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Abstract: Data imputation is an essential pre-processing task for data governance, aimed at filling in incomplete
data. However, conventional data imputation methods can only partly alleviate data incompleteness using isolated
tabular data, and they fail to achieve the best balance between accuracy and efficiency. In this paper, we present a
novel visual analysis approach for data imputation. We develop a multi-party tabular data association strategy that
uses intelligent algorithms to identify similar columns and establish column correlations across multiple tables. Then,
we perform the initial imputation of incomplete data using correlated data entries from other tables. Additionally,
we develop a visual analysis system to refine data imputation candidates. Our interactive system combines the
multi-party data imputation approach with expert knowledge, allowing for a better understanding of the relational
structure of the data. This significantly enhances the accuracy and efficiency of data imputation, thereby enhancing
the quality of data governance and the intrinsic value of data assets. Experimental validation and user surveys
demonstrate that this method supports users in verifying and judging the associated columns and similar rows using
their domain knowledge.
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analysis
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1 Introduction

Data imputation is an important data gover-
nance technique that aims to fill in missing values.
This technique builds the foundation for data anal-
ysis modeling (Liu et al., 2010) and value mining.
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Data incompletion can reduce the overall data qual-
ity and impact the reliability of intelligent algorithms
and model analysis results, sometimes even leading
to completely opposite views and conclusions. For
instance, when key information, such as the infor-
mation related to upstream and downstream cus-
tomers of a large supply chain enterprise, is miss-
ing, this can influence the interpretation of market
trends, leading to business losses and commercial
risks (Smith, 2003). In the investment and acquisi-
tion process, the missing or errors in critical busi-
ness information can lead to extreme values in asset
evaluation, thereby increasing significant investment
risks. When information on key variables is missing,
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this can cause analysis conclusions to deviate, mis-
leading researchers and medical staff in their eval-
uations of the effectiveness and safety of treatment
methods, and even lead to legal and liability issues
(Bernhard et al., 1998; Gupta and Soeny, 2021; Luo,
2022). Therefore, in the era of rapid development
of big data analysis and application, the research on
data imputation has garnered widespread attention
(Little and Rubin, 2002; Scheffer, 2002; Yang et al.,
2021; Enders, 2022; Miao et al., 2023).

Traditional data imputation methods (Kang,
2013) can be loosely categorized as statistical meth-
ods (Lajeunesse, 2013; Yin et al., 2014; Yi et al.,
2016), machine learning based methods (Marlin,
2008; Emmanuel et al., 2021; Nijman et al., 2022),
or deep learning based methods (Chai et al., 2020;
Wang HN et al., 2020; Harlim et al., 2021; Kök and
Özdemir, 2021), where deep learning is a special-
ized offshoot of machine learning. They typically
assume that the data are singular and isolated, and
use statistical or machine learning methods to infer
missing values using other rows or other data entries
in the same data table. While the aforementioned
approaches can to some extent alleviate the issue
of data incompleteness, the resulting inferred data
values are intricate to trace back to their sources
and are imbued with a lack of user trust. Moreover,
achieving an optimal balance between accuracy and
efficiency remains a challenge. Therefore, there is
an urgent need to explore a novel approach for data
imputation through visual analysis.

In real-world scenarios, and especially when the
amount of data is large, the quality of the collec-
tion of practices used to ensure their optimal storage
and management may decline over time, concomi-
tant with the rise in the data volume. Many el-
ements of data are stored in the form of files (e.g.,
Excel files and JSON files) (McCarthy and Graniero,
2006; Palocsay et al., 2010; Raubenheimer, 2017), as
distinguished from the use of databases. They do
not have explicit primary and foreign keys to build
relational databases. Moreover, due to the lack of
unified data standards, there are often “system si-
los” and “data islands,” which result in differences
in data forms, fields, time, departments, and other
aspects. The data often lack effective correlations
with each other. However, there are certain com-
plementary correlations among different data tables.
The problem of data incompletion in an isolated

data table can be addressed by introducing identi-
cal or similar fields from other data tables. There-
fore, it is essential to establish correlations between
data tables. This involves identifying corresponding
data columns representing the same attributes and
data rows representing the same entries across dif-
ferent tables. Specifically, the challenges faced are as
follows:

1. In large-scale datasets, the abundance of data
columns and rows in each table creates challenges
in data retrieval. The complexity of data retrieval
escalates exponentially with the increasing number
of tables, columns, and rows. This poses difficulties
in accessing relevant data to fill in the missing values.

2. Due to the heterogeneity of data distribu-
tion, types, formats, and structures across various
data tables, data columns representing the same at-
tribute can have variations, such as different column
names or data distributions. This implies the need
for the homogeneity issue of associated data to be ef-
fectively addressed, while simple statistical methods
may overlook correct correlations.

3. Because of the complexity of data correla-
tions, the workload involved in employing users’
background knowledge to verify data becomes sub-
stantial and challenging. Therefore, providing guid-
ance for users through the data imputation process
is necessary for improving the efficiency.

To tackle these challenges, we collaborated with
data governance professionals from large-scale sup-
ply chain enterprises. Through user interviews and
requirement surveys focusing on data gaps, we iden-
tified and refined the data imputation requirements
for different scenarios. Consequently, we propose a
multi-data-table imputation method, which estab-
lishes correlations among multiple data tables that
lack explicit primary and foreign keys to build re-
lational databases, and then imputes missing cells
by searching similar rows and columns. We develop
an interactive visual analysis system to facilitate the
verification of data relations based on users’ domain
knowledge. The main contributions of this paper are
as follows:

1. We introduce a correlation strategy based on
row–column similarity to identify similar data across
multi-parity tables, thus facilitating a more precise
imputation of missing data.

2. We formulate a multi-party tabular data
imputation approach by inferring missing data
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using analogous information from correlated tables,
thereby effectively addressing the issue of missing
data. We then develop a visual system to support
interactive data imputation with our approach.

3. Quantitative and qualitative experiments, as
well as user surveys, have demonstrated the effective-
ness of our approach in supporting the imputation of
missing data based on users’ domain knowledge.

