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Abstract

Attribute values in textual datasets are subjects of different types of errors due to the data entry processes such as typographi-
cal errors, pronunciation errors or dialects alterations. These errors make the entity resolution process more challenging. The
iterative blocking indexing technique can be used for correcting this type of errors mainly in query access where the records
are stored into more than one block. Blocking indexing technique selects a subset of object pairs saved in the same block for
later detailed computation for similarity discarding other pairs in other blocks considering them as irrelevant. This work aims
to solving such problems for Arabic texts. It proposes to adapt a specific model for learning blocking keys and analyze its
performance for Arabic datasets. The resulted blocking keys are passed as blocking keys to Dynamic Aware Inverted Index
(DySimlII) that worked efficiently with Arabic datasets. The model is tested against a telephone book dataset that contains
duplicates and errors in attribute values according to phonetic and typing errors. The results reach a matching accuracy of
84% for using learned keys with small number of corrupted attributes while the performance is declined with the increase

of the number of corrupted attributes.

Keywords Arabic entity resolution - Learning keys - Indexing - Arabic datasets

1 Introduction

The process of finding matches for a query record in a data-
set or multiple datasets that represent the same real world
entity is called Entity resolution (ER) (Ramadan and Chris-
ten 2015). ER techniques are important for organizations
to improve their business operations as well as for a data
warehouse which needs integration of data from multiple
sources into one consistent center. ER techniques are very
useful for cleaning and standardizing data (Ramadan 2016).

Indexing is an essential step in ER process mainly for
large datasets since it has the advantage of reducing the
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number of candidate records that are going to pass to the
detailed comparison step (Ramadan 2016). There are two
main approaches for indexing in ER; the first approach is
blocking in which records in a dataset are partitioned into
different blocks according to a blocking key criterion and the
records that stored in the same block are compared with each
other. The second approach is sorting in which records are
sorted with a sorting key and this will bring similar records
to be closed to each other to compare only records that are
close to each other (Ramadan 2016).

In Entity Resolution or Record Linkage, the number of
similarity computation between pairs increase quadratically
as the size of the dataset increase since the similarity func-
tion will be computed for all pairs in the dataset (Bilenko
et al. 2006). However, a good indexing approach should
store similar records in the same block or bring them close
to each other based on the key criteria (Ramadan 2016).
Thus, blocking techniques relieve the problem of compar-
ing all records in the dataset by computing the similarity
between pairs in the same block that are approximately simi-
lar (Bilenko et al. 2006).

In real world, data always contain errors and alterations
(Hernandez and Stolfo 1998) due mainly to data entry errors.
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Accordingly, same records related to same entity may be dif-
ficult to identify by an SQL query. For solving this problem,
we need to implement a solution able to identify potential
records related to the same entity even if these name entities
were altered by different sources of errors.

Blocking indexing approach is one of the most efficient
approaches able to help in solving this problem. It aims to
gather similar attribute values in one block (Christen 2012).
Two issues are taken in consideration when selecting attrib-
utes to be utilized as blocking keys. The first one is the sen-
sitivity of candidate record pair quality which is affected by
the quality of the attribute values. However, missing true
matches could happen when records are stored in an incor-
rect block because of errors in the attribute value which is
used to generate blocking keys. Thus, attribute values with
fewer errors or missing values should be selected as block-
ing keys (Christen and Goiser 2007). The second issue that
should be considered is to take care of the size of the gener-
ated blocks as the size is affected by the frequency distribu-
tion for the values used as blocking keys (Christen 2012).
Therefore, the frequency distribution of the attribute values
should be also considered when choosing an attribute as a
blocking key.

Most work on this topic was realized for European lan-
guages (Bilenko et al. 2006; Ramadan et al. 2013; Chris-
ten and Hawking 2009) while other works focus on other
languages such as Japanese. However, this problem did not
receive appropriate previous effort in Arabic. Arabic is a
challenging language because of its rich morphological fea-
tures, its sparsity, and the limited availability of linguistics
resources. The already realized work on Arabic ER is very
limited to (Alian et al. 2017) which tackles the problem of
entity resolution for structured Arabic datasets.

