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Abstract

The idea of record linkage is to find records that refer to the same entity
across different data sources. There are multiple synonyms that refer
to record linkage, such as data matching, entity resolution, entity dis-
ambiguation, or deduplication etc. Record linkage is useful for lots of
practices including data cleaning, data management, and business in-
telligence. Machine learning methods include both unsupervised and
supervised learning methods have been applied to address the problem
of record linkage. The rise of the big data era has presented new chal-
lenges. The trade-off of accuracy and scalability presents a few critical
issues for the linkage process. The objective of this study is to present an
overview of the state-of-the-art machine learning algorithms for record
linkage, a comparison between them, and explore the optimization pos-
sibilities of these algorithms based on different similarity functions. The
optimization is evaluated in terms of accuracy and scalability. Results
showed that supervised classification algorithms, even with a relatively
small training set, classified sets of data in shorter time and had approx-
imately the same accuracy as the unsupervised counter-parts.
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1 Record Linkage

1.1 Background

Record linkage is the task of finding records in a data set that refer to the same entity across
different data sources (e.g., websites, databases). There are many different names that refer
to this practice, data matching, entity resolution, entity disambiguation, deduplication etc.
[1]. The principle practice of record linkage is to find similarities between two records. A
geneticist sparked a theoretical idea of decision rules for defining matches and non-matches
between different sets of data around the 1950s [4]. The idea soon showed promise in com-
putations on large health files. Fellegi and Sunter later layed the mathematical foundation
for this idea [2]. They introduced similarity functions to calculate an estimate of how similar
two records are[2]. The contributions from these three persons spawned the idea of record
linkage.

Table 1 contains the records of two persons. It is representative for the record linkage
problem since it visualizes that the same person may have different assigned attributes in
different datasets and still correspond to the same real-world entity.

Attribute Dataset-1 Dataset-2
First Name Alice Alicia
Last Name Smith Smith
Date of Birth 19950821-1320 199508211320
Phone Number 265-5984156 151-0484631

By using record linkage approaches it is possible to identify relations and categorize data
according to real world entities. Table 1 shows that the same person attribute may be rep-
resented in different forms in different data sources. By using comparison functions on
the numeric and textual data in a linkage process and then using classification algorithms
we can find whether a pair is a match or not. With the growing number of distributed and
heterogeneous datasets, effective record linkage solutions are very valuable for finding a
unified view of data [3]. This report is focused on a field comparison and classification
phase in the general record linkage approach.

1.2 Challenges

Many different solutions to this problem have been researched and developed. The un-
derlying data is what ultimately effects the result of a linkage process [15]. Because of
this the most commonly used algorithms follow a general step-by-step approach, but due
to the high correlation between data and result, the configuration of each step may vary.
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Therefore, based on the no free lunch theorem 1, there is no well-defined way to solve a
real-application problem.

Scalability issues present big challenges when the attributes in records are complicated and
the scale of datasets is large. When considering all pairs from a dataset A of size |A| and
a set B of size |B| the complexity of checking the similarity grows to size |A| × |B|. For
example, imagine that |A| = 1000000, |B| = 1000000 and that a similarity function that
takes 2 records and calculate a similarity takes 1ms. This means that the total time it takes
to control all the pairs adds up to 1∗10−3 ∗1012 = 109s. The computational cost will grow
with an increasing amount of pairs to evaluate.

1.3 Objective

The objectives of our research include i) An overall view of the problem with record linkage
[1, 11, 12]. ii) A comparison of different state-of-art record linkage algorithms – especially
supervised and unsupervised record linkage machine learning algorithms – with regards to
optimizing the accuracy and scalability of record linkage.

1.4 Contributions

Through a literature review, development, deployment and experimental studies, we

• investigate the accuracy and scalability for the state-of-the-art machine learning algo-
rithms of record linkage and

• explore the difference between 3 commonly used similarity functions in terms of
accuracy and scalability.

1https://en.wikipedia.org/wiki/No free lunch theorem
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2 The General Approach

The general approach for tackling a record linkage problem has been well-described by
Peter Christen [24]. As shown in Figure 1 the steps toward information about matching
pairs, generally involves a preprocessing of the different input data as a first step. Evaluation
is often considered at the very end of this process. Our approach to the evaluation stage will
be described in the experimental setup part in Section 5.

