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Abstract

[B®]To analyze the research status and future research directions of entity
resolution technology in relational databases. [fA3%]Systematic research is con-
ducted from two aspects of entity resolution: accuracy and efficiency. The
accuracy aspect is based on incremental methods, statistical approaches, and
relevant information; the efficiency aspect is based on blocking, string similarity,
and other techniques. [#®]Maximizing entity resolution accuracy and efficiency
constitutes the primary objective of entity resolution technology research; how-
ever, significant challenges persist regarding dynamic evolution of data sources,
heterogeneity, and approximate string matching. [BR]The discussion is lim-
ited to the accuracy and efficiency requirements within the entity resolution
process, with insufficient attention devoted to the characteristics and inherent
limitations of the resolution models themselves. [£3¢]This study facilitates a
more comprehensive understanding of the entity resolution process, its current
research status, and future research directions in relational databases.
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Abstract

[Objective] To analyze the current status and future research directions of
Entity Resolution (ER) technology over relational databases. [Methods] Sys-
tematic research was conducted on two aspects: accuracy and efficiency of ER.
The accuracy of ER was based on incremental methods, statistical methods,
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and related information. The efficiency of ER was based on blocking, string
similarity, and other techniques. [Results] Maximizing precision and efficiency
is the main objective of entity resolution, but research on dynamic evolution
and heterogeneity of data sources and inexact string matching still faces sig-
nificant challenges. [Limitations] Only precision and efficiency needed in the
process of entity resolution are discussed, but the characteristics and limitations
of ER models need more attention. [Conclusions] This paper will facilitate a
comprehensive overview of the process of ER over relational databases, research
status, and future research directions.

Keywords: Entity resolution; record linkage; relational databases

Introduction

Research on Entity Resolution (ER) has a long history, with some early work
dating back to the 1950s [?], yet it remains an active research area today. In
1969, Fellegi and Sunter proposed a technique for linking records based on the
assumption that different records referring to the same real-world entity should
share certain commonalities [?]. This foundational assumption has guided sub-
sequent research in the database community. Entity resolution has been exten-
sively studied under various names, including Record Linkage [?], Merge/Purge
[?], Deduplication [?], Reference Reconciliation [?], Object Identification [?],
and others [?]. In relational databases, ER primarily aims to identify n (n > 1)
similar duplicate records that describe the same entity, where records are also
referred to as data. The resolution models can be broadly categorized into
three types: matching-based clustering (record clustering based on Boolean rule
matching information) [?, ?], distance-based clustering (record clustering based
on relative distance) [?, ?], and pairwise entity resolution (Pairs ER, which
resolves records pair by pair) [?, 7, 7].

With the advent of the “big data” era, ER technology plays a crucial role in
data cleaning, data integration, and data mining, and is therefore considered an
important enabling technology for data quality and information sharing. Since
ER applications span multiple domains—including census [?], public health, web
search, product list comparison, counter-terrorism, spam detection, and machine
reading—it has attracted attention from experts in both academia and industry.
Although ER technology for extraction, matching, and resolution in structured
databases is relatively mature, its most challenging problems remain efficiency
and accuracy, particularly in complex big data scenarios.

Existing research has introduced and elaborated on the methods involved in
each step of the entity resolution process [?, 7], but has not explored resolution
strategies from the perspective of ER objectives. Therefore, this survey analyzes
and organizes relevant literature from the two aspects of precision and efficiency
involved in the ER process, providing an overview of ER research in relational
databases. We hope this survey will offer valuable insights and references for
future optimization, integration, and further exploration of entity resolution
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research.

2 Entity Resolution Technology Overview

To provide a concise yet complete understanding of ER technology in rela-
tional databases, this section overviews the relationship between entities and
records and the entity resolution process, forming a relatively complete theoret-
ical framework.

2.1 Relationship Between Entities and Records

The described entity may be a physical object (such as a person or a house) or a
logical structure (such as a family, a social network, or a list of people who like a
particular type of music). These entities are considered to belong to a category
set, such as a set of individuals under the person category. Relational data
tables are digital representations of these sets. A relational data table contains
a series of records or entries, where each record is associated with one or more
real-world entities. Specifically, each record may point to a particular entity, but
each entity may have one or more records describing it, as shown in [Figure 1:
see original paper|. Records consist of columns (attributes, domains). Clearly,
all records share the same schema structure, which facilitates the application of
entity resolution algorithms.

