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Abstract

Duplicate record is a common problem within data sets especially in huge volume
databases. The accuracy of duplicate detection determines the efficiency of duplicate
removal process. However, duplicate detection has become more challenging due

to the presence of missing values within the records where during the clustering and
matching process, missing values can cause records deemed similar to be inserted

into the wrong group, hence, leading to undetected duplicates. In this paper, duplicate
detection improvement was proposed despite the presence of missing values within a
data set through Duplicate Detection within the Incomplete Data set (DDID) method.
The missing values were hypothetically added to the key attributes of three data sets
under study, using an arbitrary pattern to simulate both complete and incomplete
data sets. The results were analyzed, then, the performance of duplicate detection

was evaluated by using the Hot Deck method to compensate for the missing values

in the key attributes. It was hypothesized that by using Hot Deck, duplicate detection
performance would be improved. Furthermore, the DDID performance was compared
to an early duplicate detection method namely DuDe, in terms of its accuracy and
speed. The findings yielded that even though the data sets were incomplete, DDID was
able to offer a better accuracy and faster duplicate detection as compared to DuDe.
The results of this study offer insights into constraints of duplicate detection within
incomplete data sets.

Keywords: Duplicates detection, Incomplete data set, Clustering, Sorting key,
Compensation method

The need for duplicate detection

Duplicate record is one of the most common data quality problems especially within
huge volume databases. Thus, the process of removing duplicates or known as 'dedu-
plication’ becomes essential in many applications. Data deduplication is significant in
avoiding substantial biases during data analysis [1], reducing the storage space (and its
costs), and minimizing the pressure of input/output on the storage system [2, 3]. Dupli-
cates are also removed to reduce network traffic at the expense of elevated computa-
tional overhead. From the energy-saving perspective, deduplication creates a balance
between the energy consumed for the additional computation and the energy provided
by low storage and network load [4, 5]. Duplicate detection process should be conducted
prior to deduplication process.
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Duplicates are detected by searching for all objects (or records) that represent the same
real-world entity to ensure database consistency [6]. A duplicate detection mechanism
tends to search similarities between two or more entities by using similarity measures.
The similarity measure is based on equivalence relation where, suppose the real-world
entities are er, es, and et, if er = es and er = et then es = et. Because of this transitive
relationship, the duplicate detection will be partitioning all database entities into non-
empty and disjointed partition classes where each system refers to another real-world
entity. Besides, an entity is represented as a relation in a relational database.

Although clustering is the result, decisions upon the presence of duplication are often
made in a pairwise fashion before they are combined with a globally consistent result,
namely duplicate clustering. The pairwise comparison approach relies on the use of sim-
ilarity in attribute values to indicate real-world equivalence between the corresponding
database entities. According to the score of similarity between the attribute values dur-
ing the candidate pair comparison, each entity pair is assigned to the MATCHES class
(assumed duplicates) or the UNMATCHES class (no duplicates are assumed). The simi-
larity measure can calculate the similarity for the attributes individually and aggregate
their similarity to an overall record similarity. If necessary, a domain expert might be
called to verify the similarity results.

In general, duplicate detection methods are prone to two types of error: (a) false-pos-
itives: detection of the actual non-duplicates as duplicates, and (b) false negatives: no
detection of the actual duplicates [7]. Relaxing the matching criteria increases the num-
ber of false positives while tightening them may increase false negatives. There is usually
a trade-off between both types of errors in duplicate detection. Some applications con-
sider that false positives are worse than false-negative which results in their effect on the
accuracy of the detected duplicates, whereas the opposite is true with other applications

[8].

The challenge of detecting duplicates

Detecting duplicates is challenging especially within incomplete data sets. In this case,
pairwise matching tends to be unsuccessful without a pre-processing step. Such pre-pro-
cessing step is removing attributes with high rates of missing values or replacing missing
values with estimated values based on the data set existing values (imputation) [9, 10].
Besides, before matching can be performed, attribute selection must be conducted. The
desired high matching ratio (that relies on the results of attribute selection) is crucial in
determining valid string comparison at a later stage.