This research aims to utilize and adapt an unsupervised
technique for learning blocking keys (Ramadan and Chris-
ten 2015) to work with Arabic dataset. The resulted opti-
mal keys will be applied in an indexing technique called
Dynamic Similarity Aware Inverted Indexing (DysimlI)
(Ramadan et al. 2013) that was experimented and had pro-
duced good performances.

This research is organized as follows; Sect. 2 provide
an overview for related work, Sect. 3 illustrates problems
related to processing Arabic datasets and Sect. 4 describes
the methodology and the algorithms used for handling
Entity Resolution for Arabic datasets. In Sect. 5, experi-
ments and results are discussed and finally the conclusion
is described in Sect. 6.
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2 Related work

Standard blocking indexing technique store similar records
in blocks based on a blocking key which depends on one or
more attribute values (Fellegi and Sunter 1969). This tech-
nique is sensitive for dirty data since errors in attributes used
as blocking keys will store the records into the incorrect
block (Ramadan and Christen 2015).

In order to have a good blocking indexing approach, it
should store similar records in the same block based on the
key criterion that is used to distribute records among blocks
(Ramadan 2016). To achieve this, automatic selection for
optimal blocking key has been studied by many research-
ers where the studies are categorized into supervised and
unsupervised learning for the blocking keys.

One of the recent supervised techniques is the work pro-
posed by Vogel and Naumann (2012) to automatically select
blocking keys where they use unigrams of attribute values to
create blocking keys then reuse these keys for datasets from
similar domains that do not have gold standard. The quality
of the blocking keys was measured with regards to accuracy
and efficiency of the blocks generated by these keys. They
show by experiments that finding high quality blocking keys
would be possible for similar domains datasets having no
gold standard by selecting these keys from training dataset
results. The disadvantage of this approach is that it required
a labeled training data set (i.e. gold standard) which could
not be available in all cases.

While Bilenko et al. (Bilenko et al. 2006) proposed an
adaptive framework for automatic learning of the block-
ing functions. They provide formalization for the problem
of blocking function adaptation to a specific domain using
training data. In this work they introduce constructing
blocking functions depending on a group of general block-
ing predicates that choose all pairs that assure a criterion of
binary similarity. The key advantage of this approach is that
it could be utilized in the adaptation of the blocking func-
tion in any domain and let experts add the domain-specific
predicates.

Based on this work, Kejriwal and Miranker (2013) pro-
posed an unsupervised learning for the blocking functions
for tabular data sets. Their approach has two main phases.
The first phase generates weakly labeled training datasets
automatically while the second phase uses the generated
labeled training data sets to learn the optimal blocking keys
by a Fisher discrimination criterion where this Fisher score
is utilized to rank the candidate blocking keys, then an opti-
mal blocking key is selected according to the highest Fisher
score. In their work, Key coverage is the only considered
measure for calculating Fisher scores and selecting the
optimal blocking keys. The results of their work presented
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encouraging results when it is compared to a supervised
algorithm.

Kejriwal’s approach (2013) concentrates on the quality
of the generated blocks when it learns the blocking key.
Thus, their selected blocking keys are not necessary suit-
able for use with real-time ER. To overcome this issue,
Ramadan and Christen (2015) proposed an unsupervised
learning approach, that is based on Kejriwal (2013). How-
ever, Ramadan’s approach (Ramadan and Christen 2015)
proposes an automatic approach that selects optimal block-
ing keys taking into consideration the maximum size of the
generated blocks, and other factors such as the distribution
of the sizes of the generated block and the coverage of the
selected blocking key. Their objective is to learn blocking
keys that are suitable for use with real-time ER.

The work in the field of Arabic ER is very limited and
depends on other techniques that works with other lan-
guages and try to apply it for Arabic. For example Alian
et al. (Alian et al. 2017) investigate the Dynamic Aware
Inverted Indexing technique (Ramadan et al. 2013) to work
for Arabic ER with some adaptation to be suited for Arabic
datasets.

In this research, one of the state of the art unsupervised
techniques for learning blocking keys (Ramadan and Chris-
ten 2015) is adapted and applied on Arabic dataset, then the
optimal blocking keys are passed to an indexing technique
works for Arabic ER and compare its performance with the
new learned blocking keys..

