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ABSTRACT Entity Resolution (ER) is a fundamental task in data integration, enabling the identification of
records that refer to the same real-world entity across diverse and often heterogeneous data sources. Recent
advances in Artificial Intelligence (AI) have significantly improved ER performance, particularly with
deep learning and pre-trained embeddings. However, these Al-driven solutions introduce new challenges
related to fairness and explainability. Fairness-aware ER seeks to mitigate bias that may arise from
algorithmic decision-making or imbalanced training data, while eXplainable Entity Resolution (XER)
aims to enhance transparency and trust in ER. In this work, we provide a comprehensive overview of
fairness and explainability in ER, systematically analyzing existing techniques across the ER pipeline.
We discuss challenges in ensuring unbiased and interpretable ER outcomes, with a special focus on
streaming environments, where real-time decision-making intensifies the complexity of these concerns.
Furthermore, we outline research opportunities and examine the trade-offs between schema-aware and
schema-agnostic methods, as well as rule-based and machine learning-based comparison techniques,
in ensuring fair and transparent ER. Our study highlights open research challenges and potential future
directions, encouraging novel explainable Al methodologies and fairness-aware ER solutions that enhance
the reliability, accountability, and societal impact of Al-driven ER systems.

INDEX TERMS Artificial intelligence, entity resolution, explainable artificial intelligence, fairness,
streaming data.

I. INTRODUCTION

In the Big Data era, businesses, governments, and scientific
organizations increasingly rely on vast amounts of data
collected from different sources for supporting their deci-
sion making processes. However, those data sources often
suffer from quality issues such as incompleteness (missing
attributes), redundancy (overlapping records), inconsistency
(conflicting values), or incorrectness (data errors) [1]. Entity
Resolution (ER) is an important data integration task that
seeks to identify different descriptions that refer to the
same real-world entity, ensuring more reliable and unified
datasets [2], [3]. Traditionally, ER has been applied to struc-
tured data, matching records within the same relational table
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(deduplication) or across multiple tables (record linkage).
However, in modern scenarios, ER also applies to semi-
structured data, such as RDF knowledge bases, JSON files,
and large-scale web data [4], [S].

The importance of ER extends to a wide range of real-
world applications. In healthcare, ER is essential for linking
patient records across hospitals, ensuring accurate patient
history tracking. In airline security, it plays a crucial role in
matching passenger records against no-fly lists, enhancing
border security [6]. In e-commerce, ER enables retailers
to detect fraudulent knockoffs and consolidate product
information across different platforms. Similarly, social
media platforms leverage ER to merge duplicate profiles and
identify shared events across multiple sources [2].

Despite its long history and importance, ER remains
highly challenging, particularly due to data heterogeneity,
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schema variability, and scalability concerns. As data volumes
continue to grow, traditional rule-based ER methods struggle
with efficiency, leading to the adoption of Artificial Intel-
ligence (Al) techniques, including deep learning and pre-
trained embeddings, to improve accuracy and automation.
However, the increasing reliance on closed-box AI models
introduces new concerns regarding interpretability, fairness,
and real-time adaptability, especially in streaming ER
scenarios, highlighting the need for more explainable and
ethical solutions in the field.

The rise of streaming data sources, such as social media
platforms, IoT networks, and financial transaction systems,
has amplified the necessity for ER techniques capable of
processing data incrementally [7]. Traditional batch-based
approaches struggle to meet the latency and scalability
demands of these dynamic environments, leading to a surge
of research on streaming ER methods.

Over the years, the evolution of ER techniques has paral-
leled the advancements in Al, particularly with the advent
of deep learning models and pre-trained embeddings [8].
Therefore, the integration of Al in ER has significantly
transformed traditional approaches, enhancing scalability and
accuracy in matching scenarios. Machine learning models,
particularly deep learning and graph-based techniques, have
enabled ER systems to move beyond rule-based methods
by learning entity representations and improving similarity
computations [8], [9]. The use of pre-trained embeddings has
further refined ER tasks, capturing contextual relationships
across heterogeneous data sources. However, despite these
advancements, Al-driven ER remains challenging, particu-
larly in dynamic environments where entities continuously
evolve. Ensuring efficiency in streaming ER requires models
capable of incremental learning, adapting to new entity
descriptions without retraining from scratch [10], [11].
Furthermore, as ER systems become more complex, the
need for explanation and fairness-aware Al techniques has
emerged as a critical research direction [12].

Alongside these technical challenges, ethical considera-
tions, particularly related to fairness, have gained significant
attention [ 13]. Biased entity matching can perpetuate societal
inequalities, especially in sensitive applications like credit
scoring, recruitment, and healthcare [6]. Consequently,
fairness-aware ER approaches involve mitigating discrimina-
tion and bias, which can arise from the algorithm’s design or
from biased input data, such as misrepresented demographic
groups [6], [13]. Ensuring fairness requires moving beyond
accuracy optimization to incorporate constraints that address
disparities between protected and non-protected groups.
Key challenges include identifying protected attributes, like
race or gender, and selecting appropriate fairness measures,
such as equal representation or balanced error rates [14].
For example, in airline security, matching records from
a no-fly list with passenger lists must consider demo-
graphic differences to prevent discriminatory outcomes.
Despite its importance, fairness-aware ER remains an
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underexplored area with open challenges for future research
(61, [15].

Explainable Artificial Intelligence (XAI) has recently
gained prominence as a means to enhance transparency,
trust, and interpretability in Al-driven applications [16],
[17]. In the context of ER, XAI techniques offer invaluable
insights into the decision-making process by elucidating the
factors that influence entity matches and mismatches. This
lack of transparency not only undermines trust in automated
decisions but also hinders the identification and mitigation of
biases [18]. While prior works have addressed ER techniques
from various angles, such as matching efficiency, deep
learning architectures, or blocking strategies, none have
focused on the joint integration of algorithmic fairness
and explainable AI within ER pipelines. In this paper,
we introduce the term eXplainable Entity Resolution (XER)
to describe this integration of fairness aspects and XAl into
ER processes. This integration offers the potential to enhance
model interpretability, simplify error analysis, and support
compliance with regulatory requirements.

Real-world applications increasingly highlight the impor-
tance of fairness and explainability in ER. Consider a
national healthcare platform that integrates patient data from
multiple hospitals, labs, and insurance providers. ER works
in linking fragmented records referring to the same patient.
However, without fairness-aware mechanisms, the system
may disproportionately fail to match records of underrep-
resented populations, leading to biased health analytics or
denial of benefits. Additionally, as these decisions are often
unclear, healthcare administrators and affected individuals
may not understand why certain records were not linked.
An explainable ER pipeline could help expose which
attributes led to a mismatch, enabling human auditors to
assess and rectify the linkage. This scenario exemplifies
the critical role of XER in real-world applications where
decisions affect people in terms of access to services, rights,
and opportunities.

This work delves into the intersection of ER, fairness, and
XAI, highlighting the current state of the art, identifying
open research challenges, and proposing potential directions
for future work. Therefore, this paper contributes by (i)
providing a comprehensive analysis of existing ER methods,
with a focus on fairness-aware and explanation-driven
approaches, (ii) addressing the concept of XER to bridge
the gap between Al-driven ER and interpretable decision-
making, (iii) examining open challenges in fairness-aware
ER across all pipeline steps, and (iv) proposing future
research directions, such as fairness-aware approaches and
explanation models for ER.

The remainder of this paper is structured as follows.
Section II describes the systematic literature review method-
ology adopted in this study. Section III introduces ER,
outlining its key steps (i.e., blocking, matching, and cluster-
ing) along with their technical and computational challenges.
Section IV provides foundational background on fairness and
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explainability. Section V discusses fairness in ER, detailing
how bias manifests in different ER stages and exploring
fairness-aware approaches. Section VI focuses on XAl in ER,
examining explanation techniques and their role in enhanc-
ing transparency and accountability. Finally, Section VII
summarizes the findings, highlights open challenges, and
proposes future research directions in fairness-aware and
explainable ER.