Detecting duplicates within incomplete data sets pose a unique challenge [11-15].
This is because missing values that are present within records will make these records
look unique although they refer to the same real-world entity. As a result, several records
(the duplicates) of the same real-world entity are kept and treated as if they are different.
Therefore, the challenges facing the duplicate detection process within incomplete data
sets can be summarized as follows:

+ Data clustering: In duplicate detection, the data sets are partitioned into small groups
or clusters to reduce the time for pairwise comparisons. Clustering incomplete data
sets is difficult especially if the attributes used to create a sorting key contain missing
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values. As a consequence, the probability of the records (that are likely to be similar)
being grouped will be reduced. Thus, candidate attributes that can be used to create
the sorting key based on property uniqueness and completeness need to be identified
accurately. Candidate attributes refer to the attributes with low repetition value rate
and low missing value rate. The selection of these attributes determines the success
of duplicate grouping. However, the success ratio depends on the number of missing
values of the selected attributes. Therefore, the process of compensating the miss-
ing values in the selected attributes is necessary to increase the probability of having
records that refer to the same entity of the real world in the same group [16].

» Data matching: This process is important in finding duplicate records in a data set.
The matching process is performed by comparing the values of the attributes in sev-
eral ways such as by character to character, token to token, or sound to sound. The
standard matching methods usually fail when the data sets under consideration are
incomplete, especially in the case involving nominal values [17].

Comparing all attribute values is expensive. Therefore, to find a suitable string
(called a token) from the attributes to increase the probability of matching records is
deemed crucial. The creation of the comparison strings with the same mechanism of
the selected attributes to form sorting keys may seem logical. Although a large num-
ber of presented methods for duplicate detection exist, there is still a need for sub-
stantial improvement to deal with a huge number of errors daily [18]. Therefore, this
calls for a new method to address the problem of duplicate record detection within
incomplete data sets.
Full duplicate detection is often unattainable, and whether the false-positive results are
preferred more than the false negatives depends on the requirement of database applica-
tions. An independent implementation process for duplicate detection algorithm needs
to adjust the values of the input parameters, such as values of similarity measures or
threshold [19-21]. These values have to be adapted according to the given detection
scenario. Thus, the configuration of duplicate detection depends heavily on the domain
under study and some quality characteristics (such as completeness or accuracy) for the
attributes within the data sets.

The rest of this paper is structured as follows. In the Related Work section, the prob-
lem of missing values and the work related to duplicate detection techniques are pre-
sented. The details on the mechanism of the proposed method for detecting duplicates
within incomplete data sets are provided in the Duplicate Detection within Incomplete
Data Sets (DDID) section, followed by a section on Experimental Setup, Results, Discus-
sion and Conclusion.

Related work

The problem of duplicate detection has been addressed under different names such as
record linkage, entity matching, record reconciliation, or merge/purge. In general, the
proposed algorithms for duplicate detection are commonly aimed to achieve:

1. The efficiency of duplicate detection process by reducing the number of comparisons
for candidate pairs. In this case, the speed of the algorithm is of concern and influ-
enced by the number and cost of comparisons; and
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2. The effectiveness of duplicate detection to classify candidate pairs of records as
duplicates or non-duplicates accurately. In this case, the accuracy of the algorithm is
of concern [22, 23].

Elmagarmid et al. presented a survey of duplication detection techniques to detect
duplicate entries that are non-identical in the data set [18]. The survey indicated that
there is no clear vision in determining which measures and methods are the current
state-of-the-art. The survey attributed this problem to the lack of standardized data
and large scale of benchmarking data sets to compare new methods with the existing
ones. Duplicate detection methods have been categorized into two types: (1) meth-
ods that rely on the training data to match the data records by using probabilistic
approaches and supervised machine learning techniques to develop matching tech-
niques, and (2) methods that rely on domain knowledge or generic distance metrics
to match data records. Képcke and Rahm conducted a comprehensive overview of the
current detection of duplicates [24]. They compared eleven frameworks and distin-
guished three types of frameworks namely training-based frameworks, frameworks
without training, and hybrid frameworks. Several criteria were used for comparison
such as the types of supported entities and methods of data partitioning to reduce the
search area. "Matcher” is the term used for the algorithm that is used to determine if
two entities are similar enough to represent the same real-world entity. It also exam-
ines the possibility to combine multiple matches and use training data if necessary
(see [25, 26]). In general, researchers are aware of the difficulty of detecting duplicates
within incomplete data sets [12, 18].