3 Specific problems for arabic

Arabic language is a Semitic language that has a complex
linguistic structure with rich morphology (Attia 1999; Far-
ghaly 1987). Processing Arabic language for NLP applica-
tions is challenging due to several features related to the
nature and structure of the language. One of the problems is
the lack of Arabic corpus which affects name entity recog-
nition in rule based and statistical based systems (Farghaly
2009).

The main problems facing ER in Arabic are related to
errors in typography. These errors are generated due to vari-
ations of huge amount of dialects among Arabic speakers;
the different pronunciations of the same letters and words in
addition to typing errors. Typing errors comes from mistakes
in pressing keyboard letters that are in the same horizontal,
vertical or diagonal position instead of the target letter.

Pronunciation errors are due to different dialects in Ara-
bic region for example in Egypt some characters are pro-
nounced in different way than they are pronounced in Jordan
such as (s «) (5 Q) ,(&ua) (5 ), etc. other errors in typ-
ing comes from the similarity between letters in their shapes

Table 1 Possible errors due to dialects and typing errors

Word Possible errors due | Possible errors due
to dialects to typing errors
il ) canls ¢ andlS JCTEPINE
gAsm Asm, jAsm, kAsm qA$m, fAsm
al Al alical) al
ZAhr DAhr, tAhr, zZAhr TAhr
eﬁu e.;\.h e.-'a\A se.ml.h
hAS$m hAjm hADm, hAsm
)Aj el ¢ ald b ‘)nu
vAmr sAmr, tAmr yAmr, vAmz

such as (¢ «¢) ,(us) (& «&), etc. Some examples for words
with possible errors due to typing and dialects errors are
shown in Table 1.

These errors make real time Entity Resolution for Arabic
data more challenging since it should retrieve same records
related to the same entity regardless of these errors within
part of seconds.

4 Model frame work
4.1 Basic models

In this research, a new model is developed with two phases
for Arabic language. This model is based on the model pro-
posed by Banda and Christen (Ramadan and Christen 2015)
presented in Fig. 1.

Banda and Christen (2015) model consists of five steps;
the first step produces a set of candidate blocking keys,
positive and negative training datasets where the candidate
blocking keys are produced depending on domain knowl-
edge. The second step converts both positive and negative
training sets into positive and negative blocking key vectors
in order to be used in learning keys process. In the third step,
the learning blocking keys algorithm is applied using the
generated blocking key vectors (positive and negative) to
select a set of optimal blocking keys (Ramadan 2016). The
fourth and fifth steps are used for evaluating the blocking
keys, where the fourth step uses the selected optimal keys
produced from the previous step in blocking all records in
a dataset by any real time indexing approach while in the
fifth step, the index that is built in the previous step is uti-
lized for matching in real-time query records with existing
records in the index. For these two steps, they use real-time
forest-based dynamic sorted neighborhood index (F-DySNI)
(Ramadan and Christen 2014).

4.2 Proposed model

The proposed model that is presented in Fig. 2, uses the
first three steps of Banda and Christen Model (Ramadan and
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Fig. 1 Unsupervised selection for blocking keys (Ramadan and Christen 2015)
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Fig.2 Model framework

Christen 2015) to form its first phase. In the second phase of
our model we use DySimlII (Ramadan et al. 2013) instead
of DySNI since it is proven by the results of our model that
DySimlI improves the results in the case of Arabic language.

In the first phase, the unsupervised learning blocking keys
technique that is proposed by Ramadan and Christen (2015)
is adapted to predict optimal blocking keys for Arabic data-
sets. In addition, we improve the system by adding stem as
a candidate key and IsExactStem as a function key to their
work for adapting this stage to work for Arabic datasets.
However, the stem is generated for an attribute value as a
candidate key by removing prefixes and affixes (i.e. light
stem) (Hayder et al. 2005) then it is compared with other
attribute values according to the function key IsExactStem
which return true if the two values have the same stem and
false otherwise.

The generated optimal blocking keys are passed to the
second phase where Dysimll (Ramadan et al. 2013) is used
for blocking all records from the original (unlabeled) dataset

@ Springer

as well as for matching query records in real-time with exist-
ing records in the built index.