2 Related works

2.1 Methods for analyzing missing data

Missing data may contain missing, erroneous,
misaligned, or otherwise problematic data, which
can lead to completely erroneous conclusions in big
data analysis tasks (Kim et al., 2003). Missing data
can arise at various stages of data generation and
processing (Kim et al., 2003). These situations can
occur due to factors such as data transmission in-
terruptions, script errors, memory migration, and
human errors. Missing data can affect data qual-
ity and introduce uncertainty into standard analy-
sis algorithms, thereby posing a common problem
that data analysis professionals often need to ad-
dress. To effectively analyze the data, it is necessary
to complete the missing data. This is particularly
important in data governance (Kandel et al., 2011;
Furche et al., 2016). Typically, data governance pro-
fessionals inject substitute values for missing data
to reduce the negative impact of incomplete data on
data analysis and thereby enable such analyses to
function appropriately within general data analysis
frameworks. We focus on developing a method to im-
pute missing data across multiple data tables. Our
approach, based on a row–column similarity correla-
tion strategy, accurately identifies similarities among
various tables, resulting in more precise information
for data imputation. This method offers a supe-
rior and advanced alternative to simple substitution-
based approaches, providing enhanced effectiveness
in addressing missing data.

Multiple studies (Little and Rubin, 2002; La-
jeunesse, 2013) have summarized data imputation
methods for replacing or inferring missing values,
aiming to make use of other data information as
much as possible for the imputation of current data.
For instance, hot-deck imputation involves finding
substitute values within the available data informa-

tion for imputation, while code-deck imputation uses
other data sources (Githungo et al., 2016) or domain
heuristics (Gülensoy et al., 2014) to search for sub-
stitute values. Interpolation methods infer missing
values through weighted combinations of data points
(Gao, 2006), including linear interpolation, regres-
sion interpolation, and adaptive interpolation. Data
imputation for missing values is a critical factor in
enhancing data quality, especially in specific scenar-
ios such as non-uniform sampling in time-series data
(Gschwandtner et al., 2012), where it may be neces-
sary to enforce interpolation. However, when joining
time series with different granularities, misalignment
issues may arise, leading to conflicts with interpola-
tion. Furthermore, leveraging sophisticated related
methods allows the integration of data from differ-
ent stages of data wrangling into a single dataset,
enabling targeted computations (Rässler, 2004), and
even using relevant techniques like machine learning
for comprehensive missing value prediction (Ahuja
et al., 2016). These aforementioned methods provide
innovative research perspectives for this study, which
involve extracting valuable data information from
multiple data sources for data imputation purposes.
Compared to traditional approaches, our method
combines the interplay among multiple data tables,
delivering a more accurate and dependable solution
for data imputation. This approach can be applied
to a broader spectrum of data types, particularly
flourishing in intricate settings such as supply chain
environments. With insights grounded in practical
circumstances, the method offers heightened practi-
cality and applicability.

2.2 Methods for visualizing missing data

Wong and Varga (2012) metaphorically referred
to missing data in the field of visualization as “black
holes,” representing the “dark territories” in the cog-
nitive workspace that remain undisclosed. They ar-
gued that it remains unclear how visualization can
assist in completing missing data to support users’
intuitive cognitive construction. However, it is ev-
ident that humans can autonomously make judg-
ments and inferences regarding missing data. Ex-
isting visualization systems (Sun et al., 2022; Zhang
et al., 2022; Wu ZL et al., 2023) provide support for
data quality analysis, including data pre-processing
(Bernard et al., 2019), temporal variations in data
quality (Bors et al., 2015), and highlighting missing
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values, incorrect values, or estimated values (Fern-
stad and Glen, 2014; Bögl et al., 2015; Bors et al.,
2017). For instance, the visualization tool Visplause
(Arbesser et al., 2017) facilitates quality investiga-
tion of time-series data and assists data wrangling
professionals in inferring potential causes of miss-
ing data. Specifically, in the context of uncertainty
visualizations, the presence of missing data repre-
sents a notable scenario, as outlined by Bonneau
et al. (2014). It involves sampling uncertainties, visu-
alization uncertainties, and modeling uncertainties.
Eaton et al. (2005) contended that certain factors,
including limited sample size, methodological flaws,
and missing data for precise estimation, can collec-
tively give rise to heightened uncertainty surround-
ing specific data values. This implies that missing
data comprise merely one scenario contributing to
uncertainty (Griethe and Schumann, 2006). Uncer-
tainties originating from data collection can lead to
perceptions of inadequate, excessive, or unreliable in-
formation. In datasets characterized by insufficient
information due to missing or incomplete instances,
various abovementioned visualization methods face
significant challenges. Missing data will bring the
risk of missing out valuable insights for visual com-
ponents, and create disagreements about the under-
standing of the data (Kamal et al., 2021). Our in-
teractive visual analysis system allows users to verify
and assess columns and similar rows in the relevant
multiple data tables. Users can observe the current
progress of completion, as well as the differences and
changes over time, and trace the origins of the data.
This enhances user comprehensibility and trust, ef-
fectively bolstering the data imputation task.

Many visualization systems, such as XGobi
(Swayne and Buja, 1998), MANET (Unwin et al.,
1996), VIS+AI (Wang XM et al., 2023), and VIM
(Templ et al., 2012), provide visual components re-
garding the distribution of missing data to assist
data wrangling professionals in gaining a better un-
derstanding of missing data patterns and comparing
different imputation methods. Furthermore, specific
domain-oriented or data-type-specific visualization
analysis systems can automatically handle missing
data based on tasks and requirements (Chen et al.,
2021). However, it is regrettable that some visualiza-
tion systems offer little or even no visual represen-
tation of imputation data, potentially missing out
on the advantages that data visualization techniques

can bring. For example, the visualization system
proposed by Turkay et al. (2012) replaces missing
values with feature averages, while visualization sys-
tems in meteorology (Djurcilov and Pang, 1999) and
psychology (Gülensoy et al., 2014) employ heuristic
methods for imputing missing data based on domain
knowledge. Additionally, some visualization systems
use visual saliency to draw analysts’ attention to
missing values. For instance, TimeSearcher (Buono
et al., 2005) employs vibrant color coding to indi-
cate missing values, while Restorer (Twiddy et al.,
1994) reduces the salience of missing spatial data by
using grayscale and represents imputed values using
brightness. Therefore, incorporating visual repre-
sentation of imputed data into visualization systems
is crucial. This can help data wrangling profession-
als gain a better understanding of the data, reduce
the potential for misunderstandings and erroneous
judgments, and improve the accuracy of data qual-
ity and analytical outcomes. Our system provides vi-
sual and interactive tools for visualizing the sources
of data imputation. This enables users to verify and
assess relevant columns and similar rows based on
their background knowledge, effectively enhancing
the data imputation task.

