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a b s t r a c t 

Having a unique personal identifier is a prerequisite to run person-centric analytical queries and data 

mining tasks, such as fraud detection, expert finding, and credit scoring. Personal names are the most 

commonly used identifier of individuals in datasets; however, the name of a person may not be unique 

across the dataset’s records, especially where data are integrated from various sources. Intelligent systems 

utilize name matching methods to identify different name representations of persons. The performance 

of previous name matching methods is inadequate since they solely consider name similarities and ig- 

nore dissimilarities. Unavailability of Part of Name (PON, e.g., first name and last name) is an important 

limitation of dissimilarity consideration. To address this issue, this paper proposes an unsupervised per- 

sonal name matching framework, namely Swash. This framework can model the information gatherable 

from a name dataset into a layered Heterogeneous Information Network, which facilitates control over 

the learning process. Swash predicts PON tags using a self-trainable algorithm and then collectively clus- 

ters the name vertices on the network. Evaluations on three public bibliographic datasets (i.e., CiteSeer, 

ArXiv, and DBLP) recognize the significance of the proposed framework. The results showed that Swash 

outperformed F1 of the state-of-the-art method up to 38%. 

© 2019 Elsevier Ltd. All rights reserved. 
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. Introduction 

Information retrieval and data mining are two key technologies

f modern expert systems. These technologies require to know the

nderlying entities of datasets; however, the entities are often un-

vailable or noisy, especially when data is gathered from different

ources. As an example, to select the best researcher in a coun-

ry, all records of researchers should be aggregated, but there is

o unique identifier on each researcher’s records. Entity match-

ng tries to find this identifier using available information of refer-

nces. Entity matching resolves references in two levels, i.e., field

atching and record matching. Field matching identifies different

epresentations of available fields separately, and record matching

ggregates the results of field matching to resolve entities. Names

re often the most informative field of records for matching. Per-

onal name matching identifies name representations of the same

erson only using the person name field. This paper suggests a

omprehensive framework for personal name matching. 
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Personal name matching was initially studied as a string match-

ng problem ( Christen, 2006 ). After 2005, some research studies

articularly focused on personal names. There are several different

opics in this research, including utilizing name-specific patterns

o increase matching performance ( Gong, Wang, & Oard, 2009 ;

ukharev, Zhukov, & Popescul, 2014 ; Treeratpituk & Giles, 2012 )

nd matching extension for other languages ( Peng, Yu, & Dredze,

015 ; Shaalan & Raza, 2007 ). Despite advances in name matching,

he performance of previous research studies is still inadequate.

ccording to our investigations, considering solely name similari-

ies and ignoring dissimilarities is the main reason for this issue.

or instance, two very similar names cannot be matched while

heir abbreviated middle names are dissimilar. To consider the dis-

imilarity, part of name (PON) 1 tags of names are required; how-

ver, these tags are absent in name datasets. 

We model personal name matching problem using a layered

eterogeneous information network (HIN) 2 , which embeds infor-
1 PON: P art O f N ame (analogous to Part Of Speech in NLP) refers to types of name 

okens, including prefix, first name, middle name, last name, and suffix. 
2 HIN: H eterogeneous I nformation N etwork is a network that its vertices and 

dges have different types ( Shi, Li, Zhang, Sun, & Yu, 2017 ). 
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mation gatherable from a name dataset. In this network, each

token of names is tagged with an initial PON. At first, a block-

ing scheme finds possible reference candidates using a message-

passing algorithm. The blocking reduces the quadratic number of

further comparisons to near-linear time. Afterward, an unsuper-

vised scheme corrects the initial tagging mistakes using a self-

trainable algorithm. This algorithm trains from confident tags and

extends its knowledge to unconfident tags iteratively. The PON tags

are used in a collective matching algorithm, which considers dis-

similarity besides similarity. This matching algorithm collectively

clusters reference vertices that belong to the same entities. We

named the suggested solution ‘Swash’ 3 due to the resemblance

between the matching process and waves breaking on beaches.

According to our evaluations on three publicly available datasets,

Swash significantly outperforms the state-of-the-art name match-

ing methods. 