Il. METHODOLOGY

To provide a transparent and comprehensive overview of
fairness and explainability in ER, this study adopts a
Systematic Literature Review (SLR) methodology. Following
structured review guidelines, the process includes defining
research questions, selecting databases and keywords, and
applying clear inclusion and exclusion criteria. This approach
ensures balanced coverage of foundational and recent works
across key ER dimensions, such as batch vs. streaming,
schema-aware vs. schema-agnostic, and rule-based vs. ML-
based methods. The methodology establishes a foundation for
the comparative analyses and insights presented in the survey.

A. SEARCH STRATEGY
To ensure a comprehensive and focused review, we adopted a
systematic search strategy inspired by established guidelines
for conducting systematic literature reviews. Our goal was
to identify relevant studies at the intersection of ER,
Fairness, and XAI. The search was guided by a set of well-
defined keywords, including: ““Entity Resolution”, ‘“Record
Linkage”, “Entity Matching”, “Fairness”, ‘“Bias Mitiga-
tion”, “Explainable Artificial Intelligence”, ‘“‘Explanation™,
“Interpretability”, “XAI”, “Transparency”, ‘“Matching”,
and “Blocking”. These terms were combined using Boolean
operators to construct queries such as ‘“Entity Resolution
AND Fairness” and ‘“Record Linkage OR Explainability”.
The literature search was carried out across multi-
ple reputable scholarly databases, including ACM Digital
Library, IEEE Xplore, SpringerLink, DBLP, and Google
Scholar. These sources were selected due to their strong
presence in publishing high-quality, peer-reviewed research
in artificial intelligence and data management. We focused
on publications from the period 2019 to 2025 to reflect the
most recent advancements and trends in the field. However,
we made exceptions for a few essential contributions that are
widely cited and remain foundational to the current research
landscape. To complement the initial search results, we also
employed backward snowballing, reviewing the references of
selected papers, as well as forward citation tracking, which
allowed us to identify influential follow-up studies that may
not have appeared directly through keyword-based search.

B. INCLUSION AND EXCLUSION CRITERIA

To ensure quality and relevance, this review applied
clear inclusion criteria focused on studies addressing ER
with fairness or explainability. Selected works include:
i) novel methods or frameworks involving XAl or fairness;
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ii) empirical evaluations highlighting explainability or bias
mitigation; and iii) surveys or theoretical analyses on fairness
and XAI in ER. Additionally, foundational ER studies
(e.g., surveys, benchmarks, and overviews) were included to
contextualize how fairness and explainability fit within the
broader evolution of the field.

Exclusion criteria removed studies that: i) addressed
generic ER without relevance to fairness or explainability;
ii) discussed these themes broadly in AI with no ER
focus; or iii) were non-peer-reviewed, duplicates, or lacked
methodological depth. Works unrelated to ER were also
excluded unless they clearly intersected with fairness or
explainability in ER. The filtering process involved title and
abstract screening, followed by full-text analysis to ensure
alignment with the scope of this review.

C. STUDY SELECTION

The selection process aimed to ensure relevance and repre-
sentativeness of studies on ER, fairness, and explainability.
After compiling results from selected databases and removing
duplicates, studies were screened by title and abstract,
excluding those unrelated to ER or lacking content on
fairness or explanation mechanisms. After, a full-text review
was conducted to confirm alignment with the inclusion
criteria. A structured data extraction process was employed,
collecting bibliographic details and classifying each study
across analytical dimensions such as ER processing mode,
comparison method, similarity evidence, fairness orientation,
explanation approach, ER step addressed, use of pre-trained
models, and scalability considerations.

These extracted elements guided the development of the
taxonomies and comparative analyses presented throughout
the article. Specifically, the selected studies are organized
into tables and taxonomical frameworks in the subsequent
sections, structured according to the criteria established
in this methodology. This approach not only supports a
comprehensive synthesis of the current literature but also
supports the identification of open research challenges and
opportunities for future work.

Ill. ENTITY RESOLUTION
ER, also known as entity matching, record linkage, or dedu-
plication, is a fundamental process in data management
aimed at identifying and matching records referring to the
same real-world entity across one or more data sources [2].
Traditional ER workflows consist of blocking, matching, and
clustering [1], as illustrated in Figure 1. Blocking groups
similar records to reduce unnecessary comparisons while
preserving recall. Matching measures the similarity between
record pairs using predefined functions or machine learning
models. Clustering groups together identified matches to
ensure that all descriptions within a cluster correspond to
the same entity in the real world. These steps collectively
optimize ER by balancing efficiency and accuracy.

The ER process is inherently complex due to several
factors. Data sources often lack a unified schema, resulting

145129



IEEE Access

T. B. Araujo et al.: Fairness and Explanations in Entity Resolution: An Overview

Entity
Collection

FIGURE 1. Traditional ER workflow.

in heterogeneous representations of entities. For instance,
names, addresses, or product descriptions may be formatted
differently, contain errors, or exhibit missing values [19].
Additionally, the volume of data poses a significant com-
putational challenge, as a naive approach to ER would
require comparing every pair of records, leading to quadratic
complexity. This issue is particularly critical in Big Data sce-
narios, where datasets can include millions of records [20].

The importance of ER extends beyond its immediate
applications, serving as a foundational tool for various
analytical and operational processes. Despite significant
advances, challenges such as scalability, data quality, and
ethical considerations continue to drive research in this
domain [21], [22]. Overall, Figure 2 presents the taxonomy
of ER settings based on their key characteristics.

A. BATCH VS. STREAMING PROCESSING

First, ER tasks can be executed in two primary processing
modes: batch and streaming [2], [3], [23]. In batch process-
ing, the system operates on a complete dataset that is fully
available before the resolution process begins. This approach
is effective for scenarios with static or infrequently updated
data sources, where computational resources can be allocated
for exhaustive processing. However, it becomes impractical
in dynamic environments, where data arrives continuously.
Streaming data, on the other hand, demands real-time
processing to match entities as they are generated or updated.
This dynamic context is typical of sources such as social
media, [oT devices, and web platforms [24]. Incremental
processing methods have been developed to manage this
continuous flow of data while preserving a consistent view of
previously matched entities. These scenarios underscore the
need for scalable, efficient, and adaptive ER solutions capable
of addressing the velocity, volume, and variety of streaming
data [25].

Regarding streaming, works such as [25], [26], and [27]
provided focus on streaming ER, addressing different aspects
of efficiency and effectiveness in real-time record linkage.
In the work [25], an incremental blocking technique is
designed to handle heterogeneous and noisy data in streaming
environments. The authors introduce two key strategies
(attribute selection and top-n neighborhood entities) to
optimize resource consumption while improving blocking
efficiency. This method ensures that only the most relevant
attributes contribute to blocking, reducing redundancy, and
enabling efficient processing in parallel distributed environ-
ments.

In [26], the authors introduce ExpBlock, a randomized,
memory-efficient blocking structure specifically designed
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for streaming ER. Unlike traditional blocking techniques
that rely on fixed rules or manually defined thresholds,
ExpBlock employs probabilistic mechanisms to determine
which records should be retained or discarded dynamically.
This technique prioritizes frequently accessed and recently
used blocks, exponentially decreasing the probability of
retaining inactive records. By doing so, ExpBlock optimizes
memory usage while ensuring accurate record linkage in
high-velocity data streams. As an extension of [26], the
authors of [27] present a set of randomized algorithms
tailored for streaming ER. These algorithms leverage a
bounded in-memory data structure, limiting both the number
of blocks and the positions within each block. This ensures
that the most frequently accessed and most recently used
blocks remain in memory while records within each block
are continuously updated. This approach is important for
streaming data environments, ensuring that only the most
relevant and frequently accessed data is retained while
outdated or inactive records are seamlessly replaced.