Incomplete data sets due to missing values have been reported as one of the chal-
lenges in data duplication [10, 27], along with other issues. These issues are typographi-
cal errors, abbreviations, and different representations of the same logical values [12,
23, 28-31]. Records with missing entries are of two forms: fully missing (all attributes’
values except the primary key are missing) or partially missing (some of the attributes’
values are missing). In the case of fully missing, as information about the record is miss-
ing entirely, the probability to label it as a duplicate is lower as compared to the partially
missing case. In reality, fully missing is a rare case. Detecting duplicate records with par-
tially missing values is difficult especially in the case where a real-world entity is acci-
dentally represented by multiple key attribute values in a data set (i.e., as a result of data
integration) or in the case where the key attribute is missing (or unknown) [32].

Missing value problem is usually handled either by predicting the value or by disre-
garding the missing value completely [33]. The most common methods to deal with
the strings that contain missing values can be categorized as follow:

1. Deletion: A completely missing point is skipped when utilizing a data set with the
missing value [34].

2. Interpolation: In a geometric sense, a line is drawn between the ends of sequences on
either side of the missing value [16].

3. Imputation: This operation involves fixing of value at the point where it is missing in
the string using a specific algorithm like K-means, where the missing value will be
replaced with a substituted value.
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4. Smoothing: Smoothing is applied in estimating missing values in time series data for
univariate data. Traditional time series analysis is commonly directed toward scalar-
valued data and represented by moving average, or autoregressive-moving average

models to smooth them into one continuous curve.

Incomplete data sets have been reported as an obstacle in the data clustering phase
[10], as missing values can affect the creation of the sorting keys. Besides, the pres-
ence of missing values leads to failure in the matching process due to two factors.
Firstly, the rate of missing values in the records to match. If the selected attributes
contain a high rate of missing values, a high rate of false-negative and false-positive
will be produced. Secondly, the type of attributes that form comparative strings
“Tokens” For example, if the “Token” is created from the attributes whose value
repetitiveness is high (such as “city” or “district”), the record pair will be identified as
duplicates even though they are not.

Several duplicate detection methods highlight the issue of compiling and partially
comparing complete records. The problem of incomplete data that can be found in
data sets takes several patterns (see [35, 36]).Missing value is a type of data complete-
ness issue that affects duplicate detection. Several methods as mentioned earlier are
proposed to deal with the problem of missing values in data sets, such as through
ignoring records with missing entries, manually imputing missing data, and using the
expectation-maximization (EM) algorithm. In cases where there are a large number
of missing entries, or the data sets contain a large number of attributes where the
probability of missing at least one entry is high, the first two methods are not practi-
cal. Moreover, it has been reported that a method such as EM is impractical to esti-
mate missing data within a large number of attributes (i.e., the feature set is large),
being computationally difficult as well as the algorithm convergence rate (EM) will be
very slow if the missing rate is high (a large portion of the data is missing) [32, 37-39].

Tamilselvi and Saravanan presented a model for duplicate detection (and elimina-
tion) caused by errors and missing values [23]. The proposed model is based on sev-

eral steps:

Use an attribute selection algorithm for the best attribute for duplicate identification;
Convert the selected attribute value to a token;

Partition data by a clustering algorithm;

Compute match rate by using similarity measures; and

AR e

Remove duplicates and merge.

In this model, the completeness criterion for the selected attributes relies on token
matching.

Van Gennip et al. proposed a method for extending the TF-IDF soft method to
address the two common issues in the duplicate detection method namely, the spar-
sity (that occurs due to missing entries) and having more than one instances for the
same object [32]. The proposed method is based on: (1) calculating similarity scores
between records, (2) grouping records together into independent groups, and (3)

comparing different methods to generate similarity scores between records (plus a
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different set of string matching, frequency-inverse methods, and ngram techniques).
They also suggested the possibility of replacing the method of dealing with miss-
ing values in both TF-IDF and Jaro-Winkler by performing a data imputation with a
potential candidate.

Nevertheless, duplicate detection methods still need further refinement to over-
come obstacles that prevent the detection of records that are likely to be similar.
Duplicate detection methods are found to be limited in handling incomplete data sets
in the following aspects:

1. Lack of an optimal mechanism to avoid the problem of missing values during the
attribute selection using appropriate criteria for creating the sorting keys.

