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Abstract. Duplicate record detection is a crucial task for data cleaning
process in data warehouse systems. Many approaches have been pre-
sented to address this problem: some of these rely on the accuracy of the
resulted records, others focus on the efficiency of the comparison pro-
cess. Following the first direction, we introduce two similarity functions
based on the concept of q-grams that contribute to improve accuracy of
duplicate detection process with respect to other well known measures.
We also reduce the number and the running time of record comparisons
by building an inverted index on a sorted list of q-grams, named q-grams
array. Then, we extend this approach to perform a clustering process
based on the proposed q-grams array. Finally, an experimental analy-
sis on synthetic and real data shows the efficiency of the novel indexing
method for both record comparison process and clustering.

Keywords: Duplicate record detection, q-grams, inverted index,
bitmaps, clustering.

1 Introduction

The quality of data can significantly affect the reliability of decision support
systems. Real-world data are neither carefully controlled for quality nor defined
in a consistent way due to the fact that they have huge size and come from
multiple sources [10]. Thus, data mining techniques have to take into account
incomplete or missing values, constraints violations, noisy and inconsistent data.
Misspellings and different conventions result in a multiple and not unique repre-
sentation of objects. The process of resolving such identification problems refers
to the data heterogeneity term [3].

There are two different types of data heterogeneity: structural and lexical.
Structural heterogeneity occurs when the fields of the tuples in the database
have different structures in different databases [8]. For example, in one database
the customer address might be recorded in one field named addr, while in an-
other database the same information might be stored in multiple fields (street,
city, state and zipcode). Lexical heterogeneity occurs when the tuples have
identically structured fields across databases, but the data use different repre-
sentations to refer to the same real-world object. For example, in one database
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the first and last name of a person can be stored using this format: Ilary Patri-
cia Doe, while another database can use different convention: I. P. Doe. Based
on this consideration, two records can be considered equivalent if they are se-
mantically equal. The similarity between records is computed by metrics which
measure the semantic equivalence through a score. Record pairs with high simi-
larity scores (above a specified threshold) are treated as duplicates. In this paper,
we focus on the problem of lexical heterogeneity.

In addition to the accuracy of classifying records pairs into matches and mis-
matches, the central issue consists of improving the speed of comparisons. For
this reason, many techniques have been proposed to reduce the quadratic com-
plexity of comparing two tables and the running time of a single comparison.

After a brief review of existing techniques, we propose a new method, called
DDEBIT, that efficiently solves the Duplicate record DEtection problem using
BITmaps. By introducing two similarity functions based on q-grams [9] and
Monge-Elkan [17] distances, DDEBIT improves the accuracy of comparison pro-
cess with respect to other well known approaches. Next, we show that DDEBIT
can also be used to cluster records in a table. Finally, in the experimental section
we demonstrate the efficacy of our method on synthetic and real data.

2 Related Work

Duplicate record detection typically relies on string comparison techniques such
as, edit distance [13], Smith-Waterman [19], Jaro [11], Monge-Elkan [17] and oth-
ers [18,23]. Although effective, all these measures are computationally expensive
(quadratic on the length of the strings) and therefore, they are not suitable for
record detection cause of the size of databases. Therefore, approximate similarity
metrics have been designed [21,20,9]. They are based on the notions of q-grams
and positional q-grams [22].

Related to efficiency, different methods have been proposed to support du-
plicate detection process. Common techniques, such as Standard Blocking [12],
divide the database into blocks and compare only the records that fall into the
same block. The blocking is performed by grouping records having the same
blocking key, that could be an attribute value or a concatenation of more at-
tribute values. The risk is to miss some matches due to errors in the blocking
step (records assigned to the wrong block) or having false mismatches caused by
the failure of comparing records that do not agree on the blocking field.

The Sorted Neighborhood Approach [14] is based on the idea that the proba-
bility that similar records will be closer after sorting data, according to the value
of the blocking key, is high.

