
Academic Editor: Sven Groppe

Received: 23 July 2026

Revised: 10 September 2026

Accepted: 15 September 2026

Published: 18 September 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Review

Entity Resolution Using Transformer-Based Language Models: A
Systematic Scoping Review
Mohammad Beheshti 1,2,3, Maryam Seifaddini 1,2,3, Amir Erfan Zareei Shams Abadi 2, Karan Karthik 1,2,
Tarun Mummidi Ramesh Kumar 1,2, Suzanne Austin Boren 2,3 and Iris Zachary 1,2,3,*

1 Missouri Cancer Registry and Research Center, University of Missouri, Columbia, MO 65211, USA;
mbwnh@missouri.edu (M.B.); mshb6@missouri.edu (M.S.); karankarthik@missouri.edu (K.K.);
tmgbw@missouri.edu (T.M.R.K.)

2 MU Institute for Data Science and Informatics, University of Missouri, Columbia, MO 65211, USA;
azzgg@missouri.edu (A.E.Z.S.A.); borens@missouri.edu (S.A.B.)

3 College of Health Sciences, University of Missouri, Columbia, MO 65211, USA
* Correspondence: zacharyi@missouri.edu

Abstract

Entity resolution (ER) is fundamental to integrating heterogeneous data, which traditional
approaches address through deterministic rule-based methods and probabilistic record
linkage. We conducted a systematic scoping review following PRISMA-ScR to characterize
the use of transformer-based language models for ER. Five databases were searched, and
155 studies were included for synthesis. The literature expanded sharply after 2023, with
55% of included studies published in 2025 or 2026. General-purpose matching was the
most common entity focus, followed by product/e-commerce. Healthcare applications
were especially scarce, with only one study applying ER to the patient/healthcare domain.
Among studies that performed blocking, embedding-based similarity was most common,
followed by string-based approaches. Classification-head approaches remained the most
common matching approach, followed by prompt-based approaches. Encoder-only mod-
els remained the most widely evaluated architecture, while decoder-only models grew
increasingly prominent from 2023 onward. Full-parameter fine-tuning was the predom-
inant learning strategy, followed by zero-shot and few-shot prompting. Among studies
classified as general-purpose, nearly one-third were evaluated on only one or two entity
types, limiting their generalizability. Reported best F1 scores varied across benchmarks,
with no consistent advantage for encoder-only versus decoder-only architectures. These
findings support the need for more diverse, end-to-end evaluations that consider efficiency
and robustness alongside accuracy.

Keywords: entity resolution; record linkage; deduplication; language models; generative
AI; artificial intelligence

1. Introduction
Entity resolution (ER), also known as entity matching (EM), record linkage, or dedupli-

cation, is a fundamental task in data management that involves identifying and matching
records that refer to the same real-world entities across heterogeneous datasets [1]. It
underlies applications ranging from linking patient records across health systems to dedu-
plicating product listings in e-commerce catalogs. In healthcare specifically, accurate patient
matching underpins safe care coordination and reliable public health surveillance, and un-
resolved duplicate or fragmented patient records remain a persistent, costly problem across
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health systems [2,3]. Yet ER remains difficult in practice, since records can differ in struc-
ture, terminology, completeness, and quality, and large-scale applications often involve
substantial data volumes [4,5].

Traditional approaches to ER fall broadly into two families. Deterministic (rule-
based) methods declare a match when a pair of records satisfies a fixed set of exact- or
threshold-based field-comparison rules, whereas probabilistic approaches, following the
classical Fellegi–Sunter framework, instead estimate the likelihood that two records refer
to the same entity from the statistical pattern of agreement and disagreement across their
fields [6,7]. Deterministic methods depend on manually authored, exhaustive rule sets that
become increasingly difficult to maintain as the number of edge cases grows, while the
classical machine learning methods often used alongside them instead depend on extensive,
manually engineered features [8]. Both families of approaches rely heavily on domain-
specific knowledge, which limits their ability to handle unstructured data, heterogeneous
sources, and shifting data patterns as ER applications grow larger and more diverse. This
gap has pushed the field toward approaches that learn richer, more flexible representations
of records directly from data, with less reliance on manually engineered features and rules.

This shift has been driven primarily by the transformer architecture, which uses a
self-attention mechanism to relate every token in a sequence to every other token, in place
of the strictly sequential processing used by earlier recurrent models, enabling substantially
more effective learning of contextual relationships within text [9]. Combined with large-
scale self-supervised pretraining on unlabeled text corpora, this architecture allows a single
model to learn general-purpose language representations that can then be adapted to a
wide range of downstream tasks [10]. Throughout this review, we use language models as a
general term covering all such transformer-based models and reserve large language models
(LLMs) specifically for generative models that are typically adapted through prompting.

Language models have demonstrated the ability to capture contextual and semantic re-
lationships within text [11–13], which are directly relevant to ER, where matching decisions
often depend on similarities and relationships that may not be captured by surface-level
features alone. More broadly, interest in applying these capabilities across science has only
accelerated since the public release of ChatGPT (based on GPT-3.5) in late 2022, which,
along with the generative models that followed, has driven a rapid, well-documented surge
in research applying LLMs across scientific fields [14]. ER has been no exception, with a
growing body of research applying transformer-based language models across a range of
datasets, domains, and methodological settings [15–17].

Prior reviews have tracked the development of neural and language-model-based
approaches to entity matching. Barlaug and Gulla [18] provided an early and influential
survey of neural approaches to entity matching, but their review predates the rapid emer-
gence of generative and prompt-based language models. More recently, Awick and Marx
Gómez [19] conducted a structured literature review of entity matching using language
models, covering 54 studies through late 2024. Two gaps remain, though. First, the liter-
ature has continued to expand rapidly, particularly with the growing use of generative
models and the increasing application of language models in specialized domains. Second,
neither review gives sustained attention to biomedical and clinical applications, or syn-
thesizes reported performance in a manner that accounts for differences among datasets
and benchmarks. These developments motivate an updated synthesis of the expanding
literature on transformer-based language models for ER.

This scoping review follows the PRISMA Extension for Scoping Reviews (PRISMA-
ScR) guidelines to identify and pool research on transformer-based language models
applied to entity resolution. We aimed to: (1) examine the models, methodologies,
and datasets used across studies, including the domains and application areas represented,
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with particular attention to clinical and biomedical applications; (2) compare reported
performance metrics across studies using common benchmarks; and (3) identify emerging
trends and research gaps in the field. Together, these analyses give an updated picture
of how transformer-based language models have been applied to entity resolution across
models, architectures, datasets, methods, and application domains, and point to where
further research is needed.

2. Methods
This scoping review was conducted following PRISMA-ScR to ensure transparency

and rigor throughout the review process [20]. Given the pace of growth in this literature and
the heterogeneity of benchmarks currently in use, this review is intended to map the breadth
of the literature, including the range of models, methods, benchmarks, and application
domains represented, making it possible to track shifts in architecture and methodology
and to identify concentration and gaps in evaluation coverage across a large and fast-
changing body of work. Because evaluation protocols and reporting conventions vary
widely across the included studies, this review takes a descriptive approach throughout,
consistent with the aims of a scoping review.

A review protocol specifying the eligibility criteria, search strategy, and data extraction
procedures was developed prior to conducting this review but was not registered on a
public registry.