4.3 Dynamic similarity aware inverted index

Dynamic Similarity Aware Inverted Index (DySimlI) (Ram-
adan et al. 2013) technique added the query records to the
index so it is updated after each query record making the
index up to date. It is a solution based on memory since the
full index has to fit in the available memory but this produce
a challenge for large datasets.

This technique is based on the similarity-aware inverted
index which is proposed by Christen et al. (2009) which is
faster than standard blocking but it is static. Therefore Dys-
imlI is introduced to be dynamic where values can be added
to the index while processing a new query record.

The DySimlI consists of three indexes; Block Index,
Similarity Index and Record Index. The Block Index (BI)
is an inverted index which holds attribute values and their
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associated Blocking Key Values which is provided using
encoding functions such as Soundex, Phonex, or Double-
Metaphone (Christen 2012). The keys of this index are the
Blocking Key Values and each key point to a list of attrib-
ute values assigned to this Blocking Key Value. The Simi-
larity Index (SI) holds the pre-calculated similarities using
comparison functions for strings like Jaro-winkler, edit
distance or Jaccard. In Similarity Index the keys are the
unique attribute values and points to similarities between
this key value and values that are in the same block. The
similarity value is between 0 and 1. The Record Index
(RI) holds the attribute values with their record identi-
fiers where the keys in this index are the unique attribute
values pointing to a list of record identifiers that have this
attribute value (Ramadan 2016).

In the adapted version of DySimlI (Alian et al. 2017)
that works for Arabic the blocking keys in BI are the
stems of the attribute values. It was tested using differ-
ent stemmers such as ISRIstemmer and Asem stemmer
with respect to different similarity functions such as Jaro-
Winkler, N-gram, and Edit distance. The results represent
that matching accuracy is improved using Asem stemmer
when the number of corrupted attributes is increased, also
using winkler similarity function provides better matching
accuracy than other similarity functions. In this research
we depend on these results to apply the adapted DysimlIl
where Asem stemmer and Jaro-Winkler similarity function
are used in the experiments.

Indexing is divided into two main phases; the first phase
is the building phase, and the second is the query phase. In
the first phase a data set is stored in memory using the three
indexes BI, RI, SI. In the second phase, the attribute values
of the query record are inserted into the indexes and a list is
generated from records that have the same block as the query
record then compared with the query record in detail in order
to get matching records. (Ramadan et al. 2013).

Table 2 Adapted corruptors used in GeCo corruptor

The attribute values are added to the inverted indexes
based on two cases; the first one when the attribute value is
not in the inverted indexes and the second when the attribute
value is already exist in the inverted indexes. If an attribute
value for a record is new then it is inserted in RI with its
record identifier and a computation for the blocking value for
this attribute value is performed to determine to which block
in Bl index the attribute value will be added. If the block of
this value is already exists then the attribute value is added
to this block but if does not exist then a new block for the
blocking value is created with the insertion of the attribute
value in this new block (Ramadan et al. 2013).

When the attribute value is inserted into an existing
block, the similarities between the inserted value and the
other values in the block are calculated using an approxi-
mate similarity function and stored in the SI. However, if an
attribute value is already indexed then only its record identi-
fier is inserted in the RI and no need to update the BI or the
SI because the value is indexed previously (Ramadan 2016).

In the query phase of DySimll, a new attribute value from
a query record is inserted in the indexes. Thus, if the same
attribute value is seen in other query records then the encod-
ing and similarity calculation is already performed for this
value (Ramadan et al. 2013).

5 Experiments and results
5.1 Dataset

This research is experimented using python2.7 environ-
ment and an Arabic dataset for phone book with 624,850
records consist of 50% duplicates used as query records, the
maximum number of duplicates for a record is two dupli-
cates. The attributes of the dataset are 7 attributes; record

Corruptor name Function

Examples

Replaces characters by their similar shapes

vertically or diagonally on the keyboard

OCR t Se ) ¢ o) (Ged

corruptor characters (D) (D,0),(,8),(260),(3e)
Keyboard Depends on typing errors for keyboard characters | (z,#,0.6.¢,56.5 0a09),
corruptor by exchanging characters poisoned horizontally, (00, d 2 6,0,08

(3,65,Y,0,5,5,0).