3 Design requirements

To better understand the functional require-
ments of users for the data imputation visualiza-
tion system, we employ various research methods.
First, in-depth discussions and research interviews
are conducted with three data governance profes-
sionals (E1–E3) from a large supply chain company.
Then, based on specific digital application scenar-
ios, the actual pain points and difficulties are dis-
cussed and extracted, and the key technical prob-
lems that need to be addressed are identified. These
professionals are responsible for collection, develop-
ment, and analysis of multi-dimensional data from
the company’s headquarters and more than 400 sub-
sidiary companies. During the construction of the
company’s supply chain big data center and the ad-
vancement of multi-dimensional data collection, ran-
dom missing data issues frequently occur due to the
heterogeneous nature of the digital systems used
by member companies. These issues pose signif-
icant risks to subsequent data analysis and visu-
alization. To effectively solve this problem, data
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governance professionals need to collaborate with
data operators, business operators, and master data
management personnel from different departments
and organizations to conduct data auditing and re-
vision. However, due to the large time span of
data records and the time cost associated with cross-
organizational and cross-departmental communica-
tion processes, this process requires a considerable
amount of time and effort. Considering that data dis-
crepancies can pose substantial risks to data analysis
and even impact the company’s operational manage-
ment and decision-making analysis, it becomes nec-
essary to cautiously and carefully complete or delete
data manually to ensure accuracy and consistency.
However, due to the inefficiency of traditional data
imputation methods, there is an urgent need for data
governance professionals to develop an automated al-
gorithm for data imputation that can be intuitively
understood. After discussions with data governance
professionals, the following functional requirements
are summarized and refined:

R1: missing data overview. The system should
provide an overview of missing data to display their
distribution across different data tables. By provid-
ing an overview, users can gain a preliminary under-
standing of the completeness and reliability of the
datasets, allowing them to make an initial assess-
ment of data quality.

R2: intelligent algorithm control. The system
should support user-defined parameters to control
intelligent imputation strategies, providing parame-
ters that are easy to understand and perceive. Users
can adjust these parameters to achieve the desired
data imputation effect.

R3: display of imputation content. The system
should visually present data imputation results, as-
sisting users in perceiving the basis for completing
missing content and indicating the level of certainty
in the imputation, and thus supporting users’ judg-
ment and investigation.

R4: traceability of imputation basis. The system
should have the capability to trace and determine, as
well as to allow users to interactively modify, the im-
putation basis. Additionally, the system should pro-
vide clear identification of data sources and markers
for imputation results to enable users to understand
and evaluate the accuracy of the imputation.

R5: intuitive and familiar visualization and in-
teraction design. This study focuses on the analysis

of tabular missing data, targeting users who may
lack experience in data visualization. Therefore, the
system should provide visual components and inter-
active means that are easy to understand and use,
ensuring user-friendliness for the target audience.

R6: human–machine collaboration. The system
workflow should be presented to the users in a visual
form, facilitating their understanding of the data im-
putation process. Users should be able to interac-
tively participate in the workflow, exploring and an-
alyzing the visualizations, and investigating and con-
trolling different steps. User interactions should be
fed back into the entire process for iterative updates
and analysis, integrating the users’ prior knowledge
with the automated algorithms.

4 System overview

As shown in Fig. 1, the interactive visual anal-
ysis system for missing data imputation discussed
in this study consists of three main components:
datasets, visual interface, and construction engine.
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Fig. 1 Overview of our system

Given a set of tabular data, we assume that
each data table has a unique primary key v, with
no missing primary key information. If primary key
values are identical across different data tables, this
is an indication of a unique entity. Based on the
data overview in the visual interface, users can se-
lect the tables that need to be used as data sources
for the completion of missing data. Within the
control panel, users determine the data imputation
strategy, methods, and parameters used in the con-
struction engine. The construction engine contains
our data imputation method. It involves identifying
similar content in other multi-dimensional tables to
complete missing entries. Specifically, the method
searches for similar rows and columns in existing
tables and uses the discovered content to complete
the missing values instead of inferring new values for
insertion. As shown in Fig. 2, the proposed data
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imputation method consists of three main steps:
data column correlation, candidate matrix construc-
tion, and missing value imputation.

The first step involves the identification of simi-
lar columns for correlation in multi-dimensional data
tables. It includes column value type determination,
column value similarity calculation, column name
similarity calculation, and column correlation set de-
termination. The second step involves searching for
data similar to the current missing data in other data
tables to construct a candidate matrix. It encom-
passes primary key identification, candidate row con-
struction, candidate column construction, and can-
didate matrix construction. The third step combines
intelligent algorithms and users’ prior knowledge for
data imputation. Once the missing information is de-
termined, the engine will re-correlate data columns
and perform iterative calculations.

After the construction engine execution is com-
pleted, the column correlation view displays the asso-
ciated columns identified by the construction engine
in multi-dimensional data tables, allowing users to
understand, analyze, and interactively revise them
based on prior knowledge. In the matrix view, users
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Fig. 2 Overview of our method

can observe the candidate matrix computed by the
construction engine and select different strategies for
intelligent imputation. Users can also interactively
select multiple recommended values from the con-
struction engine for imputation based on their own
experience.

5 Method

Before introducing our data imputation
method, we first define the mathematical symbols
used in this study (Table 1).