2. No appropriate compensation mechanism for selected attribute missing values.

3. Improvement of duplicate detection time and precision matching.

4. Lack of intuitive method for using duplicate detecting tools that require less user’s
experience and expertise.

Duplicates detection within the incomplete data sets (DDID)

In this paper, Duplicate Detection within the Incomplete Data sets (DDID) was pro-
posed to address the limitation of existing works. DDID was inspired by a framework
of "DuDe” for duplicate detection toolkit (See [40]). Several stages of duplicate detec-
tion were extended in DDID to address the problem of missing values that affected
the duplicate detection processes. These stages involved automatic attribute selection
by using criteria (uniqueness and completeness) that would ensure the quality of the
selected attributes. A dynamic mechanism was adopted to create the sorting key from
the selected attributes for each record in the data set for the clustering stage. Finally,
comparative strings were created for the matching stage.

The attribute selection phase was the cornerstone for detecting duplicates within
incomplete data sets of the DDID method. In this stage, the "appropriate” attributes
were defined for generating the sort keys for the clustering stage and the matching
strings to calculate the similarity. The attribute selection process depended on the rate
of duplicate values and missing values in each attribute as well as the threshold value
of the acceptance rate. The attribute selection process underwent three main sequen-
tial stages as shown in Algorithm 1. The goal of the attribute selection algorithm
was to reduce the time spent by data specialists in identifying appropriate attributes
for detecting duplicates and increasing the speed in the later stages. The goals were
achieved by avoiding selecting attributes that increased the number of unnecessary
comparisons (because of the missing values or the high rate of duplicates values in
it). The algorithm began by defining the value of the threshold T, where 0 > T > 1.
The higher the value of T the greater the acceptability of the amount of repetition and
the missing values in the attribute. Good selection of the threshold value is essen-
tial because choosing a very low threshold value affects the creation of the sort key,
which, in turn, affects the detection of duplicates in the data set.
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Algorithm 1: Attributes selection algorithm
Input: N Attributes, n Data set size, T
Output: S Subset of attributes
Var: A Attribute set, i, j
begin

1 threshold < T

2 Unique (U) value of the attribute Ai if row R;» R = Ri
3 Missing (C) value of the attribute Ai if row Rin Ri = Null
4 Calculate the average of U and C for Ai to n.
5 Compare (T, AVG)
6 Rank (N, AVG)
end
Compute:

1 U; = n— Count(Distinct A;)

N—-1

2 C] — Zi:o

completeness; ;
2J

n

3 AVG=""Ut%)

Output - ABD_PROJECT (run) -
size array=064
Duplicales in column 0=0
“  Dwplicates in column 1-88
Duplicates in column 2-98
Duwplicates in colum 3=815 UF
Duplicetes in colunn 4=113
Duplicates in column 5=781
Duplicates in column 6=112
Sorting the attributes after computing the dupliocatoes
max eolunneo
max colunn=1
max colunn-2
max colunn=6
max colunn=4
max colunnss
max colunim3
Nurber of missing veluer in the atiribute 1s5,,indexel
Nurber of missing values in the attribute 2-1,,index=2 CF
Muvber of mieeing valuss in the attribute 3=0,,index=6
Sorting the attributes after COmpuUting the missing values
test 1=0,, index=§
test 2=1,, inden=2
teat 3-8, ,indenel
done!

Fig. 1 Implementing the uniqueness and completeness functions on a restaurant dataset

The uniqueness factor in the attribute selection is a decisive factor in limiting unneces-
sary comparisons due to the high frequency of some attribute values such as (gender)
whose values are within a specified range, which may lead to a high rate of false-posi-
tive. The uniqueness function (UF) counts the number of duplicates in each attribute by
using a HashSet class. Attributes are arranged according to the number of duplicates in
ascending order. In DDID, the sort keys and matching strings were created from three
attributes, hence, the completeness function (CF) calculated the numbers of missing val-
ues in the first three (low repeated) attributes after excluding the primary key attributes.
Figure 1 shows the result of applying the uniqueness and completeness criteria to the
restaurant data set.
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Nevertheless, as there is a possibility for the presence of missing values in the selected
attributes that eventually will cause a clustering problem, the missing value problem
needs to be resolved first. Therefore, the use of an appropriate compensation method for
missing values is necessary to improve the duplicate detection.