Regarding explanation and fairness, the ER processing
mode presents distinct challenges. In batch processing,
models have access to the entire dataset, enabling the
application of comprehensive explanation techniques, such
as global feature attributions and counterfactual analysis.
However, ensuring fairness can be complex, as biases
embedded in historical data may propagate through the ER
process. Addressing these biases requires fairness-aware pre-
processing and post-hoc analysis to ensure equitable repre-
sentation across demographic groups. In contrast, streaming
ER demands real-time decision-making, where explanations
must be incremental and adaptive. Techniques like local
feature attribution and instance-based explanations become
essential for providing timely insights. Fairness challenges
are intensified, as data distributions can evolve over time,
leading to fairness drift. Ensuring fairness in this context
requires dynamic mechanisms that continuously monitor and
adjust for bias. Furthermore, error propagation in streaming
can accumulate, reinforcing unfair outcomes if early biases
are not corrected promptly.

B. SCHEMA-AWARE VS. SCHEMA-AGNOSTIC
TECHNIQUES

Another key dimension of ER is its adaptability to the similar-
ity evidence, particularly with respect to schema dependency.
Traditional schema-based ER relies on predefined structures
and attribute mappings to match records, offering high accu-
racy in structured environments. However, it struggles with
semi-structured or heterogeneous datasets where schemas
vary or are absent, such as data sourced from diverse web
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FIGURE 2. Taxonomy of ER approaches, extended from [1].

platforms or IoT devices [1], [23]. In such cases, schema-
agnostic approaches are essential. These methods, which
often utilize tokenization or embedding-based techniques,
avoid schema dependencies by focusing on the inherent
similarity between records. However, schema-agnostic ER
introduces challenges, including increased computational
complexity due to the larger feature space and potential
reductions in accuracy when handling noisy or ambiguous
data [28]. These challenges are exacerbated in streaming
contexts, where schema-agnostic methods must process
data incrementally without access to the entire dataset for
comprehensive analysis.

Schema-aware techniques leverage the structural informa-
tion and relationships defined within data schemas to enhance
the matching process. These methods depend on predefined
schemas and semantic mappings, which provide clarity on
how data attributes correlate across different sources [29].
Such approaches are effective when schemas are consistent
and well-defined, allowing algorithms to establish precise
and structured comparisons, such as the approaches proposed
in [29], [30], [31], [32], and [33].

Schema-agnostic techniques operate without prior knowl-
edge of data schemas. They focus on the intrinsic content and
statistical characteristics of the data, making them versatile
for heterogeneous or semi-structured datasets where schema
definitions are absent or highly variable [1]. Techniques such
as blocking, clustering based on attribute similarities, and
data-driven matching rules fall under this category. Works
such [22], [25], [34], [35] are especially useful for scenarios
involving large-scale, diverse datasets with unpredictable
structures, as they avoid the overhead of schema align-
ment and can dynamically adapt to data variations. Also,
Metablocking is an important family of schema-agnostic
techniques known for its efficiency and effectiveness in
reducing unnecessary comparisons [20], [36]. It restructures
entity pairs into a weighted graph, applying pruning criteria
to eliminate edges with low weights, thereby discarding
unlikely comparisons [37].

How similar evidence is handled in ER significantly
impacts challenges related to explanation and fairness.
Schema-aware techniques leverage predefined attribute
correspondences, making explanations more straightfor-
ward through feature attributions and explicit similarity
metrics. However, they risk reinforcing biases if criti-
cal but non-standard attributes are excluded, potentially

VOLUME 13, 2025

Schema-
agnostic

ML-based

Rule-based

marginalizing underrepresented groups. Ensuring fairness
requires careful selection of attributes and fairness-aware
similarity thresholds. On the other hand, schema-agnostic
methods offer flexibility by relying on embedding-based or
statistical approaches that do not require predefined schemas.
While these methods enhance scalability and adaptability,
they present challenges for explainability, as it becomes
harder to trace how the similarity decisions are made. Addi-
tionally, fairness risks arise from latent biases in the data or
embeddings, which may inadvertently favor majority groups.
Addressing these challenges requires transparent embedding
models and techniques that can highlight influential data
patterns, even without explicit schema guidance.

C. RULE-BASED VS. ML-BASED COMPARISON METHODS
ER relies on comparison methods to evaluate record
similarities and determine matches. Two primary approaches
are rule-based and ML-based techniques. Rule-based
approaches use manually defined similarity functions (e.g.,
Levenshtein distance, Jaccard similarity) and threshold-based
decision rules. They provide high interpretability but require
domain expertise and struggle with scalability in complex
datasets. ML-based approaches leverage supervised and
unsupervised models, such as decision trees, deep learning,
and clustering algorithms, to automatically detect entity
matches. These methods improve adaptability and scalability,
but their closed-box nature makes explanation and fairness
challenging. While rule-based methods ensure transparency,
ML-based techniques enhance automation and accuracy.
The choice between them depends on data complexity,
domain requirements, and the need for interpretability in ER
applications.

The integration of Artificial Intelligence (AI) in ER
has significantly advanced the field, particularly in han-
dling large-scale and heterogeneous data [6], [7]. Al-based
methods, especially deep learning and pre-trained language
models, have enhanced ER by overcoming limitations in
traditional rule-based and statistical comparison methods (see
Figure2) [37], [38]. These models excel in capturing syntactic
and semantic relationships between entity attributes, utilizing
neural networks to learn latent representations. Pre-trained
models like BERT embed contextual information into dense
vectors, enabling nuanced understanding of data variations,
including typographical errors, abbreviations, and attribute
structure differences [6], [8], [38], [39]. However, challenges
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remain, particularly regarding the computational cost of
embedding generation and matching in large datasets [38].
Additionally, these models struggle in schema-agnostic
environments, where attribute relationships are undefined.
Addressing these issues requires adaptive techniques capa-
ble of inferring schema correspondences or functioning
independently of predefined structures [7].

Another significant challenge pertains to scalability.
AutoBlock [40] and DeepBlocker [41], address this by
efficiently identifying candidate pairs through learned block-
ing schemes. However, these methods present trade-offs
between recall and precision, and their effectiveness can
vary depending on the input data [37]. Another issue
is domain adaptation and generalizability, as pre-trained
models often underperform in domains different from their
original training data. While fine-tuning and domain-specific
embeddings can improve results, they rely on labeled
data, which may be scarce [8], [42]. This highlights the
need for unsupervised or semi-supervised approaches that
leverage unlabeled data to enhance adaptability. Finally,
error propagation is a significant concern. Errors in early
stages, such as blocking, can cascade and degrade the
quality of final matches [22], [38]. Addressing this requires
robust architectures that mitigate the impact of early-stage
inaccuracies in the ER process.

Recent advancements in ER have leveraged deep learning
and pre-trained language models to improve accuracy
and scalability. DeepMatcher [9] introduced a framework
evaluating various neural architectures, including SIF, RNNss,
attention-based, and hybrid models, demonstrating that
deep learning significantly outperforms traditional similarity-
based methods. This work underscored the influence of
architecture choices on performance and laid the groundwork
for subsequent neural-based ER studies. Also, GNEM [42]
proposed a graph-based approach that transitions from tradi-
tional pairwise matching to a one-to-set paradigm. By con-
structing record pair graphs and leveraging Graph Neural
Networks (GNNs), GNEM captures contextual relationships,
enhancing scalability and generalization, particularly in
complex many-to-one and one-to-many matching scenarios.
Incorporating Transformer-based models, Ditto [8] works on
pre-trained models like BERT, RoBERTa, and DistilBERT
for ER tasks, achieving state-of-the-art performance with
minimal training data. Ditto also employs data augmentation
to enhance robustness across domains. Expanding on Ditto’s
findings, [39] analyzed 12 pre-trained language models
across 17 benchmark datasets, investigating schema-aware
and schema-agnostic ER. Their results highlighted that
Transformer-based models consistently outperform tradi-
tional embeddings but vary in effectiveness depending on
dataset characteristics.

