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Record matching represents a key step in many Big Data analysis problems, especially leveraging
disparate large data sources. Methods of probabilistic record linkage provide a good framework to find
and interpret partial record matches. However, they require combining and therefore computing string
distances for the records being compared. That is, the direct use of probabilistic record linkage
requires processing the Cartesian product of record sets. As a result, a “blocking” step is used, when
candidate record pairs are grouped by a categorical field, significantly limiting the number of record
comparisons and computational cost. On the other hand, this method requires a high level of data
quality and agreement between sources on the categorical blocking field. We propose a more flexible
approach where blocking does not use a categorical column. The key idea is to use clustering based on
string field values. In practice, we mapped the string field with TF-IDF into a latent vector space and
then used Locality Sensitive Hashing to cluster records in this vector space. Apache Spark libraries
were used to show the effectiveness of this approach for linking British open company registration
datasets.
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1. Record matching for Big Data
Working with Big Data often requires integration, processing and analysis of large datasets
from different sources. A critical step in making use of such combined data is record matching, that is,
identifying records in two or more datasets that refer to the same entity, e.g. company, person,
computer, etc. When data is coming from one source with an established unique identifier, record
matching is trivial. With many disparate sources, a comparison of several identifying fields is
necessary for record matching. Relevant columns depend on the nature of the dataset in question. As
we discuss later, probabilistic record matching methods work with inexact value comparisons and can
be adapted for large datasets.
Big Data creates several challenges to effective record matching. The number of records
imposes strict performance limits on matching algorithms. The use of distributed Big Data processing
tools such as Apache Spark somewhat mitigates this by increasing the computing resources available
for analysis, as well as managing data access and providing libraries for distributed processing.
Correlating all the records relevant to the object of interest allows extracting new knowledge
from integrated data. The combined master dataset can also be used for data enhancement on newly
added records.

2. Probabilistic record matching
Probabilistic record matching aims to quantify the likelihood of a match between records
based on their content. The Fellegi-Sunter model provides a flexible framework to construct and
parametrize a record matching algorithm[1]. It is well understood and has many modifications and
generalizations, especially for matching patient records in the medical field.[2]
The original Fellegi-Sunter model considers two base probabilities when comparing two
records field by field. M-probability is the probability of two fields matching if the records refer to the
same entity. Obviously, m-probability is closely related to the chance of an error or an out-of-date field
value. U-probability is the probability of two fields matching when the records do not refer to the same
entity. This chance depends mostly on the field value domain and the distribution of possible values
within this domain. M- and u-probabilities can be estimated from the data and later optimized.
Assuming that field matching probabilities are independent of each other, the log-likelihood ratio
contributions of each matching and mismatched field can be combined into the total match likelihood
(1−𝑚𝑘 )
𝑚
score for the record pair 𝑆 = ∑𝑘−𝑡ℎ 𝑓𝑖𝑒𝑙𝑑 𝑚𝑎𝑡𝑐ℎ 𝑘 + ∑𝑘−𝑡ℎ 𝑓𝑖𝑒𝑙𝑑 𝑚𝑖𝑠𝑚𝑎𝑡𝑐ℎ
𝑢𝑘

(1−𝑢𝑘 )