5.1 Data column correlation

The purpose of data column correlation is to
compute a column correlation set CR for a given
set of data tables, where each correlation group(
cji , c

q
p

)
∈ CR represents the relations between two

data columns
(
cji , c

q
p

)
from different tables.

1. Column value type determination. Our
method first assesses the data type of each data
column’s values cv in all data tables, encompass-
ing four types (identifier, categorical, numerical, and
textual). The detection process is presented in Al-
gorithm 1. When the unique ratio is smaller than ε,
Algorithm 1 regards the data column as categorical.
Here, ε is empirically set to 0.1. However, when it
is difficult to determine the data type, users’ prior
knowledge is needed to make a judgment. For in-
stance, it is hard to determine the type of a column
value like “10002.”

2. Column value similarity calculation. Our
method computes similarities among column values

Table 1 Definition of symbols

Notation Description

Ti ∈ T The ith data table in dataset T

Ti = (Ci, Ri) All columns (Ci) and all rows (Ri) of data table Ti

cji ∈ Ci The jth column of data table Ti(
cnj

i , cv
j
i

)
= cji Column cji includes the column name

(
cnji

)
and the value list

(
cvji

)

cvji (v) Each value in value list cvji of data column cji
rji ∈ Ri The jth row of data table Ti

CR Set of column correlations(
cji , c

q
p

)
∈ CR Correlations between the jth column cji in data table Ti and the qth column cqp in data table Tp

m
(
cji , c

q
p

)
∈ Mc The similarity between data columns cji and cqp is stored in the similarity matrix Mc

m
(
cvji , cv

q
p

)
∈ Mcv The column value similarity between cvji and cvqp is stored in the matrix Mcv

m
(
cnj

i , cn
q
p

)
∈ Mcn The column value similarity between cnj

i and cnq
p is stored in the matrix Mcn
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cv that belong to different data tables but share the
same data type, resulting in a matrix of column value
similarities Mcv. The process for similarity calcu-
lation is presented in Algorithm 2. Each element
M [a, b] represents the similarity between cji (in the
ath column) and cqp (in the bth column) across all
data columns. Our approach employs different simi-
larity measures for various data types. We calculate
the similarity for identifier type and categorical type
data using the Jaccard index. The similarity of tex-
tual type data is calculated by word mover’s distance
(WMD) (Kusner et al., 2015), which is commonly
used in natural language processing (NLP) (Huang
et al., 2016; Wu LF et al., 2018). The similarity of
numerical type data can be measured by distribution
similarity metrics. Our method uses earth mover’s
distance (EMD) by default to ensure the consistency
with the WMD of textual-type data, while also sup-
porting other metrics, such as the Kullback–Leibler
(KL) divergence.

3. Column name similarity calculation. To con-
struct the column name similarity matrix Mcn, the
textual data similarity calculation method discussed

Algorithm 1 Column value type determination
1: function inferColumnType(cv)
2: uniqueValues← getUniqueValues(cv)
3: uniqueRatio ← count(uniqueValues)/count(cv)
4: if uniqueRatio=1 then
5: return “Identifier Type”
6: else if uniqueRatio< ε then
7: return “Categorical Type”
8: else if allNumerical(uniqueValues) then
9: return “Numerical Type”

10: else if allText(uniqueValues) then
11: return “Textual Type”
12: end if
13: end function

Algorithm 2 Column value/name similarity
calculation
1: function computeColumnSimilarity(c, tables)
2: M ← empty matrix
3: for Ti, Tp ∈ tables do
4: for cji ∈ Ti, cqp ∈ Tp do
5: a← getIndexInAllColumns(cji )
6: b← getIndexInAllColumns(cqp)
7: M [a, b]← computeSimilarity(cji , c

q
p)

8: end for
9: end for

10: return M

11: end function

previously is employed for the column names. The
process for similarity calculation is presented in Al-
gorithm 2. Matrix Mcn can be obtained when c=cn.

4. Column correlation set determination. For
data columns from different data tables, our method
combines the column value similarity matrix Mcv

and the column name similarity matrix Mcn to cal-
culate the overall similarity matrix Mc. Therefore,

Mc[a, b] = Mcv[a, b] +Mcn[a, b], (1)

where a and b are both positive integers satisfying
1 ≤ a ≤ N and 1 ≤ b ≤ N with N being the number
of data columns. The process of determining the
column correlation set is two-parted: (1) it first finds
pairs of data columns, whose similarities exceed the
threshold; (2) it builds a disjoint-set data structure
to facilitate subsequent searches for the most similar
columns. We provide three strategies for selecting
correlated data columns:
Strategy 1 CR is directly obtained using column
correlation set determination, based on the user-
defined or default threshold. For example, it may
result in the following situation:

(
c1i , c

7
j , c

8
j

) ∈ CR. (2)

That is, the similarity between data column c1i in
data table Ti and data columns c7j and c8j in data
table Tj is greater than the threshold.
Strategy 2 The disjoint-set rule is modified to
correlate the two most similar columns

(
cji , c

q
p, i �= p

)

from different data tables T , followed by adding them
to the column correlation set. The similarity must
be greater than the user-defined or default threshold
to ensure validity. This makes cji and cqp correlate
uniquely to each other in the corresponding tables Ti

and Tp. Under this strategy, Eq. (2) would become
(
c1i , c

7
j

) ∈ CR. (3)

That is, the similarity between data column c1i in
data table Ti and data column c7j in data table Tj

is greater than the similarity of either of them with
data column c8j , which leads to the correlation of
(c1i , c

7
j) in the final column correlation set.

Strategy 3 The disjoint-set rule is partially ad-
justed. While ensuring that the similarity is greater
than the user-defined or default threshold, we be-
gin by identifying the data column cji (i �= 1) most
similar to the first data column c11. This results in
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a column correlation set
(
c11, c

j
i

)
. Subsequently, we

identify the column with the highest similarity to
all columns in the existing column correlation set;
therefore,

cqp ∈ C, p �= i �= 1. (4)

That is, we identify the column with the maximum
value for avg

(
sim

(
c11, c

q
p

)
+ sim

(
cji , c

q
p

))
. For in-

stance, suppose that the current set of column corre-
lations is

(
c11, c

3
j

)
, and there exist columns

(
c1j , c

3
j

)
in

data table Tj that have a similarity greater than the
user-defined or default threshold. In such a case, we
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Finally, we add the column with the higher average
similarity to the existing set of column correlations.

