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ABSTRACT

Record linkage is considered a fundamental process for ensuring data quality
and reliability, with critical applications in domains such as healthcare, finance,
and commerce. A machine learning-based approach for optimizing record
linkage in structured datasets is presented in this paper. By integrating hybrid
blocking methods (combining standard blocking and sorted neighborhood
approaches) with advanced similarity measures, computational overhead is
significantly reduced while high accuracy is maintained. The performance
of TabNet, a deep learning model designed for tabular data, is compared
with traditional deep neural networks (DNNs) in the classification phase.
Experimental results on a synthetic dataset of 5,000 records demonstrate that
comparable precision and recall are achieved by TabNet to DNNs while
execution time is reduced by over 79%. The scalability and efficiency of
the proposed method are highlighted by these findings, making it well-suited
for large-scale data management tasks. Practical and computationally efficient
solutions for record linkage in the era of big data are contributed to by this work.
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1. INTRODUCTION
Data plays a crucial role in many aspects of daily life. Ensuring high quality data often involves the

use of record linkage techniques, which aim to identify and remove duplicate entries referring to the same
entity as shown in Figure 1. This process contributes to improved data integrity by reducing redundancy and
minimizing errors. However, as databases increase in size and complexity, record linkage becomes increasingly
challenging. Traditional methods, such as probabilistic record linkage [1], tend to be time consuming and
resource intensive. In the context of big data [2], new challenges arise, including high processing demands,
increased hardware costs, and difficulties in accurately determining whether records truly match. The record
linkage process can be divided into four main steps [3]: data preprocessing, indexing, comparison, and
classification of records. In the first step, tasks such as standardizing and normalizing data are performed to
create a uniform database. The second step involves building an index of record pairs that may match, which
helps reduce the time required for comparison. Only records within the same group are compared. For large
databases, different indexing methods are employed, such as locality sensitive hashing (LSH) and sorted block
indexing [4], each with its advantages and disadvantages. In the third step, similarity scores are calculated
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between the values of each record pair, resulting in scores for all pairs. The final step involves classification,
where the record pairs are labeled as matching or not matching based on the calculated scores.

Figure 1. Data consolidation process

Some methods for the pair classification phase utilize machine learning algorithms, such as support
vector machines (SVM) and XGBoost [5], while others are supported by deep neural networks (DNNs) [6].
DNNs have been recognized as powerful tools in this domain due to their ability to learn complex patterns from
large amounts of structured data. To better understand the current challenges and advancements in the field,
previous studies that have addressed the record linkage issue are reviewed. Record linkage, also known as entity
resolution, is regarded as a critical task for the integration and deduplication of large datasets across diverse
domains. Over the years, various methodologies have been proposed to address the challenges of scalability,
accuracy, and privacy in record linkage processes.

This paper proposes a novel hybrid blocking technique integrated with TabNet, a deep learning model
specifically designed for tabular data [7]. Our approach optimizes the record linkage process by reducing
computational overhead, improving execution time, and maintaining high accuracy. Through experiments
conducted on synthetic datasets, we demonstrate the effectiveness and scalability of our method, highlighting
its potential for large scale applications in data management.

2. RELATED WORK
Record linkage, or entity resolution, is a critical task in data integration. The goal is identifying and

merging records that refer to the same entity across different datasets. Over the years, various approaches have
been developed to address challenges related to scalability, accuracy, and privacy in record linkage processes.

2.1. Traditional methods
Traditional probabilistic models, such as the Fellegi-Sunter model, have long dominated record

linkage [8], focusing on probabilistic scoring to match records based on similarity thresholds. Recent
advancements have incorporated ensemble methods and machine learning algorithms, as demonstrated in
probabilistic record linkage for families (PRLF), an open source Python based tool. PRLF employs generalized
linear models and machine learning to improve accuracy under challenging conditions, such as data degradation
and missing fields, offering robust performance across synthetic and real world datasets.

2.2. Machine learning approaches
Heydari et al. [9] propose a distributed record linkage method applied to healthcare data using Apache

Spark and its MLlib library. Their approach utilizes machine learning algorithms, such as regression and SVM,
to match records based on preprocessed features like names, dates of birth, and zip codes. This study is
notable for its use of stratified sampling to address the common issue of imbalanced datasets in record linkage,
as well as its rigorous model validation, ensuring robust performance. The results demonstrate remarkable
accuracy (up to 96.71% for regression), highlighting the scalability offered by Spark in handling massive data
environments. This method showcases the effectiveness of a distributed approach in addressing challenges
related to scalability and accuracy, although it focuses primarily on healthcare specific data.

2.3. Deep learning based methods
An innovative solution [10] introduces a scalable deep learning-based approach designed for big data

scenarios. This method builds an artificial neural network (ANN), specifically a Siamese network, to efficiently
encode records for faster similarity computations. By leveraging the cosine similarity metric, the network
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classifies record pairs as either matched or unmatched. The use of Apache Spark further enhances the scalability
of this method, enabling parallel processing of large datasets and reducing computational overhead. This
integration of deep learning and distributed computing makes it particularly suitable for handling large-scale
data integration tasks.