2.1. Search Strategy

The search was conducted across five academic databases: PubMed, Scopus, Web
of Science, ACM Digital Library, and IEEE Xplore. Each database was searched on 17
August 2026. A comprehensive search strategy was developed around two concept blocks,
combined with the Boolean operator AND:

(“large language model*” OR LLM OR “language model*” OR “transformer
model*” OR transformer OR “generative AI” OR “foundation model*” OR “small
language model*” OR BERT OR RoBERTa) AND (“entity resolution” OR “entity
matching” OR “identity resolution” OR “record linkage” OR “data linkage” OR
“probabilistic linkage” OR “data deduplication” OR “record deduplication” OR
deduplication OR “duplicate detection” OR “patient matching” OR “person
matching” OR “master patient index” OR “patient deduplication”)

The exact query syntax, including field restrictions, wildcard conventions, and phrase-
matching behavior, was adapted to each database’s search interface; the full search strings
used for each database are provided in Appendix A. Searches were restricted to studies
published from 2017 onward, corresponding to the introduction of the transformer archi-
tecture [9], and to English-language publications. Searches were limited to peer-reviewed
journal articles, conference papers, and reviews; preprints (e.g., arXiv, bioRxiv, medRxiv)
were excluded from all databases.

2.2. Study Selection

Four reviewers, working in two pairs, independently screened the titles and abstracts
of the studies against the predefined inclusion and exclusion criteria. The screening process
was conducted using Rayyan [21], and any disagreements within a pair were resolved
through discussion.

Studies were included if they applied a transformer-based language model to perform
entity resolution, entity matching, record linkage, or data deduplication. Entity resolution
is defined as the task of identifying and linking records, across one or more data sources,
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that refer to the same real-world entity, a discrete, independently existing thing such as a
person, organization, product, publication, or place [1,7].

Studies were excluded if they:

• Were not about entity resolution, entity matching, record linkage, or data deduplication
as defined above;

• Addressed semantic textual similarity or duplicate-content detection (e.g., similar
question detection, plagiarism detection) without matching records to a discrete,
independently existing real-world entity;

• Utilized language models exclusively for blocking, without performing the actual
matching or resolution;

• Did not apply a transformer-based language model (e.g., relied solely on rule-based
methods, classical machine learning, or non-transformer deep learning architectures
such as RNNs or CNNs);

• Only discussed the potential of language models for entity resolution without any
systematic evaluation using standard accuracy metrics;

• Were published in any language other than English.

Studies that passed the title and abstract screening were retrieved for full-text review.
The full-text screening was also conducted independently by the same reviewer pairs,
with disagreements resolved through discussion.

2.3. Data Extraction and Synthesis

Data extraction was divided among four authors in a non-overlapping fashion, who
extracted information from the assigned studies. Given the scale of the review, extraction
was not independently duplicated; any uncertainties or ambiguous cases encountered
during extraction were discussed among the team and resolved collectively. A structured
data extraction template was developed to systematically collect relevant information from
the included studies. The extracted data included the following key aspects:

• Entity Focus: The type of real-world entity the study aimed to link.
• Blocking Approach: Any pre-processing used to reduce candidate pairs before matching.
• Matching Approach: The methodology used for matching, including supervised and

unsupervised methods.
• Models Evaluated: All transformer-based language models of study were extracted

directly from their performance tables and classified by architecture type. Where a
study reported results under a custom or author-assigned name, the model’s original
checkpoint name was recorded instead, to maintain consistency across studies and en-
able synthesis. Architecture type (e.g., encoder-only, decoder-only, encoder–decoder)
was then derived from each model’s checkpoint name based on publicly available
information at the time of synthesis.

• Learning Setting: How each model was adapted for the task (e.g., zero-shot prompt-
ing, fine-tuning).

• Benchmark Datasets: All the dataset names that a study used for evaluating the
language models.

• Benchmark Entity Types: The real-world entity type represented by each benchmark
dataset that a study used.

• Performance Metrics: For each dataset a study evaluated on, only the metrics of the
best-performing model–learning setting combination on that dataset were extracted.
Because entity resolution is fundamentally a binary match/no-match classification
task, precision, recall, and F1-score were extracted for the positive (match) class
specifically, consistent with standard reporting conventions in the entity resolution
literature, where the substantial class imbalance between matching and non-matching
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record pairs makes match-class metrics more informative than aggregate (e.g., macro-
averaged) alternatives; accuracy was also extracted where reported. F1-score, the har-
monic mean of precision and recall [22], was the primary metric used for synthesis,
as it was the most consistently reported metric across the included studies. In cases
where only positive-class precision and recall were reported, positive-class F1-score
was computed accordingly, as:

F1 =
2 × (Precision × Recall)

Precision + Recall

Studies with neither a reported nor a calculable positive-class F1-score were excluded
from the performance-related analyses; this included a small number of studies that
reported only an aggregate F1-score (e.g., macro-, micro-, or weighted-averaged
across classes) without a positive-class value, as such aggregate scores are not directly
comparable to the positive-class F1-scores used throughout the rest of the corpus.
For studies that evaluated both blocking and matching, only the performance metrics
of the matching stage were extracted.

3. Results
This section reports the results of the review. It begins with the study selection process

and the characteristics of the included studies, followed by publication trends and entity
focus, blocking and matching strategies, the language models and architectures evaluated,
benchmark dataset usage, and reported performance across the included studies.

3.1. Study Selection

A total of 1481 papers were retrieved from the database searches. After removing
640 duplicate records, 841 unique studies remained. These studies were screened based on
their title and abstract, resulting in the exclusion of 646 articles. The remaining 195 studies
proceeded to full-text screening, where an additional 40 studies were excluded. Ultimately,
155 studies were included for data extraction and synthesis. The PRISMA flow diagram in
Figure 1 summarizes the entire process.

Figure 1. PRISMA flow diagram summarizing the screening process.
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3.2. Characteristics of Included Studies

Table 1 summarizes the key characteristics of the 155 included studies, reporting the en-
tity focus, blocking approach, and matching approach for each study. Blocking approaches
are abbreviated as EBSS (Embedding-Based Semantic Similarity) and SBS (String-Based
Similarity/Rule-Based); matching approaches are abbreviated as EB-CH (Embedding-Based
with Classification Head), EB-ST (Embedding-Based with Similarity/Distance Threshold),
EB-CG (Embedding-Based with Clustering or Graph-Based Grouping), and PB (Prompt-
Based/Generative). For studies that employed more than one blocking or matching ap-
proach, all reported approaches are listed in the table, separated by a vertical bar (|).

Table 1. Key characteristics of the included studies.