Suffix-array indexing [1] uses a suffix array [15] as an inverted index to dy-
namically generate blocks of associated records using blocking keys.

In [2], blocking key values are converted into lists of bigrams (q-grams with
q=2) alphabetically sorted. Then, sub-lists of all possible combinations are built
using a threshold and inserted in an inverted index. The number of sub-lists
depends on both the length of the key value and the threshold. In [5], Christen
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and Gayler present similarity-aware and materialized similarity-aware inverted
indexes for large real-world data sets. The basic idea is to store the similarity in
the inverted index and use it to reduce the computation at query time.

Monge and Elkan [17] proposed a technique called Canopy clustering to im-
prove the performance of record comparisons by assuming that duplicate de-
tection is transitive. They use a union-find structure in which duplicate records
are merged into a cluster and only a representative of the cluster is kept for
subsequent comparisons. Several methods define metric similarity as a canopy
distance [7,4]. In particular McCallum et al. [16] propose the use of canopies
to cluster large high-dimensional datasets. The key idea is to use a cheap and
approximate distance measure to efficiently group records into overlapping clus-
ters. Then, a more expensive function can be used to achieve a better accuracy
when similar record pairs are compared.

3 DDEBIT: A Duplicate Record Detection Algorithm
Based on Bitmaps and q-Grams

Here, we introduce a new approach to efficiently solve the duplicate record detec-
tion problem by extending the strategy adopted in [16]. The method is based on
the use of two similarity functions together with an efficient indexing technique.

First, a lightweight function filters out record pairs with a lower ’global’ sim-
ilarity. This produces a set of candidate pairs whose global similarity is above
a minimum loose threshold. Next, a more accurate function performs compar-
isons between candidate pairs that passed the above filter. This function detects
potentially duplicated records whose ’local’ similarity is above a tight threshold.

The intuition behind this method is that record pairs with a higher global
similarity are likely to be duplicated and can be successively compared to de-
termine a better accuracy using a finer and local similarity function. Moreover,
the increase of accuracy due to the combination of global and local similarities
reduces the number of potential false positives and negatives.

To support an efficient duplicate detection process in large datasets, we pro-
pose a two-phase approach:

1. Create index. We implement an indexing technique based on a sorted list
of q-grams named q-grams array. For each q-gram, we generate an inverted
index by using bitmaps.

2. Record detection. After indexing q-grams in the previous phase, we use
bitmaps to perform a fast comparison process or an efficient clustering.

Next Sections describe the method in more details.

3.1 DDEBIT Similarity Functions

Before introducing the new similarity functions, we report some basic properties
of q-grams.
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Basic Definitions. Let Σ be a finite alphabet of size |Σ|. Let s1 ∈ Σ∗ be a
string of length n. The q-grams are short characters substrings of length q of
the database strings. Given a string s1, its positional q-grams are obtained by
sliding a window of length q over the characters of s1. Q-grams at the beginning
and the end of the string can have fewer than q characters. Therefore, new
characters ”#” and ”$” not in Σ are used to extend the string (1) by prefixing
it with q-1 occurrences of # and (2) suffixing it with q-1 occurrences of $.

For example, the positional q-grams of length q=2 for string tom smith are:
{ (1,#t), (2,to), (3,om), (4,m ), (5, s), (6,sm), (7,mi), (8,it), (9,th), (10,h$) }.
The set of all positional q-grams of a string s1 is the set of all the |s1| + q -
1 pairs constructed from all q-grams of s1. The intuition behind the use of q-
grams is that when two strings s1 and s2 have a small edit distance, they have
many q-grams in common. The use of positional q-grams will involve comparing
positions of matching q-grams within a certain distance. With the appropriate
use of hash-based indexes, the average time required for computing the q-gram
overlap between two strings s1 and s2 is O(max(|s1|, |s2|)).