Pronunciation
corruptor

Based on pronunciation errors by exchanging
characters with similar character sound or
phonetic.

(@A) (@:):(202),(3 ), (=),
(Fae2), (He3), (0 2), (248),(E40), (@) (2
).

Missing value
corruptor

An attribute value is replaced by none or * © to be
considered as missing.

Edit corruptor

Uses a number of modifications per string value
(substitute, delete, insert, and transpose).

s - 2l transpose
dls —— Al delete

s —— ALV substitute
abs — Al insert

@ Springer




International Journal of Speech Technology

ID, first name, second name, third name, family name, city
and phone number.

The duplicates are produced using GeCo corruptor (Tran
et al. 2013) that is a free source code provided online used
for generating data with duplicates and corrupting data for
experiment purposes. It is downloaded and adapted to work
for Arabic dataset by adding and modifying existing cor-
ruptors included in GeCo. The corruptors that we use are
illustrated in Table 2.

GeCo corruptor produce duplicates with corruptions and
add entity id for the dataset to be used later to get match-
ing accuracy. In GeCo corruptor the user has to specify the
number of corruptions per record and the percentage of each
corruptor (OCR, Keyboard, phonetic, and missing value, and
edit corruptor) for each attribute. The output datasets from
GeCo are used in the experiments of this research.

5.2 Experiments and discussion

Three experiments were conducted, two of them are dedi-
cated to investigate the validity of learning blocking keys
for Arabic datasets using an unsupervised technique and
its effect on the performance of the indexing technique that
receive these learning keys.

We adopted the same overall score sck measure that is
defined by Ramadan and Christen (2015) for evaluating
which keys should be added to the optimal key list. The
overall score is measured according to Eq. (1) (Ramadan
and Christen 2015):

sc,=a x(l—ck)+ﬂ><sb(m,)k+(1—a—ﬂ)><vk (1)

where sb . 1s the average block size generated by evaluat-
ing keys in the set of valid keys, while c, is the key coverage
which is measured by fisher score Kejriwal and Miranker
(2013) and v, is the variance of the sizes of all blocks in the
set of the generated blocks from applying a key on dataset.
The variance v, reflects how far the generated block sizes
are spread. However, Kejriwal and Miranker (2013) depend
only on key coverage to evaluate an optimal key.

The parameters o and f are used to control the weights of
the three criteria based on the domain and application area.
Each weight parameter is a value between 0 and 1 where the
sum of all weights is equal to 1 regardless of the weighting
parameters used (Ramadan and Christen 2015).

After score sck calculation for all keys in the set of valid
keys, the scores are sorted in an ascending order because the
lower overall score is better.

The same parameters that were used for measuring the
overall score in the unsupervised learning keys algorithm
(Kejriwal and Miranker 2013) are used in the three experi-
ments in this research.
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For example, o which is the weight that is used for the
key coverage equals to 0.2 and  which is the weight that is
used for the block size equals 0.4.

The first experiment applies the unsupervised learning
blocking keys on a sample from the phone book dataset with
3000 records that have duplicates but without corruption,
then taking the resulted optimal keys and uses them in the
ER indexing technique DysimlI for the complete phone book
dataset. In this experiment the optimal keys were the concat-
enation between each attribute and Family Name as a block-
ing key (BK) for that attribute and the stem of Family name
as a blocking key for Family name. For example Concat-
enated_FirstName_FamilyName is the optimal key for First
Name attribute, Concatenated_ThirdName_FamilyName is
the optimal key for Third Name attribute and concatenated
also with FamilyName for Second Name and city attributes.

While in the second experiment, a sample from the
Arabic phone book dataset is used as an input to generate
positive and negative training sets. Then it is used with the
unsupervised algorithm for learning blocking keys. The
sample consists of 3000 records containing duplicates and
corruptions in one, two, three, four and five attribute values.
A sample is used since in the unsupervised learning key
algorithm for datasets with short attribute values that has
one word, the attribute value is converted into q-grams and
those g-grams become the blocks that are used to partition
records the dataset (Ramadan 2016).