Ref. Year Entity Focus Blocking Matching

[15] 2020 General purpose Hybrid EB-CH
[23] 2020 General purpose - EB-CH
[24] 2020 Knowledge-graph/Ontology EBSS EB-CG
[25] 2020 General purpose - EB-CH
[26] 2021 General purpose - EB-CH
[27] 2021 Product/E-commerce - EB-CH
[28] 2021 General purpose - EB-CH
[29] 2021 General purpose EBSS EB-CH
[30] 2021 General purpose SBS EB-CH
[31] 2021 General purpose EBSS EB-CH
[32] 2021 Music SBS EB-CH
[33] 2021 Bibliographic - EB-CH
[16] 2022 General purpose - EB-CH|EB-ST
[34] 2022 Geospatial/Address Hybrid EB-CH
[35] 2022 General purpose - EB-CH
[36] 2022 General purpose SBS EB-CH
[37] 2022 Product/E-commerce - EB-CH
[38] 2022 Product/E-commerce - EB-CH
[39] 2022 Product/E-commerce - EB-CH
[40] 2022 General purpose - EB-CH
[41] 2022 General purpose SBS EB-ST
[42] 2022 Product/E-commerce - EB-CH
[43] 2022 General purpose - EB-CH
[44] 2023 Product/E-commerce - EB-CH
[45] 2023 General purpose - EB-CH
[46] 2023 General purpose - EB-CH
[47] 2023 General purpose EBSS EB-CG|EB-CH
[48] 2023 General purpose - EB-CH
[49] 2023 General purpose - PB
[50] 2023 General purpose - EB-CH
[51] 2023 General purpose - EB-CH
[52] 2023 Person/Identity SBS EB-CH
[53] 2023 Bibliographic SBS EB-CH
[54] 2023 General purpose Hybrid EB-CH
[55] 2023 General purpose - EB-CH
[56] 2023 General purpose - PB|EB-CH
[57] 2023 General purpose - EB-CH
[58] 2023 Geospatial/Address - EB-CH
[59] 2023 General purpose - EB-CH
[60] 2024 Geospatial/Address - EB-CH|PB
[61] 2024 General purpose EBSS|SBS EB-CH|PB
[62] 2024 General purpose - PB
[63] 2024 General purpose EBSS EB-CH
[64] 2024 General purpose - EB-ST
[65] 2024 General purpose - EB-CH
[66] 2024 General purpose - EB-CH
[67] 2024 General purpose - Hybrid
[68] 2024 General purpose EBSS EB-ST|EB-CH|PB
[69] 2024 General purpose - EB-CH
[70] 2024 General purpose - EB-CH
[71] 2024 General purpose - EB-CH
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Table 1. Cont.

Ref. Year Entity Focus Blocking Matching

[72] 2024 General purpose - EB-CH
[73] 2024 General purpose - EB-ST|PB
[74] 2024 General purpose - EB-CH
[75] 2024 Product/E-commerce - EB-CH
[76] 2024 General purpose - EB-CH
[77] 2024 Organization/Business Hybrid EB-CH
[78] 2024 Product/E-commerce - PB
[79] 2024 General purpose - EB-CH
[80] 2024 General purpose - EB-CH|PB
[81] 2024 Product/E-commerce - PB
[82] 2024 Geospatial/Address EBSS EB-CH|PB
[83] 2024 General purpose SBS EB-CH
[84] 2024 General purpose EBSS EB-ST
[85] 2024 General purpose - EB-CH|PB
[86] 2024 Geospatial/Address Hybrid EB-CH|PB
[87] 2024 General purpose - PB|EB-CH
[88] 2024 Geospatial/Address - EB-CH|PB
[89] 2024 Person/Identity EBSS|SBS EB-CH|PB
[90] 2024 Product/E-commerce - EB-CH
[91] 2025 General purpose Hybrid PB
[92] 2025 General purpose - PB
[93] 2025 General purpose SBS PB
[94] 2025 Industrial/Technical - PB
[95] 2025 Person/Identity EBSS EB-CH
[96] 2025 General purpose EBSS EB-ST
[97] 2025 General purpose - EB-CH
[98] 2025 General purpose - EB-CH|PB
[99] 2025 Person/Identity EBSS Hybrid
[100] 2025 Product/E-commerce - PB
[101] 2025 General purpose - EB-ST|PB
[102] 2025 General purpose EBSS EB-ST|EB-CH
[103] 2025 Product/E-commerce EBSS EB-CH
[104] 2025 Person/Identity - EB-ST
[105] 2025 General purpose Hybrid EB-CH
[106] 2025 General purpose - EB-CH
[107] 2025 Industrial/Technical EBSS PB|EB-CH
[108] 2025 General purpose EBSS EB-CH|PB
[109] 2025 General purpose - EB-CH|EB-ST
[110] 2025 General purpose SBS PB
[111] 2025 General purpose - EB-ST
[112] 2025 Product/E-commerce SBS EB-CH
[113] 2025 General purpose EBSS PB
[114] 2025 General purpose SBS EB-CH|PB
[115] 2025 Product/E-commerce EBSS EB-ST|EB-CH|PB
[116] 2025 General purpose SBS EB-CH
[117] 2025 General purpose SBS PB|EB-CH
[118] 2025 Knowledge-graph/Ontology EBSS Hybrid
[119] 2025 General purpose SBS PB|EB-CH
[120] 2025 Product/E-commerce - EB-CH
[121] 2025 General purpose EBSS PB|EB-CH
[122] 2025 Geospatial/Address SBS PB|EB-CH
[123] 2025 General purpose - PB|EB-CH
[124] 2025 Knowledge-graph/Ontology - PB
[125] 2025 Geospatial/Address SBS EB-CH
[126] 2025 Geospatial/Address Hybrid EB-CH
[127] 2025 General purpose EBSS EB-CG|EB-CH
[128] 2025 General purpose - PB
[129] 2025 General purpose SBS Hybrid
[130] 2025 General purpose - EB-CH
[131] 2025 General purpose SBS EB-CH
[132] 2025 General purpose - EB-CH|PB
[133] 2025 General purpose - EB-CH
[134] 2025 General purpose - PB
[135] 2025 General purpose - EB-CH
[136] 2025 Person/Identity EBSS Hybrid|EB-ST
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Table 1. Cont.

Ref. Year Entity Focus Blocking Matching

[137] 2025 Person/Identity EBSS Hybrid|EB-CH
[138] 2025 Geospatial/Address - EB-CH
[139] 2025 Person/Identity - Hybrid
[140] 2025 General purpose - EB-CH
[141] 2026 General purpose Hybrid PB
[142] 2026 Product/E-commerce - EB-CH|PB
[143] 2026 General purpose EBSS Hybrid
[144] 2026 General purpose - PB|EB-CH
[145] 2026 General purpose EBSS Hybrid
[146] 2026 General purpose - PB
[147] 2026 Industrial/Technical - PB|Hybrid
[148] 2026 General purpose - EB-CH|EB-ST
[149] 2026 Product/E-commerce - EB-CH
[150] 2026 Product/E-commerce - Hybrid
[151] 2026 Industrial/Technical - EB-CH
[152] 2026 Person/Identity SBS Hybrid
[153] 2026 Person/Identity - PB
[154] 2026 General purpose - EB-CH
[155] 2026 Organization/Business EBSS PB
[156] 2026 General purpose EBSS PB
[157] 2026 Product/E-commerce EBSS Hybrid
[158] 2026 General purpose - EB-CH|PB
[159] 2026 General purpose EBSS EB-CH
[160] 2026 General purpose - EB-CH|PB
[161] 2026 General purpose - EB-CH
[162] 2026 Person/Identity - PB
[163] 2026 Geospatial/Address - EB-CH|PB
[164] 2026 General purpose SBS EB-ST
[165] 2026 General purpose - EB-CH|PB
[166] 2026 General purpose SBS EB-CH
[167] 2026 General purpose EBSS EB-CG|EB-CH|PB
[168] 2026 General purpose - EB-CH|PB
[169] 2026 Person/Identity - EB-CH
[170] 2026 Organization/Business - Hybrid
[171] 2026 Organization/Business - Hybrid
[172] 2026 General purpose SBS PB
[173] 2026 General purpose SBS PB
[174] 2026 General purpose - PB|EB-CH
[175] 2026 General purpose - EB-CH

3.3. Publication Trends and Entity Focus

The evolution of research on transformer-based language models for entity resolution,
both over time and across different entity types, provides a broader view of the development
of this field. The literature has grown steadily and substantially over the review period
(Figure 2a). Included studies rose from four in 2020 (3%) to eight in 2021 (5%) and eleven in
2022 (7%), before accelerating sharply to sixteen in 2023 (10%), thirty-one in 2024 (20%),
and fifty in 2025 (32%), the single largest annual share observed. Thirty-five studies (23%)
were published in 2026 at the time of the search (17 August 2026); as this represents roughly
seven and a half months of activity rather than a full year, the corresponding bar understates
2026 output.