Follows the formal definitions of the proposed similarity functions. These are
inspired by Monge-Elkan [17] and q-grams [9] distances. The first one better
detects typographical errors and block movements whereas, the q-gram distance
allows a quick computation of the edit distance to filter non-similar strings.

Definition 3.11. (Lightweight similarity). Let R be a relation and X, Y be
strings representing two tuples in R. Let qX and qY be the sets of distinct q-grams
of X and Y , respectively. The function dlight,q is defined as follows:

dlight,q(X, Y ) =
|qX

⋂
qY |

max(|qX |, |qY |) (1)

This function computes the ratio of the number of distinct q-grams that two
strings have in common over the number of q-grams of the longest string. This
score represents a ’global’ similarity on the compared strings. It does not take
into account the position of common q-grams within the strings. In Figure 1 (a),
for each string, the distinct bigrams (q=2) are listed in a lexicographical order.
The computation of dlight,2, for all possible string pairs, is reported in Figure 1
(b). In some cases, dlight returns a low value also for pairs that could represent
the same real world entity. Here, the strings S2 and S3 differ on an high number
of q-grams, caused by the word ’professor’ and a typographical error (Stewen in
place of Steven). To refine the score of this type of string pairs, a more accurate
function combines dlight with Monge-Elkan distance [17].

Definition 3.12. (Accurate similarity). Let R be a relation and X, Y be
strings representing two tuples in R. Let Xi and Yj be the tokens or atomic
strings (i.e. a sequence of alphanumeric characters delimited by punctuation
characters) of strings X and Y , respectively. Let |X | and |Y | be the number
of tokens of X and Y respectively, and |X | ≥ |Y |. The function dacc,q is defined
as follows:
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(a)

(b)

Fig. 1. (a) List of sorted q-grams. (b) dlight,2 and dacc,2 scores for all string pairs.

dacc,q(X, Y ) =
1
|X |

|X|∑

i=1

|Y |
max
j=1

dlight,q(Xi, Yj) (2)

Before computing dacc,q, Xi and Yj are divided into q-grams and dlight,q is
computed for all token pairs in order to find the best matches. The sum of these
maximal scores is then normalized by the maximum number of tokens given by
|X |. Intuitively, this function computes the number of common q-grams locally,
giving more importance to tokens similarity than global strings similarity. Notice
that, to increase the accuracy of similarity of tokens Xi which are prefixes of Yj ,

dlight,q within dacc,q is replaced with a function dprefix(Xi, Yj) = 1 − |qYj
\qXi

|
|qYj

||qXi
|

which yields a score that better captures the prefix similarity. Furthermore, since
dacc,q is a local similarity measure, missing short tokens (i.e. Xi with no more
than 4 bigrams) could cause lower and biased values for dacc,q. Thus, pseudo-
counters βi proportional to 1/|qXi | are added to the similarity measure dacc,q.
In Figure 1 (b), the values of dacc,2 are also reported for strings in Figure 1
(a). Typically, dacc,q increases the score of a strings pair with respect to dlight,q

in presence of prefixes, missing of short words, exact matches or high similarity
between token pairs. The function dacc,q can be generalized to work with records
of k fields.

Definition 3.13. Let R be a relation, let rx and ry be two records in R projected
on k fields. Let pi, 1 ≤ i ≤ k, be a weight associated to i-th field.
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dacck,q(rx, ry) =
k∑

i=1

pi × dacc,q(rx[i], ry[i]) (3)

where p1 + p2 + ... + pk = 1 and rx[i] is the projection of rx to the i − th field.

Here, the comparison key is composed of k fields, and dacc,q is computed sep-
arately for each field. The contribution of the i − th field depends also on the
value of pi, that can give a higher or lower weight to the i − th attribute in the
comparison process. Unfortunately, this function is quadratic with respect to
the length of the strings. To overcome this limitation, we introduce a secondary
memory indexing technique on the list of distinct q-grams. This index makes
similarity computation linear in the number of q-grams of the longest string.