[Figure 1: see original paper] illustrates three entities (persons) represented by
four records, with two duplicate records (records with NAME attribute value
“Tom” ). We refer to these as similar duplicate records. Typically, people want
to remove similar duplicate records from relational data tables because they are
one of the key issues affecting data quality, such as in data integration systems.
Reasonable approaches include either merging similar duplicate records into a
single record or linking each similar duplicate record. As M LLER H et al. [?]
point out, the task of resolving these duplicate records to make them point to the
same entity is not only extremely difficult but also potentially very meaningful.

2.2 Entity Resolution Process

In relational databases, the entity resolution process is typically divided into
three stages: pre-linking, linking, and post-linking [?, ?].

(1) Pre-linking Stage. Records are preprocessed or normalized to improve
linking accuracy. This stage is likely the most context-dependent of the three,
as its goal is to transform attribute data of records to make linking operations
as easy as possible. Potential transformations may include converting data
in attributes such as dates, phone numbers, and addresses into standard for-
mat representations, or splitting/merging data in collections to match another
schema.

(2) Linking Stage. This stage performs the actual record linking, including
deterministic linking and probabilistic linking [?]. Deterministic linking involves
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exact matching of one or more attributes and is further divided into simple de-
terministic linking and transitive deterministic linking. Simple deterministic
linking links records if they have identical values in given corresponding at-
tributes, representing the simplest approach. Transitive deterministic linking
links records if there is any attribute value match among them, enabling infer-
ence that multiple records point to the same entity even when some attribute
values are missing.

Probabilistic linking, also known as fuzzy linking, links records when two at-
tribute values do not match exactly. The most famous is the Fellegi-Sunter
model [?], which describes a set of rules proven to be optimal under the con-
dition of attribute conditional independence. Its main idea is to calculate the
discriminatory power of each attribute and then combine these attributes to
obtain a probability that two records refer to the same entity. However, prob-
abilistic linking is not easy to implement in large datasets. Moreover, because
probabilistic linking methods consider the probability of matches (records or
attributes), they may produce false matches (records incorrectly classified as
matches) while reducing false non-matches (records incorrectly classified as non-
matches).

(3) Post-linking Stage. This stage reviews linking results, examines “possible
links,” and ultimately uses these results. Three operations exist: linking, merg-
ing, and duplicate record deletion. Linking adds a reference in each record point-
ing to other linked records or stores these links in different datasets. Merging
creates a unified view over two datasets if linking different datasets. Duplicate
record deletion retains only one necessary record to avoid redundancy.

3 Accuracy-Focused Entity Resolution

Resolution accuracy primarily concerns the quality of record comparison tech-
niques, which is reflected in the comparison methods employed during the reso-
lution process. Current research mainly includes three categories: incremental
methods, statistical methods, and related information-based methods.

3.1 Incremental Methods

Unlike scenarios that assume rules and data remain fixed during resolution, in-
cremental methods treat rules and data as dynamically changing, thus adapting
well to big data environments with complex structures and rapid updates.

(1) Rule Evolution. SE Whang et al. [?] addressed the problem of mutual
influence among ER results and proposed an entity resolution method for evolv-
ing resolution rules based on dynamic semantics and relationships between rules.
This method considers how to leverage existing resolution results to deeply study
the ER problem. Specifically, the authors formalized rule evolution, proposed
two constraints—rule monotonicity and context-freeness—and noted that rules
satisfying these constraints can be processed incrementally. Since the resolution
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process using new rules can utilize previous results, computational complexity
is reduced and resolution accuracy is improved.

Steven Euijong Whang et al. [?] noted that entity resolution is not a one-time
process but evolves as people’ s understanding of data, schemas, and applica-
tions deepens. In most cases, the logic rules used to resolve records continuously
evolve because applications themselves evolve and expertise levels for comparing
records continuously improve. By incorporating these changing factors, resolu-
tion accuracy can be continuously enhanced. The authors argue that the naive
approach of re-resolving from scratch for large-scale datasets is intolerable due
to high computational costs.