The proposed approach, analogous to other name matching

methods, is only responsible for the identification problem. Identi-

fication and disambiguation are two different problems that entity

matching confronts ( Bhattacharya & Getoor, 2007 ). The identifica-

tion problem refers to identifying different representations of an

entity, while the disambiguation problem tries to distinguish be-

tween different entities with the same or similar representations.

Disambiguation is impossible in name matching due to the neces-

sity of other fields’ information. For instance, only based on the

name field, we cannot recognize whether two ‘John Doe’ references

refer to the same person or not? 

The proposed solution outperforms state-of-the-art perfor-

mance, particularly on more difficult datasets. Moreover, It makes

several noteworthy contributions to previous methods. First, the

approach is unsupervised and does not require gold data. Second,

it introduces a self-trainable mechanism, which gradually predicts

unconfident PON tags according to confident tags. The third con-

tribution is the collectivity of matching decisions, which are de-

pendent on each other. Finally, instead of reference similarity, the

consistency concept is defined. The consistency considers the dis-

similarity in addition to similarity. 

The rest of this paper is structured as follows. In Section 2 , the

previous research on name matching is reviewed. Section 3 cate-

gorizes the typical variations in personal names and discusses the

issues of the previous methods against matching these variations.

The discussion leads to a comprehensive framework, which is pro-

posed in section 4 . The proposed framework is evaluated using

four experiments. Section 5 and 6 describe the experiments’ set-

tings and discuss their results, respectively. Finally, Section 7 con-

cludes the paper and reports several possible directions for future

works. 

2. Literature review 

Personal name matching was initially studied as a string match-

ing problem ( Christen, 2006 ). The string matching measures can

be divided into three types, i.e., sequence-based, set-based , and pho-

netic hashing ( Doan, Halevy, & Ives, 2012 ). Sequence-based mea-

sures, such as edit-distance, compute the cost of transforming

a string to another one ( Levenshtein, 1966 ). Set-based measures

transform strings to a multi-set of tokens and compute the similar-

ity between them using set similarity indices such as Jaccard index

( Cohen, Ravikumar, & Fienberg, 2003 ). Contrary to the mentioned

measures, phonetic hashing is not pairwise. It hashes strings to

several buckets such that strings in the same bucket are similar.

Soundex is the most known phonetic hashing algorithm ( Odell &
3 Swash: the water that washes up onshore after an incoming wave has broken. 

Swash consists of two passes: uprush (onshore flow) and backwash (offshore flow). 

t  

o  

A  
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ussell, 1918 ). These three types can be considered as the first

eneration of name matching methods. Extending this generation

as continued so far. As an example, Christin et al. improved edit-

istance measure utilizing contextual information such as string

requency and related strings ( Christen & Gayler, 2015 ). 

The next matching generation is Hybrid matching that combines

equence-based and set-based measures in order to consider struc-

ure and token variations simultaneously. Hybrid string match-

ng greedily finds the most similar token pairs using a sequence-

ased measure and then computes the set-based similarity be-

ween aligned tokens. Monge and Elkan presented a ‘recursive

atching scheme’, which is the most known hybrid matching algo-

ithm ( Monge & Elkan, 1996 ). Cohen et al. enhanced Monge-Elkan

cheme using the TF-IDF weighting of tokens ( Cohen et al., 2003 ). 

The matching research that focused on personal names was

ainly introduced after 2005. Most research has addressed side

ssues, including benchmarking previous methods ( Gali, Mariescu-

stodor, & Fränti, 2016 ; Peng, Li, & Kennedy, 2012 ; Christen, 2006 ),

atching of non-English names ( Zhagorina, Braslavski, & Gusev,

018 ; Peng, Yu, & Dredze, 2015 ; Shaalan & Raza, 2007 ), cross-

anguage matching ( Medhat, Hassan, & Salama, 2015 ), and rank-

ng the alternate spellings of names ( Sukharev et al., 2014 ; Varol

 Bayrak, 2012 ). The core of name matching has targeted by little

esearch, which will be reviewed in the next paragraph. 