D. DISCUSSION

Summarizing the key contributions, methodologies, and
characteristics of the reviewed works, the comparative
analysis in Table 1 presents a structured overview of these
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studies. It categorizes them based on their processing mode
(batch or streaming), similarity evidence (schema-aware or
schema-agnostic), and comparison method (rule-based or
ML-based), offering insights into their respective approaches
and applications in ER.

Even with significant advances in ER, challenges remain,
particularly in fairness-aware and explainable ER for batch
vs. streaming data. Most existing ER solutions focus on
batch processing, where models have access to com-
plete datasets. However, real-world applications increasingly
demand streaming ER methods capable of handling con-
tinuously evolving data while maintaining fairness and
transparency. The lack of approaches explicitly designed for
streaming settings highlights a key research gap.

Regarding schema-aware vs. schema-agnostic approaches,
schema-aware methods offer clearer explanations and struc-
tured attribute alignments, but they reinforce biases when
schemas are misaligned or designed without fairness con-
siderations. Schema-agnostic methods, on the other hand,
provide greater flexibility, especially in heterogeneous
datasets, but pose challenges in explainability and fairness
monitoring, as hidden biases in embeddings or feature rep-
resentations may lead to unintended discrimination. Future
research should investigate how schema-agnostic models can
integrate fairness-aware constraints and how schema-aware
techniques can become more adaptable without rigid schema
dependencies.

Similarly, rule-based vs. ML-based comparison methods
introduce distinct challenges. Rule-based methods provide
interpretability auditing, as decisions are based on explicit
rules, but they could struggle with scalability and domain
adaptability [2]. In contrast, ML-based approaches can
capture complex relationships but often act as closed-box
models, making fairness evaluation and bias detection more
difficult. Future research should focus on hybrid models
that balance interpretability with the adaptability of ML,
incorporating XAI techniques to make closed-box models
more transparent while ensuring bias mitigation mechanisms
at each stage of the ER pipeline.

IV. UNDERSTANDING FAIRNESS AND EXPLAINABILITY
A. AN OVERVIEW OF FAIRNESS NOTIONS

Fairness in algorithmic systems is often framed as the absence
of discrimination [13], [44], requiring that an algorithm’s
outputs are not unjustly influenced by input attributes
irrelevant to the task. These attributes, known as protected or
sensitive, commonly include gender, religion, age, and sexual
orientation. Most existing work on fairness has centered on
classification tasks, where each input entity is assigned to one
of several predefined categories.

Fairness is commonly formalized through two perspec-
tives [45]: (i) Individual fairness, where similar entities
should receive similar treatment, and (ii) Group fairness,
where entities grouped by protected attributes should be
treated comparably. In individual fairness, similarity is often
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TABLE 1. Comparative analysis of ER related works.

Work Processing Mode | Similarity Evidence | Comparison Method
[29]-[33] Batch Schema-aware Rule-based
[221-[37], [43] Batch Schema-agnostic Rule-based
[81, [9],[39]-[42] Batch Schema-aware ML-based
[34] Batch Schema-agnostic ML-based
[25]-127] Streaming Schema-agnostic Rule-based

captured via a task-specific distance metricd : V x V — R
over the set of entities V, reflecting how alike two entities
are. This metric may be domain-specific and should ideally
reflect ground truth. Whether externally defined or proposed
by stakeholders, the metric should be transparent and open to
scrutiny. For group fairness, entities are divided into groups
based on protected attributes. Care must be taken to consider
proxy features—attributes correlated with protected ones—
which can introduce redundant encoding.

Determining what constitutes similar treatment involves
both social and technical considerations. Socially, it involves
the distinction between [46]: (i) Equality, that is the uniform
treatment regardless of need, and (ii) Equity, that is the
adjusted treatment to ensure fair outcomes, accounting
for existing disadvantages. Further social-based distinctions
include [47]: (i) Disparate treatment, directly using protected
attributes in decision-making, and (ii) Disparate impact,
where outcomes disproportionately affect the protected
groups, even without explicit use of sensitive attributes. Tech-
nically, the definition of fairness depends on the algorithm.
For example, for rankings, that is part of a typical entity
resolution workflow, a key concern is position bias—the
tendency for top-ranked items to receive disproportionately
more attention. Fair rankings aim to offer similar visibility to
similar entities or groups of entities.

Next, we further refine individual and group fairness based
on how similarities are specified.

1) TYPES OF INDIVIDUAL FAIRNESS

Individual fairness can be understood in several ways, with
one prominent formulation being based on similarity metrics.
The central idea is that if two individuals are similar
according to some distance function d, then the algorithm’s
outputs for them should also be close, as measured by a
corresponding output distance function D. This principle has
been particularly influential in the context of probabilistic
classifiers [45]. Another interpretation of individual fairness
is known as counterfactual fairness [48]. Here, the fairness
of a decision is evaluated by comparing the actual outcome
to what would have happened in a hypothetical scenario
where the individual had a different group membership. This
approach relies on causal inference techniques to rigorously
define and assess fairness across such alternate realities.

2) TYPES OF GROUP FAIRNESS
Assume two groups: a protected group GT and a
non-protected group G~. Let Y be the true label, Y the
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predicted label from a binary classifier, and S the predicted
probability of the positive class (i.e., a favorable outcome).
Then, group fairness definitions in classification can be
broadly categorized into three families [49], [50]:

o Base rate approaches, using only predictions Y;
o Accuracy-based approaches, involving both Y and Y;
o Calibration-based approaches, relying on S and Y.

Base rate fairness assesses whether P(f/ = 1lv € G")
and P(Y = 1lv € G7) are close, using either ratio [47],
[51] or difference [52]. When these probabilities are equal,
the condition is known as statistical parity or demographic
parity, ensuring equal access to favorable outcomes across
groups. Accuracy-based fairness requires that error rates,
such as true or false positives, be similar across groups.
A prominent example is equal opportunity [53], where the
true positive rates are equal: PY = 1Y = 1,v e GY) =
P(IA/ = 1|Y = 1,v € G7). Calibration fairness considers
probabilistic predictions. A classifier is calibrated if, among
individuals assigned score p, about p fraction truly belong
to the positive class. Fair calibration demands this property
holds across groups: P(Y = 1|§ = p,v € GT) = P(Y =
11S = p,v e G7) [54], [55].

B. AN OVERVIEW OF EXPLAINABILITY NOTIONS
The widespread adoption of Large Language Models (LLMs)
to address a broad range of tasks has generated renewed
interest in the need for explainability, which seeks to
provide human-understandable justifications or descriptions
of model behavior. Due to the complexity and scale of recent
Al models, achieving meaningful explainability remains a
significant technical and conceptual challenge. Nonetheless,
an increasing body of research [56] is dedicated to this
issue, typically distinguishing between two main, high-level
approaches: Local explanations, which aim to clarify indi-
vidual model decisions or outputs, and global explanations,
which seek to characterize the model’s behavior or logic more
generally. Finally, there is one more category that recently
appeared in the bibliography, that of glocal explanations
which try to combine local with global explanations.

Local explanations aim to provide an understanding of how
a model makes a prediction for a specific input instance.
This could be done with several slightly different approaches,
namely: (i) Feature attribution-based explanations, which
can further be divided into perturbation-based, gradient-
based, decomposition-based or surrogate models. LIME [57]
is a widely used method that belongs to the latter paradigm.
(ii) Attention-based explanations [58], [59] try to identify
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the most important parts of the input that affect the returned
results, as a way of explaining a model’s output. (iif)
Example-based explanations include the widely adopted
counterfactual explanations [60], [61], [62], as well as
adversarial examples and data influence. Counterfactual
explanations reveal what would have happened if certain
input changes were observed (typically, as small changes
as possible). A common example for counterfactually
explaining the rejection decision of a loan application is that
the application would have been approved if the personal
income was higher by x amount. (iv) Natural language
explanations [63] provide insights in a generated text in
natural language regarding a decision taken by a model.

Global explanations aim to provide a broader understand-
ing of how a model works, in general, by analyzing not
only one input instance, but the global behavior of the
model. Global explanation methods can be divided into (i)
probing methods [64] that analyze model representations
and parameters, and (if) neuron activation explanations [65]
that look for neurons that are the most important for model
performance.