3.2 DDEBIT Indexing

The indexing phase contributes to quickly detect candidate records having an
high global similarity (i.e. high values of dlight,q) and to reduce the running time
of dacc,q. The key idea is based on the concept of q-grams array. Given a table T ,
a q-grams array is a sorted list of all distinct q-grams in T . Prefix q-grams of
the form #c1..cq are listed at the beginning, followed by q-grams without special
symbols, which are followed by suffix q-grams ending with the symbol $. In our
implementation, we use bigrams (i.e. q=2) sorted in a lexicographical order.

Figure 3 reports the pseudocode of the algorithm Create Index. Given the
dataset and the list of fields used for comparisons, the algorithm generates three
index files. For each record of the dataset, all distinct q-grams are inserted in
the q-grams array. More precisely, in line {1..3}, the q-grams array index is
created and stored in secondary memory (dataset.grm). In line {5, 6}, for each
element of the q-grams array, an inverted index is generated allocating a bitmap
of n bits (n is the size of the dataset). For each record and for each field, the
algorithm stores the position of its q-grams (obtained from the q-grams array)
in the index file (dataset.idx). Moreover, if a q-gram occurs in the i− th record,
the corresponding bitmap is updated (line 13) by setting the i − th bit. Finally,
in line {15, 16} bitmaps are stored in a binary file (dataset.bin). Figure 2 (a)
shows an example of dataset and corresponding index files.

Concerning the complexity, let m be the number of records, n be the size
of the q-grams array and r be the number of q-grams of the longest string.
The running time of Create Index algorithm is O(m*n), whereas the secondary
memory required by the index files is O(n) for the q-grams array, O(m*r) for
saving q-grams ids and O(m*n) for the binary file. Finally, the method requires
O(n*m) bits of memory.

3.3 DDEBIT Record Comparisons

The duplicate record detection problem treated in this paper is defined as follows.

Definition 3.31. Let B be a base table and Q be a query table. Let l be the loose
threshold and t be the tight threshold. Let rx ∈ Q and ry ∈ B be two records
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(a) (b)

(c)

Fig. 2. (a) Indexing construction. (b) dlight computation. (c) dacc computation.

projected on k fields. rx is considered a duplicate of ry, if dlight,q(x, y) ≥ l and
dacck,q(rx, ry) ≥ t.

The novelty introduced by DDEBIT consists in reducing both the number and
the cost of the expensive record comparisons using information stored in the
index files previously generated for each dataset. More precisely, the inverted in-
dexes stored in the binary files (dataset.bin) are used to quickly compute dlight,q ,
while record index files (dataset.idx) are used to reduce the complexity of dacc,q.
Notice that, when base table B and query table Q do not coincide index files
(.grm, .idx, and .bin) are constructed for both B and Q.
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DDEBIT Create Index(D dataset of n records, a list of k fields (f1, f2, . . . , fk))
OUTPUT: Three index files: dataset.grm, dataset.idx, dataset.bin

1 for each record reci in D do // Create file dataset.grm
2 insert all q grams (reci, q-grams array);
3 write (q-gram array, dataset.grm);
4
5 for each q-gram qj in q-gram array do // Allocate bitmaps
6 bitmap[qj ] = allocate bitmap (n); // n is the size of D
7
8 for each record reci in D do // Create file dataset.idx
9 for each field fy do

10 for each q-gram qj do
11 pos q gram = find q gram position (qj , q-gram array);
12 write (pos q gram, dataset.idx);
13 bitmap[qj ] [reci] = 1; // Update bitmap for qj

14
15 for each q-gram qi in q-gram array do // Create file dataset.bin
16 write (bitmap[qj ], dataset.bin);

