, 

source 

Data Quality 

Management with 

Machine Learning 

13. 

adoption, firm, data, 

big data analytics, 

study, management, 

business, theory, 

perceived, analytics 

Business Analytics 

and Big Data 

14. 

data, science, big, 

quality, information, 

analysis, research, 

challenge, system, 

method 

Challenges in Data 

Quality Analysis 

15. 

data, learning, deep, 

method, quality, big, 

analytics, model, 

machine, approach 

Deep Learning 

Methods for Data 

Analytics 

16. 

data, specie, method, 

area, research, 

sampling, database, 

urban, trend, google 

Data Sampling 

Methods 

B. Research Trends 

These research topics collectively explore the different roles of big data and its quality across 

diverse fields. For example, “Impact of data-driven decision-making in Lean Six Sigma: an empirical 

analysis”, “Trusted Decision-Making: Data Governance for Creating Trust in Data Science Decision 

Outcomes” and “Data Management in Industrial Companies: The Case of Austria” papers discussed 

data-driven decision and performance analysis related to big data. Likewise, “On Two Existing 

Approaches to Statistical Analysis of Social Media Data” and “The Rise of NoSQL Systems: Research 

and Pedagogy” are related to social media data analytics and quality research. We derived those 

topics using this method. In business and marketing, big data enhances firm performance, supply 

chain management, and decision-making processes by providing insights and improving operational 

efficiency. Furthermore, the rise of data-driven decisions has made market intelligence (MI) crucial 

for marketing [27]. Over the years, extensive research has greatly impacted how businesses use MI 

for better marketing decisions.  

In the realm of technology, the focus shifts to the development and evaluation of algorithms and 

models that process data more effectively, aiming to boost performance and result accuracy. The 

application of big data extends to health and environmental sciences, where it aids in clinical 

research, patient care, and pollution study, underscoring the necessity of robust data quality and 

sophisticated analytical methods. Additionally, topics like social media analytics and urban planning 

demonstrate big data's capacity to influence societal trends and public policy. Our analysis of how 

topics have changed over time shows important trends in big data quality. For example, 

'environmental science' didn't appear in the literature until 2016, indicating a growing interest in 

applying big data quality principles to this area. This shift shows how big data is becoming important 

in more sectors. Our chart (Table 4) shows the popularity of key topics from 2010 to 2024, revealing 
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clear shifts in research focus, such as an early focus on 'supply chain management' that later moved 

towards 'healthcare applications' in big data. Overall, these topics emphasize the critical importance 

of data quality and the innovative use of analytical methods to harness the potential of big data across 

various sectors.  

VII. Future Research Directions  

The literature on data quality in big data analytics is rapidly changing and covers many research 

domains. However, there are still areas that need more evidence and exploration. We aim to 

contribute by identifying key research questions for future studies. Our review suggests important 

questions (Table 4) for improving understanding and addressing challenges in big data analytics 

across various sectors. 

Table 4. Future Research Avenues. 

No. Future Avenues 

1. 

How can firms use big data to enhance 

performance and decision-making, and what 

key factors influence the effectiveness of these 

data-driven strategies? 

2. 

What are the most effective methods for 

evaluating big data quality, and how can these 

methods be standardized across different 

industries? 

3. 

How can social media data analytics ensure 

high data quality, and what methods can 

address the challenges of analyzing user-

generated content and social trends? 

4. 

What are the best ways to optimize algorithms 

in big data processing, and how does data 

quality affect their results? 

5. 

How can big data help supply chain 

management, what challenges and 

opportunities are there in keeping data quality 

high? 

6. 

How does big data analytics help medical 

detection, diagnosis, how can we keep data 

quality high in various medical applications? 

7. 
What are best models, methods for analyzing 

pollution data accurately? 

8. 

How can we make marketing analytics data 

better, and why does good data help make 

better decisions and marketing plans? 
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9. 

How does good data quality affect clinical 

research, and how can big data analytics help 

improve patient care and medical research? 

10. 

How can we use network analysis to make big 

datasets better, and what's the best way to 

collect and use network data in research? 

11. 

How can we measure data quality when 

evaluating suppliers, and how does this help in 

managing them better? 

12. 

How can we use ML to handle, guarantee data 

quality in research and surveys, and what are 

the main challenges in doing so? 

13. 

What factors affect how much businesses use 

big data analytics, and how does this affect 

their performance and decisions? 

14. 

What are the main challenges in ensuring data 

quality in big data analysis, and what methods 

and systems can be developed to address these 

challenges effectively? 

15. 

How can deep learning methods be optimized 

for data analytics, and what are the critical 

factors affecting the quality and performance of 

deep learning models? 

16. 

