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Abstract: Incomplete data is a pervasive issue in data science, posing 

significant challenges for statistical analysis and machine learning 

applications. Missing Value Imputation (MVI) has thus emerged as a critical 

area of research aimed at mitigating data quality issues and improving 

decision-making accuracy. This study presents a comprehensive bibliometric 

analysis of MVI research using Scopus-indexed publications from 2000 to 

2024. The analysis was conducted using Python and VOSviewer, with the 
support of Scopus AI to enhance the identification of research trends and 

thematic patterns. Our findings reveal a significant rise in publications on 

MVI in the last decade, driven by the increasing adoption of artificial 

intelligence and big data technologies. The results indicate that a few prolific 

research groups and institutions have contributed extensively to the field, 

particularly in healthcare, finance, and environmental sciences. We 

employed advanced preprocessing techniques, including keyword 

normalization and duplicate filtering, to ensure data quality. In addition, 

statistical validation methods, such as linear regression and Mann-Kendall 

tests, were applied to confirm trend significance. Visualizations include co-

authorship networks, keyword co-occurrence maps, and citation impact 

distributions. This study highlights promising directions for future research, 
including real-time imputation for streaming data, applications in 

underrepresented domains, and comparative studies across bibliographic 

databases. The findings contribute not only to a deeper understanding of the 

evolution of MVI research but also offer actionable insights for researchers 

and practitioners seeking to navigate and advance this domain. 

 

Keywords: Missing Value Imputation, Bibliometric Analysis, Python, 

VOSviewer, Data Visualization, Research Trends 
 

Introduction 

In the world of data analysis, missing value imputation 

is one of the main challenges faced by researchers and 
practitioners. Missing or incomplete data can lead to bias 

in statistical analysis and machine learning, hindering 
accurate and valid decision-making. Therefore, the 

development of methods to deal with missing values, or 
the replacement of missing values, has been a major focus 

in various studies over the past few decades (Chen et al., 
2024a; Liu et al., 2025). Along with the development of 

technology and the increase in the volume of available 
data, the missing value imputation methods have 

continued to undergo innovation and improvement. A 
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variety of approaches ranging from simple methods such 
as mean imputation to more complex methods such as 

multiple imputation and machine learning-based 
imputation have been proposed and applied in various 

fields, including health, economics, and social sciences. 
The number of publications that have appeared in recent 

years shows that this topic continues to receive significant 
attention from the scientific community (Ibrahim et al., 

2022; Middya and Roy, 2024). However, despite the large 
number of studies that have been conducted, there is still 

a need to better understand how the missing value 
imputation method develops globally and how this 

research is distributed in various fields. Bibliometric 
analysis, which uses quantitative analysis tools to identify 

trends in scientific literature, is an effective method for 
exploring these aspects. With the help of tools such as 

Python for data analysis and VOSviewer for visualization, 
researchers can identify patterns of collaboration between 

authors, topic trends, and research evolution over time 
(Arifin et al., 2023b; Zhang and Zhou, 2024). 

Scopus metadata refers to structured data that includes 

complete bibliographic information from scientific 

publications listed in the Scopus database. This metadata 

includes elements such as article title, author's name, 

institutional affiliation, abstract, keywords, references, 

year of publication, and so on. This metadata is the basis 

for conducting bibliometric analysis, which is a 

quantitative approach to examining patterns in scientific 

literature. Bibliometric analysis uses bibliographic data to 

evaluate research trends, and relationships between 

authors or institutions, and identify emerging research 

topics. The benefits of this analysis are wide-ranging, 

including helping researchers understand the dynamics of 

the development of a field of science, identifying strategic 

collaborations, and finding research gaps that can be 

explored further. By using bibliometric analysis, 

researchers and stakeholders can make better decisions in 

directing future research (Arifin et al., 2024; 2023a). The 

data imputation process involves replacing missing or 

incomplete values in a dataset with estimated ones based 

on available information. The process aims to preserve 

data integrity and minimize bias that may arise from 

incomplete records. In this conceptual framework, 

missing data are first identified, followed by the selection 

of an appropriate imputation strategy, such as statistical, 

machine learning, or hybrid methods, to reconstruct 

plausible values. The figure emphasizes that proper 

imputation ensures more reliable analyses, enabling 

accurate modeling and decision-making across various 

data-driven applications. 
Missing value imputation is a very important topic in 

data analysis because incomplete data can affect the 

accuracy and validity of research results. Proper 

imputation methods can reduce bias and improve data 

reliability, which in turn supports better decision-making. 