5.2 Candidate matrix construction

The purpose of constructing the candidate ma-
trix is to integrate multiple data tables based on
the correlated column information between them, to
support interactive imputation of missing values for
users. Ideally, the candidate matrix constructed us-
ing the method proposed in the present study should
be unique, meaning that each missing data point
can be imputed using the corresponding values from
rows and columns in other data tables. The pro-
cess of candidate matrix construction is described in
Algorithm 3.

However, the intelligent algorithm has two lim-

Algorithm 3 Candidate matrix construction
1: function fillMissingData(missingData, tables,

columnCorrelations)
2: for all mi ∈ missingData do
3: primaryKey ← findPrimaryKey(mi)
4: candidateRows←

searchCandidateRows(primaryKey, tables)
5: candidateColumns←

mergeCorrelationsColumns(candidateRows,

columnCorrelations)
6: candidateMatrices ←

buildCandidateMatrices(candidateRows,

candidateColumns)
7: filledDatai ←

interactivelyFillMissingData(mi , candidateMatrices)
8: updateTables(filledDatai, tables)
9: end for

10: return updated tables
11: end function

itations. First, if there are multiple highly similar
correlated columns, the algorithm will select only the
most similar one, neglecting other columns with high
similarity. This contradicts with the original inten-
tion of finding missing data from multi-dimensional
data tables. Therefore, all highly similar columns
should be displayed, and user knowledge and experi-
ence should be used to understand and select them.
Second, for columns with low similarity, the algo-
rithm does not establish any correlation, resulting in
certain missing elements of data having no values for
imputation. Additionally, there are many strategies
and parameters that need to be manually adjusted
and controlled in the column correlation step, which
requires users to have a preliminary understanding
and comprehension of the data imputation results.
The proposed method generates multiple candidate
matrices and uses subsequent visual interactions to
assist users in exploration, analysis, understanding,
and decision-making. The matrix construction pro-
cess is illustrated in Fig. 3.

1. Primary key identification. As shown in
Fig. 3a, we locate the primary key v in the row con-
taining missing data. By locating the primary key
in all rows with missing data, we can obtain the set
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Fig. 3 Candidate matrix construction process: (a)
primary key identification; (b) candidate row con-
struction; (c) candidate column construction; (d) can-
didate matrix construction and data imputation with
recommended content
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of primary key values K. Typically, the primary key
is a column of identifiers, such as names, addresses,
and IDs.

2. Candidate row construction. For each key
value vi ∈ K, we search for data rows in different
data tables that contain vi and retrieve the corre-
sponding row data to construct candidate rows. As
shown in Fig. 3b, we search for data rows containing
v in different data tables, which are highlighted, to
form candidate rows.

3. Candidate column construction. Based on the
column correlation set CR, we extract and merge the
correlated columns in the candidate rows. As shown
in Fig. 3c, the columns contained inCR are the candi-
date columns. Our proposed method extracts these
columns from their original data tables and combines
them to create a new data table.

4. Candidate matrix construction. As shown in
Fig. 3d, our method further merges the new data ta-
ble generated in step 3. The column correlation set
CR contains multiple groups of correlated columns.
For each group of correlated columns, the method
stacks the candidate row information of the corre-
lated columns into a single column. For example,
column 2© is created by stacking the row information
of columns c21 and c83. To ensure the completeness of
the matrix, the row information from Data Table B
is set to empty in that column. By iterating through
each group of correlated columns in CR, the con-
struction of the candidate matrix is completed. Par-
ticularly, when building the candidate matrix based
on candidate rows and candidate columns, there can
be multiple possibilities due to the existence of mul-
tiple column correlations in CR.

5.3 Missing value imputation

1. Recommended imputation values. The result-
ing candidate matrix is the recommended outcome
for filling in missing data. Each column in the candi-
date matrix is formed by stacking the candidate row
information from several correlated columns. This
means that the row information within each column
exhibits high similarity, allowing for a mutual impu-
tation of missing information, i.e., the recommended
value for imputation. As shown in Fig. 3d, in col-
umn 4©, there are two recommended imputation val-
ues for filling in missing data from Data Table A.
The method supports intelligent imputation or man-
ual selection, and it can automatically update the

column correlation set CR and rebuild a new candi-
date matrix based on the new correlations.

2. Intelligent imputation. For multiple candi-
date matrices, this method provides an intelligent
imputation strategy. It chooses the matrix with the
highest overall similarity in candidate columns as
the imputation-recommended value. Users can de-
termine whether to keep the automatically recom-
mended values through interactive analysis.

3. Interactive imputation and analysis. Users
can determine the imputation of missing content
based on the source of the candidate matrix con-
struction. This means that users can establish more
accurate column correlation information and decide
whether to update the entire engine. If users choose
to update, they can use the determined column
correlation information as the initial default value.
They can update the column similarity matrix us-
ing Algorithm 2 and further recalculate the column
correlation set CR, followed by subsequent matrix
construction.

6 Visual interface

The data imputation visual analysis system con-
sists of four main components: data overview, con-
trol panel, column correlation view, and matrix view
(Fig. 4).

1. Data overview (Figs. 4a1 and 4a2) helps users
understand the characteristics of the data and iden-
tify missing data. It is divided into three parts: (1)
data selection (Fig. 4a1) allows users to choose the
data tables for analysis or import databases or local
data using the “ +©” button; (2) data information vi-
sualizes the missing rates of different columns in each
data table and the number of normal data entries
using line charts; (3) column information overview
(Fig. 4a2) uses a stacked histogram to present the
missing rate of each column and the current imputa-
tion progress.