Application of deep learning on record linkage is one of the major research area that seeks to address
scalability and inflexibility problems of conventional rule-based approaches. Yulianton and Santi [11] present
a deep learning approach for e-commerce product matching based on Sentence-BERT. Using lightweight
transformer embeddings and cosine similarity with a fixed threshold, their method effectively captures semantic
similarities between heterogeneous product titles. Evaluated on the Pricerunner dataset, the approach achieves
high accuracy and perfect precision, demonstrating that efficient SBERT-based models are well suited for
large-scale product matching tasks.

In the meantime, newer models like transformers [12] hold considerable promise for matching. In the
related map matching field, a transformer model achieved F1-scores of over 96%, setting very high levels of
efficiency for sequence matching problems. This piece confirms the line of deep learning models to address
complex contextual information, and it also highlights the need for solutions that are still effective and powerful
in addressing real-world data problems. Table 1 presents a comparative study of record linkage methods using
deep learning for tabular data.

Table 1. Comparative table of existing deep learning approaches for record linkage
Category Method/study Approach/technique Key features/strengths Mentioned

performance
Reference

Deep
learning

Sentence-BERT
(MiniLM)

Transformer-based sentence
embeddings with cosine
similarity and threshold-based
matching

Lightweight transformer enabling
semantic product matching
with high precision and low
computational cost; scalable to
large e-commerce datasets

Accuracy: 98.10%,
Precision: 100%,
Recall: 91.84%,
F1-score: 95.74%

Yulianton and
Santi [11]

Deep
learning

Neural ER (Tuple
embeddings)

DNNs for learning distributed
representations of structured
entity attributes

Effective for complex entity
matching tasks on heterogeneous
structured data, including medical
and product datasets

F1-score up to 94% Peeters and
Bizer [13]

Deep
learning

Transformer
(Seq2Seq)

Uses transfer learning with a
transformer architecture.

Shows high potential for sequence
matching tasks, though related to
“map matching”.

F1-score: >96%
(at segment level)

Jin et al. [12]

2.4. Privacy-preserving record linkage based methods
The method of Wang et al. [14] seeks to enhance bloom filter-based privacy-preserving record

linkage (PPRL). Their “(Hash)-A” hashing approach tackles information loss by coding q-gram frequency
to more effectively differentiate between records and thus increase matching accuracy. To protect privacy, the
“utility-optimized bloom filter” (UBF) approach utilizes user-level differential privacy (ULDP) to subject only
a subset of bits recognized as sensitive to intense perturbation. This selective protection provides an improved
trade-off between utility (linkage accuracy) and privacy than current methods. Ranbaduge et al. [15] presents
the inaugural multi-party PPRL protocol to combine deep learning into a federated learning paradigm. The
database owners initially encode their records into bloom filters, to which differential privacy noise is injected
to provide provable protection for privacy. Local deep learning models are then trained separately by each party
on feature vectors (similarity/distance scores) derived from such noisy bloom filters. Lastly, the local models
are submitted to a secure aggregator that ensembles them into a global model, which a linkage unit uses to
classify unlabeled data.

Table 2 summarizes the categories of record linkage methods, with the advantages and disadvantages
of each. Our proposed solution optimizes record linkage through the combination of a hybrid blocking strategy
and a TabNet classifier, a deep learning model specifically designed for tabular data. Through this combination,
a new computation-accuracy tradeoff for medium to large datasets is introduced. Firstly, the number of pairs
that need to be compared is significantly reduced by the hybrid blocking technique, lowering the workload
computation while maintaining high recall of potential matches. This is followed by several critical advantages
of the TabNet model: extremely accurate classification is possible, enhanced interpretability is facilitated
through its attention mechanism, and most significantly, it is extremely efficient, with execution time reducing
over 79% compared to a standard DNN.
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Table 2. Comparative table of record linkage approaches
Category Method/study Approach/technique Key features/strengths Mentioned

performance
Reference

PPRL Enhanced bloom
filter PPRL

“(Hash)-A” hashing with
q-gram frequency and UBF
with differential privacy.

Selective protection for
a better accuracy-privacy
trade-off.

Improved trade-off Wang et al. [14]

Machine
learning

Distributed
approach

Regression and SVM on
Apache Spark (MLlib).

High scalability; handles
imbalanced data.

Up to 96.71%
accuracy

Heydari et al. [9]

Probabilistic PRLF Ensemble methods, generalized
linear models, and machine
learning.

Open-source Python
tool; robust against data
degradation and missing
fields.

Robust performance Prindle et al. [8]

PPRL Federated PPRL
with deep learning

Multi-party protocol using
noisy bloom filters to train and
aggregate local models.

First protocol combining
DL and federated learning
for PPRL.