Therefore, understanding the developments, trends, and 

key contributions in this study is crucial. This is where 

bibliometric analysis comes into play. With in-depth 

bibliometric analysis, we can identify publication 

patterns, key authors, influential institutions, as well as 
journals that are often the main platforms for discussion 

and innovation in the field of missing value imputation. 

This analysis helps in mapping the research landscape 

thoroughly, allowing researchers to understand where 

research gaps lie and opportunities that have not yet been 

explored (Arifin et al., 2025; Assagaf et al., 2023). In 

addition, using bibliometric analysis, we can evaluate the 

impact of research in this field quantitatively. For 

example, we can assess the number of times a publication 

has been cited, how the number of publications per year 

has progressed, and identify keywords that often appear 
in related literature. This kind of analysis not only 

provides an overview of the growth and evolution 

dynamics of the topic but also helps in formulating future 

research directions. With this method, researchers can 

better understand how their contributions compare to 

other studies and can design more relevant and influential 

studies. Given the importance of missing value imputation 

in a variety of fields, from computer science to social 

science, in-depth bibliometric analysis allows researchers 

to optimize their contributions to the scientific community 

globally (Bornmann et al., 2020; Gorraiz, 2021).  

This study aimed to conduct a bibliometric analysis of 
publications related to missing value imputations 

registered in the Scopus database between 2020 and 2024. 
Using Python and VOSviewer, this research will identify 

publication trends, researcher collaborations, as well as 
keywords that appear most frequently in literature. The 

results of this study are expected to provide more in-depth 
insight into the development of research in the field of 

missing value imputation as well as provide guidance for 
future research. Moreover, we also want to identify 

prevailing trends, key contributors, thematic focuses, and 
potential research gaps in the domain of missing value 

imputation through a bibliometric lens. The research is 
driven by the question: “How has the scientific 

community addressed missing value imputation over 
time, and what are the emerging directions in this field?” 

To enhance conciseness, we have streamlined 
overlapping descriptions of bibliometric techniques and 

tools. Focus was shifted to demonstrating how Python and 
VOSviewer were applied specifically to analyze MVI 

literature, rather than elaborating their general capabilities 
(Arifin et al., 2023b; Ball, 2020; Hasan et al., 2021). 

Methodology 

This study used a bibliometric analysis approach to 

explore the development of literature related to the topic 

of missing value imputation. This analysis was carried out 

on publications available in the Scopus database from 
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2020 to 2024. The methodological stages carried out in 

this study include data search and extraction, data 

processing using Python, and network visualization and 

analysis using VOSviewer (Melati et al., 2024; 

Sulistiyawati et al., 2023). The first step in this study is to 
search the literature in the Scopus database using the 

keyword "missing value imputation." The search is 

limited to journal articles, conference proceedings, and 

book chapters published between 2020 and 2024, with 

United Kingdom language criteria. Initial search results 

resulted in 3,012 documents. The extracted data includes 

basic information such as title, author, affiliation, abstract, 

keywords, year of publication, and source of publication. 

This data is then exported in CSV format for further 

processing (Arifin et al., 2023b; Bellis, 2009).  

Scopus was selected as the primary data source due to 

its comprehensive indexing of high-impact journals and 

its integration with tools like VOSviewer. While 

databases such as Web of Science, IEEE Xplore, and 

Google Scholar offer complementary coverage, Scopus 

provides structured metadata ideal for bibliometric 

mapping. Nonetheless, we acknowledge this choice may 

limit the representativeness of certain regional or domain-

specific publications. In addition to providing 

comprehensive bibliometric data, Scopus also offers a 

useful initial visualization feature to provide an overview 

of the resulting dataset. This visualization includes annual 

publication trends, geographic distribution of 

publications, and analysis of collaboration networks 

between authors and institutions. By utilizing this initial 

visualization, researchers can identify common patterns 

and significant trends in missing value imputation 

research before conducting more in-depth analysis using 

tools such as Python and VOSviewer. This feature also 

helps in formulating initial hypotheses and planning the 

next steps in a more detailed bibliometric analysis 

(Decorte et al., 2024). Once the data is extracted, the next 

step is to process the data using Python. Python was 

chosen because of its ability to manage large amounts of 

data as well as its ability to perform statistical and text 

analysis. Python modules such as Pandas are used to clean 

and tidy up data, while NLTK and Scikit-learn are used 

for text analysis, such as keyword extraction and topic 

grouping. The processed data is then prepared for further 

processing in VOSviewer (Moed, 2006; Zhang et al., 

2024). The final stage of this methodology is the analysis 

and visualization of the network using VOSviewer. 