Any record pair with the likelihood score above the upper threshold Smatch is considered a
match; any pair with the score below the lower threshold Smismatch is dropped. Record pairs with the
score in between are subject to human review. A variant without human review, where just one
threshold is used to separate matches and mismatches, is possible [3].
2.1 String distance
The original Fellegi-Sunter model compares a pair of fields by an exact equality comparison.
For lower-quality data, where a considerable number of typos or small format differences are
expected, approximate field comparison extensions of this model are used [4]. The contribution of
each field to the match score is based on the distance between the field values. An example of a
distance metric that can be used is the edit distance (Levenshtein distance), that is, the number of onecharacter additions, deletions and substitutions necessary to transform one string into another.
However, the optimal choice of the distance metric may depend on the field in question and the nature
of errors expected.
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2.2 Simple attribute-based blocking
Both probabilistic record linkage and its distance-based extension are computationally
complex when applied to large datasets. As each record pair must be considered, the number of
comparison operations is proportional to m×n, where m and n are the numbers of records in the
datasets being matched. Usually this problem is solved by the blocking step. That is, grouping records
in blocks based on some attribute, e.g. city, zip-code, date of birth; and only applying probabilistic
matching within the blocks.
This blocking approach significantly reduces the number of comparison operations, but it is
only applicable if there is a suitable attribute to apply blocking. The attribute must be present in both
datasets and have the same semantics and format. Any random errors in the blocking field will lead to
false mismatches. Therefore, it is better to use a categorical attribute with known categories, for
example “country”. Even this can create problems with differences in field domains. For example, the
same entity can be recorded as being in Great Britain, the United Kingdom or England in different
datasets.

3. Accelerating probabilistic matching
Mapping string fields into an n-dimensional vector space makes many vector-based data
analysis methods available. This can be used to accelerate pre-filtering to find candidate pairs of
records for probabilistic linkage.
3.1 TF-IDF
A popular method to transform an arbitrary string into a vector is using Term Frequency and
Inverse Document Frequency (TF-IDF). It is usually applied to text documents to represent the
relevance of terms within the document [5].
In the record matching problem, string fields are shorter than documents and, especially in the
case of name fields, can contain arbitrary text values. TF-IDF can still be used, but with terms being
computed as letter tuples (bigrams or trigrams). Since the result is used not for text search, but for
approximating the string distance, the use of character tuples rather than words seems reasonable.
The cosine distance is the canonical metric used in the TF-IDF vector space. It is also possible
to use the L2 (Euclidean) vector distance, or the Jaccard distance. The Jaccard distance obviously
discards both the term frequency and document frequency information, using only the tuple presence
or absence in the string.
These distance metrics between sparse vectors can be computed faster than edit distance
functions between strings. However, as every pair of records still needs to be compared, simply using
the vector distance to pre-filter candidate record pairs is not fast enough to provide adequate
performance in the realm of Big Data.
3.2 Locality-sensitive hashing
For a given metric space (M, d), the Locality-Sensitive Hashing (LSH) scheme is a family of
hash functions ℎ ∈ 𝐻 that each map points in the space to buckets in such a way that any sufficiently
close pair of points in M gets mapped to the same bucket with high probability, while any sufficiently
far pair of points in M gets mapped to different buckets with high probability, that is:
∀𝑎, 𝑏 ∈ 𝑀,
𝑑(𝑎, 𝑏) ≤ 𝑟1 ⇒ 𝑃(ℎ(𝑎) = ℎ(𝑏)) ≥ 𝑝1
𝑑(𝑎, 𝑏) ≥ 𝑟2 ⇒ 𝑃(ℎ(𝑎) = ℎ(𝑏)) ≤ 𝑝2
LSH functions can be “amplified” by combining random subsets of functions of the family.
Randomly selecting k functions from H: (h1…hk) and defining each g in the G family so that g(x)=g(y)
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if and only if hi(x)=hi(y) for all i=1,2…k creates an AND-amplified LSH family 𝑔 ∈ 𝐺. Conversely,
combining functions in such a way that g(x)=g(y) if and only if hi(x)=hi(y) for any i=1,2…k creates an
OR-amplified family 𝑔 ∈ 𝐺. OR-amplification improves recall, but lowers precision, while ANDamplification improves precision at the cost of recall.
There are LSH families based on all three metrics discussed earlier: the bucketed random
projection for the Euclidean metric, the random projection sign for the cosine distance and MinHash
for the Jaccard distance [6]. Any of these families can be both OR- and AND- amplified.
With the record string field values mapped in the latent TF-IDF vector space, it is possible to
use LSH for clustering data, achieving non-deterministic but very fast blocking. Unlike the traditional
blocking for record matching, the LSH-based strategy can use any string fields that participate in
probabilistic matching, with no requirement of a reliable shared categorical field. This approach was
earlier proposed and tested on synthetic record matching datasets in [7].