Robust performance Ranbaduge et al.
[15]

Deep learning Transformer model Transformer (Seq2Seq) with
transfer learning.

Very promising; high
efficiency for sequences.

F1-scores of over
96%

Jin et al. [12]

Deep learning Siamese network
on Spark

ANN (Siamese network) to
encode records.

Scalable, designed for big
data.

Efficient for reducing
computation time.

Wolcott et al.
[10]

3. METHOD
In this paradigm, record linkage becomes a supervised learning issue. It starts with leveraging the

freely extensible biomedical record linkage 2 (FEBRL 2) dataset that comprises 5,000 synthetic records with
pre-determined duplicates, thereby serving as training and validation labeled data. For each candidate record
pair, a vector of similarities is calculated by applying stable measures such as the Jaro-Winkler (JW) and
Levenshtein distances. This feature vector is then used to train a deep learning-based classifier, TabNet, in
which duplicate pairs (matches) are learned to be distinguished from non-duplicate pairs. New, unseen record
pairs can then be predicted to be new or not by the learned model. Several inherent challenges of this supervised
learning task are directly addressed by our methodology:
i) Noisy data: real-world data is also infamous for having entry errors, format variations, and missing

values. Our preprocessing stage of uppercase conversion, removal of irrelevant symbols, and numeric
field cleaning guarantees correct results. Furthermore, the JW distance was chosen especially so that
common typographical errors could be tolerated, making the method robust to noise.

ii) Class imbalance: class imbalance is famously a critical issue in record linkage, as was the case in our
earlier work where this problem caused very low precision. Our approach utilizes deep learning models
that perform well on imbalanced tabular data, as is evident from the high precision and recall values
achieved.

iii) Domain adaptation: the fact that the synthetic data might not capture the complexity of real data is cited
as a primary limitation. Therefore, as a key future exercise, the generalizability of our model will be
evaluated on a large, real-world dataset—the North Carolina voter registration (NCVR)—so that it can be
validated to generalize well to a number of production environments.

Artificial intelligence (AI) models, and deep learning techniques in particular, are better equipped to
handle the ambiguity inherent in real-world data, thereby outperforming their classical rule-based counterparts.
While classical rule-based techniques are traditionally described as stiff, greater flexibility and better
performance in handling noisy or missing data are offered by our AI technique. Instead of being fixed and
binary rules being applied, the model is trained from a rich similarity vector. The similarity level is quantified
in terms of similarity scores, which are calculated based on JW and Levenshtein distances, such that variations,
typos, and other forms of error can be managed by the model. The complex interaction among the diverse scores
is then set up by the TabNet model so that it can make a probabilistic decision—a much more sophisticated
task than what could possibly be accomplished by a set of rules. This ability for evidence to be dynamically
weighted and for the most relevant features for any prediction to be established, as shown in our analysis of
interpretability, is why uncertainty is best dealt with by AI.

As previously mentioned, the process is composed of four main steps. First, the data is preprocessed
to clean and normalize it [3]. Next, a hybrid blocking method is employed to reduce the number of comparisons
by dividing the data into smaller, more manageable blocks. Two techniques, sorted neighborhood and standard
blocking, are used to create an index of candidate record pairs. These pairs are subsequently compared using
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similarity measures such as the Levenshtein distance and the JW distance. The resulting similarity scores are
then fed into a classification model. To evaluate performance in terms of execution time and accuracy, TabNet
and a DNN model were utilized, aiming to determine the best trade off between speed and precision [7], [16].
As shown in Figure 2.

Figure 2. Proposed record linkage process

3.1. Training and validation dataset
The training and validation dataset used for this study is the FEBRL 2, which consists of fictitious

records simulating personal information typically found in structured databases. It contains 5,000 rows,
including 4,000 original records and 1,000 duplicate records. The dataset comprises six columns, each
representing a specific attribute related to individuals, such as first name, last name, address, and other personal
details. This dataset is employed to test and validate the proposed record linkage method by replicating real
world conditions encountered in large scale databases.

The main columns include both textual and numerical information, as illustrated in Table 1. These
columns represent the types of data commonly found in administrative or commercial databases and present
typical challenges such as input errors, missing data, and format inconsistencies. In this context, data
preprocessing was essential to normalize certain columns and address inconsistencies, as detailed in the next
section. This step is critical for improving the quality of record matches. Table 3 provides a detailed description
of each column in the dataset, along with concrete examples and remarks regarding the specific characteristics
of each field.