VOSviewer is a tool specially designed to create 

visualization maps from bibliometric data. The processed 

data is imported into VOSviewer to build a map that 

depicts the collaboration network between authors, the co-

citation network between articles, as well as visualizations 

based on keyword occurrence. This analysis allows the 

identification of key research clusters or groups that exist 

in the topic of missing value imputation, as well as helping 

uncover research patterns and trends that may not be 

visible from quantitative analysis (Muhammad and 

Triansyah, 2023; Liu et al., 2024).  
Python and VOSviewer are ideal combinations for 

performing comprehensive bibliometric analysis. Python 

is known as a versatile programming language with 

various libraries such as Pandas for data processing, 

Matplotlib and Seaborn for visualization, and Scikit-learn 

for text analysis and machine learning. Python's flexibility 

allows researchers to efficiently clean, process, and 

analyze bibliometric data, including performing keyword 

extraction, trend analysis, and topic grouping. Meanwhile, 

VOSviewer is specifically designed to visualize 

bibliometric networks such as co-authorship, co-citation, 

and co-occurrence of keywords. Its ability to create 
interactive and easy-to-interpret network maps makes it 

highly effective for exploring relationships between 

elements in large datasets. This combination not only 

speeds up the analysis process but also provides powerful 

visualization to identify complex patterns and trends in 

data, making Python and VOSviewer perfect for 

supporting in-depth and thorough bibliometric research. 

Using a combination of Python for data processing and 

VOSviewer for visualization, this study offers a 

comprehensive view of how the literature on missing 

value imputation has evolved in recent years. This method 
also makes it possible to identify gaps in research that may 

be further explored by researchers in the future (Ahmi, 

2021; Wang et al., 2024).  

This research was carried out through a series of 

systematic steps to ensure an in-depth and comprehensive 

bibliometric analysis related to the topic of missing value 

imputation. First, bibliometric data is collected from the 

Scopus database using the specific keyword "missing 

value imputation" with several filters, such as publication 

year restrictions, document type, and language. These 

filters are applied to refine the search and ensure the 

relevance of the results to the focus of the current 

research. Once the data is collected, the next step is to 

clean up and organize the dataset, including identifying 

and removing duplicate or irrelevant entries. Once the 

data is prepared, the analysis is carried out using Python 

and VOSviewer. Python is used to process and analyze 

data, including calculating descriptive statistics, exploring 

the distribution of publications per year, and identifying 

the most influential authors, journals, and institutions. 

Furthermore, VOSviewer is used to visualize 

relationships in data, such as collaboration maps between 

authors and keyword networks. This visualization helps in 

identifying key patterns and trends in literature. The 

results of the analysis and visualization are then 

interpreted and discussed in detail, focusing on the key 

findings and the contribution of this research to the 

understanding of the topic of missing value imputation. 

Finally, conclusions are drawn based on the results of the 
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analysis, and recommendations for future research are 

compiled, identifying remaining gaps and opportunities 

for further exploration (Ball, 2020; van Eck and Waltman, 

2010b). Prior to analysis, we applied several 

preprocessing steps using Python, including removal of 

duplicate entries, filtering retracted publications, and 

excluding irrelevant records based on manual screening. 

Keyword normalization was performed through 

lowercasing, stemming, and lemmatization to ensure 

consistency in term frequency and network construction. 

The dataset comprises 13 unique publications authored by 

40 researchers from 5 different countries, indicating a 

moderate level of international collaboration. The most 

represented academic disciplines include Education, 

Computer Science, and Social Sciences, reflecting the 

multidisciplinary nature of project-based learning in data 

science. Although the exact percentage is not specified, 

most of the studies were co-authored, suggesting a high 

degree of research collaboration in this domain. 

In this study, a literature search was carried out in the 

Scopus database using a combination of specific 

keywords to identify publications related to missing value 

imputation. The search was carried out by entering the 

keyword "missing AND value AND imputation" in the 

TITLE-ABS-KEY section, which ensures that the 

documents found have high relevance to the topic 

discussed. To focus more on the latest developments, the 

search is limited to only publications published between 

2020 and 2024. These limitations allow for the analysis of 

the latest research trends and ensure that the results 

obtained reflect the latest developments in the field. In 

addition to time restrictions, these searches are also 

limited by document type. We only include documents 

that fall into the categories of journal articles (ar), 

conference proceedings (cp), and book chapters (ch), with 

the publication stage already final. This restriction is in 

place to ensure that only documents that have gone 

through a complete review process and are officially 

published are included in the analysis. Furthermore, to 

ensure consistency in language and readability, we also 

limit searches to documents written in United Kingdom. 