2.1 Preprocessing

Preprocessing – which can also be described as data cleaning – is used to get records in a
canonicalized form [15]; this is very important for recognizing similarities. Most real world
data is noisy with different formatted fields which can make the cost of data integration very
high. The results of using simpler cleaning methods – like removing possible typos – have
shown improvements on linkage results [11]. Other methods worth mentioning include
the transformation of textual fields into a phonetic encoding. This transformation makes it
easier to establish a consensus of e.g. mistyped names.

Data set A Data set B

Preprocessing Preprocessing

Blocking/Indexing

Field comparison

Weight vector classification

Matches Non-matches Possible matches

Evaluation

Clerical 
review

Figure 1: A general approach to solve a record linkage problem.
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2.2 Blocking/indexing

Fellegi and Sunter introduced the blocking issue when they established the mathematical
foundation for record linkage [2]. A complete check of all record pairs could become very
computationally hard [1]. By using different blocking/indexing techniques one reduces the
amount of pairs to check. If two pairs of record attributes are completely dissimilar; those
record comparisons are blocked. The blocked pairs do not need to be evaluated and instead
the upcoming similarity measures can be used only on the matching pairs.

Table 2
Attribute Data set 1 Data set 2
First Name Bert Bert
Date of Birth 1959-08-21-1320 1995-08-21-3039

The blocking/indexing-step leads to its own research area. Many different methods exist,
reaching from trivial techniques were blocking is done on attributes[21] that is expected to
be exactly the same, e.g. ”Date of Birth” in Table 2, to machine learning techniques [21, 14].
For practices of scaling and storing big data, blocking/indexing is of great importance[1],
but it is out of the scope of this study.

2.3 Field comparison

The end result of record linkage is to output a unified dataset without duplicate entities.
Duplicate entities between the datasets – which are about to be merged – are found by
comparing fields. The effectiveness of finding duplicates depends on the similarity between
attributes/fields. Similarity measurements vary depending on the type of data that is to be
evaluated. For example if we want to measure similarity between names, the focus lies on
finding lexicographical differences. A comparison usually ends with a vector containing
numerical similarity values [17, 11, 16].

2.4 Classification

Given the output from field comparisons, classification algorithms are used to categorize
each pair of records as ”matches” or ”non-matches”. Our research mostly focuses on this
step in the record linkage process. Non-matches now all consist of blocked records and
additional non-matches are found by using different categories of decision models. A later
chapter will describe the state-of-the-art decision models. Possible matches are handled by
a clerical review process which often needs user input; a time-consuming task.
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2.5 Evaluation

The performance of record linkage could be evaluated in terms of different measurements:
such as accuracy, clustering purity/impurity, clustering precision/recall/F-measure etc. When
considering scalability, the focus of the evaluation process lies on the running time for
training and testing the learning algorithms. The analyses of record linkage strategies use
many metrics dependent on the following, which are measures of found matches versus true
matches etc.:

• True Positives (TP),

• True Negatives (TN),

• False Positives (FP),

• False Negatives (FN).

Accuracy is defined as
T P+T N

T P+FP+T N +FN
. (2.1)

Precision is
T P

T P+FP
.

Recall is
T P

T P+FN
,

and F-measure is
2∗Precision∗Recall

Precision+Recall
.

Accuracy matters for scalability, but in order to have useful methods on large amount of
data other factors become important. With scalability the practicalness of using a method
on data is emphasized, with regards to accuracy but also how fast the linking can be made.
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3 Similarity Functions

As shown in Figure 1, the final output of a general approach will consists of the following
sets:

M : Set o f matches,
U : Set o f non−matches.

Capital letters A and B correspond to two sets that contain records. These records are
referred to as α(a) which belongs to A, and β(b) which belongs to B. a and b are represen-
tative for characteristics such as a name. Therefore the set of matches is

M = {(a,b);a = b,aεA,bεB},

and non-matches
U = {(a,b);a 6= b,aεA,bεB}.

The size of a set, e.g. A, is denoted by |A|. The set of ordered pairs

AxB = {(a,b);a 6= b,aεA,bεB},

with a total size of |A| x |B|.