Interaction: In data selection, users can select
different data tables for analysis and correlation. In
data information, users can click on the points in
the line chart to view specific information about the
current column, and the corresponding column will
be highlighted in other views.

2. Control panel (Fig. 4b) is designed for con-
figuring the column value type determination, col-
umn value similarity calculation, and column name
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Fig. 4 Visual interface: (a) data overview, used for data quality investigation and offering a column information
overview; (b) control panel, allowing users to adjust the methods, strategies, and relevant parameters for
column correlations; (c) column correlation view, providing insights into data column correlations and enabling
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similarity calculation, as well as for selecting similar-
ity measures (such as EMD and Word2Vec), choos-
ing strategies (e.g., Strategies 1–3), and adjusting
relevant parameters (such as coverage rate and sim-
ilarity) when processing column correlation.

Interaction: Users can select from a variety of
algorithms and parameters provided by the system
through dropdown menus. They can also import
other files, models, or custom algorithms by clicking
the “ +©” button in the top right corner. After clicking
the “Run” button in the top right corner, the results
under the current scheme will be displayed in the
column correlation view. Users can set parameters
to create different schemes and switch and compare
results in the column correlation view.

3. Column correlation view (Fig. 4c) helps users
understand the correlations between columns in dif-
ferent data tables. It displays results for different
schemes and supports switching among them. It also
enables interactive modification and reconstruction
of data relations by the user. The top of Fig. 4c
displays tabs for different schemes and shows the
specific results corresponding to each scheme, pro-

viding users with references for adjusting schemes
and parameters in the control panel. Column corre-
lation overview (Fig. 4c1) represents the number of
columns using circle sizes, and the width of the links
indicates the number of column correlations between
data tables. Node-link diagram (Fig. 4c2) supports
analysis of the column correlations, where each node
represents a column from a data table, and each link
represents the correlation between two columns. The
color of the circles represents different data tables,
and the color of the links represents the similarity
between the columns.

Interaction: In the column correlation view,
users can click on the “Tabs” scheme to observe,
compare, and delete results from different schemes.
Clicking on a circle (depicted in Fig. 4c2) high-
lights the corresponding column details (depicted
in Figs. 4a1 and 4a2). In the column correlation
overview (Fig. 5a), users can click on circles to
expand and observe the column correlation details
between different data tables (Fig. 5b). When hover-
ing over a circle, relevant edges are highlighted, and
the column name is displayed. The editing mode
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(a) (b)

Fig. 5 Column correlation overview and detailed in-
formation: (a) column correlation overview before
expansion; (b) column correlation detail information
between different data tables after expansion

button (Fig. 4c6) allows users to modify column cor-
relation information. Clicking the “Recompute” but-
ton triggers the update of results in various views.

4. Matrix view (Fig. 4d) displays recommended
values for data imputation along with information
in the candidate matrix and sources of the recom-
mended imputation values. Users can select rec-
ommended imputation values to fill in missing cells
(highlighted in red). Clicking on a missing cell shows
the corresponding candidate matrix (Fig. 4d1). The
color of the buttons representing the recommended
imputation values indicates the source data table,
allowing users to make informed choices. Addition-
ally, the first 10 rows of the associated columns’ data
are displayed in Fig. 4d2. The color of the column
headers represents the corresponding data table, en-
abling users to assess the similarity of the associated
columns.

Interaction: When users click on a cell with a
red background in the data imputation result ta-
ble, the correlation column information will be dis-
played, as indicated in Fig. 4d2; at the same time, the
corresponding columns are highlighted, as indicated
in Figs. 4a1, 4a2, and 4c2. If users discover that
the column correlations are not valid while exam-
ining the presented correlation column information
in Fig. 4d2, they can click on the column header,
and the corresponding column will be highlighted in
Fig. 4c2. To make corrections to the column corre-
lations, users can access the editing mode and make
the necessary modifications.

7 Evaluation

7.1 Case study

E1, an expert in data governance from a large
supply chain company, had the task of completing

four data tables with missing values. These tables
contained information pertaining to the company’s
customers, with customer ID as the unique primary
key. Each data table consisted of 2500 rows. After
importing the tables into the system, E1 observed
from data overview that every column in the ta-
bles, except for the primary key, had varying de-
grees of missing values. On further examination of
the column information overview, E1 discovered that
Data Table A had the highest missing value rates for
columns such as source, channel personnel, and ser-
vice fee. Consequently, E1 decided to prioritize the
imputation of Data Table A.

To configure the column connection strategy in
the control panel (Fig. 4b), E1 selected Strategy 2
and set the similarity threshold to 85%. These set-
tings ensured comprehensive consideration of all po-
tential correlation columns. It was also ensured that
only one correlation column from a data table could
be chosen for each given column, reducing visual
clutter and cognitive load. Following the clicking
of the “Run” button, the column correlation view
displayed the calculated column correlations based
on this scheme. By expanding the circles in the col-
umn correlation overview (Fig. 4c1), E1 observed
that Data Table A and several other data tables
had multiple correlation columns (Fig. 4c1). Further
analysis in the column correlation details revealed a
total of 12 node-link diagrams of column correlations,
each containing 2–4 nodes, representing distinct col-
umn correlations (Fig. 4c2). To validate the results
preliminarily, E1 clicked on the circles in one of the
node-link diagrams of column correlations to high-
light the corresponding column information in the
data overview (Fig. 4a2). These columns represented
customer, customer name, and customer company,
which had identical meanings and aligned with prior
knowledge (Fig. 4c3). As a result, E1 began to de-
velop trust in the automated algorithm and intended
to use it further for imputing missing data.

In the matrix view (Fig. 4d), E1 focused on
the imputation results of Data Table A. It was ob-
served that all 104 missing values in the source col-
umn had been successfully completed. Among these,
48 values were originated from the customer source
column in Data Table B, and the remaining 56 values
were originated from the customer origin column in
Data Table D (Fig. 4c4). By clicking on a cell with
a completed value (red background) in the source
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column in Data Table A (Fig. 4d1), E1 compared it
with its corresponding correlation column informa-
tion and confirmed their similarity in light of prior
knowledge. Continuing the analysis, E1 discovered
that the channel personnel column was correlated
with only the channel manager column in Data Table
B (Fig. 4c5) by hovering over the nodes. However,
21 missing values in this column could not be com-
pleted due to the absence of corresponding primary
keys in Data Table B. This highlighted the necessity
for additional data sources to enhance the imputa-
tion process.