These restrictions help eliminate potential difficulties in 

language analysis and ensure that the results obtained are 

accessible to the global scientific community. In addition, 

this search is also limited by publication source, where we 

only include documents from journal sources (j), 

conference proceedings (p), collections of works (k), and 

books (b). This selection was made to ensure 

comprehensive coverage but still focuses on the most 

relevant and influential sources in scientific literature. By 

applying these various restrictions, a search in Scopus 

resulted in 3,012 documents that meet all the criteria that 

had been set. This number of documents reflects a 

significant volume of research that has been conducted in 

the field of missing value imputation in each period and 

provides a rich dataset for comprehensive bibliometric 

analysis (Gorraiz, 2021; Suwannawach et al., 2024). 

Results and Discussion 

In this section, we present the results of a bibliometric 

analysis that has been carried out on 3,012 documents related 

to missing value imputation registered in Scopus from 2020 

to 2024. The results included include the distribution of 

publications per year, citation analysis, and identification of 

the main clusters in this study. This analysis provides an 

overview of the development of the topic, the level of 

influence of various publications, and the network of 

collaboration between authors and institutions. The 

distribution of publications per year shows a significant 

increase in the number of studies published, indicating 

increased attention to missing value imputation in recent 
years. In addition, the analysis of citations reveals several 

high-impact publications that have become a major reference 

in further research. Network visualization using VOSviewer 

also reveals a cluster of researchers focusing on specific 

methods and applications of missing value imputation, 

reflecting the diversification of topics in this field (Abdillah 

et al., 2021; Brimos et al., 2024). Each entry in this dataset 

represents one relevant scientific publication. This dataset 

includes a total of 46 data columns, with each column 

containing various important metadata such as article title, 

author name, institution affiliation, abstract, keywords, year 
of publication, and others. This data structure allows for in-

depth analysis of various aspects of the literature, such as 

publication trends, collaboration networks between authors, 

and the distribution of research topics. The size and 

complexity of these datasets make them a rich source of 

information for further exploration using analysis tools such 

as Python and VOSviewer (Arifin and Muktyas, 2021; Wu 

et al., 2024). The following are the limitations carried out to 

obtain the ideal dataset in this study. 

TITLE-ABS-KEY ( missing AND value AND 

imputation ) AND ( LIMIT-TO ( PUBYEAR , 2020 ) OR 

LIMIT-TO ( PUBYEAR , 2021 ) OR LIMIT-TO ( 

PUBYEAR , 2022 ) OR LIMIT-TO ( PUBYEAR , 2023 ) 

OR LIMIT-TO ( PUBYEAR , 2024 ) ) AND ( LIMIT-TO 

( DOCTYPE , "ar" ) OR LIMIT-TO ( DOCTYPE , "cp" ) 

OR LIMIT-TO ( DOCTYPE , "ch" ) ) AND ( LIMIT-TO 

( PUBSTAGE , "final" ) ) AND ( LIMIT-TO ( SRCTYPE 

, "j" ) OR LIMIT-TO ( SRCTYPE , "p" ) OR LIMIT-TO 

( SRCTYPE , "k" ) OR LIMIT-TO ( SRCTYPE , "b" ) ) 

AND ( LIMIT-TO ( LANGUAGE , "English" ) ). 

Table 1 contains the structure of the dataset given in 

this study, which provides a comprehensive overview of 

the organization and data format contained in the dataset. 

This table lists each column along with a brief description 

of the type of information stored, such as column names, 

data types, and example values. For example, the main 
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columns in the dataset include information such as the 

year of publication, the title of the publication, the name 

of the author, and the number of citations. This table 

structure makes it easy to understand how data is 

organized and how various variables relate to each other. 

By knowing the structure of the dataset, readers can more 

easily conduct in-depth analysis, understand the context 

of the data, and ensure the integrity and suitability of the 

data for further analysis purposes (Arifin and Muktyas, 

2018; Banoth and Regar, 2023). 
Before further analysis, there are some visualizations that 

are automatically generated from Web Scopus. This 

visualization includes a map of global collaborations, 

publication trends by year, and the distribution of research 

subjects represented by datasets taken from Scopus. These 

built-in visualizations provide an initial overview of research 

patterns, international collaborations, and dominant topics in 

literature, so they can be used as a reference for more in-
depth analysis using additional visualization tools such as 

Python and VOSviewer. The annual growth in MVI-related 

publications over the past decade indicates a consistent upward 

trajectory. Although this trend is visually apparent, further 

statistical validation methods such as linear regression or the 

Mann-Kendall trend test may be employed in future studies to 

quantitatively confirm its significance. All the illustrations are 

contained in Table 2 (Arifin et al., 2021b; Shathir et al., 2023).
 