Each one of the corrupted datasets resulted in optimal
keys. The resulted optimal keys for corrupted data were
mostly the same and they are passed to the ER indexing
technique (DysimlIl) then the DysimlI is applied on the
phone book dataset. The execution runs for the phone book
with one corrupted attribute, two, three, four, and five cor-
rupted attributes. In this experiment, the optimal keys were
the exact-Family name as a blocking key for Family name
attribute and the concatenation between family name and
each attribute as the blocking key for that attribute. Moreo-
ver, the optimal blocking key for first name is Concatenated_
firstName_FamilyName, for second name the optimal key
is concatenated_secondName_FamilyName and the concat-
enation with FamilyName is also the optimal for city and
thirdName attributes.

In the third experiment, the stem of attribute values is
used as the blocking key for the ER indexing technique
Dysimll. In this experiment Asem stemmer is used in this
experiment which is a light stemmer (Chelli 2016). The stem
or light stemmer removes the most frequent suffixes and pre-
fixes from the word but do not produce the linguistic root
(Hayder et al. 2005) and it is used frequently in indexing
Arabic documents and in Information Retrieval. DysimlII
with stem as a blocking indexing key for all attributes is
executed for datasets with duplicates and corruption in one,
two, three, four, and five attributes.
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Table 3 Recall (matching accuracy) results in the conducted experiments

No of corrupted attributes Family name stem blocking key and all

other concatenate with family name (%)

Exact family name blocking key and all other
concatenate with family name (%)

Stem blocking key
all attributes (%)

1. Attribute 83.80 84.07 83.49

2. Attributes 70.22 70.76 70.22

3. Attributes 35.81 32.89 40.19

4. Attributes 5.41 1.02 11.49

5. Attributes 1.00 0.72 3.24

Table 4 Query average time in seconds for the three experiments

Number of corrupted Family name stem blocking key and all other Family name exact blocking key and all other Stem blocking

attributes concatenate with family name concatenate with family name key all attributes
1. Attribute 0.113 0.091 0.115
2. Attributes 0.088 0.089 0.080
3. Attributes 0.068 0.066 0.063
4. Attributes 0.049 0.049 0.041
5. Attributes 0.027 0.029 0.040

The recall as a matching accuracy measure is computed
for the three experiments with datasets include one, two,
three, four, and five corrupted attribute values. The results
are shown in Table 3.

As shown in Table 3, experiment one which uses exact
family name as a blocking key and the concatenation
between an attribute and family name as a blocking key
provide better matching accuracy (recall) when the dataset
contains small number of corruptions (one or two corruption
per record) while it’s matching accuracy decline with the
increase in the number of corruptions per record.

While in experiment two, using the stem of family name
as a blocking key and concatenated family name with an
attribute value as a blocking key for other attributes provide
small improvement in the matching accuracy over using the
stem as a blocking key for all attributes only when the one
attribute corrupted per record and has a similar matching
accuracy to the use of stem when there is two corruption
per record. However, when the dataset has three and more
corruptions per record the matching accuracy decreased
significantly.

Experiment three that apply the stem as a blocking key
for all attributes outperform other choices for blocking keys
with the increase in the corruption per record as shown in
Table 3.

Table 4 represents the average query time in seconds for
the three experiments. It is shown that with more corrup-
tions per record the query time decreased where it don’t
find the query even it is for the same entity since it is saved
in another blocking key because of errors. The average
query time is improved with exact FamilyName and Con-
catenated attributes (First,Second, Third, and city attribute)

with FamilyName only with one corruption per record while
the average query time is improved by the use of the stem
as a blocking key with two, three, four and five corruption
per attribute.

6 Conclusion

In this research we investigate an unsupervised learning
blocking key technique if it works with Arabic datasets. The
technique is adapted to be executed on Arabic dataset then
the predicted optimal keys from this technique are tested
on an ER indexing technique. DySimlII was selected as the
indexing technique since it was tested previously on Arabic
datasets and provides good matching accuracy (i.e. recall).

The experiments conducted according to the blocking
keys used with DysimlI based on the output blocking keys
from the unsupervised learning blocking keys. The results
show that the exact Family name and the concatenation
between Family name and another attribute as Blocking
keys outperform other choices for blocking keys when the
corruption per record is small while the stem as a blocking
key for all attributes provide better results with the increase
in the number of corruptions per record.
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