Fig. 3. The Create Index procedure of DDEBIT

The pseudo code of duplicate detection algorithm is showed in Figure 4. In
line {1..4}, for each base record, the algorithm (i) retrieves for each field and for
each token, all q-grams from record index and loads them in memory by setting a
bitmap whose size is equal to the length of the q-grams array, and (ii) maintains
the total number of distinct q-grams. The construction of bitmapB table (line 3)
is not expensive; for each base record rb, it is linear in the total number of q-grams
of rb. In line 5, the algorithm remaps the ids of q-grams in datasetQ.idx with the
corresponding ids from the datasetB.grm. If a q-gram of query table does not
occur in the q-grams array of base table, its id is set to -1. In lines {7..19}, the
comparison process between query table and base table is performed. DDEBIT,
by using information stored in the binary file, maintains a counter associated to
each base record storing the number of common q-grams with the query records
(line 10). Such a counter allows to quickly detect base records sharing at least one
q-gram with the query record (see Figure 2). We compute (line 14) the dlight,q

similarity between the query record and each base record whose id corresponds
to a value of record counter greater than 0. If the value of dlight,q is above the
loose threshold, the algorithm computes dacck,q to verify the local similarity. The
candidate records are considered duplicated if dacck,q is above the tight threshold
(see Figures 2 (b),(c) for an example of computation).

Using information stored in the index files, if g is the number of q-grams
of the query records, dacc,q requires O(g) comparisons. The reason behind this
complexity relies on fact that, for each q-gram i of a query record, the method
tests only the i-th bit of the bitmap corresponding to each token of the base
record. Thus, the complexity of the method is O(m*n*g), where m is the number
of records of the query table, n is the number of records of the base table, and



An Efficient Duplicate Record Detection 317

DDEBIT Duplicate Detection(datasetB.∗: Base table, datasetQ.∗: Query table;
a list of k fields (f1, f2, . . . , fk); loose threshold l; tight threshold t)
OUTPUT: for each query record, a list of potential duplicated records

1 for each record recb in B do //Load base table in memory
2 for each field fi in recb do //Read record ids from file datasetB.idx
3 bitmapB table[recb][fi]= Allocate and set List bitmaps();
4 num q-grams B[recb]=total num distinct q-grams();
5 new datasetQ.idx = Remap(datasetQ.idx, datasetB.grm);
6
7 for each record recq in Q do // Comparison process
8 for each q-gram qj in recq do
9 for each i − th set bit of datasetB.bin[qj ] do

10 record counter[i]++;
11 num q-grams Q[recq]=total num distinct q-grams();
12
13 for each i such that record counter[i]> 0 do //Find candidate pairs

14 dlight=
record counter[i]

max(num q−grams B[i],num q−grams Q[recq ])
;

15 if (dlight == 1.0 ) then output(Exact match);
16 else if ( dlight ≥ l ) then
17 dacck = compute score(bitmapB table[i], new datasetQ.idx[recq]);
18 if (dacck ≥ t) then
19 output (Record i and record recq are duplicated!);

Fig. 4. The Duplicate Detection procedure of DDEBIT

g << n is the maximum number of q-grams in the records. Moreover, the method
requires O(n*m) bits of main memory.

3.4 Application to Clustering

The key idea for detecting duplicates presented in this paper can be used for
clustering. Extending a strategy proposed in [16], we introduce a new clustering
technique which consists of partitioning the dataset into non-overlapping clus-
ters. Using the similarity measures dlight and dacc, the method groups into the
same cluster records considered duplicated according to the strategy described
in the previous sections. Differently from comparisons process, number of com-
parisons are slightly reduced. This is due to the fact that a record associated to
a cluster will not be used for further comparisons. The complexity is O(n*g*c),
where c is the number of clusters, n is the number of records, and g << n is the
maximum number of q-grams in the records.