Early in the review period (2020–2021), included studies were concentrated in
general-purpose matching, with one study each addressing knowledge-graph/ontology
alignment [24], product/e-commerce [27], bibliographic [33], and music matching [32].
From 2022 onward, the range of represented domains broadened to include geospa-
tial/address [34], person/identity [52], organization/business [77], and industrial/technical
matching [94], alongside continued growth in general-purpose studies. The entity focus of
every included study, by publication year, is provided in Table 1.
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Considered in aggregate across the full review period, general-purpose entity match-
ing accounts for 64% of the 155 included studies (99/155), the single largest entity-focus
category (Figure 2b). Product/e-commerce matching is the next most common at 12%
(19/155), followed by person/identity resolution at 8% (12/155) and geospatial/address
matching at 7% (11/155). The remaining five categories (organization/business matching,
3%, 4/155; industrial/technical matching, 3%, 4/155; knowledge-graph/ontology align-
ment, 2%, 3/155; bibliographic matching, 1%, 2/155; and music matching, 1%, 1/155)
together account for the remaining 9% of included studies.

Figure 2. (a) Number of included studies by publication year, stratified by entity focus. The 2026
count reflects a partial year, through the search date of 17 August 2026. (b) Overall entity-focus
distribution across all 155 included studies.

3.4. Blocking and Matching Strategies

Entity resolution pipelines in this literature are typically built from two sequential
stages: a blocking step that narrows the candidate comparison space, and a matching step
that renders the final decision. The review captured which approach each included study
used at both stages.

The majority of included studies, 92 of 155 (59%), did not perform a blocking step
of their own; instead, they evaluated directly on candidate pairs already provided by an
established benchmark or external data source, or performed an exhaustive (unfiltered)
comparison across the full dataset (Figure 3a). Among the remaining studies, 31 (20%)
applied embedding-based semantic similarity for blocking, 25 (16%) applied string-based
or rule-based blocking, and 9 (6%) applied a hybrid approach combining multiple blocking
mechanisms; because a study may report more than one blocking approach, these counts
sum to more than 155. The share of studies that did not perform a blocking step of their
own ranged from 44% to 75% across individual years of the review period, without a
consistent directional trend over time (Figure 3b).

For the final matching decision, 109 of 155 studies (70%) used an embedding-based
approach with a classification head, the most common mechanism overall (Figure 3c).
Prompt-based or generative matching, in which the language model directly outputs
the match decision, was used by 56 studies (36%); embedding-based matching with a
similarity or distance threshold was used by 16 studies (10%); hybrid matching mechanisms
combining multiple approaches were used by 15 studies (10%); and embedding-based
matching with clustering or graph-based grouping was used by 4 studies (3%); as with
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blocking, a study may report more than one matching mechanism, so these counts also sum
to more than 155. Classification-head usage declined steadily from 100% in 2021 to 51% in
2026, while prompt-based/generative matching, absent before 2023, rose over the same
period to reach parity at 51% in 2026 (Figure 3d). The blocking and matching approach
used by each individual study is provided in Table 1.

Figure 3. (a) Number of included studies by blocking approach used prior to matching. (b) Share
of studies using each blocking approach, by publication year. (c) Number of included studies by
matching approach used for the final decision. (d) Share of studies using each matching approach,
by publication year.

3.5. Language Models, Architecture Evaluated, and Learning Setting

In this subsection, we synthesize how the specific language models used to evaluate
entity resolution pipelines varied substantially across studies. A total of 205 distinct
language models were evaluated across the 155 included studies. RoBERTa was the most
frequently evaluated model, used in 71 studies (46%), followed by BERT in 55 studies
(35%) and DistilBERT in 21 studies (14%) (Figure 4). Among generative models, GPT-4
was the most commonly evaluated, appearing in 13 studies (8%), followed by GPT-3.5-
turbo (12 studies, 8%) and GPT-4o-mini (11 studies, 7%), and Mistral-7B (9 studies, 6%).
The remaining 190 distinct models were each evaluated in a smaller number of studies,
together accounting for 262 study-model pairs.

In terms of model architecture, encoder-only models were evaluated in 128 studies
(83%), the most common architecture type overall, followed by decoder-only models in
65 studies (42%). Encoder–decoder architectures were evaluated in 7 studies (5%), and en-
semble combinations of multiple architecture types in 5 studies (3%) (Figure 5a); because a
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study may evaluate models of more than one architecture type, these categories are not mu-
tually exclusive and do not sum to 155. The composition of evaluated architectures shifted
over the review period: encoder-only models were evaluated in 100% of studies from 2020
through 2022, while decoder-only models were entirely absent from included studies over
the same years. The earliest evaluations of decoder-only architectures among the included
studies appeared in 2023 [44,49,56], preceding the broader shift visible in Figure 5b: from
2023 onward, decoder-only models were evaluated with increasing frequency, becoming the
second most commonly evaluated architecture type, while encoder-only models retained
a reduced but continued majority share in 2025 and 2026. The complete list of models
and architecture types evaluated by each individual study is provided in Supplementary
Table S1.

Figure 4. The 15 most frequently evaluated language models across the 155 included studies, out of
205 distinct models in total.

Figure 5. (a) Number of included studies evaluating each model architecture type. (b) Share of
studies evaluating each architecture type, by publication year. A study may evaluate models of more
than one architecture type.

In addition to architecture type, the review captured the learning setting used to adapt
each model for entity resolution: whether it was fine-tuned, used with frozen embeddings,
or prompted directly. Full parameter fine-tuning remained the dominant approach, used in
120 studies (77%), though zero-shot prompting (54 studies, 35%) and few-shot prompting
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(30 studies, 19%) were also common. Feature-based evaluation using frozen embeddings
without fine-tuning was used in 29 studies (19%), and parameter-efficient fine-tuning
(PEFT) in 22 studies (14%) (Figure 6); because a study may evaluate more than one learning
setting, these counts do not sum to 155.

Figure 6. Learning settings evaluated across the 155 included studies. A study may evaluate more
than one learning setting.

3.6. Benchmark Dataset Usage and Concentration

Across the 155 included studies, evaluation datasets were concentrated in a small
number of entity types. Product/e-commerce datasets were used by 111 studies (72%),
the most commonly represented entity type in evaluation data, followed by biblio-
graphic/publication datasets in 77 studies (50%) and music datasets in 45 studies
(29%) (Figure 7). Restaurant datasets were used by 33 studies (21%), person/identity
datasets by 24 studies (15%), geospatial/place datasets by 21 studies (14%), organiza-
tion/business datasets by 20 studies (13%), and movie/TV media datasets by 19 studies
(12%). Knowledge-graph/ontology datasets and industrial/technical datasets were each
used by 5 studies (3%). The complete list of benchmark datasets evaluated by each individ-
ual study is provided in Supplementary Table S1.

Figure 7. Real-world entity types represented in the evaluation datasets used across the 155 included
studies. A study may evaluate on datasets spanning more than one entity type.

https://doi.org/10.3390/info17090917

https://doi.org/10.3390/info17090917


Information 2026, 17, 917 13 of 33

For each general-purpose study, the number of distinct real-world entity types repre-
sented among its evaluation datasets was counted (Figure 8): 34 studies (34%) evaluated on
three distinct entity types, the most common pattern, followed by 21 studies (21%) on four
and 17 studies (17%) on two. Fourteen studies (14%) evaluated on only a single distinct
entity type [28,56,128], and 12 studies (12%) and 1 study (1%) evaluated on five and six
distinct entity types, respectively. In aggregate, 31 of the 99 general-purpose studies (31%)
evaluated on two or fewer distinct entity types.