Finally, Glocal explanations aim to combine benefits from
both local and global explanations. This can be applied for
example by iteratively aggregating local explanations [66],
or by introducing Shapley values, which are considered
local explanations, on different levels of the model, making
model-level generalizations and explanations [67]. However,
this family of explanation methods is largely unexplored.

V. FAIRNESS IN ENTITY RESOLUTION

As the adoption of Al-driven systems increases, ethical
considerations in their development and deployment have
become an important area of study. Within the realm of ER,
fairness has emerged as an important concern, particularly
given the potential societal impacts of biased decision-
making processes. ER systems are increasingly utilized in
high-stakes applications, such as healthcare, e-commerce,
and law enforcement, where fairness breaches can exacerbate
systemic inequalities [6], [68].

Fairness in ER involves mitigating biases that arise during
the whole process. These biases often stem from inherent
imbalances in the datasets used to train ER algorithms.
For instance, demographic overrepresentation or under-
representation can lead to discriminatory outcomes, such
as unequal error rates across protected and non-protected
groups [69]. Additionally, biases can emerge from the design
of algorithms themselves, as decision-making processes may
inadvertently prioritize majority groups due to optimization
criteria focused solely on accuracy [15].

The challenges of addressing fairness in ER are wide-
ranging. Group fairness metrics, such as statistical parity and
equal opportunity, aim to ensure equitable treatment across
demographic groups. However, optimizing for these metrics
can conflict with accuracy or individual fairness measures,
where each entity is expected to be treated equitably based
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on its unique characteristics. This challenge highlights
the need for ER systems to balance competing fairness
objectives, often necessitating trade-offs between ethical and
accuracy goals [18], [70]. Another research topic in ER
is related to fairness-aware ranking methods, which adjust
similarity scores to account for demographic disparities in
the input data. By incorporating fairness metrics directly
into the ranking process, these methods aim to minimize
disparate impacts during the resolution phase. Techniques
such as proportional fairness constraints further refine these
approaches, ensuring that entities from underrepresented
groups are adequately represented in the final matching
outputs [7], [15], [68].

FairER [15] was the first work to introduce fairness
constraints into the matching process to mitigate bias
and ensure equitable outcomes. Traditional ER systems
optimize for accuracy but often overlook how bias in
datasets and similarity measures can disproportionately
affect specific groups. To address this, the authors inte-
grate fairness constraints directly into the ER pipeline,
ensuring that the resolution process does not systematically
favor certain entity groups over others. The framework
incorporates fairness constraints by adjusting similarity
thresholds and modifying the matching process to minimize
disparities while maintaining high accuracy. Their results
highlight that introducing fairness constraints can signifi-
cantly improve group-level equity without sacrificing overall
performance.

Recent advancements in fairness-aware matching algo-
rithms have introduced novel techniques to ensure equitable
and diverse selections in streaming and online environments.
In [70], the authors propose a framework for online matching
with proportional fairness and diversity constraints, aiming
to balance both the efficiency of data matching and fairness
across different groups. The study formalizes fairness-aware
matching as an optimization problem over hypergraphs,
ensuring that selected matches adhere to predefined propor-
tional representation criteria. Their approach introduces new
approximate algorithms that efficiently enforce fairness con-
straints without significantly compromising computational
efficiency. By extending traditional online matching frame-
works with fairness considerations, this work paves the way
for more equitable decision-making in real-time ER scenar-
ios, where fairness is critical in domains such as job matching,
recommendation systems, and dynamic resource allocation.
In this perspective, the work [71] focuses on max-min diver-
sity maximization in streaming and sliding-window settings,
addressing challenges where fairness constraints must be
continuously maintained as new data arrives. The study
develops novel approximate algorithms to identify a diverse
and fair subset of elements from an evolving data stream
while considering sensitive attributes. Their results demon-
strate that fairness-aware algorithms significantly outperform
traditional selection methods in streaming environments,
where data drift and evolving entity distributions pose major
challenges.

VOLUME 13, 2025



T. B. Aratjo et al.: Fairness and Explanations in Entity Resolution: An Overview

IEEE Access

The rise of streaming data has introduced additional
complexities to fairness-aware ER. In streaming contexts,
where data arrives incrementally, traditional batch processing
methods fail to adapt to the dynamic and temporal nature
of the input [72]. Despite recent advances, ensuring fairness
in streaming ER remains an open challenge. One critical
issue is the propagation of biases over time, as historical data
inconsistencies may influence future decisions. To minimize,
fairness-aware streaming algorithms incorporate mechanisms
for bias detection and correction, leveraging historical data to
refine decision-making processes [6], [7], [27].

Inserting fairness and ER into the streaming context,
TREATS [7] is proposed as a fairness-aware ER approach
for streaming data, addressing both the technical and ethical
challenges associated with incremental ER. Unlike traditional
ER approaches that focus primarily on accuracy, the proposed
framework introduces fairness constraints, ensuring that
matches are made in a way that reduces bias across
different demographic groups. This is particularly relevant
in real-time applications, where decisions must be made
incrementally while maintaining fairness and efficiency.
By tackling the intersection of streaming, fairness, and ER,
TREATS advances by bridging gaps in fairness-aware ER
methodologies, particularly in streaming environments where
traditional batch approaches fall short.

Summarizing the main contributions, the comparative
analysis in Table 2 provides a structured overview of the
studies addressing fairness in ER, highlighting their proposed
solutions, challenges, and impact on bias mitigation. Next,
we also highlight insights and opportunities regarding how
fairness can be considered in each step of ER.

A. BLOCKING

Blocking is designed to enhance efficiency by reducing the
number of record comparisons while maintaining high effec-
tiveness in ER approaches. Traditional blocking techniques
rely on heuristic rules or learned representations to group
similar records, yet these methods may accidentally introduce
biases that disproportionately affect specific demographic
groups or data distributions. Ensuring fairness at this stage is
critical, as biases introduced during blocking can propagate
throughout the ER pipeline, leading to systematic disparities
in ER outcomes.

A primary source of bias in blocking arises from the
selection of blocking keys, which determine how records
are grouped before comparison. Many existing methods
rely on attributes such as names, locations, or product
categories, which can inadvertently exclude or over-represent
certain subpopulations. For instance, demographic attributes
can vary significantly across different cultural or regional
contexts, and if these variations are not accounted for,
blocking schemes may disproportionately filter out records
from underrepresented groups. As a result, subsequent
matching steps may suffer from lower recall for these groups,
reinforcing existing disparities in entity linkage tasks.
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Another challenge is the trade-off between recall and
precision in fairness-aware blocking. Traditional approaches
optimize blocking for computational efficiency and accuracy,
yet fairness-aware methods must balance these objectives
with equitable representation across groups. Techniques such
as fairness-aware blocking adjust blocking keys dynamically
to ensure that protected attributes, such as race, gender,
or socioeconomic indicators, do not introduce systematic
exclusion of specific groups. One potential approach is to
use adaptive blocking mechanisms that incorporate fairness
constraints, ensuring that records from diverse groups are
proportionally distributed across blocks. However, such
methods may introduce additional computational overhead,
requiring careful design to maintain efficiency in large-scale
or streaming ER settings.

Despite some recent advances, fairness-aware blocking
remains an open research challenge. Future work should
focus on developing scalable, fairness-preserving blocking
techniques that can operate efficiently in both batch and
streaming ER contexts. This includes exploring hybrid
approaches that integrate fairness constraints while main-
taining computational feasibility, as well as developing
standardized fairness metrics tailored to the unique chal-
lenges of the blocking step. Addressing these gaps will be
critical in ensuring that ER approaches remain both effective
and equitable in their decision-making processes.