Steven Euijong Whang et al. [?] proposed an incremental entity resolution
scheme for evolving rules. By leveraging iterative blocking and joint entity
resolution, this scheme provides excellent scalability and accuracy and can be
applied to different application domains.

(2) Data Evolution. In practice, data blocking methods cannot guarantee
independence between blocks because some similar records may be assigned to
different blocks. While blocking improves resolution efficiency, it also reduces
accuracy. To address this, Steven Euijong Whang et al. [?] proposed an it-
erative entity resolution method based on incremental computation. In each
iteration, the ER results from each block computed in the previous iteration are
transmitted to other blocks, and each block incrementally computes its internal
ER results based on the received updates. This iterative computation continues
until results no longer change or the iteration count reaches a given threshold.
This method improves result accuracy while ensuring resolution efficiency.

Anja Gruenheid et al. [?] observed that data update speeds in the big data era
are often fast, causing previous resolution results to quickly become outdated.
To solve this, the authors proposed an end-to-end framework that updates reso-
lution results incrementally when data updates (including insertions, deletions,
and modifications) arrive. Importantly, without affecting original results, the
proposed algorithm can not only merge/separate records from updates with ex-
isting clusters but also use new evidence from data updates to correct previous
resolution errors. Experiments show that the algorithm significantly reduces
resolution time while maintaining quality.

Sunita Sarawagi et al. [?] approached from a different perspective, proposing a
method for top-k count queries that “resolves entities while solving queries.” The
algorithm’ s foundation is that general queries involve relatively small numbers
of data records, making it unnecessary to run ER algorithms on all records—
only those involved in query results need processing. The difficulty lies in that
resolving records in query results may require records outside the query results,
and quickly obtaining relevant records outside query results is also challenging.

Benjelloun et al. [?] proposed the “F-Swoosh” algorithm, which adapts well to
incremental data scenarios and considers newly added data or features. Heiko
Miiller et al. [?] noted that data cleaning is a time-consuming and costly task.
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After obtaining a clean dataset, when a record value changes, the cleaning pro-
cess only needs to start from records containing that changed value, avoiding
cleaning the entire database. Hernandez et al. [?] argued that the time and space
required to concatenate all data before merging and cleaning are prohibitively
expensive, and thus proposed an incremental algorithm that can effectively re-
solve newly added data in a short time.

Another closely related technique is incremental graph clustering. Claire
Mathieu et al. [?] studied incremental correlation clustering, noting that when
data sources continuously change and evolve, applying resolution methods from
scratch for each update is costly. To address speed issues, the authors adopted
incremental clustering techniques, focusing on two points: (1) adding one node
at a time, and (2) preserving identified clustering results. Charikar, M. et al. [?]
studied incremental clustering, which differs from other methods by requiring
the number of clusters in the result to be preset. This method’ s idea is to
minimize the maximum cluster diameter formed by the incremental clustering
algorithm given a data stream. The authors defined the incremental clustering
problem as: for an update sequence containing n nodes (data), maintain a set
of k clusters such that whenever an input node appears, it is either assigned to
one of the current clusters or a singleton cluster containing only that node is
added to the set.

Furthermore, since entity resolution for data evolution is closely related to clus-
tering data streams, Aggarwal et al. [?] proposed the CluStream algorithm. Con-
sidering that data streams have continuously time-varying characteristics, the
algorithm can perform clustering well over different time intervals in evolving
environments.

3.2 Statistical Methods

Related to statistical methods is the feature selection problem, where the quality
of feature selection directly determines resolution accuracy. Although statistical
methods increase inference and learning complexity, they can effectively improve
traditional ER algorithms by leveraging previously neglected data attributes,
thereby enhancing resolution accuracy.