Figure 8. Distribution of the 99 general-purpose studies by the number of distinct real-world entity
types represented among each study’s evaluation datasets.

3.7. Reported Performance

After capturing the models, architectures, and benchmark datasets in each study, we
compared their reported performance across datasets and architectures.

Best-per-study mean F1 ranged from 77.2 to 97.6 across the 15 most frequently used
benchmark datasets (Figure 9). Reported performance was highest on DBLP–ACM Dirty
(n = 21, mean F1 = 97.6), Fodors–Zagats (n = 24, mean F1 = 97.2), and DBLP–ACM Struc-
tured (n = 47, mean F1 = 96.8). Performance on Amazon–Google (n = 63), the most fre-
quently used dataset among the included studies, was comparatively low and highly vari-
able, with a mean F1 of 77.2 and a wide spread that included a number of low-performing
outliers. The Walmart–Amazon Dirty (n = 24, mean F1 = 84.9) and Structured (n = 56, mean
F1 = 85.0) variants showed similarly moderate performance. Abt–Buy (n = 52, mean F1
= 88.1), Beer (n = 30, mean F1 = 92.3), DBLP–Scholar Dirty (n = 22, mean F1 = 93.3) and
Structured (n = 45, mean F1 = 93.8), and iTunes–Amazon Dirty (n = 20, mean F1 = 91.4) and
Structured (n = 31, mean F1 = 93.9) fell in an intermediate-to-high range. The remaining 2
of the 15 most frequently used datasets, Company (n = 12, mean F1 = 90.8) and the WDC
computers benchmark, evaluated as three separate size-based subsets in the underlying
data (n = 11 each, mean F1 ranging from 88.5 to 95.8), also showed consistently high
performance despite their smaller sample sizes. Best-per-study F1, aggregated by dataset,
for the full set of benchmark datasets evaluated across the included studies is provided in
Table A1.
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Figure 9. Best-per-study F1 score for the 15 most frequently used benchmark datasets. Each point
represents one study’s single best-performing model/setting on that dataset.

Comparing model architectures on the same dataset shows no single architecture type
that consistently outperformed the other across datasets (Figure 10). On Abt–Buy, the mean
best-per-study F1 for decoder-only models (89.8, n = 13) exceeded that of encoder-only
models (87.4, n = 38); on DBLP–ACM Structured, the reverse held, with encoder-only
models achieving a higher mean F1 (97.4, n = 35) than decoder-only models (95.0, n = 11).
On Amazon–Google and Walmart–Amazon Structured, encoder-only and decoder-only
mean F1 scores were within roughly one point of each other. Across the datasets shown,
decoder-only models were evaluated in substantially fewer studies than encoder-only
models on every dataset; this smaller sample size, reflecting the more recent adoption
of decoder-only architectures in this literature, means architecture comparisons should
be interpreted as suggestive rather than conclusive, particularly for the lowest-n cells.
Best-per-study F1 by architecture type, reported individually for each study and dataset, is
provided in Supplementary Table S2.
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Figure 10. Mean best-per-study F1 score by model architecture type and benchmark dataset. Cells
report the number of contributing studies (n); a dash indicates no study’s best result on that dataset
used that architecture.

4. Discussion
This systematic scoping review provides an updated overview of how transformer-

based language models have been used for entity resolution. By examining the mod-
els, learning approaches, matching strategies, application areas, benchmark datasets,
and reported performance across the included studies, this review brings together a large
and rapidly growing body of research that has developed alongside recent advances in
transformer-based methods. The findings provide a broad view of how the field has
evolved and where the current evidence is strongest or still limited. In the following discus-
sion, we interpret the main patterns identified in the review, consider their implications for
entity resolution research and practice, and highlight areas where further work is needed.

4.1. Literature Growth and Domain Concentration

One of the clearest patterns identified in this review is the rapid growth of research on
transformer-based approaches to entity resolution. More included studies were published
in 2025 and the partial 2026 period combined than in all of the preceding years covered by
the review, showing how quickly interest in this area has increased. This pattern is especially
notable because the 2026 count reflects only studies identified up to the search cutoff,
meaning that the total for the year is likely to increase further if the recent pace of research
continues. This increase is consistent with the broader growth of research on generative AI
and LLMs, where recent studies have documented a sharp rise in research activity across
a wide range of fields, alongside rapid advances in the capabilities and applications of
LLMs [14,176]. These developments have created new opportunities to apply language
models to tasks that require understanding and comparing complex information, which
may partly explain the growing interest in their use for entity resolution. As research
in this area continues to grow, regularly reassessing the literature will be important for
understanding how the field is changing and where important gaps remain.
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Another important pattern is the strong concentration of studies on general-purpose
entity matching, even as the range of application areas has broadened over time. Most of
the included studies were designed as general-purpose approaches rather than for a specific
type of real-world entity, while product and e-commerce matching represented the largest
domain-specific area. Research on person and identity resolution, geospatial and address
matching, organizations, and industrial applications was much less common. The appear-
ance of these areas mainly in the later years of the review suggests that transformer-based
entity resolution is gradually being applied to a wider range of practical problems. How-
ever, the evidence for broad generalizability remains limited. Among studies classified as
general-purpose, nearly one-third were evaluated on only one or two distinct real-world
entity types, while only a small proportion were tested across five or more. This suggests
that presenting a framework or pipeline as broadly generalizable does not necessarily mean
that its performance has been demonstrated across a wide range of entity types. The contin-
ued concentration of evaluation in a limited set of domains therefore raises questions about
how well findings from commonly used benchmarks transfer to more specialized real-
world settings, where data characteristics, error patterns, and matching requirements may
differ considerably. This concern is also reflected in the benchmark datasets used across
the literature, which were heavily concentrated in product/e-commerce, bibliographic,
and music data. The repeated use of established benchmarks is valuable because it provides
a common basis for comparing methods across studies. However, relying too heavily on
the same datasets can limit what can be learned about performance under different data
conditions and may encourage methods to be optimized around a relatively narrow set
of well-studied benchmarks. As a result, high performance on commonly used datasets
should not by itself be taken as evidence that a method will perform equally well in less
represented domains. Broader evaluation across more diverse datasets, particularly those
drawn from real-world and domain-specific applications, would provide stronger evidence
of robustness and generalizability.

4.2. Model Architecture and Learning Strategies

Following the growth and widening application of transformer-based entity resolution,
the review also shows a clear change in the types of model architectures being evaluated.
Encoder-only models, particularly BERT- and RoBERTa-based approaches, dominated the
earlier literature and remain widely used, reflecting their strong performance in repre-
sentation learning and supervised classification tasks. Their continued use also shows
that they remain important reference points for the field, with BERT- and RoBERTa-based
models frequently serving as baselines against which newer models and approaches are
evaluated. However, decoder-only models began to appear in the entity resolution liter-
ature from 2023 onward and have since been evaluated with increasing frequency. This
change closely follows the broader development of generative LLMs, whose improved
instruction-following, in-context learning, and reasoning capabilities have made it possible
to approach entity matching through prompting rather than relying only on task-specific
classification models [177,178]. The two architecture types offer different advantages and
limitations. Encoder-only models are generally more computationally efficient for represen-
tation learning and classification and can be well suited to settings where large numbers
of candidate record pairs must be processed. However, when used as supervised entity
matching models, they typically require task-specific training and labeled examples to
learn the matching decision. Creating high-quality labeled record pairs can be costly and
time-consuming, particularly in domains where annotation requires substantial manual re-
view or domain expertise. Their ability to transfer directly to a new task or domain without
additional adaptation is therefore more limited than that of instruction-tuned decoder-only
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models. Decoder-only models, in contrast, can use task instructions and examples pro-
vided at inference time, allowing them to perform entity matching in zero-shot or few-shot
settings without training a separate classifier for each new task [87]. This flexibility can be
particularly valuable when labeled data are scarce or when a model needs to be applied
across different domains, although it often comes with higher computational and inference
costs. These tradeoffs suggest that the choice between encoder-only and decoder-only
models should consider not only predictive performance, but also the availability and cost
of labeled data, the need for adaptation across tasks or domains, and the computational
resources required for deployment.