When Fellegi and Sunter layed the mathematical groundwork for record linkage[2] they
introduced a comparison vector function γ[α(a),β(b)]. This comparison vector is observed
during the linkage process. With its total comparison space, Γ, consisting of matches, non-
matches and those we cannot decide, the result is a pair of elements (a,b) that belong to the
set M, U or P. Where P is the set of undecided pairs. For a match M γ[α(a),β(b)] = 1 and
on disagreement γ[α(a),β(b)] = 0.

In the following subsection, three commonly used similarity functions are introduced, which
will be used to optimize the state-of-the-art algorithms.

3.1 Cosine similarity

The cosine similarity is calculated as the euclidean distance of the dot-product between two
vectors, α(a) and β(b). The euclidean distance is calculated as following:

‖α‖=
√

α ·α (3.1)

and the dot-product is
α ·β = Σ

N
i=1αi βi, (3.2)
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making the cosine similarity function, using (3.1) and (3.2),

cosine(α,β) =
ΣN

i=1αi βi√
ΣN

i=1α2
i

√
ΣN

i=1β2
i .

(3.3)

3.2 Jaro-Winkler

The similarities between the two strings can be measured using Jaro-Winkler similarity.
This function is an adaption of a method developed by Jaro[18]. Jaro-Winkler similarity
sim jw is obtained by using the Jaro similarity sim j.

sim j =
{0, when m=0

1
3 (

m
|α(a)|+

m
β(b)+

m−t
m ), otherwise

(3.4)

.

In the above equation, m, is the number of matches and t is half the number of transposi-
tions of letters to obtain the other strings character ordering. The Jaro-Winkler similarity
corresponds to the following equation:

sim jw = sim j +(l p(1− sim j)), (3.5)

where l is the length of common prefix starting in the beginning of the string and continuing
for up to 4 characters p is a scaling factor depending on how much the common prefix should
affect the similarity score. sim j is displayed in (3.4). The final result used as the distance
between the two strings is obtained by taking 1− sim jw

.

3.3 Edit distance

Edit distance is measured as the number of transformations it takes to transform β(b) from
α(a) in terms of different operations. It is classified as a token-based similarity function.
These operations are a set of finite rules of the form:

δ(a,b) = t.

Where t represents the number of transformations. The set of different operations varies
between edit based similarity measurements. Edit distance accept;

• Insertion: δ(ε,c), meaning an insertion of the character c.

• Deletion: δ(c,ε), deletion of character c.

• Substitution: δ(c0,c1), meaning a substitution of c0 by c1[23].

For example; the edit distance between ”Hello” and ”Jello” is 1, the edit distance between
”Good” and ”Goodbye” is 3 and the edit distance between any string and itself is 0.
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4 Related Work

The choice of strategy depends on the data that is used for the linkage. In this section an
outline of the main approaches is presented. Although a mix of these can be used together,
the difference between them is clear, as will be described. What the strategies have in
common is that they are all used to find matches, non-matches and possible matches. Two
classic approaches exist: Deterministic linkage and probabilistic linkage. Modern research
mainly involves usage of different machine learning methods. Below follows a description
of these three approaches.

4.1 Deterministic linkage

For the unlikely scenario that the data in a real world application is perfectly clean, a deter-
ministic approach may yield very good results. It has been used in medical research where
the process has been used iteratively, showing a high validity of the resulting match pairs
[10]. When taking two record pairs, a deterministic algorithm inspect agreement on a given
identifier and the outcome will either be a true or a false response. Exact matching is one
type of linkage which can be used when a unique identifier exists. Exact matching is very
precise – as the name suggests – but a unique identifier rarely exists when conducting a
linkage. Another type is rule-based matching, the comparison is made character by charac-
ter and depending on strategy an error may indicate a non-match or it may initiate another
comparison [24, 19, 4].