Table 3. Description and specific features of the dataset used
Column name Description Data type Example
given name First name Text SARAH

surname Surname Text BRUHN
address 1 First line of address Text FORBES STREET

state State Text VIC
date of birth Date of birth (format YYYYMMDD) Numeric 19300213

soc sec id Unique social security number Numeric 7535316

3.2. Experimental dataset
Three datasets were generated from the training dataset to experiment with and test the proposed

method, as well as to evaluate the performance of the models and the execution time of each prediction. The
execution time is considered an important criterion in this study, as the objective is to identify a method that
reduces the time required for record comparison and duplicate prediction. Larger datasets were created to assess
the models’ performance at a larger scale. As shown in Table 4, the first dataset consists of 13,000 records, with
10,000 original records and 3,000 duplicates. The second dataset contains 16,000 records, including 12,000
original records and 4,000 duplicates. Finally, the third dataset includes 21,000 records, comprising 16,000
original records and 5,000 duplicates.
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Table 4. Overview of datasets used for experimental model
Column name Dataset 1 Dataset 2 Dataset 3
Total records 13,000 16,000 21,000

Original records 10,000 12,000 16,000
Duplicate records 3,000 4,000 5,000

3.3. Data preprocessing
To enhance data quality and facilitate comparisons during the record linkage process, several

transformations were applied. First, columns containing textual data such as first names, surnames, and
addresses were converted to uppercase to ensure consistency in information representation, regardless of
variations in case. Next, irrelevant symbols and characters, particularly in address fields, were removed to refine
matches and reduce potential inconsistencies [17]. For numeric fields, particularly zip codes, non-conforming
(non-numeric) values were identified and removed to improve the accuracy of comparisons. Additionally, other
specific columns underwent tailored cleaning operations, such as the standardization of abbreviations and the
correction of typographical errors. These preprocessing steps are crucial for ensuring reliable results during the
matching phase [18].

3.4. Indexing
Indexing is a critical step in the record matching process, designed to reduce the number of record

pairs to be compared while maintaining a high level of accuracy in match detection [4]. Given the size of the
dataset used in this study (5,000 records), the total number of potential comparisons without indexing would
be extremely large, potentially reaching several million pairs. To address this challenge, a hybrid blocking
approach was adopted, combining two methods: standard blocking and the sorted neighborhood method. The
efficiency of the process is significantly enhanced by this combination, reducing the number of pairs to be
compared while effectively identifying relevant matches.

3.4.1. Standard blocking
The first method employed is standard blocking [19], which involves dividing records into blocks

based on one or more columns. For this study, records were blocked using the state column. This approach
results in records being grouped by zip code, thereby restricting comparisons to within each block. While
this technique effectively reduces the number of comparisons, limitations arise when dealing with missing or
incorrect zip code values.

3.4.2. Sorted neighborhood
To address these limitations, standard blocking was combined with the sorted neighborhood method.

This technique involves sorting records based on a sort key and then comparing each record with its neighbors
within a fixed size window [20]. By using the surname as the sort key, this method captures matches that
may not be grouped together in standard blocking due to minor variations in zip codes. The sliding window
approach allows comparisons to be made only between neighboring records, significantly reducing the number
of pairs to be compared. Figure 3 illustrates this process, where pairs of records (Record a and Record b) are
compared after sorting. The lines represent potential matches between neighboring records, showing how the
sorted neighborhood method limits the comparisons while capturing relevant matches.

Figure 3. Sorted neighborhood algorithm to index record pairs
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3.5. Hybrid blocking
The combination of standard state-based blocking and the sorted neighborhood algorithm forms a

robust hybrid blocking approach. First, standard state based blocking reduces the number of pairs to be
compared by excluding records that are geographically too distant. Second, the sorted neighborhood algorithm
refines this process by performing comparisons between records sorted based on their surname, thereby
capturing matches that might have been missed by standard blocking alone [21]–[23]. As illustrated in Figure 4,
these two methods work together to improve the efficiency and effectiveness of record matching.

Figure 4. Hybrid blocking method was used

The hybrid approach offers several advantages. The complexity of comparisons is significantly
reduced while maintaining a high degree of accuracy in matching records. It effectively handles minor
variations in textual data, input errors, and missing values in specific columns. Following this step, an index
of over 2.8 million record pairs is generated, which will be compared and classified as either matched or
unmatched pairs. Table 5 presents the number of record pairs for each dataset, highlighting that as the number
of records in a dataset increases, the number of record pairs for comparison also grows.

Table 5. Number of record pairs for each dataset
Dataset Train/validation Exp. dataset 1 Exp. dataset 2 Exp. dataset 3

Total records 5,000 13,000 16,000 21,000
Pairwise indexes 28,700 2,900,000 4,200,000 7,300,000

This comparison Table 6 different blocking strategies in terms of how well they perform in reducing
the number of candidate pairs for record linkage. While a full index results in nearly 12.5 million pairs
(0% reduction), the best performing method is the proposed hybrid blocking approach. It greatly minimizes
the number of comparisons to just 28,702 pairs with an accomplishment of 99.77% reduction ratio (RR). This
emphasizes the central contribution of the hybrid strategy to improving the computational efficiency of the
record linkage pipeline.

