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Motivation

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 distribution, types, formats, and
structures across various data tables, data columns representing the
same attribute can have variations, such as different column names or
data distributions. This implies the need for the homogeneity issue of
associated data to be effectively addressed, while simple statistical
methods may overlook correct correlations.

3. Because of the complexity of data correlations, the workload involved
In employing users’ background knowledge to verify data becomes
substantial and challenging. Therefore, providing guidance for users
through the data imputation process is necessary for improving the
efficiency.



Main idea

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

2. We formulate a multi-party tabular data imputation approach by
Inferring missing data 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 effectiveness of our approach in supporting the
Imputation of missing data based on users’ domain knowledge.



System overview

The interactive visual analysis 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



Method

The proposed data imputation method consists of three main
steps: data column correlation, candidate matrix construction,

and missing value imputation.
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Fig. 2 Overview of our method



Method (Cont’'d)

1. Data column correlation

(1) Column value type determination. Our method first assesses the
data type of each data column’s values cv in all data tables,
encompassing four types (identifier, categorical, numerical, and textual).
(2) Column value similarity calculation. Our method computes
similarities among column values cv that belong to different data tables
but share the same data type, resulting in a matrix of column value
similarities M.

(3) Column name similarity calculation. To construct the column name
similarity matrix M,,, the textual data similarity calculation method
discussed previously is employed for the column names.

(4) Column correlation set determination. For data columns from
different data tables, our method combines the column value similarity
matrix M., and the column name similarity matrix M, to calculate the
overall similarity matrix M..



Method (Cont’d)

2. Candidate matrix construction

(1) Primary key identification. We locate the primary key v in the row
containing missing data. By locating the primary key in all rows with
missing data, we can obtain the set of primary key values K.

(2) Candidate row construction. For each key value v, K, we search
for data rows in different data tables that contain v, and retrieve the
corresponding row data to construct candidate rows.

(3) Candidate column construction. Based on the column correlation
set CR, we extract and merge the correlated columns in the candidate
rows.



Method (Cont’d)
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Method (Cont’d)

3. Missing value imputation

(1) Recommended imputation values. The resulting candidate
matrix is the recommended outcome for filling in missing data.
Each column in the candidate matrix is formed by stacking the
candidate row information from several correlated columns.

(2) Intelligent imputation. For multiple candidate 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
determine whether to keep the automatically recommended
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 construction.



Method (Cont’d)

4. Visual interface
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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 user-driven interactive modification and data relation reconstruction by the
user; (d) matrix view, presenting candidate matrix information, recommended imputation values for
missing data, and their sources. It also supports interactive selection of recommended imputation values
for filling in missing data



Method (Cont’d)

(1) Data overview (Figs. 4al and 4a2) helps users understand the
characteristics of the data and identify missing data.

(2) Control panel (Fig. 4b) is designed for configuring the column value
type determination, column value similarity calculation, and column
name similarity calculation.

(3) Column correlation view (Fig. 4c) helps users understand the
correlations between columns in different 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.

(4) Matrix view (Fig. 4d) displays recommended values for data
Imputation along with information in the candidate matrix and sources of
the recommended imputation values. Users can select recommended
Imputation values to fill in missing cells (highlighted in red).



Conclusions

1. This paper presents a data imputation method based on a multi-
party table data association strategy and constructs an efficient
Interactive data imputation visual analysis system to assist data
governance professionals in addressing the accuracy and
effectiveness issues prevailing in relation to missing values.

2. The system uses existing data information from multi-dimensional
data tables for imputation. It builds a candidate matrix from the multi-
dimensional data tables, associates column information from different
data tables, and leverages the background knowledge of data
governance professionals to interactively analyze, comprehend, and
determine recommended imputation values for missing data in the
candidate matrix.

3. The proposed method is validated using a dataset from a large-
scale supply-chain enterprise and is compared with existing
mainstream data imputation methods through comparative
experiments and user surveys. The effectiveness and practicality of
the method are quantitatively evaluated and validated.
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