What are the most effective data sampling 

methods for ecological research, and how can 

these methods be applied to urban and species 

studies to ensure accurate trend analysis? 

VIII. Discussions  

Data quality in big data is having a major impact across many fields. The research trends from 

the topics provided illustrate a broad focus on leveraging big data and its quality to enhance various 

domains. Topics 1 and 4 highlight the impact of big data on business performance and processes. It 

emphasizes the importance of data quality in improving firm strategies and operational efficiencies. 

Topic 5 explores how big data analytics transform supply chain management. Topics 7 and 9 focus 

on environmental sciences and clinical research, respectively. Here, data-driven studies support 

critical analyses of pollution and patient care, enhancing outcomes through high-quality data models. 

In technological and methodological advancements, Topics 2, 4, and 15 concentrate on refining 

algorithms, databases, and deep learning techniques to achieve more accurate results and robust data 

processing capabilities. Considerable advancements have been made in the detection of intracranial 

hemorrhage (ICH) with the use of deep learning algorithms in recent study. The research employs 

attention processes in convolutional neural networks (CNNs) to attain a 99.76% accuracy rate and an 

AUC-score of 0.9976. This successfully improves the speed and accuracy of neuroimaging analysis, 

which in turn leads to better outcomes for patients [28]. Topic 3 discusses the integration of data 
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analytics with social media, aiming to derive insights from user-generated content and social trends. 

Topics 10 and 12 deal with the collection, management, and analysis of large datasets, using advanced 

frameworks like machine learning to parse vast information networks. Topic 6 extends to specialized 

fields such as medical and agricultural analytics, showcasing big data’s versatility in detecting and 

analyzing trends across various sectors. Topic 8 merges big data with marketing and sensing 

technologies, illustrating its pivotal role in informed decision-making and strategic marketing efforts. 

Topic 11 focuses on data quality measures for supplier assessment, ensuring high standards in 

supplier management processes. Topic 13 addresses the adoption of business analytics and big data 

in firm management, while Topic 14 discusses the challenges in data quality analysis, emphasizing 

the need for robust systems and methods. Topic 16 highlights data sampling methods in ecological 

research, particularly in urban and species studies, showcasing the application of big data in 

environmental monitoring and trend analysis. 

Based on the key terms and topic labels, studies are exploring the effects of data accuracy and 

reliability on business strategies, operational efficiencies, and overall organizational success. There's 

also a growing interest in developing and refining algorithms, databases, and deep learning 

techniques to enhance data processing and analysis capabilities. Big data quality research extends 

across various domains, including healthcare, environmental science, social media analytics, and 

urban planning. Additionally, Big data analytics is increasingly being used in marketing decision-

making processes, and there's a focus on developing frameworks and methodologies for effective 

data collection, management, and analysis. These trends collectively underscore the importance of 

data quality in driving innovation, improving decision-making, and addressing societal challenges 

across diverse fields. 

Data quality in big data is having a major impact across many fields. The research trends from 

the topics provided illustrate a broad focus on leveraging big data and its quality to enhance various 

domains. For instance, LDA analysis identified "Supply Chain Management" as a significant topic, 

underscoring the critical role of data quality in optimizing supply chain operations. Similarly, the 

emergence of "Environmental Science" as a prominent topic through LDA highlights the growing 

importance of data quality in this field. This finding suggests that as environmental data becomes 

increasingly integrated into big data analytics, ensuring its accuracy and reliability is vital for 

effective environmental monitoring and decision-making. LDA showed the importance of 

"Healthcare Applications,". It reflects the necessity of high-quality data in patient care and clinical 

research. The implications of poor data quality in this field are particularly severe. Because they can 

directly affect patient outcomes. These findings are supported by the literature, which emphasizes 

the need for rigorous data quality frameworks in healthcare. Data quality across different fields 

illustrates that "big data" and "data quality" are not just theoretical constructs but are deeply 

interconnected with practical applications across various sectors.  

IX. Comparison of Traditional Literature Review Methods with LDA 

Using both traditional literature reviews and LDA gives a clear comparison. This approach 

shows what each method does well and where it falls short. We can see both broad patterns and 

detailed insights.  

A. Depth vs. Breadth 

Traditional literature reviews give importance to depth. They examine key concepts, theories, 

and methods in detail. This approach shows how foundational ideas, like the 5Vs, have evolved and 

been applied across industries. LDA, on the other hand, focuses on breadth. It analyzes large datasets 

to find hidden topics. LDA identifies new trends and shifts in research focus. For example, it revealed 

the rise of "Environmental Science" as an important area. This broad approach helps ensure that no 

trends are missed. 