Table 6. Comparison of blocking strategies by number of candidate pairs and RR
Method Number of pairs RR (%)

Full index 12,497,500 0.00
Blocking (state) 2,768,103 77.85

SortedNeighbour (surname) 75,034 99.40
Hybrid blocking 28,702 99.77

3.6. Comparison phase
In the comparison phase, similarity measures are applied to assess the correspondence between record

pairs. Two well established methods, JW and Levenshtein distances, have been selected for this task. Each
comparison produces a similarity score ranging from 0 to 1, reflecting the degree of correspondence between
field values. These scores are then aggregated into a similarity vector, which summarizes the overall similarity
between the two records. This similarity vector serves as the foundation for the subsequent classification phase,
where it is determined whether the records represent the same entity.

3.6.1. Jaro-Winkler distance
The JW distance metric is especially effective for short strings, such as names. In this study, it

was applied to several fields, including given name, surname, address 1, and state. By taking into account
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both character matches and their order, the JW distance is sensitive to common typographical errors, making
it particularly suitable for record matching tasks [24]–[26]. The JW improves the Jaro distance by adding a
prefix scale:

JW = J + (l × p× (1− J)) (1)

In this equation, l is the length of the common prefix (up to 4 characters), and p is a scaling factor, usually 0.1.
The adjustment favors strings that match from the beginning.

3.6.2. Levenshtein distance
The Levenshtein distance metric calculates the minimum number of operations (insertion, deletion, or

substitution) required to transform one string into another. In the context of this study, Levenshtein distance
was applied to numerical fields such as date of birth and soc sec id. This approach effectively quantifies the
differences between records, even when there are variations in data entry, such as errors in date formatting or
incorrect postal codes [27]. The Levenshtein distance, also known as the edit distance, measures the minimum
number of single-character operations required to transform one string into another. The operations permitted
include insertion, deletion, and substitution.

The Levenshtein distance measures the minimum number of single character edits required to change
one string into another. The permitted operations include insertion, deletion, and substitution. The recursive
formula for computing the Levenshtein distance d(a, b) between two strings a and b is defined as:

d(a, b) =



max(len(a), len(b)) if min(len(a), len(b)) = 0

d(a−1, b−1) if a = b

1 + min


d(a−1, b)

d(a, b−1)

d(a−1, b−1)

otherwise
(2)

– a and b are the two strings being compared.
– d(a, b) is the minimum number of edit operations needed to convert string a into string b.
– The allowed operations are: i) insertion of a single character, ii) deletion of a single character, iii) substitution

of one character for another
– len(a) and len(b) denote the lengths of the strings a and b, respectively.
This algorithm is widely used in approximate string matching and natural language processing tasks, as it
provides a quantifiable measure of similarity between two sequences based on their structural differences.

In Figure 5, each row represents a pair of records, and each column shows the score for the
corresponding attribute. For instance, for the first record pair, the scores are 0.466667 for the first name
(given name score), 0.455556 for the surname (surname score), and so on. These individual attribute scores
are combined to calculate an overall similarity score for each pair of records. The similarity measures are
selectively applied to the record pairs generated in the previous step, which uses a hybrid blocking system.
This technique reduces the number of comparisons required, optimizing the process while maintaining a high
precision rate. As a result, similarity vectors are generated, where each pair of records is associated with a
similarity score for each attribute.

Figure 5. Comparison of record pair similarities using JW and Levenshtein distances
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High scores indicate a strong similarity between the attribute values, suggesting a probable match
between the records. This detailed scoring system offers greater flexibility in the final classification
step. While traditional record linkage methods typically apply a global similarity threshold to determine
matches, our method classifies record pairs as either matching or non-matching using TabNet, a deep learning
model specifically designed for tabular data. This approach was selected to improve both accuracy and
execution time.

3.7. Classification models
For our record linkage experiment, a pragmatic hyperparameter search strategy was utilized for two

classification models: TabNet and DNN. Rather than exhaustive search, we took established parameters. We
trained the TabNet model at learning rate 0.02, max epochs of 6, and patience of 5 for early stopping. On the
other hand, the DNN was regularized with binary cross entropy loss and employed dropout and early stopping
as methods of regularization. The choice of model was based on a balance between performance as indicated
by accuracy and execution time, and computational efficiency. The goal was to achieve the model offering the
best balance for deployability at scale.

3.7.1. TabNet
TabNet is a deep learning model uniquely designed for the effective handling of tabular data. Unlike

traditional neural network architectures [28], [29], TabNet employs an innovative approach that integrates
attention mechanisms with a hierarchical structure to identify and extract relevant features from the data, see
Figure 6. This model has demonstrated significant success in tasks involving structured datasets, due to its
ability to focus on the most informative parts of the data while maintaining interpretability.

Figure 6. The TabNet model for record pair classification

The TabNet model begins with the feature transformer, which transforms the input variables into
richer representations suitable for prediction tasks. This component consists of four layers: fully connected
layers (dense layers) that integrate the variables, batch normalization to stabilize the learning process,
and specific activation functions such as gated linear units (GLU) that dynamically select relevant information.
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The primary purpose of the feature transformer is to extract complex, non-linear representations of the data,
capture interactions between variables, and prepare these representations for the next phase the attentive
transformer module.