4 Performance Analysis

Experimental analysis was performed on a server HP Proliant DL380 with 4GB
RAM, equipped with Linux Debian Operating System. DDEBIT was imple-
mented in C++ language. In all our experiments, q has been set to 2.
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Accuracy of DDEBIT measures. We compared DDEBIT with q-grams and
positional q-grams [9], Jaro [11], Jaro Winkler [23] and edit distance [13]. To per-
form comparisons, we used Python implementation of these metrics available in
Febrl package1. We measured the accuracy of similarity metrics on real datasets
concerning information about restaurants, by comparing 331 tuples from Za-
gat’s website with 533 tuples from the Dept. of Health website. We selected the
fields name, street, city, and phone and computed Recall, Precision and the
F1 measure defined as 2×Recall×Precision

Recall+Precision .
Table 1 shows the accuracy of the metrics related to the best performances

for each method. Results clearly show that the proposed method has a better
behavior with respect to the other metrics. DDEBIT outperforms q-grams and
edit distance since it uses a combination of local and global similarities. More-
over, due to the fact that DDEBIT better captures the similarity in presence of
prefixes and missing of short tokens, it also yields an higher value of F1 with
respect to Jaro and Jaro Winkler. However, a limitation of DDEBIT is that it
does not detect string swaps between attributes neither potential similar strings
which differ on an high number of tokens or contain missing values.

Table 1. Comparison among DDEBIT and q-grams, positional q-grams, edit distance,
Jaro and Jaro-Winkler

Metric Tight(Loose) Real Correct Pred. Predicted Precision Recall F1
threshold Duplicates Duplicates Duplicates

q-gram(q=2) 0,7 112 107 210 0,51 0,96 0,66

Positional 0,7 112 49 61 0,8 0,44 0,57

Jaro 0,8 112 78 178 0,44 0,70 0,54

Edit 0,75 112 72 140 0,51 0,64 0,57

Jaro Winkler 0,85 112 103 173 0,60 0,92 0,72

DDEBIT 0,8 (0,65) 112 97 106 0,92 0,87 0,89

DDEBIT 0,75 (0,6) 112 107 134 0,8 0,96 0,87

DDEBIT 0,7 (0,6) 112 110 181 0,61 0,98 0,75

Efficiency and accuracy of DDEBIT method. By evaluating the indexing
construction time on synthetic data2, we observed a linear trend on both the
number of fields (see Figure 5 (a)) and the size of the dataset (see Figure 5
(b)). Concerning the record comparisons time, by performing a self comparison
of a base table of 10k and varying number of fields, DDEBIT took a maximum
running time of 15,41 sec. (Figure 6 (a)). In Figure 6 (b) we report the average
time for query record varying the size of the dataset. The query time increases
for larger datasets due to the higher number of candidate records. Figure 7 (a)
reports a record comparison between a query table of size 10k and a base table
of size 100k. A naive approach (which does not use filtering) performs 10k*100k

1 http://sourceforge.net/projects/febrl/
2 We used the generator provided at http://dbgen.sourceforge.net/.
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(a) (b)

Fig. 5. DDEBIT indexing time. (a) Size of dataset is 100k. (b) Number of fields is 4.

(a) (b)

Fig. 6. DDEBIT record comparisons time with light threshold and tight threshold
equal to 0.7 and query table of size 10k. (a) Time w.r.t. fields. (b) Number of fields
is 4.

comparisons, computing dacc,q on all possible record pairs. dlight,q computes an
high number of comparisons however the cost of dlight,q is lower than dacc,q

(common q-grams are retrieved directly from index files). Moreover, it reduces
the number of expensive comparisons filtering out non similar record pairs. For
example, by setting k = 3, dacc3,2 performs only 12.294 record comparisons in
place of 10k*100k. In Figure 7 (b), DDEBIT drops down the running time up to
the 92% with respect to the naive approach. Although the different programming
languages, we compared DDEBIT with SB (Standard Blocking with Soundex
encoding) [6], QI (Q-gram Indexing) [2], SA and MSA [5] (Similarity Aware
and Materialized Similarity Aware using Jaro winkler and 1-gram comparisons
metrics)3. We generated uniformly distributed synthetic datasets having size
ranging from 500k to 1.5M. We computed the index construction time (Figure 8
(a) top) and the average query time (Figure 8 (a) bottom) using a query table
of 2k records.