B. Fact-based vs. Opinion-based 
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LDA is more fact-based. It tries to find topics based on data patterns, free from human bias. This 

helps reveal less obvious trends, like big data's links to healthcare and environmental studies. 

Another aspect is LDA looks at all data equally. It treats every document the same. This avoids 

focusing too much on famous papers or top journals, which can bias traditional reviews. Traditional 

literature reviews are often subjective. The analysis depends on the researcher’s choices and 

interpretations. This subjectivity allows for detailed exploration but also could be biased. For 

example, the researcher emphasized "Data Governance" and "Supply Chain Management." These 

topics were chosen based on the reviewer's knowledge and popular journals.  

C. Theoretical vs. Empirical 

The traditional literature review method is deeply rooted in theory. It tells how concepts like 

data quality have been theoretically framed, debated, and refined over time. This theoretical 

grounding is essential for understanding the principles that guide research and practice in the field. 

In our study, the traditional review method allowed us to trace the development of key data quality 

frameworks, providing a context for interpreting the empirical findings. In contrast, LDA is more 

empirical. It focuses on the data itself to uncover trends. It identifies what is currently being discussed 

in the literature. It often highlights areas that received little theoretical attention but are gaining 

empirical significance. For instance, LDA's identified "Environmental Science" as a significant topic 

suggests that this area is becoming increasingly important in context of big data quality, even if it has 

not yet been fully integrated into theoretical discourse. 

X. Contributions to Literature and Practitioners 

This paper connects theoretical research with practical application, providing valuable insights 

for both academics and industry professionals. From a literature perspective, this paper reviews the 

literature on data quality in big data, categorizing methods used to ensure data quality. It helps 

understand how different aspects of data quality are handled in big data. Furthermore, this study 

uses LDA to find hidden themes in the literature on big data quality. This novel approach helps 

identify research trends and gaps, contributing methodologically to the field. Moreover, the paper 

identifies key areas where more research is needed by analyzing the literature's topics and themes. 

This highlights different aspects of data quality and emphasizes the need for new methods and tools 

specifically designed to address the challenges posed by big data. Finally, paper suggests a research 

framework that highlights current trends, gaps, providing direction for future studies. This 

framework is beneficial for scholars who want to explore new data quality aspects in big data context. 

From a practitioner's perspective, this paper’s findings and methods give practical advice for 

professionals looking to enhance data quality in big data settings. The systematic review and use of 

LDA offer clear strategies for spotting and tackling data quality problems. Reviewing various 

methods and frameworks for managing data quality, like data preprocessing, cleaning, and 

validation, gives professionals a set of best practices. These can be used in different situations to 

maintain high data quality. The paper shows how data quality management is used in various fields 

like healthcare, social media, and finance. This industry-specific insight helps professionals 

customize data quality strategies to fit their particular sector’s needs. The paper explores advanced 

techniques like LDA for topic modeling, offering practitioners innovative tools to analyze large 

datasets. This guidance is essential for implementing effective data quality assessment and 

improvement strategies in real-world scenarios. 

XI. Limitations and Future Research  

Our study included all articles on data quality in big data from the Web of Science (WoS). Future 

research could use other scholarly literature databases (e.g., Scopus, IEEE Xplore, etc.). Some articles 

may use inappropriate terms, for example, ‘Big Data’ and ‘Data Quality’ in their titles, keywords, or 

abstracts, but their relevance to the actual research might not align appropriately. This study did not 

rigorously assess the quality of journals; we considered articles from WoS without discriminating 
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based on journal rating or relevance. Lastly, our research involved a combination of automated 

manual analyses.  

To address limitations identified on data quality in big data studies, several areas for future 

work. First, refining search parameters could enhance article selection by ensuring only highly 

relevant publications are included. Second, implementing a rigorous assessment process for journal 

quality could improve the overall caliber of sourced articles. Third, enhancing automation techniques 

could streamline data collection/analysis, reducing reliance on manual efforts. Additionally, 

integrating multiple search engines may broaden access to information & overcome limitations.  

XII. Conclusion 

Wrapping up our research on big data quality, it's clear that ensuring data accuracy and 

reliability is crucial for decision-making. By digging into existing studies and using advanced 

methods like LDA for topic modeling, we've uncovered some important trends. Firstly, we've seen 

that big data is growing rapidly, and with need for better data quality. Large amount of data and its 

different types make maintaining quality a big challenge. Our research highlights the importance of 

good data in the big data world. While our study faced some challenges, like dealing with a vast 

research field and relying on both manual & automated analyses, it's kind of like we've set the stage 

for future explorations in this area. By tackling these challenges head-on & continuing to innovate, 

we can unlock the full potential of big data to benefit everyone.  
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