These differences in model architecture are closely tied to how the models are adapted
for entity resolution. Full-parameter fine-tuning remains the most commonly used learning
setting, suggesting that task-specific training is still an important approach for achieving
strong matching performance. At the same time, the growing use of zero-shot and few-
shot prompting and parameter-efficient fine-tuning reflects increasing interest in reducing
the amount of labeled data and computational effort required to adapt language models
to new entity resolution tasks. This is particularly relevant given the cost of creating
labeled training data, as discussed above. Approaches such as prompting can avoid task-
specific training altogether, while parameter-efficient fine-tuning offers a middle ground
by adapting only a small portion of the model rather than updating all parameters [179].
These alternatives can make it easier to apply language models across new datasets and
domains, but they may also involve tradeoffs in consistency and performance compared
with fully fine-tuned models. Overall, the range of learning settings observed in this review
suggests that recent work is increasingly focused not only on improving matching accuracy,
but also on finding more practical ways to adapt language models when labeled data or
computational resources are limited.

4.3. Blocking and Matching Approaches

These changes in model architecture and learning strategies are also reflected in how
the final matching decision is made. Earlier studies largely treated entity matching as
a supervised classification problem, using transformer representations together with a
classification head to determine whether two records refer to the same entity. Although this
remains the most common matching approach overall, its dominance has declined as
prompt-based matching has become increasingly common. Prompt-based approaches
offer a different way of framing the task by allowing the language model to produce the
match decision directly from instructions and record information, without requiring a
separately trained classification head. The fact that prompt-based matching was absent
from the earlier literature but reached the same share of studies as classification-head
matching in 2026 shows how quickly this approach has gained attention. Rather than
indicating that classification-based methods are being replaced, this pattern suggests
that researchers now have a broader set of options for designing the matching stage.
Classification-based approaches remain attractive when labeled data are available and
efficient large-scale inference is important, while prompt-based approaches may be more
useful when flexibility across tasks or limited supervision is a priority. The growing use
of both approaches also reinforces the need for direct comparisons that consider not only
matching accuracy, but also training requirements, inference cost, and performance across
different domains.

A separate consideration is the extent to which matching approaches were evaluated
within complete entity resolution pipelines that also included blocking. Most studies
in this review did not implement their own blocking procedure and instead evaluated
matching on candidate pairs provided by established benchmarks or external sources,
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or used exhaustive comparisons. Evaluating the matching stage in this way is useful for
isolating matcher performance and supporting controlled comparisons across methods,
but it provides less evidence about how the same approaches would behave when candidate
generation and matching are combined in an end-to-end system. The two stages can also
influence one another in practice, since blocking determines which candidate pairs reach
the matcher, while the computational demands of the matching model can affect how much
the candidate space needs to be reduced. This interaction may be particularly important for
computationally intensive language models, where applying the matcher to a very large
number of candidate pairs can substantially increase inference cost.

4.4. Benchmark Comparisons

Reported performance across the included studies was generally strong on many of the
commonly used benchmark datasets, but the results also revealed an important difference
in how informative these benchmarks may be for comparing newer methods. Several
datasets showed consistently high F1 scores across studies, with some results approaching
the upper limit of the metric. When performance becomes concentrated near this level,
further improvements may be difficult to distinguish, and the benchmark may provide
less separation between competing approaches. In contrast, datasets such as Amazon–
Google and Walmart–Amazon showed lower average performance and greater variation
across studies, suggesting that they continue to provide more room for distinguishing
differences among methods. The architecture-level comparison also showed no consistent
advantage for either encoder-only or decoder-only models across datasets. Decoder-only
models performed better on some benchmarks, encoder-only models performed better
on others, and several differences were relatively small. These comparisons should be
interpreted cautiously because decoder-only models were represented by fewer studies
on every benchmark included in the architecture analysis. Taken together, the findings
do not support a simple conclusion that newer decoder-only models provide a general
performance advantage over established encoder-based approaches. They also highlight the
importance of evaluating new methods on benchmarks that remain sufficiently challenging
to meaningfully distinguish improvements in entity resolution performance.

4.5. Future Research Directions

Several areas identified in this review warrant greater attention in future research. A
particularly notable gap in the literature is the limited application of transformer-based
entity resolution to clinical and healthcare data. Although person and identity resolution
were represented among the included studies, only one of these studies [152] applied
a language model-based entity resolution approach to real-world patient data. Despite
targeted efforts in this review to identify clinical and healthcare applications, evidence in
this area remains extremely limited. This scarcity also extends beyond the peer-reviewed
literature, with only limited preprint work examining the use of language models for
patient record linkage, particularly using real-world healthcare data [180]. This gap is
important because patient record linkage is widely used across healthcare and public health
to connect information about the same individual across hospitals, laboratories, registries,
and other data sources. Accurate linkage is therefore important for integrating fragmented
health information and supporting longitudinal research, disease surveillance, and other
population-level applications [3]. Clinical applications also present challenges that are
not well represented by commonly used product or bibliographic benchmarks, including
restricted access to identifiable data, privacy requirements, incomplete or inconsistent
patient information, and the potentially greater consequences of incorrect matches [2].
These factors may partly explain the limited use of language model-based entity resolution
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in healthcare, while also making it difficult to determine whether the strong performance
reported on commonly used benchmarks will translate to real-world patient matching.
Overall, the current evidence remains insufficient to draw broad conclusions about the
effectiveness of transformer-based entity resolution in healthcare and public health settings.

Moreover, future research should place greater emphasis on evaluation across a wider
range of entity types and datasets. Although many studies presented general-purpose
entity resolution approaches, a substantial proportion were evaluated on only a small
number of real-world entity types, while the overall literature remained heavily concen-
trated on product, bibliographic, and music datasets. Evaluating the same methods across
more diverse domains would provide stronger evidence about their ability to generalize
beyond the datasets on which they were developed or tuned. Greater use of real-world
and domain-specific datasets would also help determine how language model-based ap-
proaches respond to different forms of missingness, noise, formatting variation, class
imbalance, and record structure. In addition, several widely used benchmarks now show
consistently high performance across studies, which may reduce their ability to distinguish
meaningful improvements among newer approaches. Developing and adopting more chal-
lenging evaluation datasets could therefore provide a more informative basis for comparing
future methods.

5. Limitations
This scoping review has several limitations that should be acknowledged.
Consistent with PRISMA-ScR guidance, under which formal critical appraisal of indi-

vidual sources is optional for scoping reviews, this review did not conduct a methodological-
quality assessment of the included studies [20]. Given the scale of the literature captured
here, a systematic appraisal of reproducibility, dataset leakage, and evaluation-protocol
validity across so many studies was not feasible, and reported F1-scores should not be read
as an indicator of study quality.