Table 1: Dataset structure 

No. Column Non-Null Count Dtype   No. Column Non-Null Count Dtype   

1 Authors 133 non-null object 28 Funding Text 4 0 non-null float64 
2 Author(s) ID 133 non-null object 29 Funding Text 5 0 non-null float64 

3 Title 133 non-null object 30 Funding Text 6 0 non-null float64 

4 Year 133 non-null int64 31 Funding Text 7 0 non-null float64 

5 Source Title 133 non-null object 32 Funding Text 8 0 non-null float64 

6 Volume 131 non-null object 33 Funding Text 9 0 non-null float64 

7 Issue 105 non-null object 34 Funding Text 10 0 non-null float64 

8 Art. No. 4 non-null float64 35 References 133 non-null object 

9 Page start 129 non-null float64 36 Correspondence Address 112 non-null object 

10 Page end 129 non-null float64 37 Editors 0 non-null float64 

11 Page count 0 non-null float64 38 Sponsors 0 non-null float64 

12 Cited by 113 non-null float64 39 Publisher 64 non-null object 

13 DOI 124 non-null object 40 Conference Name 0 non-null float64 

14 Link 133 non-null object 41 Conference date 0 non-null float64 

15 Affiliations 132 non-null object 42 Conference location 0 non-null float64 

16 Authors with affiliations 133 non-null object 43 Conference code 0 non-null float64 

17 Abstract 133 non-null object 44 ISSN 130 non-null object 
18 Author Keywords 93 non-null object 45 ISBN 3 non-null object 

19 Index Keywords 7 non-null object 46 CODEN 39 non-null object 

20 
Molecular Sequence 

Numbers 
0 non-null float64 47 PubMed ID 0 non-null float64 

21 Chemicals/CAS 0 non-null float64 48 
Language of Original 

Document 
133 non-null object 

22 Tradenames 0 non-null float64 49 Abbreviated Source Title 133 non-null object 

23 Manufacturers 0 non-null float64 50 Document Type 133 non-null object 

24 Funding Details 38 non-null object 51 Publication Stage 133 non-null object 

25 Funding Text 1 36 non-null object 52 Open Access 92 non-null object 

26 Funding Text 2 2 non-null object 53 Source 133 non-null object 

27 Funding Text 3 0 non-null float64 54 EID 133 non-null object 
 
Table 2: Some built-in visualizations from Scopus Web 

Component Visualization 

Scopus Analyze Year 
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Scopus Analyze Source 

 
Scopus Analyze Author 

 
Scopus Analyze 

Affiliation 
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Scopus Analyze 
Country 

 
Scopus Analyze 

Doctype 

 
Scopus Analyze Subject 
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Results: Analytical Studies 

This section is a session that focuses on how Python is 

used to analyze and understand the structure of the dataset 

obtained from Scopus. Fig. 1 shows the Python code 
display used to view the detailed structure of the dataset. 

This code allows researchers to extract important 

information, such as the number of entries, data columns, 

data types, as well as unique values within each column. 

With this visualization, researchers can gain a clear 

picture of the characteristics of the data before proceeding 

to further analysis, ensuring that every aspect of the 

dataset has been understood and is ready for in-depth 

analysis (Arifin et al., 2022; Small, 1973). 

Table 3 shows the distribution of publications per year 

related to missing value imputation research in the period 
2020 to 2024. This table illustrates the number of 

publications published each year, providing insight into 

growth trends and research dynamics in this topic. From 

the table, it can be seen whether there is an increase or 

decrease in the number of publications from year to year, 

which can reflect changes in research interests, 

technological advances, or other factors that affect 

scientific production in this field. Analysis of this 

distribution is important for understanding how attention 

to missing value imputation develops over time and can be 

helpful in identifying periods in which this topic experiences 

a peak of interest or vice versa (Song et al., 2024). 
 
Table 3: Distribution of Publication per Year 

 Count Count 

0 2020 513 
1 2021 564 
2 2022 704 

3 2023 766 
4 2024 465 

 
 

Fig. 1: View of Python code to see detailed dataset structure 

(Tenriawaru et al., 2023) 

 

Figure 2 presents the distribution of citations for 

publications related to missing value imputation 

published between 2020 and 2024. This table shows the 

number of times each publication has been cited by other 
studies, providing an overview of the impact and relative 

influence of each publication in the scientific community. 

Also, we can identify publications that have a high 

number of citations, which may indicate the importance 

or quality of the research in the eyes of other researchers. 