Xin Dong et al. [?] studied utilizing three main features between records to
implement an effective machine learning-based ER algorithm. First, they used
relationships between records to design new comparison methods. Then, they
propagated decision information (match or non-match) between records to ac-
cumulate positive and negative evidence. Finally, they gradually enriched each
record’ s information by merging attribute values, thereby improving entity res-
olution accuracy. Parag Singla et al. [?] proposed a joint inference method that
simultaneously reasons about all candidate matching pairs and allows informa-
tion to propagate from one candidate pair to another via their shared attributes.
Since this method is based on Conditional Random Fields (CRF), it improves
entity resolution accuracy.
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Moreover, in statistical ER methods, parameter setting errors and missing train-
ing data can lead to inaccurate detection results. To address these issues, Peter
Christen et al. [?] proposed a two-stage statistical method. In the first stage,
high-quality training examples are automatically selected from record pairs par-
ticipating in comparison. In the second stage, these training examples are used
to train an SVM classifier. Since this two-stage method can effectively adjust
the resolution process, it improves entity resolution accuracy.

Lou Junjie et al. [?] introduced a variable-weight rule into the Markov Logic
Networks (MLNs)-based ER algorithm system, attempting to solve the record
ambiguity problem that the original system could not handle (where “John
Smith”appearing in two records does not refer to the same person). By introduc-
ing variable-weight rules that better reflect real-world situations, the proposed
algorithm can improve resolution accuracy to some extent.

3.3 Related Information-Based Methods

Although traditional ER algorithms typically match records individually using
various attribute similarity measures, leveraging other related information to
assist the ER process enables algorithms to adapt well to large datasets and
provides good scalability and flexibility.

Surajit Chaudhuri et al. [?] expanded given reference entity tables by mining
document collections and using multiple variant forms of each entity in refer-
ence entity tables, thus forming a dictionary of string equivalence relationships.
Since the method can use precise information from the dictionary to calculate
similarity between entities, it improves entity resolution accuracy. Liangcai Shu
et al. [?] proposed a generative latent topic model called the LDA-dual model
that describes relationships between entities and presented a high-precision ER
algorithm. Since this model can use global information in corpora to learn a
high-performance classifier, it improves resolution accuracy.

Vibhor Rastogi et al. [?] proposed an extended ER algorithm that can use inter-
mediate comparison results for comprehensive reasoning. Since this algorithm
not only utilizes similarity information between records and co-occurrence fre-
quency information but also fully considers the influence between record com-
parison results, it improves entity resolution accuracy.

3.4 Comparative Analysis of Methods

Accuracy-focused entity resolution primarily concerns the quality of comparison
techniques between similar duplicate records. A comparison of the main research
methods is shown in .

*HE%E Comparison of main accuracy-focused research methods (primarily con-
cerning quality of comparison techniques between similar duplicate records)
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Method Advantages Disadvantages
Incremental Effectively reusing Lacks certain flexibility; The
Methods: previous resolution resolution optimization process

Rule evolution;
Data evolution

Statistical
Methods:
Conditional
random fields;
Statistical
methods;
Markov Logic
Networks, etc.

results improves both
efficiency and accuracy;
The clustering algorithm
used is an unsupervised
learning algorithm that
can assist similarity
calculation and is
well-suited for resolving
similar duplicate records;

Uses correlation results
to iteratively find similar
duplicate records; Can
achieve very high
accuracy.

Easy to extend; High
efficiency for small
datasets, but efficiency
often cannot be further
improved as data scale
expands; Does not
depend on specific
application domains;
Considers hidden
relationships between
attributes behind
vocabulary; Can search
for corresponding field
matching functions,
avoiding accuracy
fluctuations caused by
applying fixed matching
functions to different
data sources.

requires large time overhead.

High cost of manual
annotation; High
computational complexity;
Parameters are difficult to
determine, prone to overfitting;

Parameter determination
depends on domain knowledge;

Lacks specific standards.
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Method Advantages Disadvantages

Related Introduces uncertainty; Different field similarity
Information- Uses complex calculation methods are often
Based structures; Generally particularly effective for
Methods: mixed with noise, specific string types; Since
Equivalence leading to lower accuracy similarity between attributes
relation in resolution results. and similarity between records
dictionary; is a complex nonlinear

Global relationship, merging all
information in attribute values into one long
corpora; string or simply using weighted
Similarity sums of attribute similarities to
information, calculate record similarity is
co-occurrence not advisable.

information

4 Efficiency-Focused Entity Resolution

Resolution efficiency primarily concerns the execution speed of resolution algo-
rithms, reflected in two aspects: reducing the number of record pair comparisons
needed and improving comparison efficiency of record attribute values. Current
research mainly includes blocking-based methods, string similarity-based meth-
ods, and other techniques. Although many researchers have made tremendous
efforts to improve resolution efficiency, existing algorithms still have worst-case
time complexity of 2()On [?], meaning computational complexity remains far
beyond linear, making it difficult to apply to large data scenarios.