Missing values compensation

To a large extent, the compensation method such as Hot Deck is generally acceptable to
deal with missing values, especially when the record has more than one occurrence in
the data set. In the Hot Deck imputation, missing values are imputed from other records
in the database that share attributes related to the incomplete attribute [41].

As indicated by the Hot Deck strategy, the missing value for the record is compen-
sated by searching for the missing value in the complete records that are most similar
to the record that consists of missing values [42, 43]. This technique depends on the
correlation of influencing values where matching of more specific attributes is used.
Hence, missing values are imputed from other records in the database that share
attributes related to the incomplete records.

In DDID, the Hot Deck imputation method was used to compensate the missing
values in the high-rank attributes that were specified in the attribute selection stage
to avoid any defect in the creation phase of the dynamic sorting key and comparative
strings. Listing 1 shows the method used to compensate for the missing values in the
high-rank attributes.

void compen () {
String first="";
String second="";
int indexl, index2, 1 ,3j ,m; int 1; int nex; int ep;
\\selected attributes sorted ascending
\\ searching for missing values
for each selected attribute of [1i]{
for each row of [J]{
if(R[Jj]1[i] contains "" or "null")
{
add the index of the other selected attributes
to (indexl and index?2)
add the values of the other selected
attributes to (A and B)
if (A and B contains "" or "null")
Mark record for next process ("Avoid
comparisons" and "Remove candidate")
elsef
for each selected attribute of [i]{
for each row of [m]{

1if (R[m] [index1] contains (A)) {
if (R[m] [index2] contains (B)) {

PYrriihd
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name addr city phone type class | id
435, la . G
; los angeles american (0) 1
cienega blv.
arnic morton’s | 435s. la §
W sles DAA/- sMeak v©Q ¥ )
of chicago cienega bivd, 10s angeles 310-246-1501 | steakhouses (0] 2
222 > £ 5, iz : sas
]*?'4 venta studio city 818/762-1221, | american 1 3
@] bivd. A
2224 ve 2
artsdeli W é;:;4 ventura | o gio city 818-762-122W| detis ‘1| 4
»staurs 2 n. hi & : T
Ll'“,m' s 1902, Hiftmess los angeles 213/665-1891 | asian 10 21
atsu ave.
972 hi T 2 o S- (9
katsu I IRt los feliz SLaaa-IE japanese ‘100 | 22
ave. 000
fleur de lys 777 sutter st. san francisco | 415/673-7779 | french "100° | 201
fleur de lys 777 sutter st. san francisco french (new) "100" | 202
fringale 570 4th st san francisco | 415/543-0573 | french 1017 | 203
fringale san francisco 204
hawthorne lane | 22 hawthorne st. | san francisco | 415/777-9779 | american "102° | 205
hawthorne lane | 22 hawthorne st. | san francisco | 415-777-9779 | californian “102° | 206
Ihan okt 1. soa7-ssiiiny biveigy san francisco | 415/668-6654 103" | 207
house - 44
hgﬂgemkc thaiv v san francisco | 415/668-665 thai 1037 | 208
la folie , 2316 polk st. san francisco 415/776-5577‘! french 11047 | 209
W[ 2316 polk st san francisco | 41 S—776-5577ﬂ french (new) 104 | 210
lulu 816 folsom st. san francisco | 415/495-5775 | mediterranean | "105" | 211
:: L?J:}Zmumm- 816 folsom st. san francisco | 415-495-5775 | mediterranean | '105" | 212
masa’s 648 bush st. san francisco | 415/989-7154 | french "106" | 213
Fig.2 An example of missing values compensation

The similarity of the selected attributes for the two records during the compensa-
tion process was a condition for the compensation procedure. To illustrate this, a sim-
plified case for the data set is as shown in Fig. 2. The selected attributes were name,
addr and class, where record 3 and 4 were regarded as similar. Therefore, the missing
name value in record 3, was compensated by the value ‘art’s deli’ taken from the name
value in record 4; as records 207 and 208 were similar, the addr value which was miss-
ing from record 208 was compensated by addr value from record 207. Details on the

similarity algorithm used are presented in the Experimental Setup section.