The third generation of name matching has been tackled the

reediness of Hybrid matching. Hybrid matching aligns similar to-

ens using a greedy algorithm; hence, there is no guaranty to

chieve optimal alignment. The third generation of name matching

ries to find the optimal tokens alignment. We name it ‘ Maximum-

imilarity Alignment’ matching . To avoid greedy choice, consider-

ng some of thename structure variations was the first solution

 Galvez & Moya-Anegón, 2007 ). This solution converts all valid

ariations of names to a canonical form using a finite-state graph.

aving equal canonical form shows the equality of underlying

ntities. Gong et al. have suggested the state-of-the-art name

atching method, which significantly outperforms hybrid match-

ng ( Gong et al., 2009 ). This method generates a graph of all valid

ransformations between two names and finds the optimal trans-

ormation using a shortest-path algorithm. There is a similar ver-

ion of this method, which utilizes dynamic programming for opti-

ization ( Treeratpituk & Giles, 2012 ). The later research could not

ake a significant contribution in Maximum-similarity Alignment

nd only mashes up the previous methods, such as ( Ash, 2017 ). 

The proposed framework is the fourth generation of name

atching. The previous methods only use the similarity between

he forms of tokens; however, to improve performance, more in-

epth knowledge of name structure is required. The proposed

ramework finds the structure of names using a self-trainable

arser and matches them according to their structures. The frame-

ork will be detailed in the following sections. 

. Problem definition: personal name variations 

A full personal name consists of several tokens that are ar-

anged in a sequential structure. Each token has a specific PON

 P art O f N ame) tag, including prefix (pf), first name (fn), middle

ame (mn), last name (ln), and suffix (sf). There are two sources of

ariations in name matching: token variations and structure vari-

tions. Token variations refer to changes in the form of names,

nd structure variations are changes in the organization of name

okens. Several previous works have tried to categorize the types

f person name errors ( Arehart & Miller, 2008 ; Galvez & Moya-

negón, 2007 ). Improving these works, a comprehensive and re-

ned categorization of name variations is presented, as follows: 



M. Raeesi, M. Asadpour and A. Shakery / Expert Systems With Applications 147 (2020) 113115 3 

Table 1 

Robustness of previous name matching approaches to each type of name variations (only a single variation). Double ticks and single tick 

correspondingly represent total and partial robustness. 

Name variations Seq-based Set-based Phonetic hash Hybrid Max-Similarity Alignment 

1.1. Data entry errors 
√ √ √ √ √ √ √ √ √ 

1.2. Short forms 
√ 

1.3. Spelling variations 
√ √ √ √ √ √ √ √ √ √ 

1.4. Nicknames and diminutives 

2.1. Deletion of optional parts 
√ 

2.2. Order of tokens 
√ √ √ √ √ √ 

2.3. Insertion of extra delimiters 
√ √ √ 

2.4. Deletion of valid delimiters 
√ √ √ 

Table 2 

Name pairs with multiple simultaneous variations from ArXiv bibliographic 

dataset. 

Case 1 Case 2 Case 3 Case 4 

c.linhares de 

jesus 

jm figueroa- 

ofarrill 

m.b.d.silva 

maia porto 

christopher m.hull 

c.d.linhares jose figueroa- 

ofarrill 

m.b.d.s.m.porto chris hull 
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1 Token variations 

1.1 Data entry errors such as typos and OCR errors (mostly non-

word errors), e.g., Ali → Alj 

1.2 Short forms 

1.2.1 Abbreviations, e.g., Muhammad → Mhd 

1.2.2 Initials, e.g., John → J 

1.3 Spelling variations 

1.3.1 Alternate spellings, e.g., Jennifer → Jenifer 

1.3.2 Transliteration, e.g., Saeed → Saeid 

1.4 Nicknames and diminutives, e.g., Robert → Bob 

2 Structure variations 

2.1 Deletions of optional parts (such as middle name), e.g., John

Charles Smith → John Smith 

2.2 Order of tokens, e.g., Zhong Yushu → Yushu Zhong 

2.3 Insertion of extra delimiters, e.g., A . Rodriguez → A . Rodr i

guez 

2.4 Deletion of valid delimiters, e.g., C. Korthals altes → C. Ko-

rthalsaltes 

A perfect name matching method should be robust to all types

f the above variations. However, the previous methods cannot

dentify most of these variations. Table 1 compares the robust-

ess of previous approaches to these name variations. Accord-

ng to Table 1 , most of the approaches identify ‘data entry’ and

spelling variations’ of tokens when the variations do not dra-

atically change the token. There is no consensus among ap-

roaches on the detection of other variations. For example, while

he sequence-based approach is sensitive to the ‘order of tokens’,

t is relatively robust to delimiter errors. Almost none of the ap-

roaches can adequately cover variations of ‘short forms’, ‘nick-

ames’, and ‘optional part deletion’. Only the Maximum-similarity

lignment approach (3rd generation of name matching) can par-

ially identify ‘short forms’ and ‘optional part deletion’ in some cir-

umstances using contextual information. 