4.1 Blocking-Based Methods

When the scale of records to be compared is large, the basic traditional technique
uses a “nested” loop to compare record pairs one by one, requiring substantial
computational overhead. The purpose of blocking methods is to reduce the
comparison space, thereby decreasing the number of record comparisons and
ultimately achieving high resolution efficiency without affecting accuracy and
completeness. We review existing research from three aspects: attribute values,
automatic learning, and blocking method comparisons.

(1) Attribute Values. To improve ER efficiency, Herndndez MA et al. [?]
early proposed the idea of data blocking processing. First, records are sorted
separately according to different attribute values. Then, a fixed-length win-
dow sequentially scans each record sequence, and matching operations are per-
formed within the window. Finally, matching results from multiple attributes
are merged to obtain the final ER results. Assuming window size is [ and record
count is n, this method can reduce ER cost from 2()On to (Oln, significantly
improving ER efficiency in practice. However, the worst-case scenario for [ is n
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while maintaining ER accuracy, so the algorithm’ s worst-case time cost remains
2()On.

Andrew McCallum et al. [?] utilized data blocking ideas with a low-cost distance
metric to effectively divide data into overlapping subsets. This method first
partitions records into independent blocks based on certain attribute values,
then runs clustering algorithms separately within each block, and finally merges
clustering results from each block to obtain ER results. This method reduces
the time cost of each clustering algorithm call and improves the overall efficiency
of clustering-based ER algorithms.

Zhen Lingmin et al. [?] addressed ER efficiency in relational databases by propos-
ing a method to calculate record attribute weights using information gain and
probability statistics based on blocking techniques. These weights represent
the importance of current attributes in records. By calculating each attribute’
s weight separately to fully reflect the importance of key attributes, which is
more realistic, this approach not only improves resolution efficiency but also
maintains accuracy.

(2) Automatic Learning. Hung-sik Kim et al. [?] proposed an iterative
Locality-Sensitive Hashing (LSH) algorithm for large-scale data collections to
achieve fast and accurate blocking. Since this algorithm can dynamically merge
LSH-based hash tables, it can quickly block data. Importantly, the authors
also provided corresponding resolution algorithms with certain advantages in
resolution speed, thus improving resolution efficiency.

Rares Vernica et al. [?] studied how to effectively execute ER. in parallel, propos-
ing to use cloud computing environments (MapReduce) to accelerate ER, effi-
ciency on large-scale data. By presenting a three-stage method based on data
blocking computation in cloud computing environments, solutions can be ex-
plored stage by stage, providing new ideas for efficient ER processes.

Mikhail Bilenko et al. [?] introduced an adaptive framework to automatically
learn blocking functions that guarantee both efficiency and accuracy. By propos-
ing two learnable blocking function methods based on predicates and providing
a learning algorithm to train them, this machine learning-based adaptive data
blocking strategy can improve resolution efficiency.

(3) Blocking Method Comparisons. Rohan Baxter et al. [?] comprehen-
sively reviewed various data blocking strategies in ER methods, comparing bi-
gram indexing and Canopy clustering methods with standard traditional block-
ing algorithms and sorted-neighborhood blocking methods. Results show that
bigram indexing and Canopy clustering can provide scalable blocking methods
with potential for speed improvement and accuracy enhancement.

Toralf Kirsten et al. [?] formally described and comparatively analyzed two fre-
quently used data blocking methods in practice. One uses simple strategies
(e.g., randomly selected hash functions) to partition data into blocks, while the
other uses semantic information (e.g., descriptive rules based on attribute val-
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ues). The latter method has obvious advantages in ER time efficiency. However,
finding rules with suitable semantic information in practice is very difficult and
sometimes even impossible.

4.2 String Similarity-Based Methods

Most applications assume attribute values are strings during comparison. There-
fore, exploring differences between two strings at the character level and sub-
string level and designing effective string similarity algorithms are important
considerations.