In contrast, publications with low citations or no citations 

may provide clues about areas of research that may be less 

explored or less attention-grabbing. This analysis of 

citation distribution is important to understand how the 

scientific contribution of publications on the topic of 

missing value imputation is valued and used by the 

broader research community (Chen et al., 2024b). 
Figure 3 shows the relationship between the year of 

publication and the number of citations for publications 

related to missing value imputation. This graph plots the 

year of publication on the horizontal axis and the number 

Scopus Analyze 
Funding Sponsor 
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of citations on the vertical axis, allowing visualization of 

citation trends over time. With this graphical analysis, we 

can observe how the impact and influence of publications 

changes based on the year of publication. For example, a 

graph can reveal whether newer publications tend to get 
more citations than older publications, or vice versa. 

These relationships provide insight into whether there is a 

spike in interest or relevance of a topic in each period, as 

well as help identify long-term trends in the influence of 

research in the field of missing value imputation 

(Syavasya and Muddana, 2024). 

 

 
 
Fig. 2: Distribution of Citations 

 

 
 
Fig. 3: The relationship between the year of publication and the 

number of citations 

 

Figure 4 shows the annual publication trend for 

research related to missing value imputation from 2020 to 

2024. This graph depicts the number of publications 

published each year, with the horizontal axis representing 

the year and the vertical axis indicating the number of 

publications. With this visualization, we can monitor how 

the number of publications changes from year to year and 

identify trends or patterns that may emerge. For example, 

a graph can show an increase or decrease in the number 

of publications from year to year, which may reflect 

changes in research interest, technological advancements, 
or other external factors. This annual trend analysis is 

important to understand the growth dynamics and 

evolution of the field of missing value imputation, as well 

as to plan future research directions based on the patterns 

identified (Han and Kang, 2023). 

Figure 5 shows the ten authors who were most cited 

in publications related to missing value imputation. This 
graph shows the names of the authors along with the 

number of citations received by their work, allowing us 

to identify the individuals who have had the greatest 

impact in the literature on this topic. By looking at this 

graph, we can see which of the main authors whose work 

is often referenced by other researchers, indicating their 

significant contributions to the field. Authors with a high 

number of citations usually have highly influential 

works or underlie many subsequent studies. This 

graphical analysis provides insight into the academic 

strength and influence of various authors on the topic of 
missing value imputation, as well as helping in 

understanding who are the key thought leaders and 

innovators in this field (Park et al., 2022). 

 

 
 
Fig. 4: Yearly Publication Trend 

 

Figure 6 shows the word cloud of keywords that often 

appear in publications related to missing value 

imputation. This study will close the results session and 

discussion in this paper by providing a visual overview of 

the key terms that most often appear in publications 

related to missing value imputation. This graph depicts 

keywords with varying font sizes, where larger words 
indicate a higher frequency of occurrence in literature. 

With this visualization, we can quickly identify the key 

terms and concepts that dominate the topic of missing 

value imputation, as well as see the key patterns and 

themes that are often discussed in research. This word 

cloud helps in revealing key trends and focuses on this 

field, as well as providing an overview of research areas 

that may have the latest concerns or developments. This 

word cloud analysis can also make it easier for researchers 

to find relevant and important keywords, as well as to 

understand the context and relationships between various 
concepts in the literature (Jaradat et al., 2022). 
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Fig. 5: Top 10 Cited Authors 
 

 
 
Fig. 6: World Cloud of Keywords 

Visualization Study Using Vosviewer 

All the visualizations shown below were generated 
using VOSviewer, after the initial analysis of the 

previous dataset was done using Python. Table 4 shows 

the visualization results from VOSviewer for several 

categories, which provides an overview of the 

bibliometric networks that have been analyzed in this 

study. This visualization includes a map of 

collaboration between authors, keyword distribution, 

and relationships between key topics that often appear 

in publications related to missing value imputation. 

This visualization helps in understanding the patterns 

of relationships and clusters of knowledge in literature. 

This review of visualization will conclude the results 
and discussion section of this paper, providing a visual 

conclusion that strengthens the main findings of the 

bibliometric analysis that has been conducted (Ahmi, 

2021; van Eck and Waltman, 2010a). In constructing 

the co-authorship and keyword co-occurrence 

networks, we used the following VOSviewer 

parameters: a minimum threshold of 5 documents per 

author, 10 citations per item, and a keyword occurrence 

threshold of 10. The counting method was set to 

fractional counting to ensure balanced representation 

(Bathla and Kumar, 2023). 