Data sets

The data sets used in this study were gold standard data sets, available on the Hasso
Plattner Institute (HP) website under the Duplicate Detection Project (DuDe). These
data sets have been frequently used in duplicate detection research works [40, 44—
53]. In addition, the MusicBrainz data sets (as reported in [54]) were also used in this
study.

Restaurant data set

This data set was originally taken from Fodor’s and Zagat’s restaurant guides. This data set
consisted of attributes namely name, address, city, phone, type, and class. The data set com-
prised 866 records of which 13% of them were duplicates.
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CD data set

This data set was bigger than the Restaurant data set as it contained 9763 records and 107
attributes. CD-related attributes such as artist, title, category, genre, cdextra, year, and track
were kept in this data set. Only 3% of the records were duplicates.

These two data sets underwent a series of changes as reported in Draisbach and Nau-
mann (see [40]) in addition to the changes mentioned in [15]. The unique identifiers that
were added by the authors had been removed so that the creation of the dynamic sorting
keys was not affected by them, as these identifiers did not belong to the actual data sets.

MusicBrainz

These data sets were generated using the data pollution tool called as DaPo [54]. The first
data set of MusicBrainz contains 193,750 tuples while the second data set contains 800,000
tuples extracted from 1,937,500 tuples, where each tuple described a certain audio record-
ing. These data sets consisted of 12 attributes such as TID, CID, CTID, SourcelD, id, num-
ber, title, length, artist, album, year, and language.

Evaluation of DDID

To evaluate DDID, an experimental approach was adopted. We hypothesized that
even though under the constraint of incomplete data set, DDID was capable to
accurately detect duplicate records. DuDe, an earlier duplicate detection method,
was used as a benchmark to evaluate DDID’s performance. In addition to accuracy,
the speed of detection was also observed. The following measures were used in the

experiment:

1. Duplicates detection accuracy: To evaluate the accuracy of DDID in detecting dupli-
cates within incomplete data sets, the measure of Draisbach and Naumann’s (2010)
study (refer [40]) was used. The creation of a statistical component was used to read
the file containing the gold standard. Duplicate pairs from the transitive closure and
non-duplicate pairs from the comparison stage were added to the statistical com-
ponent and compared with the gold standard. The statistical component calculated
the number of true-negatives and false-negatives of the actual classified pairs. The
statistical component needed non-duplicate pairs to obtain an additional measure
for the quality of the comparison. The accuracy of DuDe and DDID performance was
determined by calculating the F-Score that combined recall and precision through
the harmonic mean. Thus, it is a measure of the accuracy of the experiment [22, 55].
The Recall, Precision, and F-Score were computed by using certain formulas:

Recall |true positive| |true positive)|
ecall = =
|true positive| + |false negative| |true duplicates| (1)
Precisi |true positive| |true positive|
recision = =
|true positive| + |false positive| |declared duplicates| (2)

2 x recall x precision

F-Score = (3)

recall + precision
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The formula construct descriptions are as follows:

« False positive: Represents the number of candidate pairs, wrongly declared as
duplicate records.

« False negative: Represents the number of candidate pairs, wrongly declared as
non-duplicate records.

+ True positive: Represents the number of candidate pairs, correctly declared as
duplicate records.

+ True negative: Represents the number of candidate pairs, correctly declared as
non-duplicate records.

2. Statistical analysis: was used to determine whether the performance of DDID was
statistically significant from DuDe.

Experimental setup

To experiment with duplicate detection within an incomplete data set, an arbitrary pat-
tern had been used to hypothetically add missing values randomly within the data sets
under study. 4% missing values were added in the key attributes of the Restaurant data
set whereas 1.5% missing values were added in the CD data set. For the MusicBrainz
data sets, the missing values were not injected due to the high percentage of missing val-
ues (blank, null, and unknown) from the source. Table 1 shows the rate of missing values
(in percentage) in the key attributes for two MusicBrainz data sets. The data sets were
stored in CSV format. The experiment was conducted with Java 8.2 installed on Win-
dows 10 platform using a Dell laptop with 4GB RAM, Core i3 processor, 500GB HDD.