(1) String Features. Nick Koudas et al. [?] early proposed optimization
for ER based on string similarity. By deploying flexible multi-attribute string
matching schemes on large databases, preliminary optimization algorithms could
be provided, though these used semantic equivalence information that cannot
be captured textually. Chaudhuri, S. et al. [?] further abstracted ER problems
based on string similarity matching on relational data, proposing “similarity
join” and “similarity query” operations as fundamental database operations.

Chuan Xiao et al. [?] addressed similarity join problems by transforming string
similarity computation into set similarity join problems and proposing a set
similarity join operation algorithm. By combining prefix and suffix filtering
methods based on strings, the proposed method can use order information to
avoid similarity computation for all possible record pairs, thereby improving
efficiency of similarity join-based resolution methods.

Panagiotis Papapetrou et al. [?] addressed long string similarity queries using
precomputed alignment scores for variable-length strings, proposing a variable-
length string search method that improves ER efficiency for long string attribute
values.

(2) n-gram. Chen Li et al. [?] studied approximate string matching based
on n-grams. The basic idea is to build n-gram indexes on strings, transform
string distances into the number of corresponding n-gram intersections, and
then provide efficient similarity join algorithms based on n-gram set semantics,
improving ER efficiency. Behm, A. et al. [?] addressed the problem of large
index space by proposing an inverted index method to accelerate similarity
queries. By discarding string lists and combining related lists to reduce index
space, this method can maintain effective query processing and improve ER
efficiency.

Qiu Yuefeng et al. [?] proposed an efficient n-gram-based clustering algorithm
that uses a priority queue algorithm to accurately cluster similar duplicate
records during clustering. Extensive experimental data demonstrates the ratio-
nality and efficiency of this resolution method. Since the algorithm can adapt to
common spelling errors such as insertion, deletion, substitution, transposition,
and word swapping, it has good resolution efficiency with complexity of only

()On.

chinarxiv.org/items/chinaxiv-201606.00001 Machine Translation


https://chinarxiv.org/items/chinaxiv-201606.00001

ChinaRxiv [$X]

4.3 Other Methods

Effectively considering other important information during the ER process can
greatly reduce data processing time and space complexity, thereby improving
resolution efficiency. Such information includes graphics processor characteris-
tics, entity evolution over time, data noise in big data environments, human-
machine hybrid methods, and big data tools.

Michael D. Lieberman et al. [?] studied ER on high-dimensional data, proposing
a GPU-based similarity join algorithm called LSS. By using hash technology
and combining GPU characteristics to provide efficient implementations for two
basic data sorting and retrieval operations, this algorithm is very suitable for
similarity join resolution operations on high-dimensional data.

Yan Cairong et al. [?] proposed an iterative parallel processing framework based
on the MapReduce programming model. Using a learning-oriented classifica-
tion method for entity resolution and leveraging attribute similarity transitivity
combined with functional language characteristics, records are efficiently aggre-
gated. Since the MapReduce programming model is very suitable for integrated
ER processing, the proposed parallel framework features fast programming and
efficient execution, while data partitioning and parallel processing techniques
avoid memory overflow issues caused by large numbers of joins. Yan Cairong
et al. [?] proposed a machine computation and crowdsourcing combined ER
method. This method first uses the MapReduce parallel computing framework
to exclude impossible record pairs, thereby reducing the number of human intel-
ligence tasks, followed by deterministic manual annotation. To support privacy
protection, a role-based access control model and important information hiding
strategy were proposed for crowdsourcing computation. By fully utilizing the
advantages of both machine and manual processing, this human-machine com-
bined method can better guarantee both high efficiency and high accuracy in
the resolution process while effectively avoiding information leakage.

Wang Ning et al. [?] noted that traditional ER algorithms perform poorly in effi-
ciency, quality, and particularly noise resistance in big data environments. They
proposed a two-tiered correlation clustering algorithm (Two-Tiered). Based on
correlation clustering and introducing neighbor relationships of nodes that can
effectively define associations between nodes and classes, the proposed algorithm
outperforms traditional algorithms in computational cost, noise resistance, and
scalability.