Before progressing to the attentive transformer, the data is divided using a split mechanism into
two parts. The first part produces a partial prediction result, while the second part is forwarded to the
attentive transformer, which focuses on selecting relevant features. The attentive transformer leverages an
attention mechanism to identify and emphasize the most important columns at each stage, capturing intricate
relationships among them. This approach enables TabNet to dynamically select relevant combinations of
columns, improving its efficiency and flexibility in prediction tasks involving structured data. Once the
relationships between columns have been identified, the model dynamically selects the relevant columns at
each step using a mask. This process is iterated 10 times to generate the final prediction for each record pair,
determining whether they are a match or not. Due to its architecture, TabNet has proven to be an effective tool
for classification tasks, particularly in the context of structured data.

3.7.2. Neural networks deep neural networks
Deep learning models, particularly DNNs, have become increasingly utilized for solving record

linkage problems, including tasks such as record pair classification, record normalization, and similarity
computation between records [6], [30], [31]. The DNN model used for record pair classification consists
of three dense layers: an input layer with 256 nodes employing the ReLU activation function, followed by a
dropout layer for regularization; a hidden layer with 128 nodes, also utilizing the ReLU activation function
and a dropout layer; and an output layer with a single node using a sigmoid activation function for binary
classification see Figure 7 (1 for matched records and 0 for unmatched records). Table 7 presents a comparison
between the TabNet model and the DNN in terms of architecture, scalability, training time, performance, and
other relevant factors. The advantages of the TabNet model over the previously employed DNN are clearly
highlighted in the table.

Figure 7. The DNN model for record pair classification

Table 7. Comparison between TabNet and DNNs
Criteria TabNet DNN

Data type Optimized for tabular data Can process various data types (images and text)
Architecture Uses attention mechanisms and dynamic masks Composed of fully connected layers
Activation functions Sparse activation via attention Non-linear functions such as ReLU, sigmoid
Interpretability High due to the attention mechanism Limited due to complex structure
Overfitting prevention Integrated regularization techniques Dropout, early stopping, etc.
Scalability Efficient on large tabular datasets Requires more resources for large datasets
Training time Fast due to feature selection via attention Can be long with deep architectures
Performance Performs well on imbalanced tabular data Requires tuning for optimal performance
Typical applications Classification and regression on tabular data Computer vision, NLP, and more
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Algorithm 1 outlines the overall process of our record linkage procedure. It begins with preprocessing
data for standardization. A hybrid blocking strategy is next used to strategically reduce the search space by
selecting only the most likely candidate pairs. For each of these candidate pairs, a similarity vector is calculated
with measures such as JW and Levenshtein. Finally, these vectors are used to train our TabNet classifier, which
gives us the final output of whether to match the records.

Algorithm 1 Record linkage pipeline with hybrid blocking and TabNet

1: Input: dataset A, dataset B
2: Output: set of matched pairs M

// Step 1: preprocessing
3: for each record r in dataset A and B do
4: Convert text fields to uppercase
5: Remove irrelevant symbols
6: Clean numeric fields
7: end for

// Step 2: Candidate pair generation (hybrid blocking)
8: Pstandard ← StandardBlocking(A,B, on=’state’)
9: Psorted ← SortedNeighborhood(A,B, on=’surname’)

10: Pcandidates ← Pstandard ∪ Psorted
// Step 3: Similarity vector calculation

11: S ← Initialize empty list for similarity vectors
12: for each pair (ra, rb) in Pcandidates do
13: sim vector ← CalculateSimilarityScores(ra, rb) ▷ Jaro-Winkler, Levenshtein
14: Append sim vector to S
15: end for

// Step 4: Classification
16: TabNetmodel ← TrainTabNetModel(labeled similarity vectors)
17: M ← PredictMatches(TabNetmodel, S)
18: return M

3.7.3. Evaluation metrics
The classification performance of our model is evaluated using four key metrics: accuracy, precision,

recall, and F1-score. These measures are calculated based on the elements of the confusion matrix, true
positives (TP), false positives (FP), false negatives (FN), and true negatives (TN).

– Accuracy: accuracy represents the proportion of correctly classified pairs, including both duplicates and
non-duplicates. The formula for accuracy is:

Accuracy =
TP + TN

TP + FP + FN + TN

Where TP is number of correctly matched record pairs (i.e., actual duplicates correctly identified). FP is
number of non-duplicate pairs incorrectly classified as duplicates. FN is number of duplicate pairs that the
model failed to identify. TN is number of correctly identified non-duplicate pairs.