4.2 Probabilistic linkage

One problem with the deterministic approach is that it needs clean and correct data. Con-
sider for example these strings: s = Bert, t = bert. A strict deterministic approach would
consider s and t as corresponding to different entities; clearly, this is prone to errors. If
instead t = Burt we would consider this as a completely different name. For probabilistic
linkage the importance of errors are taken into account by classifying errors by weights
[10, 2, 19].
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4.3 Machine Learning Approach

Record linkage can be viewed as a clustering/classification problem. Nowadays, machine
learning solutions are commonly used, including supervised and unsupervised learning
methods. The use of machine learning algorithms has proven valuable. The non-learning
counterparts may or may not fit for a specific dataset while learning is more adaptable
[20, 22, 19, 13].

4.3.1 Supervised Machine Learning

Supervised machine learning methods are trained using labeled training sets; such as an
input where the desired output is known. Examples of commonly used methods are:

• SVM (Support Vector Machine) is a supervised learning algorithm and currently the
best-known classifier, which is a separating hyperplane [5, 6].

• Logistic regression is used to solve classification problems, where the objective is
a categorical variable. The activation function in logistic regression is the sigmoid
function. Logistic regression is simple and effective with probability output [6].

• The Naive Bayes-method assumes that all features are independent given the class
label. Bayes networks are based on conditional probability. Naive Bayes is often a
good choice if you don’t have much training data [7].

4.3.2 Unsupervised Machine Learning

Unsupervised learning gets its name from the fact that this type of learning algorithms do
not need a set of training data. These methods are inferring a function to describe hidden
structures from unlabeled data. Examples are:

• KMeans is a partitional clustering approach. K points are used to represent clustering
result Each point corresponds to the center (Mean) of a cluster. And the number K,
must be specified [8].

• ECM (Expectation Conditional Maximization), it is used in statistics and machine
learning as a method for optimizing the result iteratively by increasing a lower bound
in each step, where the lower bound is set by assuming independent attributes [9].
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5 Experimental Studies

This section covers the platform and resources used in this report to address the record link-
age problems. It will explain the choice and usage of dataset and from that, move forward
to an explanation of the chosen linkage strategy. This section will also specify what al-
gorithms and functions that has been tested. Finally, a description of the standard record
linkage metrics – that has been used – is provided.

The main focus of the experiments was on comparison, analysis and optimization of well
established machine-learning algorithms that apply to learnable similarity functions for pre-
dicting matches and non-matches. Two problems that arises when dealing with larger sets
of data were dampened by restricting the problem domain. According to earlier studies, the
impact when dealing with record linkage on a large scale will be that the algorithms get
more sensitive to an increasing number of datasets and incomplete data[1, 25]. To tackle
this, we restricted the problem domain to two datasets. Preprocessed data were used for
testing the algorithms to make sure that the datasets had the same canonicalized form[13].

5.1 Resources

The resources used in the experimental part are described in this section.

5.1.1 Hardware & Software

In order to gather test data, we have used the specification described in Table 3.

Table 3 Specification on hardware and software used when running the tests.

Name Version
OS Ubuntu 16.04 LTS 64-bit
CPU Intel Core 2 Duo CPU P7550, 2.26GHz * 2
RAM 4 GB
Hard drive HDD 500 GB
Programming language Python 2.7
IDE Jupyter notebook
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5.1.2 Toolbox

The toolbox which were used comes from an open source project called “The Record Link-
age Toolbox”1. This includes libraries containing two datasets as well as state-of-the-art
classification algorithms of record linkage. For different configurations the authors have
used the Jellyfish toolkit which includes state-of-the-art similarity measurement functions.
Different configurations of the algorithms were used in the experiment, these were pro-
vided by the toolkit1. In order to try comparison algorithms we have made adaptations of
one dataset. The other provided dataset was preconfigured for testing classification algo-
rithms. The two datasets and their application gave us an opportunity to isolate the problem
when testing the comparison and classification part of the general record linkage process.

5.1.3 Dataset

Two types of datasets were used for comparison of different algorithms and configurations.
These datasets are from the Record Linkage toolbox. For the evaluation of supervised and
unsupervised machine learning algorithms the Krebsregister dataset were used. It consists
of data from a cancer study made by the Institute for Medical Biostatistics, Epidemiology
and Informatics (IMBEI) and the University Medical Center of Johannes Gutenberg Uni-
versity in Mainz, Germany. The data in the Krebsregister is precompared using phonetic
transformation and equality measurements. The published set consists of 5749132 record
pairs. 20931 pairs are known matches obtained from an extensive review involving several
documentarists.