Figure 3 illustrates the steps adopted in the experiment. Once the data sets were ready;,
a Java class that had been created to read incomplete data sets was run. For DDID, attrib-
ute selection routines, known as uniqueness and completeness functions, were used to
define high-ranked attributes before dynamic sort keys could be generated. Next, the
missing values were compensated by the compensation algorithm (using the Hot Deck
imputation method). In addition, the missing values compensation was only performed
by DDID, instead of DuDe. However, the steps afterward were the same for both DDID
and DuDe.

The sorted neighborhood algorithm (see [56]) with a window size of 20 records was
used to sort the keys for Restaurant data set with the size of 50 records for CD data
set and 150 records for MusicBrainz data sets. Levenshtein Distance similarity algo-
rithm (see [57]) with a similarity threshold set to 0.9 was used to measure the similarity
between the comparative strings in DDID and the chosen attributes in DuDe. The major
difference between DuDe and DDID was in the sort keys generation. DuDe depended on

Table 1 Missing values rate in MusicBrainz data sets

Data Set Title (%) Artist (%) Album (%)

MusicBrainz(A) 0.67 21 24
MusicBrainz(B) 0.68 21 29
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Fig. 3 Experiment work-flow

the attribute chosen by the users as the value for the sort keys, such as the name attrib-
ute in the Restaurant data set and the artist attribute for both CD and MusicBrainz data
sets. In contrast, DDID was based on the fulfillment of criteria for the uniqueness and
completeness functions in the selected attributes to dynamically generate the sort keys
and also the comparative/matching strings. The sort keys in DDID combined a portion
of the selected attribute values (e.g., the first three elements of the value of each selected
attribute) together into a single string, where the same applied to comparative/matching
strings with a certain length (e.g., the first eight elements of the value of each selected
attribute as used with CD data set).

The results of duplicate pairs from the transitive closure and non-duplicate pairs from
the comparison stage became the input for the statistical component generation. Key
outputs such as the detection runtime, number of generated record pairs, and number of
classified duplicates were calculated. Error types in duplicate detection (false-positives,
false-negatives, true-positives, and true-negatives) were also measured where the gold
data was used as reference. The final key performance indicators (KPIs), namely Preci-
sion, Recall, F-measure, and Accuracy were calculated by using the statistical outputs.
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Table 2 Experiment results

Dataset Method Declared True False False True Precision  Recall F-measure
duplicates positives  positives negatives negatives

Restau-  DuDe 97 78 19 34 16114 0.80 0.70 075
rant DDID 97 97 0 15 16133 1.00 087 093
cD DuDe 306 205 101 94 476762 067 0.69 068
DDID 262 236 26 63 476837 0.90 0.79 0.84

Music- DuDe 97090 33103 63987 110647 28649838 0.34 0.23 0.27
(B;)a"”z DDID 79818 52185 27633 91565 28686192 0.65 0.36 046
Music- DuDe 224125 46414 177711 216280 118748569 0.20 0.17 0.18
Brainz  pppp 216722 53757 162965 208937 118763315 0.25 0.20 0.22

(B)

The statistical outputs were stored in CSV, whereas the classified duplicates were kept in
a JSON file.

Results and discussion

Key performance results

Table 2 shows the results of the key outputs yielded in the experiment from the imple-
mentation of DuDe and DDID. Duplicate detection by both methods involved 16,245
candidate pairs for the Restaurant data set and 477,162 candidate pairs for the CD data
set and 28857575 candidate pairs for MusicBrainz (A) data set and 119188974 for Music-
Brainz (B) data set.

Both methods showed the same number of declared duplicates for the Restau-
rant data set, however, for the bigger data sets which are CD, MusicBrainz (A), and
MusicBrainz(B), DuDe declared more duplicates than DDID. For all data sets, DDID
showed a better performance than DuDe by producing fewer errors.

Figure 4 shows the results for the key performance indicators namely the Recall,
F-score, and Precision by both methods. Overall, the scores of DDID were higher
than DuDe in all categories.

It is important to point out that the procedures used in DDID did not only increase
the efficiency of the duplicate detection within incomplete data sets. Therefore, to
clarify the behavior of DDID in dealing with duplicates within the complete data
sets, both methods were tested on the completed restaurant data set before adding
the missing values. Table 3 showed that DDID performed well in detecting duplicates
within the complete data set as compared with DuDe.