– Precision (positive predictive value - PPV): precision measures the proportion of predicted matches that are
actually correct:

Precision =
TP

TP + FP

– Recall (sensitivity or true positive rate - TPR): recall indicates how many actual duplicates were correctly
identified:

Recall =
TP

TP + FN
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– F1-score: the F1-score is the harmonic mean of precision and recall, balancing both FP and FN:

F1 = 2× Precision× Recall
Precision + Recall

The methodological choices presented above are not only technically sound but are also seen as
contributing to the novelty and practical relevance of the proposed approach. The originality of the proposed
approach is demonstrated through the integration of hybrid blocking techniques with TabNet, a deep learning
model specifically designed for tabular data. Unlike existing methods that are often dependent on complex
distributed infrastructures or conventional classifiers with limited scalability, a more efficient and accessible
alternative is offered. A significant reduction in candidate record pairs is achieved by combining standard
blocking with the sorted neighborhood method, while preserving high matching quality. TabNet is employed
to enhance interpretability and to reduce prediction time by over 79%, thus enabling practical deployment in
real-time or near real time scenarios. As a result, this approach is particularly well suited for use cases such as
healthcare data integration, fraud detection, and customer database deduplication, especially in environments
where computational resources are limited.

4. RESULTS AND DISCUSSION
This section presents the results related to the performance and prediction time of each model.

The models were initially trained using 80% of the FEBRL 2 dataset, with the remaining 20% reserved for
validation. This division ensured proper model training and evaluation. Afterward, the models were tested on
larger datasets across three distinct scenarios.

The timely impact of our hybrid blocking mechanism can be considered an ablation study on
computational load. As outlined in Table 6, not including the blocking factor (the “full index” scenario) would
result in a comparison of nearly 12.5 million candidate pairs. Our hybrid approach drops this significantly
to just 28,702, with a 99.77% reduction in computational load. This result is the primary motivation behind
adopting the blocking step, as classifying the full set of pairs would be computationally inefficient, thus proving
the efficiency of our suggested pipeline.

4.1. Training and validation phase
As shown in Table 8, the models exhibit a notable difference in speed while maintaining high

classification performance. On a dataset of 500,000 pairs, the TabNet model processed the data in just 17.23
seconds, significantly faster than the DNN model which required 82.06 seconds, underscoring TabNet’s
superior efficiency for large-scale or real-time processing. In terms of performance metrics, both models
proved to be highly effective, achieving a precision of 0.99, a recall of 0.98, and an F1-score of 0.98. These
results suggest that while both models are well-suited for applications where accuracy is paramount, TabNet
offers a considerable advantage in execution time.

Table 8. Performance metrics and execution time for TabNet and DNN models
Model Accuracy Precision Recall F1-score Time (seconds)
DNN 0.99 0.98 0.98 0.99 82.06

TabNet 0.99 0.98 0.97 0.99 17.23

The side-by-side comparison of the results is shown in Figures 8 and 9 that both the TabNet and
DNN models are performing an excellent level on the record linkage task. Even though the DNN shows
a slight edge of pure performance with the ideal area under the curve (AUC) score of 1.000 and only
4 missed duplicates, compared to 17 for TabNet (AUC of 0.995), both models performed exceptionally by
having zero false positives, which is of critical importance for data integrity. This marginal performance
difference must be weighed, however, against TabNet’s enormous advances in computational efficiency and
inherent interpretability. As a result, TabNet stands as the most pragmatic and well-rounded method for
large-scale deployment, offering near-perfect performance while ensuring efficiency and transparency.

While this research demonstrated the effectiveness of our model, testing our framework on the
synthetic FEBRL dataset is a principal limitation because such data may fail to capture the complex noise and
diverse distributions of real-world data. One principal area of future research is thus to validate our model’s
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generalizability and insensitivity in a naturalistic setting. With this goal in mind, we plan to evaluate and
test our TabNet-motivated approach on the vast-scale NCVR dataset. This significant move will subject the
actual-world applicability of our solution to testing, checking whether its combination of high performance,
efficiency, and interpretability translates effectively to production environments.

Figure 8. Confusion matrices for TabNet and DNN

Figure 9. ROC curves for TabNet and DNN

4.2. Experimental phase
To further assess performance of the TabNet and DNN models, three additional tests were conducted

using larger datasets than those employed in the initial evaluations. The first dataset (dataset 1) contains 13,000
records, the second dataset (dataset 2) consists of 16,000 records, and the third dataset (dataset 3) includes
21,000 records. These tests were designed to evaluate the models’ robustness and scalability when faced with
progressively larger datasets.

The evaluation and testing of the TabNet and DNN models yielded generally satisfactory results as
shown in Figures 10 to 15, with high precision, recall, and F1-score metrics for both models. Specifically,
both models achieved a precision of 0.99, recall of 0.98, and an F1-score of 0.98. A comparative analysis,
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presented in the figures, highlights the differences in execution time and accuracy between the two models.
Notably, TabNet significantly outperforms DNN in terms of computation time, reducing processing time by
approximately 79%. For a dataset of 500,000 pairs, TabNet completed the task in 17.23 seconds, compared
to 82.06 seconds for DNN. This time advantage is crucial for applications that process large volumes of
data, particularly in real time or near real time environments such as epidemiological surveillance systems or
commercial database integration platforms.