Methodological heterogeneity also posed challenges during data synthesis. Variations
in how studies defined and implemented key components such as blocking, matching
strategies, and model configurations made it difficult to consistently categorize studies
into clear thematic groups. As a result, some degree of abstraction and simplification was
necessary, which may have led to the loss of finer-grained methodological details in favor
of broader synthesis.

6. Conclusions
Transformer-based language models have expanded the range of approaches used

for entity resolution, with growing use of prompting and few-shot prompting alongside
established encoder-based methods. However, current evidence remains concentrated
in a limited set of commonly used benchmarks. Studies designed as general-purpose
approaches are also frequently evaluated on only a narrow range of entity types, rais-
ing questions about whether the available evidence supports broad generalizability. No
model architecture showed a consistent performance advantage across the datasets exam-
ined, though these comparisons are limited by the smaller number of studies evaluating
decoder-only models. Most studies also did not implement their own blocking step, instead
evaluating matching on candidate pairs already provided by established benchmarks or
external sources, which leaves limited evidence on how these methods perform within a
complete, end-to-end pipeline. Applications to patient record linkage remain particularly
scarce, despite their practical importance for healthcare and public health.

Future research should focus on generalizability, robustness, computational efficiency,
and evaluation on diverse and challenging real-world datasets, particularly in under-
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represented domains such as healthcare. By synthesizing reported performance across
benchmarks, capturing the literature’s continued growth following the emergence of gen-
erative large language models, and identifying the scarcity of research on clinical and
healthcare applications, this review extends earlier surveys of the field. Future progress in
transformer-based entity resolution will depend on demonstrating reliable performance
beyond established benchmarks and under realistic deployment conditions.
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Appendix A. Full Search Strategies by Database
Appendix A.1. PubMed

(“large language model*”[tiab] OR LLM[tiab] OR “language model*”[tiab] OR
“transformer model*”[tiab] OR transformer[tiab] OR “generative AI”[tiab] OR
“foundation model*”[tiab] OR “small language model*”[tiab] OR BERT[tiab] OR
RoBERTa[tiab]) AND (“entity resolution”[tiab] OR “entity matching”[tiab] OR
“identity resolution”[tiab] OR “record linkage”[tiab] OR “data linkage”[tiab] OR
“probabilistic linkage”[tiab] OR “data deduplication”[tiab] OR “record deduplica-
tion”[tiab] OR deduplication[tiab] OR “duplicate detection”[tiab] OR “patient
matching”[tiab] OR “person matching”[tiab] OR “master patient index”[tiab] OR
“patient deduplication”[tiab]) AND (“2017”[pdat] : “2027”[pdat]) AND english[la]

The “Exclude preprints” filter (Additional Filters > Other) was applied to remove
NIH Preprint Pilot content (medRxiv, bioRxiv, Research Square).

Appendix A.2. Scopus

TITLE-ABS-KEY(“large language model*” OR LLM OR “language model*” OR
“transformer model*” OR transformer OR “generative AI” OR “foundation
model*” OR “small language model*” OR BERT OR RoBERTa) AND TITLE-
ABS-KEY(“entity resolution” OR “entity matching” OR “identity resolution” OR
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“record linkage” OR “data linkage” OR “probabilistic linkage” OR “data dedupli-
cation” OR “record deduplication” OR deduplication OR “duplicate detection”
OR “patient matching” OR “person matching” OR “master patient index” OR
“patient deduplication”) AND PUBYEAR > 2016 AND LANGUAGE(english)

The Document Type filter was restricted to Article, Conference Paper, and Review.

Appendix A.3. Web of Science

TS=(“large language model*” OR LLM OR “language model*” OR “transformer
model*” OR transformer OR “generative AI” OR “foundation model*” OR “small
language model*” OR BERT OR RoBERTa) AND TS=(“entity resolution” OR
“entity matching” OR “identity resolution” OR “record linkage” OR “data linkage”
OR “probabilistic linkage” OR “data deduplication” OR “record deduplication”
OR deduplication OR “duplicate detection” OR “patient matching” OR “per-
son matching” OR “master patient index” OR “patient deduplication”) AND
PY=2017-2027 AND LA=English

The Preprint Citation Index was excluded from the set of searched Web of Science
databases.

Appendix A.4. ACM Digital Library

((Title:(“large language model” OR “large language models” OR LLM OR “lan-
guage model” OR “language models” OR “transformer model” OR “transformer
models” OR transformer OR “generative AI” OR “foundation model” OR “foun-
dation models” OR “small language model” OR “small language models” OR
BERT OR RoBERTa)) OR (Abstract:(“large language model” OR “large language
models” OR LLM OR “language model” OR “language models” OR “transformer
model” OR “transformer models” OR transformer OR “generative AI” OR “foun-
dation model” OR “foundation models” OR “small language model” OR “small
language models” OR BERT OR RoBERTa))) AND ((Title:(“entity resolution” OR
“entity matching” OR “identity resolution” OR “record linkage” OR “data linkage”
OR “probabilistic linkage” OR “data deduplication” OR “record deduplication”
OR deduplication OR “duplicate detection” OR “patient matching” OR “person
matching” OR “master patient index” OR “patient deduplication”)) OR (Ab-
stract:(“entity resolution” OR “entity matching” OR “identity resolution” OR
“record linkage” OR “data linkage” OR “probabilistic linkage” OR “data dedupli-
cation” OR “record deduplication” OR deduplication OR “duplicate detection”
OR “patient matching” OR “person matching” OR “master patient index” OR
“patient deduplication”)))

The Publication Date facet was restricted to 1 January 2017 through the search execu-
tion date; Content Type was restricted to Research Article.

Appendix A.5. IEEE Xplore

(“large language model*” OR LLM OR “language model*” OR “transformer
model*” OR transformer OR “generative AI” OR “foundation model*” OR “small
language model*” OR BERT OR RoBERTa) AND (“entity resolution” OR “entity
matching” OR “identity resolution” OR “record linkage” OR “data linkage” OR
“probabilistic linkage” OR “data deduplication” OR “record deduplication” OR
deduplication OR “duplicate detection” OR “patient matching” OR “person
matching” OR “master patient index” OR “patient deduplication”)

The Year filter was applied in the results sidebar (2017–present).
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Appendix B. Summary Statistics of F1-Score by Benchmark Dataset

Table A1. Summary statistics for best-per-study F1-score (%), for all benchmark datasets used by more than one of the 155 included studies (datasets used by only a
single study are omitted). N: number of contributing studies; Q1/Q3: first/third quartile; SD: standard deviation.