4. LSH in Spark
Spark is a Big Data distributed analytics engine that provides many built-in libraries that cover
every necessary step to implement record matching using this strategy. This includes reading datasets
from files stored in the Ceph storage cluster, schema recognition, data profiling, initial filtering, string
fields splitting into character n-grams and TF-IDF. After LSH-based blocking, the record match loglikelihood calculation was also implemented in Spark.
4.1 LSH in Spark-ML
Spark contains libraries implementing many machine-learning techniques, including LSH.
Namely, BucketedRandomProjectionLSH and MinHashLSH, which implement the Euclidean distance
and Jaccard distance hash families respectively [8]. However, the cosine distance hash family is not
implemented and no AND-amplification is possible. Only the number of functions in the family, which
are all OR-combined for clustering, and the bucket size for the bucketed random projection can be
controlled.
In practice the stability of the Euclidean approximate similarity join implemented in SparkML was found to be disappointing, especially when matching large datasets. Since many records are
projected to the 0th bucket by default, the comparison of each record pair in this bucket takes a
disproportionately long time. Evident silent failures were particularly troublesome, when no error was
reported and from the client side, the spark job seemed to continue running.
4.2 ScANNS
The Scalable Approximate Nearest Neighbor Search (ScANNS) is an LSH library for Spark
authored at LinkedIn[9]. It uses the older Resilient Distributed Dataset Spark API as opposed to the
newer DataFrame API. Thus, using this library on DataFrames requires extra data transformation
steps. ScANNS has several advantages compared to the built-in Spark-ML implementation.
The sign random projection is implemented in ScANNS; it is a hash based on the cosine
distance, which is better suited for TF-IDF vectors. Both AND- and OR- amplification are controlled
by the numHashes and signatureLength parameters. The problem of some buckets containing too
many records is mitigated by sampling pairs within overcrowded buckets. This is especially useful in
the Euclidean case, where the 0th bucket is disproportionally full and does not actually provide a strong
indication of a match.
Unfortunately, the practical comparison of the libraries is not ready to be reported.
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5. Testing on real datasets

Figure 1 Distribution of L2 distances between
TF-IDF vector representations of company name
fields among close record pairs

Figure 2 Measured recall of the bucketed random
projection LSH depending on the bucket size and
the number of OR-combined hashes

The proposed strategy was implemented on the Spark cluster situated at Plekhanov Russian
University of Economics. Real open company datasets were used for testing. These were the Global
Legal Entity Identifier Foundation (GLEIF) concatenated dataset [10] and the Companies House (CH)
Free Company Data Product [11]. The CH dataset describes all registered British companies in a
compressed csv format, and as of 2018-06-01 contained 4.2 million records. The GLEIF dataset
represents all the companies worldwide with a registered Global Legal Entity Identifier in a
compressed XML format, and as of 2018-06-14 contained 1.2 million records.
Company names from both datasets were mapped to the latent vector space using TF-IDF with
character 3-grams as terms. Spark built-in LSH classes were used for Euclidean LSH blocking. The
distance distribution among candidate pairs is shown in Figure 1. The number of hashes and the bucket
size were varied, with blocking recall changing accordingly. The measured recall is shown in Figure 2.

6. Conclusion
A fast blocking strategy for probabilistic record matching based on string fields was proposed.
It was implemented in Spark using two Locality-Sensitive Hashing libraries and tested on real-world
open company datasets. The blocking operation performance and the false negative rate of LSH
blocking, with their dependence on hashing family parameters, were measured for Spark-ML
Euclidean LSH.
In the future, it would be useful to use a model dataset with known ground truth to compute
the overall precision and recall of probabilistic record matching with LSH blocking, as well as
compare vector distance filtering false negative rate to hash blocking false negative rate. The
performance and accuracy of the cosine distance LSH implemented by ScANNS should also be
investigated.
Another possible avenue for future research is using GPU computing resources to quickly
directly calculate vector distances in the TF-IDF space using sparse matrix libraries.
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