The second set was imported from the FEBRL(Freely Extensible Biomedical Record Link-
age) project. It consists of randomly generated personal data. The records kept in the dataset
consists of both string and numerical data (see Table 3). The data has been formatted such
that capital letters has been removed before hand, as can be seen in the table. This offers
the ability for considering an analysis of the comparison and classification step due to the
assumption of clean, non-precompared, data.

Table 4 This is a sample from the FEBRL dataset, showing attributes and field values.

rec id given name surname street nr adress 1 adress 2 suburb
rec-796-org louise heenan fernlea lakes entrance
rec-690-org edward dent 28 shipard place glenview picton

1https://recordlinkage.readthedocs.io/en/latest/
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5.2 Record Linkage Strategies and Optimization

To find a solution, the experiments were based on a two-step process. The first step was to
try different machine learning algorithms on the Krebsregister data. The size and number
of known precompared matches – in the Krebsregister dataset – resulted in an opportunity
to focus on the classification part.

The algorithms that has been used classify as state-of-the-art. These are: Logistic Regres-
sion, Naive Bayes and Support Vector Machine, representing supervised algorithms. We
have also used the unsupervised state-of-the-art learning algorithms: KMeans and ECM.

In the second part of our experiments we considered different similarity functions on a
pairwise matching made on FEBRLs dataset. FEBRL consists of personal information
in the form of the attributes visualized in Table 3. These tests represent an optimization
possibility since the choice of a similarity function greatly affects scalability, as will be
seen. The following enumeration visualizes the attributes and their corresponding setup
possibilities.

• given name: Jaro-Winkler, Edit distance or Cosine distance

• surname: Jaro-Winkler, Edit distance or Cosine distance

• street nr: Numerical equality matching

• address: Jaro-Winkler, Edit distance or Cosine distance

• suburb: Jaro-Winkler, Edit distance or Cosine distance

One of the three functions for all fields was used when comparing, followed by an evaluation
of the results of using each measurement function in terms of how many matches that are
found.
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5.3 Evaluation on Accuracy

We explored the accuracy of different similarity functions (Cosine similarity, Jaro-Winkler
similarity, edit distance) by the number of found matches. A match for the comparison
function evaluation is defined as having three of the fields surpass a threshold value set to
a likeliness of 85%. The known matches on the FEBRL dataset are known beforehand and
therefore we knew how many true matches that existed. Either the function found to many
or to few matches. The one with the closest amount of found matches is what we classified
as most optimal. This methodology is used when describing the comparison functions in
the record linkage toolkit documentation. To further certify the correctness of the similarity
function implementations we have tested them on a smaller amount of data. Then we made
a clerical review on the accuracy of the found values matching status.

We evaluated the different algorithms (SVM, Logistic regression, Naive Bayes, KMeans,
ECM) in terms of accuracy. Regarding each classification algorithm the accuracy is defined
by Eq. 2.1, resulting in a number between 0 and 1 where 1 is completely accurate and 0 is
completely non-accurate.

5.4 Evaluation on Scalability

We evaluated the different algorithms (SVM, Logistic regression, Naive Bayes, KMeans,
ECM) and different similarity functions (Cosine similarity, Jaro-Winkler similarity, edit
distance) in terms of the computational runtime with regards to different data sizes.
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6 Results and Reflections

6.1 Results

To reach a concordance with related results we consulted different summary studies [1,
11, 17, 12]. According to the accuracy, see Figure 2, there is a difference between the
three shown classification algorithms. The KMeans algorithm performs in a relatively non-
accurate way. The ECM algorithm is more accurate than KMeans and Logistic regression.
ECM together with Naive Bayes and Support Vector Machine accurately classified almost
the same amount of true pairs, see the data presented in Table 5. The accuracy for these
classification algorithms is calculated using Eq. 2.1.

Table 5 This table consist of the similarity between the classification algorithms; Expecta-
tion Conditional Maximization (ecm), Naive Bayes (nb) and Support Vector Machine (svm)
in terms of accuracy with regards to different dataset sizes.