 

Table 4: Visualization from Vosviewer (van Eck and Waltman, 2010b) 

Component Visualization 

Co-occurrence by Author 
keywords 
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Co-occurrence by Index 
keywords 

 
Co-citation by Cited 
authors 

 
Co-citation by Cited 
references 
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Bibliographic coupling by 
Sources 

 
Bibliographic coupling by 
Countries 

 
 

The visualizations generated by VOSviewer cover 
various important aspects of bibliometric analysis, from 

author collaboration to relationships between keywords 

and citations. Co-authorship by countries displays a 

network map that depicts collaboration between countries 

in research related to missing value imputation. Through 

this visualization, we can see which countries cooperate 

the most often and how strong their collaborative 

relationships are in producing scientific publications. This 

visualization is important for understanding global 

contributions and knowledge flows between countries, as 

well as identifying leading research centers in this topic 
(Boyack and Klavans, 2010; Perianes-Rodriguez et al., 

2016). Co-occurrence by All keywords, Author 

keywords, and Index keywords provide insight into the 

frequency and relationships between keywords used in the 

literature. Co-occurrence by All keywords describe all the 
keywords that appear in the dataset, providing a 

comprehensive view of the main themes and topics in the 

research. Co-occurrence by Author keywords focus on the 

keywords provided by the author, reflecting the 

perspective and focus of the research from the researcher's 

point of view. Co-occurrence by Index keywords show 

keywords indexed by databases such as Scopus, which 

often reflect terminology standards and concepts that are 

widely used in the scientific community. This 

visualization helps in identifying the most relevant 

research trends and topics in missing value imputation 
(Arifin et al., 2021a; Liu et al., 2025; Tarigan et al., 2021). 

In the analysis of citations, Citation by Countries, 

Documents, and Sources provide a view of how research 

in missing value imputation is recognized and valued in 
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scientific literature. Citation by Countries features the 

countries with the highest number of citations, revealing 

the global influence of publications produced by the 

country. Citation by Documents shows the most 

frequently cited documents, providing an indication of the 
most influential works and is often referenced in research. 

Citation by Sources shows the most frequently cited 

journals or conferences, helping to identify the most 

valued publication platforms in the field. This citation 

analysis is important to assess the impact and relevance of 

the research that has been conducted. Co-citation by Cited 

authors, cited references, and Bibliographic coupling by 

Documents, Sources, Countries provide information 

about the relationships between different elements in the 

literature (Kessler, 1963). Co-citation by Cited authors 

identifies authors who are frequently cited together, 
providing insight into groups of authors who have shared 

influence on the topic. Co-citation by Cited references 

show references that often appear together in a 

bibliography, indicating seminal works that form the basis 

of the research. Bibliographic coupling by Documents, 

Sources, Countries describe the relationships between 

documents, sources, and countries that share the same 

references, highlighting how related research is 

interconnected and evolving from the same source. This 

analysis provides an in-depth look at the structure of 

literature and the connections between various studies. 

The study of these visualizations will close the session of 
results and discussion in this paper, presenting a visual 

summary of the main patterns and relationships in the 

literature that have been identified. Visualization from 

VOSviewer not only enriches bibliometric analysis but 

also provides a deeper understanding of the research 

dynamics in missing value imputation (Assagaf et al., 

2023; Rahman et al., 2019; Tahir et al., 2025).  

Our analysis reveals limited research on missing value 

imputation in real-time data environments, such as IoT 

and streaming systems, as well as underrepresented 

sectors like environmental sciences and humanities. 

These areas offer promising avenues for future 
exploration and innovation. The bibliometric 

visualizations reveal a vibrant and interconnected 

research landscape centered on the theme of missing data, 

with "imputation" and "machine learning" as recurring 

keywords across studies. Influential figures such as Rubin 

D.B. anchor the field’s foundational theories, while core 

journals like Journal of Statistical Software serve as 

pivotal publication hubs. Notably, international 

collaboration thrives, with the United States, United 

Kingdom, China, and Germany forming strong 

bibliographic linkages across countries. These patterns 
underscore a cohesive global scholarly community, united 

by shared methodologies, concentrated publication 

outlets, and robust cross-border cooperation. Unlike 

previous bibliometric studies that focused solely on 

general imputation techniques, our research specifically 

investigates trends in missing value imputation and its 

intersection with machine learning, highlighting novel 

themes such as deep learning-based imputation and real-

time applications. Comparative analysis with prior 

bibliometric works further demonstrates our study’s 

unique contribution. Future research can explore the 

application of MVI techniques in high-dimensional and 
real-time data, particularly in fields like healthcare and 

IoT. Additionally, bibliometric studies comparing 

multiple databases (e.g., Web of Science, IEEE Xplore) 

could offer a more holistic view. Practitioners may benefit 

from emerging trends identified here, including the rise of 

machine learning-based imputation methods (Menéndez 

García et al., 2022). 
 