B. MATCHING
The matching step compares records using similarity mea-
sures, machine learning models, or hybrid techniques to
generate match scores or classification decisions. However,
biases present in the data, similarity functions, or model
training processes can lead to unfair matching outcomes, dis-
proportionately affecting certain groups. Addressing fairness
in matching is fundamental, as disparities introduced at this
step may result in systematic misclassification of entities,
reinforcing social and economic biases in critical applications
such as hiring, financial services, and law enforcement [6].

One of the primary sources of bias in matching comes
from the similarity metrics used to compare entity attributes.
Traditional similarity functions (e.g., Jaccard similarity,
Levenshtein distance) and machine learning-based models
often rely on textual, numerical, or categorical attribute
comparisons that may inadvertently introduce bias. For
example, matching based on the name attributes can exhibit
cultural biases, favoring certain naming conventions over
others, leading to lower accuracy for underrepresented
groups. Similarly, product matching in e-commerce may
favor well-known brands over local or minority-owned
businesses due to imbalances in available training data.
To mitigate these effects, fairness-aware similarity functions
and embedding-based representations should be designed to
account for variations in entity attributes across different
demographic groups.

Machine learning-based matching models further intro-
duce algorithmic biases when trained on historical datasets
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TABLE 2. Comparative analysis of ER and fairness related works.

Work Processing Mode | Similarity Evidence | Comparison Method
FairER [15] Batch Schema-aware ML-based
Proportionally Fair Matching [70], Fair Max—Min [71] Streaming Schema-aware Rule-based
TREATS [7] Streaming Schema-aware ML-based

that reflect existing societal disparities. Supervised models
often inherit biases from training data that may be skewed
towards majority groups, leading to disproportionately higher
false positive or false negative rates for underrepresented enti-
ties. Fairness-aware training strategies, such as re-weighting
techniques, adversarial debiasing, and fairness constraints,
can be integrated into matching models to ensure more
equitable classification outcomes [13], [18]. Additionally,
active learning approaches can be employed to iteratively
refine model predictions, prioritizing the correction of biased
match decisions during training.

In streaming ER, fairness challenges are compounded
by the evolving nature of data. As new entity descriptions
arrive over time, model drift can exacerbate disparities,
particularly if updates to matching models disproportionately
favor recently observed entity distributions. Fairness-aware
incremental learning techniques can help mitigate these
effects by continuously adapting models to maintain fair
representations of different groups. One potential approach
is to implement dynamic fairness constraints that periodically
assess and correct for emerging biases in matching decisions.

Therefore, future research should focus on scalable
fairness-aware matching techniques, particularly those capa-
ble of handling large-scale data while maintaining fairness
constraints. Additionally, developing standardized fairness
evaluation metrics designed for ER applications will be
fundamental for assessing and improving fairness across
diverse datasets. By addressing these challenges, fairness-
aware matching can contribute to more ethical, reliable,
and socially responsible matching algorithms across various
domains.

C. CLUSTERING

Unlike blocking and matching, which focus on pairwise
comparisons, clustering goes beyond direct matches to infer
indirect relationships between records, enabling transitive
closure. However, fairness concerns in clustering remain
underexplored, even though biases introduced in earlier
ER steps can be amplified or mitigated during this stage.
Ensuring fairness in clustering is critical, as errors at
this level can disproportionately impact certain groups,
leading to biased representations in applications such as
recommendation systems, hiring platforms, and financial risk
assessments.

A major challenge in fairness-aware clustering is the prop-
agation of biases from the matching stage. If the matching
model systematically underrepresents certain groups (e.g.,
minority demographics or low-resource entities), clustering
algorithms may fail to correctly consolidate their records,
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fragmenting their representations across multiple clusters.
This can result in higher false negatives for underrepresented
groups while favoring well-connected, frequently occurring
entities. Additionally, clustering methods that rely on pair-
wise confidence scores may reinforce existing biases if the
similarity measures are not fairness-aware.

Another issue arises from over-merging and over-splitting
trade-off. In over-merging, distinct entities may be grouped
into the same cluster due to biased similarity metrics, leading
to identity conflation (e.g., mistakenly grouping multiple
individuals from the same ethnic background as one). On the
other hand, over-splitting occurs when entity records are
incorrectly divided into multiple clusters, often due to incom-
plete attribute similarities, which disproportionately affect
marginalized groups whose data may be more fragmented
across sources.

To mitigate these biases, fairness-aware clustering
strategies can be introduced. One approach is fairness-
constrained clustering, where clusters maintain demographic
proportionality, preventing the over-representation or under-
representation of specific groups [18]. Another technique
involves reweighting similarity scores to reduce bias
propagation from earlier ER steps, ensuring that underrepre-
sented entities are not penalized. Additionally, group-aware
clustering refines transitive closure methods by integrating
diversity-aware constraints, rather than relying solely on
confidence scores from matching [13].

To consolidate the discussion on fairness in entity reso-
lution, it is important to highlight how fairness-aware inter-
ventions can be systematically integrated across the different
stages of the ER pipeline. As explored in this section, each
stage (i.e., blocking, matching, and clustering) offers distinct
opportunities for addressing bias and enhancing equitable
results. Blocking can incorporate bias-aware criteria, group-
conscious pruning, and fair candidate generation to ensure
diverse and representative candidate sets. Matching benefits
from fairness-aware similarity learning, bias mitigation in
embeddings, and fairness adjustments. Clustering can apply
group-aware merge strategies and constraint-based methods
to preserve fairness in the final resolved entities. Figure 3
visually summarizes these intervention points, illustrating
how fairness mechanisms can be embedded throughout
the ER workflow to support the development of socially
responsible and trustworthy resolution systems.

VI. EXPLANATIONS IN ENTITY RESOLUTION

Explanation has emerged as a promising strategy for
enabling transparency, trust, and accountability in Al-driven
systems, particularly in the domain of data integration [18].
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FIGURE 3. Fairness-aware interventions over ER workflow.

Data integration often involves consolidating heterogeneous
and large-scale datasets to extract meaningful insights
or align entities across diverse sources. The opacity of
embedding-based and deep learning models, however,
presents significant challenges in understanding and ver-
ifying their matching decisions. Specifically, research in
XAI addresses these concerns by offering interpretability
mechanisms tailored to the complexities of data integration
processes [11], [16], [62].

The scalability and high-dimensionality of data integration
tasks further complicate the application of XAI tech-
niques [73]. Traditional methods, such as SHAP [74], often
falter when faced with the computational demands of large-
scale datasets. To address these limitations, novel approaches
such as DALE [75] leverage auto-differentiation to efficiently
estimate feature effects through Accumulated Local Effects
(ALE) strategies, making them particularly suitable for data
integration scenarios where explanations must scale with data
volume and complexity. However, ALE strategies do not
account for the heterogeneity of instance-level effects, which
can obscure meaningful variations in feature importance.
Additionally, it relies on a user-defined binning process that
can introduce inconsistencies in estimations. In this sense, the
RHALE method [76] overcomes these issues by introducing
a novel approach to quantify heterogeneity through the stan-
dard deviation of local effects while optimizing the binning
process to ensure unbiased estimation. By automatically
determining variable-sized bins, RHALE balances bias and
variance in feature effect estimations.

In [57], the authors propose LIME, a widely recognized
explanation method. LIME aims to address the closed-box
nature of complex models by approximating their local
behavior with a simpler, interpretable model. The method
achieves this by perturbing the input data, observing the
resulting predictions, and then fitting a locally interpretable
model, such as linear regression, to capture the relationship
between input features and the model output. One of the
strengths of LIME is its model-agnostic nature, meaning
it can be applied to any classifier, regardless of the
underlying algorithm. This characteristic allows it to be used
across various domains, including text classification, image
recognition, and recommendation systems.
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ER exemplifies the utility of XAl in providing actionable
insights for data integration. For instance, the authors
of [11] introduce a framework for explaining and repairing
embedding-based entity matching. Their work focuses on
generating semantic matching subgraphs, which highlight
the key relationships influencing entity matching decisions.
The framework also includes repair mechanisms, allowing
practitioners to adjust model decisions by providing insights
into potential misalignments. A main contribution is its abil-
ity to uncover hidden biases in embeddings, demonstrating
how interpretability techniques can be leveraged to improve
model reliability. Similarly, inspired in LIME, the method
LEMON [77] proposes a dual-explanation approach that
combines feature attribution and counterfactual analysis. This
method enhances the interpretability of embedding-based
ER models by explaining why a pair of entities was
matched while also presenting counterfactual scenarios
where a different decision would have been made. LEMON
emphasizes faithfulness and usability, ensuring that expla-
nations accurately reflect the internal logic of deep learning
models.