Regarding the column named service fee, it was
found to have correlations with the service fee col-
umn in Data Table B, the total rent column in Data
Table C, and the net investment column in Data Ta-
ble D (Fig. 4c2). However, on careful examination of
the suggested imputation results, E1 observed that
values in the service fee column deviated significantly
from the expected range. Consequently, E1 manu-
ally re-selected the imputation results. On analyzing
the information provided by the correlated columns,
E1 recognized that the relationships of the total rent
and net investment columns with the service fee col-
umn were incorrect. These two columns actually rep-
resented entirely different concepts at the business
level. It appeared that the automated algorithm fo-
cused solely on numerical similarity while disregard-
ing the actual context. Consequently, E1 decided
to eliminate these correlations between the columns.
E1 clicked on the corresponding column headers in
the column correlation view to highlight them and
entered the column correlation editing mode. E1 re-
moved the correlations between the columns in the
node-link diagram. After rerunning the modified
scheme, E1 was satisfied with the updated impu-
tation results for Data Table A.

Following a similar operating procedure, E1 pro-
ceeded to complete the remaining three data tables.
E1 believed that the system can automatically as-
sociate data columns that may be related, allowing
users to select imputation values based on their ex-
pertise and also to adjust column correlations, which
greatly improved the efficiency of data imputation.

7.2 Quantitative experiment

This experiment evaluates the accuracy of our
imputation algorithm by comparison with state-of-
the-art data imputation algorithms using their avail-

able implementations.
1. Datasets. To verify the effectiveness of these

algorithms in real-world production environments,
we used supply chain datasets from a large supply
chain enterprise. The datasets are composed of six
tables containing supply-chain customer information
(e.g., name, unified social credit code, date of incor-
poration, type, registration authority, and status),
including numerical, categorical, and textual data.
The datasets have a total of 125 columns and 9987
rows, with 1693 missing data items. Several data
governance professionals from the company imputed
the missing items using their experience, and we refer
to these imputations as the ground truth.

2. Algorithms. Because there are few impu-
tation algorithms that work on textual data or
have public implementations, we focused mainly
on numerical data imputation algorithms, including
KNNimpute (Troyanskaya et al., 2001), MissForest
(Stekhoven and Bühlmann, 2012), IterativeImputer
(Pedregosa et al., 2011), Soft-Impute (Mazumder
et al., 2010), multivariate imputation by chained
equations (MICE) (Azur et al., 2011), and SimpleFill
(Rubinsteyn and Feldman, 2016). All algorithms are
configured by default.

3. Results. We used the normalized mean
squared error to report the results, which are indi-
cated in Fig. 6. To compare the efficacies of different
algorithms in imputing categorical data, we trans-
formed the categorical data into non-negative inte-
gers. Table 2 presents the proportion of correctly
imputed data by different methods of imputation
of different data types, where “correctly imputed”
means that the imputed value is exactly the same as
the ground truth.

200

150

100

50

0
Ours

KNNimpute

MissForest

IterativeImputer

Soft-Im
pute

MICE

SimpleFill

Method

N
or

m
al

iz
ed

 e
rro

r (
%

)

Fig. 6 Normalized error distribution of results by
different imputation methods



410 Zhu et al. / Front Inform Technol Electron Eng 2024 25(3):398-414

7.3 User studies

1. Participants and data. To further evaluate
the effectiveness of the method and system, we con-
ducted a user study. The survey participants con-
sisted of 3 data governance professionals from a large
supply chain company, as well as 7 graduate stu-
dents and 10 undergraduate students majoring in
computer science and technology from a university.
We used the data from the previous case study.

2. Tasks and procedure. Participants were ini-
tially provided with a detailed explanation of the sys-
tem, including the meanings of different views and
their interactive functionalities. We then presented
some foundational questions and their corresponding
answers. After becoming familiar with the system,
participants were asked to complete a series of tasks
(Table 3) designed for each view.

After completing the imputation task, partici-
pants were invited to freely explore the system. Sub-
sequently, they rated their system experience using
a 5-point Likert scale (Table 4).

3. Passing rates. Each participant spent ap-

Table 2 Proportion of correctly imputed data by
different methods

Method
Proportion of correctly imputed data (%)

Numerical Categorical Textual

Ours 91.92 95.95 82.39
KNNimpute 23.45 53.15 N/A
MissForest 37.80 71.56 N/A
IterativeImputer 30.41 55.05 N/A
Soft-Impute 1.83 36.03 N/A
MICE 31.25 55.34 N/A
SimpleFill 10.15 44.45 N/A

Bold values indicate the optimal results; N/A indicates that
the algorithm does not support imputation for the correspond-
ing data type

Table 3 Evaluation tasks of the user study

No. Task Requirement(s)

T1 Find the data table with the R1
highest missing rate

T2 Find the data field with the R1
highest missing rate

T3 Combine different data tables R2
T4 Use different column R2, R6

correlation schemes
T5 Describe the recommended R3

imputation results
T6 Explain the basis of the R4

imputation results
T7 Edit column correlations R3, R6
T8 Complete missing data values R3, R6

proximately 15–20 min on task imputation, and the
average passing rates for all tasks are shown in Fig. 7.
The ratings for the system are presented in Fig. 8.

4. Results. Data overview: During user interac-
tions, we observed that the data overview feature was
not widely used by users as a comprehensive tool,
contrary to our initial expectations. For instance,
in tasks involving data selection, users seldomly en-
gaged with this functionality. Instead, users tended
to treat data information and column information
as navigation aids rather than focusing on gaining
insights from the visualizations. This discrepancy
between our initial design intent and real-world us-
age patterns underscores the importance of further
exploring user needs regarding overviews and nav-
igation. In our forthcoming research, we plan to
delve deeper into understanding user expectations
for overviews and navigation, aiming to devise more
user-centric visual interactive methods. By conduct-
ing more comprehensive requirement analyses, we
expect to better create visualizations that effectively
cater to users’ practical usage scenarios.