Figure 10. Comparison of execution times for
dataset 1

Figure 11. Testing phase metrics for dataset 1

Figure 12. Comparison of execution times for
dataset 2

Figure 13. Testing phase metrics for dataset 2

Figure 14. Comparison of execution times for
dataset 3

Figure 15. Testing phase metrics for dataset 3
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In terms of accuracy and recall, TabNet’s performance is comparable to that of DNN, with a slight
decrease in accuracy as data size increases. This suggests that further fine tuning of hyperparameters could
improve model stability when working with larger datasets. Additionally, an error analysis reveals that
both models are sensitive to noisy data and textual inconsistencies, highlighting the importance of rigorous
data preprocessing to enhance input data quality and improve classification performance. The effectiveness
of the similarity measures used, specifically the JW distance for textual data and Levenshtein distance for
numerical data, played a key role in achieving a high rate of exact matches. These measures effectively address
typographical errors and variations in data formats, ensuring accurate pair comparisons.

When compared to traditional probabilistic methods, such as the Fellegi-Sunter model, the machine
learning-based approach offers greater adaptability and better performance in handling noisy or incomplete
data. Furthermore, when compared to distributed approaches using Apache Spark, as proposed by [9], our
method stands out for its simplicity of implementation and efficiency on moderately sized datasets. Although
distributed approaches are more suitable for very large datasets, their reliance on complex and costly computing
infrastructures remains a notable limitation. In conclusion, these findings suggest that TabNet is the preferred
choice for handling large datasets due to its faster execution time, while still maintaining competitive accuracy.
However, further optimizations in hyperparameter tuning and data preprocessing are essential to ensure model
stability and accuracy as data volumes continue to increase.

4.3. Interpretability analysis
One of the advantages of TabNet lies in its inherent interpretability, which allows us to track the

model’s decision-making. The global feature importance as calculated by the trained TabNet model is
presented in Figure 16. We observe birth score to be the most common feature, with a huge majority of
the model’s predictions relying on it. This indicates that the model has learned to rely significantly on the
date of birth as the primary predictor in discovering duplicate records. While this works efficiently on the
FEBRL dataset, this high reliance on a single feature puts into perspective the importance of data quality
for this specific attribute. The model employs soc sec id score and address 1 score as secondary predictors,
with the other features contributing minimally. This transparency is such a big deal, because it makes explicit
suggestions as to how the model behaves, as opposed to typical ’black-box’ techniques like the DNN.

Figure 16. Global feature importance

Figure 17 illustrates model case-by-case logic. Figure 17(a) to confirm actual duplicate (case 1),
it firmly focuses on a single piece of strong similarity evidence (in this case, the address). Conversely,
Figure 17(b) to eliminate a non-duplicate (case 2), it sensibly picks one important difference (date of birth) to
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make its decision, even though other fields might be similar. This capability of adjusting its strategy based on
the use of one prominent feature for every prediction illustrates clear and effective behavior.

(a)

(b)

Figure 17. Local interpretability: analysis of individual predictions, correctly identified of (a) duplicate, and
(b) non-duplicate

5. CONCLUSION AND FUTURE WORK
The evaluation of the TabNet and DNN models highlights their effectiveness in addressing record

linkage tasks, as evidenced by their high performance across precision, recall, and F1-scores, achieving
values of 0.99, 0.98, and 0.98, respectively. While both models demonstrated comparable accuracy, TabNet
distinguishes itself with its remarkable computational efficiency, reducing prediction time by approximately
79% when compared to DNN. This advantage makes TabNet particularly suitable for real-time applications
and large-scale data processing. Furthermore, this study emphasizes the critical role of preprocessing and
robust similarity measures such as JW and Levenshtein in enhancing model performance, particularly when
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dealing with noisy or inconsistent data. In comparison to traditional probabilistic models like the Fellegi-Sunter
model, and even distributed solutions based on Apache Spark, the machine learning based approach proposed
here demonstrates superior adaptability and ease of implementation for medium-sized datasets. Future work
could explore the integration of TabNet into distributed infrastructures, such as Apache Spark or Hadoop, to
better address big data challenges. Additionally, the development of semi-supervised or unsupervised methods
to reduce reliance on labeled data, along with evaluating the approach on real world and diverse datasets,
would be valuable steps for validating its generalizability. These efforts will further promote the adoption of
TabNet and enhance its robustness for large-scale applications in big data environments. Future work will
also focus on exploring the transferability of learned representations and domain adaptation techniques so that
model generalizability can be enhanced. Inspiration will be taken from the success of transfer learning in
related sequence matching tasks and an experiment will be done to see if feature representations learned by
TabNet can be transferred to speed up training on new domains, especially where there is limited labeled data.
Furthermore, development using semi-supervised or unsupervised methods is actually formally proposed as a
main domain adaptation technique, through which dependence on labeled data is intended to be reduced and use
of our solution in real-world heterogeneous environments like healthcare and finance made more convenient.
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