In the experiment, the value of the elapsed time for duplicate detection was rep-
resented by milliseconds for both DuDe and DDID. A statistical analysis was con-
ducted using the SPSS to determine the significance of performance demonstrated
by DDID against DuDe. As shown in Fig. 5, since the result of the data distribution
for the elapsed time for both DDID and DuDe was normally distributed, a parametric
test, the ¢-test was used.
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Fig. 4 Accuracy comparison of performance between DDID and DuDe

Table 3 Implementation result on the complete restaurant data set

Data Method  Declared True False False True Precision Recall F-measure
set duplicates positives positives negatives  negatives
Restau- DuDe 92 84 8 28 16106 091 0.75 0.82

rant - ppip 98 9% 0 14 16114 1.00 0.88 093

Hypotheses used in this test were as follows:

« Null hypothesis, Hp: The mean elapsed time for both DuDe and DDID is the same.
« Alternative hypothesis, H;: The mean elapsed time for both DuDe and DDID is

not the same.

Table 4 shows the results of the f-test on the elapsed time of DuDe and DDID. In
the t-test results, DuDe had a larger mean than DDID with M = 2317.90 ms

(SD = 184.628), M = 11945.07 ms (SD =

574.791), M = 1083948.73 ms (SD =
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78854.116), and M = 34858078.30 ms (SD = 770221.033) for the Restaurant, CD,

MusicBrainz(A) and, MusicBrainz(B) data sets, respectively.

As P < 0.05, the null hypothesis was rejected and the alternative hypothesis was
accepted. Thus, there was a significant difference in terms of duplicate detection

speed between DuDe and DDID for the data sets.
Moreover, the elapsed time factor was directly related to the following:
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Table 4 Independent samples T-test for elapsed time

Data set Method P-value Mean Std. deviation t 95% confidence interval of
the difference

Lower Upper
Restaurant DuDe 0.000 2317.90 184.628 8.663 253,543 405.923
DDID 0.000 1988.17 96.823 253.015 406451
cD DuDe 0.000 11945.07 574.791 8.289 720413 1179.120
DDID 0.000 10995.30 251915 718.149 1181.385
MusicBrainz(A)  DuDe 0.000 1083948.73  78854.116 18.148 266128812 332114522
DDID 0.000 78482707 43954392 265933426 332309.908
MusicBrainz(B)  DuDe 0.000 34858078.30  770221.033 7010 1202785593 2232304.207
DDID 0.000 3314053340  84187.157 1165245592  2269844.208

1. Both methods used sorted neighborhood algorithm, where the bigger size of win-
dow, the larger number of comparisons, hence, increasing duplication detection
elapsed time.

2. The size of the data within the attributes of the data set: the larger the data size,
the greater the number of comparisons, and since the duplicate detection model or
DDID depended on specific parts of the values of the selected attributes to generate
matching strings, the elapsed time would be lower.

3. The presence of a high rate of missing data, as in the case of the MusicBrainz data
sets, led to an increase in the false-positive, thus, increasing the elapsed time. In
DDID, this problem was reduced by using the compensation algorithm (Hot Deck).
In addition, the sort keys and matching strings were created from multiple attributes,

hence, reducing the possibility of missing value presence.

From the results, the Hot Deck method used in the DDID method can improve the
performance of elapsed time and accuracy in duplicate detection. More importantly,
the improvements made by DDID are statistically significant. At the same time, the
percentage of missing values negatively affects the accuracy of duplicate detection if it
forms a large fraction of the key attribute values.

Conclusion

In conclusion, Duplicate Detection within the Incomplete Data sets (DDID) method
has been proposed to encounter missing value problem in duplicate detection.
Attribute selection mechanism is introduced in DDID where the uniqueness and
completeness criteria are fundamental elements for sorting key creation and string
comparison. To reduce the impact of missing values on the selected attributes of
duplicate records, a compensation method has been included using the Hot Deck
algorithm to compensate for missing values in the selected attributes. Then, the accu-
racy and speed of duplicate detection of DDID have been evaluated against DuDe
which is used only with complete data sets, instead of data sets with missing values.
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The results show that DDID behaves better than DuDe in all aspects under study. In
addition, the Hot Deck compensation method has triggered DDID to achieve higher
number of declared duplicates and fewer errors as compared to DuDe. The results
of the statistical test show that there is a significant improvement made by DDID in
duplicate detection speed even though the data sets are incomplete.
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