Column correlation view and matrix view: In
our study, we observed that the column correlation
view and matrix view features received relatively low
scores from users in terms of task completion and
feedback, especially among non-expert users. This
suggests that these visualization techniques might

Table 4 The questionnaire of the user study

No. Question

Q1 Is the system interface intuitive and easy to use?
Q2 Is the system interface easy to learn?
Q3 Is the interface of the data overview intuitive and

easy to use?
Q4 Does the interface of the data overview help you

gain insight into the data?
Q5 Is the interface of the control panel intuitive and

easy to use?
Q6 Does the interface of the control panel help you

adjust strategies, methods, and parameters?
Q7 Is the interface of the column correlation view

intuitive and easy to use?
Q8 Is the interaction of the column correlation view

intuitive and easy to use?
Q9 Does the column correlation view help you

analyze row connections?
Q10 Is the interface of the matrix view intuitive and

easy to use?
Q11 Is the interaction of the matrix view intuitive and

easy to use?
Q12 Does the matrix view help you handle missing

values?
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not be immediately intuitive for users and might
require a significant learning curve. Despite these
visualization techniques are quite common in vari-
ous contexts, our study indicates that they may de-
mand additional time for users to comprehend and
explore. Nevertheless, it is encouraging to note that
when users observed improvements in the results,
their attitudes toward these visualizations tended to
become more positive. Therefore, in our future de-
sign endeavors, we need to strike a balance between
the learning curve and efficiency of the visualization.
We can achieve this by offering clearer, more intu-
itive explanations and guidance, helping users better
grasp these advanced visualization tools.

In summary, participants positively assessed the
usability and user-friendliness of our system, high-
lighting its visual design, ease of use, and conve-
nience. The system effectively fulfilled user require-
ments and successfully achieved the desired out-
comes. Participants successfully completed tasks,
obtaining the required data effortlessly. The task
design aligned with expectations for data imputa-
tion, demonstrating the system’s effectiveness. Fur-

thermore, participants independently discovered ad-
ditional features such as linkage and interactivity, en-
hancing data analysis efficiency and providing valu-
able insights. Finally, the ratings provided for the
system by the participants indicated their levels of
satisfaction with its visualization, interactivity, us-
ability, and reliability. Our user study has provided
us with insights into user behavior and feedback,
steering our design and enhancement strategies to-
ward better addressing user needs. Our system deliv-
ers a favorable user experience and serves as a valu-
able tool for data exploration and analysis. Leverag-
ing these insights, we look forward to continually re-
fining our visualization system to make it more adept
at accommodating users’ real-world usage scenarios.

8 Discussion

1. Human–machine collaboration. We leverage
the similarities between column headers and values
to identify correlation columns and construct candi-
date matrices for the intelligent imputation of miss-
ing data. We then engage data governance experts
to refine the final results based on their prior knowl-
edge. Our experts acknowledged that this approach
enables the combination of machine intelligence and
human expertise. Fully automated algorithms typ-
ically enhance overall efficiency but sacrifice some
effectiveness by ignoring the semantic meanings of
certain columns. By allowing experts to trace the
process of filling missing value and interactively ad-
just column correlation schemes, the accuracy and
reliability of data imputation can be significantly im-
proved. However, our experts expressed concerns
about incorrect or unfilled missing values arising
consequent to inadequate data sources, necessitat-
ing additional effort for verification. We believe that
incorporating supplementary data imputation meth-
ods, such as prediction, to address such cases holds
promise for future research.

2. Visual interface. The visual analysis system
received favorable feedback from our experts regard-
ing its ability to facilitate the exploration and im-
putation of missing data, from an overview to a de-
tailed level. Particularly noteworthy was the node-
link diagrams, which effectively represented column
correlations and simplified the analysis and updat-
ing of various schemes. Two experts highlighted the
importance of focusing on correlations with higher
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similarities, which are visually indicated by links
with deeper colors. Furthermore, the system sup-
ports iterative editing of column correlations and
re-computation for improved results through intu-
itive interactions, eliminating the need for time-
consuming manual checks. These features signifi-
cantly reduced the workload of the experts. There-
fore, we demonstrate the practicality and effective-
ness of employing straightforward visual designs to
enhance data imputation.

3. Limitations. Two limitations characterize the
present research. First, the proposed algorithm cur-
rently relies on the presence of a single primary key
for each table to ensure simplicity, which may not
always be feasible in real-world scenarios. However,
it is possible to identify candidate rows based on
similarities between rows, rather than solely relying
on primary keys. Consequently, our approach can
be easily extended to accommodate a wider range
of diverse and complex scenarios. The other limita-
tion pertains to scalability, seeing that the algorithm
and system were evaluated using only four tables,
encompassing a small number of rows and columns.
Although the algorithm theoretically should func-
tion adequately when handling more tables, rows,
and columns, the visual analysis system might en-
counter performance issues due to excessive nodes
and links, resulting in visual clutter and increased
cognitive load for users. Therefore, further research
is necessary to address these concerns.

9 Conclusions

This paper presents a data imputation method
based on a multi-party table data association strat-
egy and constructs an efficient interactive data im-
putation visual analysis system to assist data gover-
nance professionals in addressing the accuracy and
effectiveness issues prevailing in relation to miss-
ing values. The system uses existing data infor-
mation from multi-dimensional data tables for im-
putation. It builds a candidate matrix from the
multi-dimensional data tables, associates column in-
formation from different data tables, and leverages
the background knowledge of data governance pro-
fessionals to interactively analyze, comprehend, and
determine recommended imputation values for miss-
ing data in the candidate matrix. The proposed
method is validated using a dataset from a large-scale

supply chain enterprise and is compared with exist-
ing mainstream data imputation methods through
comparative experiments and user surveys. The ef-
fectiveness and practicality of the method are quan-
titatively evaluated and validated.
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