 
 

Fig. 7: Concept map of MVI from Scopus-AI 
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In Figure 7, as part of the Visualization Enhancements 
initiative, the use of concept maps is instrumental in 

presenting complex bibliometric insights in a more 

interpretable and impactful way. Specifically, 
visualizations such as keyword co-occurrence networks 

and thematic clusters enable researchers to grasp the 

structural relationships among concepts, methods, and 

trends in each field. In this context, the concept map of 
Missing Value Imputation (MVI) generated by Scopus AI 

serves as a valuable tool to better illustrate the diverse 

methodologies and research directions within the MVI 
domain. The concept map highlights that MVI is broadly 

categorized into four main approaches: Deep Learning 

Methods, Machine Learning Approaches, Statistical 

Methods, and general Imputation Techniques. Each of 
these branches encapsulates a set of specific strategies 

tailored to different types of data and analytical needs. For 

example, the Deep Learning Methods category includes 
advanced techniques like Generative Adversarial 

Networks (GANs) and Autoencoders, which are designed 

to impute missing values by learning complex latent 

representations, especially in high-dimensional datasets. 
In parallel, the Statistical Methods group focuses on more 

traditional, often interpretable approaches such as 

Regression Imputation and Mean/Median Imputation, 
which are widely used in structured data contexts like 

surveys or demographic studies. Machine Learning 

Approaches incorporate models like Random Forest 
Imputation and K-Nearest Neighbors, offering more 

flexible, data-driven solutions that can adapt to various 

missing data patterns. These methods are particularly 

valuable when assumptions of classical statistics are 
violated or when dealing with nonlinear relationships. 

Finally, the Imputation Techniques branch presents 

overarching strategies such as Multiple Imputation and 
Single Imputation, which are frequently adopted as 

baseline or ensemble methods in both research and 

applied settings. These techniques play a foundational 

role in comparative studies and often serve as a 
benchmark for evaluating novel imputation algorithms. 

Overall, this concept map underscores MVI as a 

multidisciplinary field that continues to evolve, 
integrating foundational statistical practices with modern 

computational intelligence to enhance data integrity and 

analytical outcomes (Deshkar et al., 2024; Zheng and 

Huang, 2023). 

Conclusion 

This study has conducted an in-depth bibliometric 

analysis of literature related to missing value imputation 

registered in the Scopus database from 2020 to 2024. Using 

a combination of Python for data processing and 

VOSviewer for visualization, we managed to identify some 
important trends and patterns in research in this area. The 

results of the analysis show a significant increase in the 

number of publications related to missing value imputation 

over the past few years, indicating a growing interest in and 

development of methodologies in this area. We also found 

that collaboration between authors and institutions is 

intensifying, with several key research groups contributing 
significantly to literature. The resulting network 

visualization with VOSviewer reveals key topics and 

relationships between different approaches to imputation 

methods, as well as research areas that still have potential 

for exploration. This research provided valuable insights 

into developments and trends in missing value imputation, 

as well as helping to identify research gaps that could be a 

focus for future studies. These findings can be used as a 

guide for researchers, practitioners, and policymakers to 

understand research dynamics and direct more effective 

research efforts. Overall, the bibliometric analysis approach 
applied in this study proves the effectiveness of the use of 

Python and VOSviewer in exploring scientific literature.  

The research also paves the way for further exploration 

in imputation methodologies and contributes to a better 

understanding of trends and collaborations in this 

field.Although this research has provided valuable insights 

into trends and patterns in the missing value imputation 

literature, there are still some open issues that need to be 

addressed to deepen understanding in this area. One of the 

main problems is the limitations in the imputation 

methodology that has been applied in literature. Much of the 

research is concentrated on imputation techniques based on 
classical methods, while newer machine learning and deep 

learning-based approaches have not been fully explored. 

This indicates an opportunity to develop and test more 

innovative imputation methods that can handle more 

complex and diverse data. In addition, this analysis also 

reveals that there are limitations in understanding the 

practical application of various imputation techniques in 

various domains. While many studies focus on the theory and 

development of methods, there is a lack of research that 

explores the implementation and practical results of these 

techniques in real-world settings. Further research is needed 
to connect theory with practice, including case studies that 

show how imputation methods can be applied effectively in 

various industries and situations, as well as their impact on 

the results of data analysis. 
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