Yang Dan et al. [?] studied how to resolve entities with temporal information
in data spaces, proposing a four-stage time-centered collective entity resolution
strategy (T-CER) based on time-based clustering (T-Clustering). T-CER, con-
siders the role of temporal information at different stages of the ER process
and uses temporal constraints to check resolution results. By combining data
heterogeneity and temporal evolution characteristics, the proposed resolution
method is more feasible and effective.
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Efficiency-focused entity resolution primarily concerns the efficiency of compari-
son processes between similar duplicate records. A comparison of main research
methods is shown in .

4% Comparison of main efficiency-focused research methods (primarily con-
cerning efficiency of comparison processes between similar duplicate records)

Method Advantages Disadvantages
Blocking- Effectively compresses Efficiency largely depends on
Based feature attribute selected keys; Key selection
Methods: dimensions and obtains usually depends on domain
Attribute values; record representatives knowledge, requiring
Automatic within groups, laying a participation of experts with
learning;; foundation for deep domain understanding,
Blocking subsequent efficient and which reduces automation and
method accurate resolution; increases result uncertainty;
comparison Greatly reduces the Inappropriate key selection can
number of comparison cause large amounts of
computations, thereby duplicate data to be divided
reducing computational into different subsets, reducing
complexity to some match quantity; May affect
extent; Requires little resolution result completeness.
memory for the
resolution process,
enabling effective
resolution of large
numbers of similar
duplicate records.
String Uses mature and Different field similarity
Similarity- reliable string calculation methods are often
Based algorithms; Handles particularly effective for
Methods: character spelling errors  specific string types; Since
String features; well; Has good similarity between attributes
n-gram scalability; Effectively and similarity between records

solves the complex
nonlinear relationship
between attribute and
record similarity.

is a nonlinear mapping
relationship, merging all
attribute values into one long
string or simply using weighted
sums of attribute similarities to
calculate record similarity is
not advisable.
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Method Advantages Disadvantages

Other Fully utilizes These methods have their
Methods: corresponding own strengths, but none is
Graphics characteristics to design  universal for all datasets;
Processors; better matching Reduces human factor
Entity temporal  functions; Fast influence; Poor scalability and
evolution computation speed. self-adaptability.
characteristics;

Big data

environment

noise;

Human-machine
hybrid methods;
Big data tools

5 Conclusions and Future Directions

Existing research on entity resolution technology in relational databases has
primarily focused on precision and efficiency, seeking a suitable compromise
strategy between them. Although current research attempts to improve ER
technology overall, there is a lack of ER technology suitable for big data envi-
ronments, particularly regarding dynamic evolution, heterogeneity, and inexact
string matching of data sources. This includes entity resolution for time-varying
dynamic data, large-scale identity management, privacy and query-driven ER,
and active learning and crowdsourcing-based ER. Additionally, although graph-
based reasoning and resolution requirements exceed current theoretical appli-
cations, they represent a feasible solution. Particularly, incremental and dis-
tributed resolution strategies can significantly improve both resolution accuracy
and efficiency while providing good scalability and efficiency.

With continuously expanding application scales, rapidly growing data volumes,
increasingly complex data relationships, and rising data processing requirements,
traditional one-to-one record comparison is often not optimal, as it requires
substantial resolution time, making it difficult to meet efficiency requirements
and even more challenging for complex big data environments. Therefore, we
identify three open research directions for future ER technology:

(1) Dynamic Evolution of Data Records. Complex data records in some
applications are frequently updated, such as information on the Internet and
social networks. How to perform fast and effective entity resolution on frequently
updated dynamic complex datasets is a major challenge for ER technology.

(2) Integration of Data Records. Extracting, cleaning, and integrating het-
erogeneous and massive data sources is a prerequisite for effectively using such
data. This brings challenges of uncertain data, structural inconsistencies, and
schema matching between data records. How to accurately resolve multiple data
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records describing the same entity under these conditions is a major challenge
for ER technology.

(3) Inexact String Matching. Comparison between data records is a compu-
tationally expensive process, and since the number of matching record pairs is
often far less than non-matching pairs, most comparison processes are wasted on
non-matching record pairs. Therefore, researching fundamental methods such
as inexact string matching methods and optimal filter selection during char-
acter matching to minimize the number of record pairs that need comparison
while ensuring matching accuracy and completeness is a major challenge for ER
technology.
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