A critical challenge in deploying XAl in data integration
is managing the trade-off between granularity and com-
prehensibility of explanations. While regional (or local)
explanations provide detailed insights into specific decisions,
they can overwhelm users, particularly when analyzing
complex relationships in high-dimensional data. On the other
hand, coarse (or global) explanations risk omitting essential
details necessary for error correction or bias detection but
avoid high computational costs. Expanding beyond local
feature explanations, the framework Effector [12] focuses
on regional explanations, enabling users to analyze entity
matching at different granularity levels. This approach is
particularly valuable in cases where global trends in entity
matching need to be interpreted, rather than just individual
pairwise decisions. Effector introduces novel techniques to
define explanation regions, making complex ER models
more accessible to data specialists. These studies demonstrate
a shift towards explainable entity matching, bridging the
gap between high-performing deep learning models and the
need for transparent, human-interpretable decision-making
processes in ER.
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The need for counterfactual explanations has also gained
traction, particularly in scenarios involving fairness and trans-
parency. Counterfactual methods propose minimal changes to
input data that could alter a model prediction, thus providing
a pathway for users to understand and potentially influence
outcomes. These techniques are fundamental to addressing
biases inherent in data integration processes, such as systemic
overrepresentation or underrepresentation of specific entity
categories [11], [16], [62].

The integration of explanation methods in data integration
offers both technical advancements and ethical improve-
ments, fostering trust, transparency, and accountability in
Al-driven systems. By elucidating decision-making pro-
cesses, XAl enhances human-Al collaboration, ensuring
that Al systems complement rather than replace human
expertise [17]. Particularly in tasks such as quality control
and anomaly detection, explanation methods has been shown
to increase confidence in Al outputs by making reasoning
more transparent [16]. In the context of ER, explanation
provides mechanisms to identify and mitigate biases in
matching decisions, supporting fair and reliable outcomes
in applications such as credit scoring and recruitment [62].
By offering local explanations for embedding-based entity
matching, explanation bridges the gap between data complex-
ity and interpretability, enabling users to better understand
model decisions without sacrificing accuracy [11]. The
success of graph-based explanations in recommender systems
suggests promising directions for enhancing explanation in
relational data structures used in data integration and ER
workflows [78]. Additionally, fairness-aware XAI frame-
works help embed bias detection and correction mech-
anisms directly into ER workflows, ensuring equitable
representation across different demographic groups [6],
(71, [15].

In Table 3, we provide an overview of explanation
methods in ER. The table classifies works based on Domain
(domain-agnostic or specific), Explanation Scope (local
and/or global), and Explanation Technique (e.g., feature
importance, rule extraction, subgraph-based methods). This
categorization highlights key strengths, limitations, and
research gaps, offering insights into how different approaches
improve explanation methods in ER.

In this work, we address the concept of eXplainable
Entity Resolution (XER), which represents the integration of
XAI techniques into the ER process. XER aims to enhance
the transparency, interpretability, and trustworthiness of ER
systems, particularly in complex environments characterized
by heterogeneous data, streaming inputs, and fairness con-
straints [16]. As stated, traditional ER workflows involve
several steps, such as data blocking, matching, and clustering,
where decisions are often made by complex machine learning
models that function as closed-boxes [6]. While these models
achieve high accuracy, they lack mechanisms to explain how
and why specific entity matches or non-matches occur. How-
ever, as ER systems increasingly influence decision-making
processes in critical domains (such as healthcare, finance,
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social networks, and e-commerce) the need for explanation
becomes fundamental [7].

Explanations in ER, explored through counterfactual
reasoning, feature attribution, and regional explanations,
bridge the gap between closed-box models and interpretable
decision-making. Therefore, XER aims to explain not only
what decisions are made (e.g., whether two entities match)
but also why those decisions were made. This involves
generating human-interpretable insights into the factors that
influenced entity matching, such as the contribution of
specific attributes, the impact of model parameters, or the
role of historical data in incremental processing scenarios.
Moreover, XER facilitates the detection of biases and
inconsistencies in ER models, supporting the development
of fairness-aware approaches that are both effective and
ethically responsible. In this sense, we would like to highlight
insights and opportunities regarding how XAl can be applied
in each step of ER.

A. BLOCKING

Blocking is a critical step in ER designed to improve
computational efficiency by reducing the number of record
pairs that need to be compared [2]. Traditional blocking
methods rely on heuristic rules to group similar records, but
these rules often lack transparency, making it difficult to
understand why certain records are included or excluded from
candidate sets [3], [79].

XAI techniques can enhance the interpretability of block-
ing decisions by providing clear explanations of the criteria
used to form blocks. For example, feature attribution methods
can identify which attributes (e.g., name, address, product
ID) were most influential in determining block membership.
Additionally, counterfactual explanations can be employed
to explore how slight changes in data could alter blocking
outcomes, revealing the sensitivity of the process to specific
features or threshold values [62]. Moreover, in dynamic
environments where data is continuously updated, such as
streaming ER scenarios, explainable blocking models can
provide real-time feedback on how new data points are
integrated into existing blocks. This helps detect and correct
blocking errors early in the pipeline, reducing the risk of
matching inaccuracies [71].

B. MATCHING

The comparison phase involves measuring the similarity
between pairs of records within the same block. This
phase typically relies on similarity functions or machine
learning models to generate comparison scores. However,
the idea behind these similarity assessments is often unclear,
especially when complex models like deep neural networks
are used [6], [39].

XAI can be applied to clarify the comparison process by
elucidating how similarity scores are derived. Techniques
such as SHAP [74] and LIME [57] can decompose com-
parison scores into contributions from individual features,
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TABLE 3. Comparative analysis of ER and XAl related works.

Work Domain Explanation Scope Explanation Technique
Effector [12] Domain-Agnostic Local Rule-based Regional Explanations
LIME [57] Domain-Agnostic Local Feature Importance with Perturbation
DALE [75], RHALE [76] | Domain-Agnostic Local and Global Attribution-Based Explanations
LEMON [77] Entity Matching Local and Global Logical Rule Extraction

ExEA [11] Data Alignment Local and Global Subgraph-based and Dependency Graph

helping users understand which attributes drive high or low
similarity [12]. Additionally, visual explanations, such as
heatmaps or saliency maps, can highlight the specific parts
of text or numerical data that most influence similarity
judgments. In cases where multiple comparison functions
are aggregated, the explanation can reveal the interaction
between different similarity metrics. For example, if different
similarity functions are used to determine comparison scores,
XAI can reveal how each function contributes to the final
comparison score, enabling better calibration of similarity
thresholds and reducing false positives or negatives.

C. CLUSTERING

The final step of the ER workflow is clustering (or
classification), where comparison scores determine whether
record pairs represent the same entity in the real world.
Classification models range from simple rule-based systems
to complex ML-based classifiers. Regardless of the model
type, XAl can significantly benefit the decision-making
process.

In classification, XAl provides transparency into how
features and comparison scores are weighted in the final
decision. For instance, decision trees and ensemble models
like random forests can be complemented with feature
importance plots that highlight the most influential factors
in matching decisions [11]. For closed-box models, such
as neural networks, surrogate models and local expla-
nations like LIME [57], SHAP [74], Effector [12], and
LEMON [77] could approximate decision boundaries and
provide interpretable insights. Furthermore, XAI supports
fairness auditing in classification decisions. By analyzing the
contribution of sensitive attributes (e.g., gender, ethnicity) to
matching outcomes, XAl helps identify potential biases and
informs the development of fairness-aware ER models [13],
[15]. This is particularly important in applications with
legal or ethical implications, such as credit scoring or
recruitment [6].