Dataset N Min Q1 Median Mean Q3 Max Range SD

Amazon–Google 63 59.7 74.1 76.2 77.17 80.48 99.79 40.09 8.07
Walmart–Amazon (Structured) 56 52.2 84.7 86.76 84.99 89.4 100 47.8 9.8
Abt–Buy 52 44.93 89.29 90.9 88.06 93 98.94 54.01 10.29
DBLP–ACM (Structured) 47 56.47 97.9 99 96.79 99.15 99.89 43.42 7.58
DBLP–Scholar (Structured) 45 70 94.3 95.6 93.76 96 99.81 29.81 5.42
iTunes–Amazon (Structured) 31 37.63 94.6 97.06 93.91 98.18 100 62.37 11.5
Beer 30 55.43 92.82 94.37 92.27 96.55 100 44.57 8.54
Fodors–Zagats 24 44.25 100 100 97.15 100 100 55.75 11.43
Walmart–Amazon (Dirty) 24 65.74 84.35 85.69 84.92 87.16 95.89 30.15 5.75
DBLP–Scholar (Dirty) 22 73.44 92.65 95.6 93.31 95.75 98.65 25.21 5.56
DBLP–ACM (Dirty) 21 73.22 98.7 99.03 97.64 99.1 99.78 26.56 5.64
iTunes–Amazon (Dirty) 20 37 94.42 94.74 91.37 95.84 99.4 62.4 13.96
Company 12 80.73 87.96 92.82 90.79 93.85 93.85 13.12 4.08
WDC computers (small) 11 80.76 86.18 86.95 88.52 91.1 95.21 14.45 4.22
WDC computers (medium) 11 88.62 89.9 93.03 92.64 94.34 98.5 9.88 3
WDC computers (large) 11 91.7 94.78 95.95 95.83 97.23 98.5 6.8 2.08
WDC cameras (small) 10 80.89 84.64 86.65 86.84 89.94 92.25 11.36 3.74
WDC cameras (medium) 10 88.09 88.99 91.05 91.18 93.04 94.81 6.72 2.53
WDC cameras (large) 10 91.23 92.85 95.15 94.71 96.51 97.84 6.61 2.36
WDC computers (xlarge) 10 95.45 96.54 97.4 97.1 97.6 98.44 2.99 1.05
WDC shoes (small) 10 75.89 79.47 80.66 81.18 82.74 88.59 12.7 3.6
WDC shoes (medium) 10 82.66 83.51 86.22 86.3 87.75 93.73 11.07 3.33
WDC shoes (large) 10 87.37 91.29 93.32 92.82 95.33 97.16 9.79 3.4
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Table A1. Cont.

Dataset N Min Q1 Median Mean Q3 Max Range SD

WDC watches (small) 10 85.12 87.58 90.42 90.25 91.94 96.71 11.59 3.41
WDC watches (medium) 10 91.12 92.44 93.15 93.4 94.52 96.19 5.07 1.77
WDC watches (large) 10 93.62 96.48 97.12 97.11 98.46 98.97 5.35 1.63
WDC cameras (xlarge) 9 93.78 94.82 95.59 96.3 98.02 99.16 5.38 2.03
WDC shoes (xlarge) 9 90.11 90.79 96.63 94.71 97.88 98.47 8.36 3.67
WDC watches (xlarge) 9 96.53 96.66 97.09 97.26 97.61 99.11 2.58 0.83
Semi-REL 7 91.1 94.38 96.2 95.78 97.45 99.5 8.4 2.8
WDC Products 7 57.71 73.62 86.8 80.48 89.4 92.8 35.09 13.8
Rel-TEXT 6 60.7 62.39 65.6 68.11 69.3 84.9 24.2 8.94
Semi-HETER 6 69.7 78.5 92.8 87.45 96.6 97.8 28.1 12.43
Semi-TEXT-W 6 42.93 66.58 70.44 67.56 75.89 78.59 35.66 13.06
Cora 5 71 82.06 86.34 85.4 90 97.6 26.6 9.87
Semi-HOMO 5 93.8 94.1 94.3 94.74 95.2 96.3 2.5 1.02
Semi-TEXT-C 5 70.4 76.42 78.01 81.19 88.6 92.5 22.1 9.11
IMDB-TMDB 4 93.29 95.88 96.87 96.34 97.34 98.35 5.06 2.16
IMDB-TVDB 4 84.15 84.16 86.08 86.78 88.7 90.82 6.67 3.25
TMDB-TVDB 4 86.83 89.94 90.97 90.19 91.23 92 5.17 2.29
WDC Shoes 4 73.48 84.54 88.26 85.05 88.77 90.2 16.72 7.77
GEO-HETER 3 92.6 93 93.4 93.53 94 94.6 2 1.01
OSM-FSQ—Edinburgh 3 83.6 89.53 95.46 91.59 95.58 95.7 12.1 6.92
OSM-FSQ—Pittsburgh 3 83.6 88.15 92.7 90.07 93.3 93.9 10.3 5.63
OSM-FSQ—Singapore 3 80.4 84.9 89.4 86.53 89.6 89.8 9.4 5.32
OSM-FSQ—Toronto 3 82.6 88.6 94.6 90.71 94.76 94.92 12.32 7.02
OSM-Yelp—Edinburgh 3 90.8 93.95 97.1 95.16 97.34 97.58 6.78 3.78
OSM-Yelp—Pittsburgh 3 89 93.06 97.11 94.57 97.35 97.6 8.6 4.83
OSM-Yelp—Singapore 3 83 87.72 92.45 89.45 92.68 92.9 9.9 5.59
OSM-Yelp—Toronto 3 87 91.8 96.6 93.46 96.68 96.77 9.77 5.59
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Table A1. Cont.

Dataset N Min Q1 Median Mean Q3 Max Range SD

Rel-HETER 3 100 100 100 100 100 100 0 0
AAS-ECLASS 2 76.7 77.25 77.8 77.8 78.35 78.9 2.2 1.56
Alaska 2 79 79.14 79.29 79.29 79.44 79.58 0.58 0.41
AS 2 63 65.18 67.35 67.35 69.53 71.71 8.71 6.16
Baby Products (Magellan) 2 75.19 77.24 79.29 79.29 81.34 83.39 8.2 5.8
Bikes (Magellan) 2 77.21 82.74 88.28 88.28 93.82 99.35 22.14 15.66
Books (Magellan) 2 76.81 80.65 84.49 84.49 88.33 92.17 15.36 10.86
CiteSeer 2 95 95.57 96.14 96.14 96.71 97.28 2.28 1.61
IMDB-DBPEDIA 2 48.07 54.3 60.54 60.54 66.77 73 24.93 17.63
Markt-Pilot Small 2 87.11 87.32 87.53 87.53 87.74 87.95 0.84 0.59
Markt-Pilot Medium 2 88.7 88.91 89.12 89.12 89.33 89.54 0.84 0.59
Markt-Pilot Large 2 89.9 89.94 89.97 89.97 90.01 90.04 0.14 0.1
Markt-Pilot Full 2 91.17 91.17 91.17 91.17 91.17 91.17 0 0
MCU-MDB 2 73 74.9 76.81 76.81 78.71 80.61 7.61 5.38
Music 2 77.26 82.84 88.43 88.43 94.02 99.6 22.34 15.8
MusicBrainz 2 92.3 93.76 95.22 95.22 96.68 98.14 5.84 4.13
Song 2 78 81.28 84.56 84.56 87.84 91.12 13.12 9.28
SWW-SWG 2 80 82.21 84.42 84.42 86.62 88.83 8.83 6.24
SWW-TOR 2 88 89.36 90.72 90.72 92.08 93.44 5.44 3.85
Synthetic Companies 2 92.22 93.72 95.21 95.21 96.7 98.2 5.98 4.23
WDC Cameras 2 84.76 86.38 88 88 89.63 91.25 6.49 4.59
WDC LSPM Small 2 86.85 87.27 87.69 87.69 88.11 88.53 1.68 1.19
WDC LSPM Medium 2 91.14 91.64 92.14 92.14 92.63 93.13 1.99 1.41
WDC LSPM Large 2 94.48 95.19 95.9 95.9 96.61 97.32 2.84 2.01
WDC LSPM XLarge 2 95.35 95.8 96.24 96.24 96.69 97.14 1.79 1.27
WDC-All-Small 2 91.45 91.9 92.34 92.34 92.79 93.24 1.79 1.27
Zalando 2 73.22 73.42 73.62 73.62 73.81 74.01 0.79 0.56
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