Size Accuracy (ecm) Accuracy (nb) Accuracy (svm)
200000 0.8988 0.8988 0.8989
300000 0.9337 0.9337 0.9338
500000 0.9616 0.9615 0.9616
1000000 0.9826 0.9825 0.9826
2000000 0.9930 0.9930 0.9930
3000000 0.9965 0.9964 0.9965
4000000 0.9982 0.9982 0.9982
5000000 0.9993 0.9992 0.9993
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Figure 2: The relative accuracy of the state-of-the-art machine learning methods applicable
on a record linkage problem. The accuracy were calculated using Eq. 2.1.
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For the scalability issue Figure 3 presents a visualization of the obtained test results. The
supervised methods subdue the unsupervised with regards to their time complexities.
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Figure 3: Running time(measured in seconds and shown using logarithmic scala with base
10) of different classifiers on different data sizes.
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The second step in the approach of studying optimization possibilities included the testing
of well used similarity functions. These were: Jaro-Winkler, Edit distance and cosine simi-
larity. All three functions behave similar on the three sets of data, finding approximately the
same number of matches, see Figure 4. The runtime with regards to three different datasets
proved a high dissimilarity between the chosen functions, see Figure 5.
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Dataset 3

Similarity functions
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Figure 4: The similarity functions matching result are visualized in this figure. The com-
parisons have been made on 3 different sets. Set 1 consists of 500 true matches
and a total of 499500 pairs. Set 2 consists of 1000 true matches and 39775 pairs
and finally Set 3 consisted of 3000 matches and a total of 48883 pairs.
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Figure 5: The time it takes for calculating similarity between different number of pairs is
shown in this figure.
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6.2 Reflections

Testing the accuracy with regards to different sizes of data, taken from the KREBS dataset,
proved a difference in performance between the classification algorithms with regards to
their accuracy, see Figure 2. The KMeans algorithm is commonly used in applications but
this study shows its impracticality when it comes to scaling relative the supervised algo-
rithms. The high tendency to scale in a time consuming way for the two unsupervised
algorithms could result from the fact that they do not need a labeled training set. This is a
throwback, but it makes them more applicable in many situations. The difference between
supervised and unsupervised learning methods on the used data, can be seen in Figure 2-3
and Table 5.

The guideline that was set up for evaluating the scalability issue – regarding the similarity
functions – was to have a decent amount of correct matches. After deciding if they omit to
that guideline we evaluated the time complexity with regards to different sets of data, see
Figure 5. The Jaro-Winkler similarity function was the most optimal – according to the tests
– when focusing on the time it took to calculate the similarities. This observation keeps the
consistence with previous studies1 even on different datasets, which makes it a candidate
for usage in an optimized record linkage strategy.

We would like to emphasize that the strategies that we have used in this research is not
100% secure, in the way that it does not provide a 100% accuracy for the found matches,
see Figure 2 and 4. This may invoke headaches if used on the linkage of datasets where
accuracy is very important, e.g. in medical research. In the case of this study we did not
take such matters in regard.

1https://recordlinkage.readthedocs.io/en/latest/
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7 Conclusions and Future Work

We focused on two parts of the general linkage process, the comparison of record pairs
and classification of matches and non-matches. This resulted in two contributions 1) for
the scalability issue Figure 3 presents a visualization of the obtained test results. The su-
pervised methods subdues the unsupervised with regards to their time complexities. The
best choice of algorithm for the purpose of this application would be the support vector
machine-classifier based on the result shown in Figure 2 and 3.
2) for the comparison we chose to try three of the most common similarity functions and
evaluate their accuracy and scalability. By trying these functions, on a linkage between
datasets with FEBRL data, as an optimization approach one can see the importance of
choosing a fitting function. In these tests Jaro-Winkler had the highest performance re-
garding scalability – see Figure 5 – and approximately the same accuracy as the other two,
see Figure 4. These results show that the Jaro-winkler function is the most optimal similar-
ity function according to our tests.

In the future we suggest two different directions to explore: 1) we hope that benchmark
datasets are easier to find and use in research applications. These advances could provide
an effective way of finding training data, leading to more optimal strategies. 2) it would
be interesting to see the result of a fully optimized strategy, which is problem-specific, i.e.
including optimized blocking functions etc., and compare that to the worst-case. This would
show the importance of adapting the full chain of the general record linkage process.
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