In conclusion, XER represents a paradigm shift in how
ER systems are designed and evaluated. By embedding
explanation across all stages of the ER workflow, XER
enhances transparency, fosters trust, and promotes fairness.
This holistic approach not only improves the technical
robustness of ER systems but also aligns them with broader
societal expectations for ethical and accountable Al.

To synthesize the perspectives discussed throughout this
section, Figure 4 illustrates how explanation techniques
can be integrated across the ER workflow. In the blocking
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phase, approaches such as feature attribution and inter-
pretable blocking rules help clarify which attributes influence
candidate generation, while pruning bias detection helps in
identifying potentially unfair filtering. During the matching
step, explanation methods like local and global explanations,
attribute importance analysis, and counterfactual insights
enhance the transparency of similarity computations and final
match decisions. Finally, in the clustering phase, techniques
including global clustering visualization, structured expla-
nation models, and fairness auditing offer interpretability
over merge strategies and final resolution outputs. These
explanation-aware interventions not only provide clarity into
the decision-making process at each stage but also serve as
critical tools for identifying and mitigating potential biases
in ER workflows.

VIl. SUMMARY AND OPEN CHALLENGES
The increasing complexity and volume of data streams
have elevated the significance of ER as a fundamental
component of data integration processes across various
domains [23]. In this paper, we explored the intersection
of ER, XAI, and fairness, particularly within the context
of streaming data environments. The analysis of state-of-
the-art methods, combined with the introduction of the
XER paradigm, provided insights into current capabilities,
limitations, and open challenges that need to be addressed
to advance the field. ER has evolved significantly from
traditional rule-based approaches to more sophisticated
machine learning techniques that leverage deep learning
and pre-trained embeddings. However, the shift towards
more complex models has introduced challenges related to
transparency and interpretability. XAl emerges as a critical
component to mitigate these challenges, enabling a better
understanding of the logic behind the model’s predictions.
The adoption of XAl in streaming ER workflows presents
promising opportunities but also raises technical hurdles.
The real-time nature of streaming data requires explanation
mechanisms that can operate with minimal latency while
providing informative and actionable insights. Current XAI
techniques, have demonstrated potential for enhancing inter-
pretability, but their scalability and efficiency in dynamic
streaming environments remain areas for further exploration.
Future research should investigate lightweight, adaptive,
and context-aware explanation models tailored specifically
for incremental ER tasks. The fairness dimension in ER
also emerged as a fundamental concern, especially when
dealing with datasets that reflect societal biases. However,
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FIGURE 4. Explanations over ER workflow.

fairness-aware ER is still novel, particularly in streaming
contexts where evolving data distributions can perpetuate
or amplify biases over time. Addressing these concerns
requires the development of bias detection and correction
mechanisms that adapt to dynamic data patterns, ensuring
equitable outcomes across diverse demographic groups [7].

From a practical perspective, the deployment of
XAl-enabled ER systems has the potential to impact a wide
range of applications, including fraud detection, healthcare
analytics, e-commerce product matching, and social media
monitoring. In these domains, decisions made by ER systems
influence critical processes and outcomes, making the
interpretability and fairness of these systems imperative [16],
[17]. Looking ahead, several avenues for future research
emerge from the insights presented in this work.

In this sense, XER opens up a range of research
opportunities in the field of data integration, particularly
in the development of more transparent, robust, and fair
Al systems. Based on the current state of the art, several
promising research directions emerge that can shape the
future of XAl in ER.

One key opportunity lies in the development of real-
time explanation frameworks for streaming ER systems.
While existing XAI methods, such as SHAP and LIME,
offer insights into model behavior, they are computation-
ally intensive and not optimized for streaming contexts
where decisions must be made incrementally and under
strict latency constraints [71]. Research could focus on
designing lightweight, adaptive explanation models that can
operate in conjunction with ER systems, providing on-the-
fly interpretability without compromising efficiency. This
includes the exploration of approximation techniques, such
as incremental feature attribution methods, that balance the
trade-off between explanation granularity and computational
efficiency.

Despite their applicability, existing fairness metrics in
ER still face challenges when applied to high-dimensional
datasets [80], [81]. These datasets often exhibit sparse or
highly correlated attributes, which can lead to unreliable
group definitions and unstable fairness measurements. More-
over, traditional fairness metrics such as statistical parity or
equal opportunity may not capture nuanced biases introduced
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during blocking or matching in complex ER workflows.
Future work should investigate fairness metrics that account
for structural properties of high-dimensional ER settings and
are robust to attribute interactions and distribution shifts.

Another promising direction is the integration of
fairness-aware explanations in ER workflows. Although
fairness metrics have been explored in isolation, their
connection with explanation remains unexplored. There is
an opportunity to investigate how XAl can be leveraged not
just to detect bias, but to actively guide fairness interven-
tions during the ER process. For example, counterfactual
explanations could be adapted to highlight not only what
changes would alter a match decision, but also whether those
changes introduce or mitigate bias [7], [62]. This could lead
to the development of bias-aware explanation models that
are sensitive to fairness constraints and capable of supporting
ethical decisions in high-risk applications.

The fusion of graph-based explanation techniques with
ER models represents another fruitful area for research.
Given that many ER problems can be naturally modeled
as graphs (e.g., entity linkage across networks), explainable
graph neural networks (GNNs) could provide novel insights
into how relationships between entities influence matching
decisions [78]. Research could explore methods to generate
interpretable subgraph explanations that reveal the structural
dependencies driving model predictions. This is particularly
relevant for applications like social network analysis, knowl-
edge graph alignment, and fraud detection, where relational
data plays a central role.

Moreover, there is an untapped potential in developing
domain-adaptive XAI techniques for ER. Current expla-
nation models often struggle to generalize across domains,
especially when there are significant differences in data
schemas, attribute semantics, or entity distributions [11]. This
raises the need for research into transferable explanation
mechanisms that can adapt explanations to new domains with
minimal retraining. Techniques such as meta-learning for
XAI or zero-shot explanation generation could be explored
to enhance the robustness and scalability of ER in diverse
environments.

Another critical opportunity involves addressing the inter-
pretability of composite ER pipelines, where decisions are
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influenced by multiple steps, including blocking, compar-
ison, and classification. Traditional XAI approaches tend
to focus on isolated models, neglecting the cumulative
effects of the entire pipeline. There is a need to develop
holistic explanation frameworks that provide end-to-end
transparency, enabling users to trace errors or biases back to
specific stages of the ER process [6], [15]. This could involve
designing pipeline-aware attribution methods or multi-level
explanation architectures that capture both local and global
model behaviors.

Finally, the intersection of human-centered XAI with
ER systems presents an attractive topic for research.
While technical explanations are valuable, their effectiveness
often depends on the user’s ability to interpret and act
on them. This highlights the importance of user-adaptive
explanations that cater to different levels of expertise, from
data scientists to non-technical stakeholders. Research could
investigate interactive XAl tools that allow users to explore
explanations dynamically, adjust model parameters based
on feedback, and co-create knowledge with the system.
The integration of visualization techniques, natural language
explanations, and explainable dashboards could significantly
enhance the accessibility and usability of ER systems
[16], [17].

In conclusion, XER is not only a complement to inter-
pretability, but a changing way that can redefine how ER
systems are designed, evaluated, and deployed. Therefore,
this paper has provided a comprehensive overview of the
current state of ER, the integration of Al techniques,
the growing relevance of fairness, and the transformative
potential of XAI. By introducing the XER paradigm, the
paper outlines a path toward ER systems that are more
transparent, equitable, and adaptable to the dynamic nature
of modern data streams. The challenges discussed herein
present fertile ground for future research, with the potential
to shape the development of next-generation ER systems that
not only achieve high performance but also support principles
of transparency, fairness, and trustworthiness in data-driven
decision-making.
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