3 We thank prof. Peter Christen for providing the software.
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(a) (b)

Fig. 7. (a) Number of comparisons using dlight,q, dacc,q and the naive approach. (b)
Running time of DDEBIT vs the naive approach.

We also compared the accuracy of the above methods on synthetic datasets
of size 100 with different distributions (uniform, Poisson and zipf) and 4 fields.
Each query record is a duplicate of one base record with 1 modification per field
and 3 modifications per record. We also used two real data selecting randomly
100 records from ucdPeopleMatch4 dataset which contains prefixes and swap
of words within attributes, and cora5 dataset containing citations clustered into
groups referring to the same scientific paper.

For real datasets, the number of true matches is slightly increased with respect
to the other algorithms (see Figure 8 (b)). Figure 8 (c) shows the Recall of
DDEBIT for different values of light and tight thresholds for the cora dataset.
Notice that, using proper thresholds, DDEBIT is able to reach a very high Recall.
Finally, Figure 8 (d) contains different F1 values varying the weights pi associated
to the attributes, used in dacck,q. Assigning 1/2 to title and 1/6 to the other
attributes, DDEBIT yields a very good accuracy with respect to the uniform
weights assignment (first row in the table).

Clustering. In order to test the accuracy of DDEBIT clustering, we generated
synthetic datasets (using the Febrl generator) having at most 4 modifications per
attribute and 15 modifications per record. Each dataset contains one duplicate
per record. We used a light threshold equal to 0.6 and a tight threshold equal to
0.65. Results clearly show that F1 (see Figure 9 (a)) is higher using more fields
in the comparisons process, due to the fact that dacc,q is highly discriminating
and gives a more accurate score using a larger number of fields.

We also tested running time of our clustering approach. Figure 9 (b) shows
that, by fixing the number clusters to 10 and varying the size of dataset, DDEBIT
has a better running time with respect to fix the percentage of duplicates per
record (10%) and varying the number of clusters.

The proposed clustering technique does not take into account, for further com-
parisons, records already assigned to a cluster. This improves clustering efficiency
at cost of inserting some records in wrong blocks. Finally, in Figure 10 we report

4 http://fingolfin.user.cis.ksu.edu/ERICRAWLER/data/
5 http://www.hpi.uni-potsdam.de/naumann/projekte/repeatability/datasets/
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(a) (b)

(c) (d)

Fig. 8. (a) DDEBIT vs other techniques on synthetic datasets. Top shows index con-
struction time, bottom query time. (b) True matches (0-100) on different datasets. (c)
DDEBIT Recall on cora dataset. (d) DDEBIT accuracy on cora dataset wrt pi.

(a) (b)

Fig. 9. Clustering. (a) F1 w.r.t. the size of dataset. (b) Running time with fields=5.

a direct comparison between DDEBIT clustering technique and a naive approach
that does not filter candidate record pairs. DDEBIT slightly reduces execution
time and the number of comparisons. Moreover, accuracy is lower in some cases
(records = 1000), because dacc,q introduces some false positives or negatives; but
we observed an increased value of Recall in the other cases (records equal to 10k
and 20k), due to the fact that dlight,q sometimes discards false positives that
dacc,q would consider as duplicates.
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Fig. 10. Clustering vs naive approach. Fields=5, light and tight threshold equal to 0.7.

5 Conclusions and Future Work

In this paper we proposed DDEBIT, an indexing method for fast and accurate
duplicate record detection. The novelty of this approach consists of using a two-
step similarity comparisons process which results more efficient and effective
than using a single measure. Moreover, comparisons are optimized by using a
q-grams array indexed with bitmaps. Finally, the efficiency of DDEBIT has been
confirmed by a new clustering technique based on it. Future work will investigate
the memory usage reduction through an efficient bitmap compression and the
refinement of similarity metrics to increase accuracy of resulted records.
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