Table 1 compares the robustness of different approaches, where

ames have a single type of variation. However, in real-world data,

e encounter cases that names have multiple variations simul-

aneously, as illustrated in Table 2 . In these cases, none of the

revious approaches can effectively identify the variations. Con-

ider Case 1 of Table 2 , which includes two different variations,

.e., insertion of the middle name and deletions of suffixes. Co-

ccurring these two variations leads to a significant similarity de-

rease between the name pairs, such that even the Maximum-

imilarity Alignment approach cannot identify them. 
In contrast to the previous matching approaches, people can

dentify that the name pairs of Table 2 refer to the same persons.

owever, why the human brain can identify and the previous ap-

roaches cannot? The main features of brain matching process can

e categorized as follows: 

1. Collective approach : When we decide on a name pair, other

similar names in the corpus assist us in making a correct deci-

sion. For instance, the abundance of candidates, where ‘Christo-

pher’ substitutes with ‘Chris’, increases the matching proba-

bility of Case 4 pairs. Moreover, if we have prior knowledge

that ‘Chris’ is a nickname of ‘Christopher’, this can also result

in matching this pair. Among the previous approaches, only

Maximum-similarity Alignment approach tries to utilize contex-

tual information; however, even this approach ignores a signif-

icant part of the information gatherable from a name dataset. 

2. Iterative self-training : Our matching decisions are interrelated

with each other. Every single high-confident match can provide

pieces of evidence to match other names. In other words, ev-

ery decision updates the current knowledge, and the updated

knowledge affects future decisions. As an example, when ‘Carlo

Linares’ is matched with ‘C. Linares De Jesus’, we find out that

‘Linares’ is the last name, and ‘De Jesus’ is the suffix. Based on

this knowledge, ‘C. Linares De Jesus’ will be matched with ‘C.

Jesus’ afterward. 

3. No need to label : We can do name matching for the cultures

that are unknown to us using limited facts on names and the

information inferred from the whole dataset. Therefore, the ini-

tial labeled data or PON tags are unnecessary for self-training,

and a limited number of simple facts are sufficient. As an exam-

ple, in case 1, without knowing the meaning of ‘de’ in Spanish

culture, we can guess it’s PON based on token alignment. 

4. More weight on less common tokens : Co-occurrence of an

uncommon token increases the similarity between two names

more than a common token. It is IDF weighting heuristic, which

is utilized in our daily matching decisions. For the first time,

Cohen introduced TF-IDF heuristic in name matching literature

(W. W. Cohen, 20 0 0 ) and followed by other researchers later.

However, TF-IDF weighting has two significant shortcomings.

First, TF weighting is not meaningful in name matching, due

to the fact that duplication of a co-occurred token does not in-

crease the similarity of name pairs. As an example, the simi-

larity of ‘J. Doe’ to itself is more than to ‘J. J. Doe’. The sec-

ond shortcoming refers to the necessity for labeled data. Pre-

vious approaches require labeled data to estimate the weights,

while people can estimate the commonness of tokens during

the matching of unlabeled datasets. 

5. Considering dissimilarity in addition to similarity : It is not

enough to decide only based on the similarity of names. For

instance, despite the high similarity of ‘Tomson, John M.’ and

‘Tomson, John A.’, they cannot be matched due to the dissimi-

larity of their middle names. 
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Fig. 1. The general process of the proposed matching framework. 
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6. Name parsing : Parsing the name structure is a crucial prereq-

uisite of name matching, especially to know optional parts that

can be deleted (name variation of 2.1). Case 2 of Table 2 illus-

trates this point. If the PON tag of ‘m’ is middle name, its dele-

tion in ‘Jose Figueroa-Farrell’ is valid. However, if ‘m’ is tagged

to first name, the name pair cannot be matched due to the dis-

similarity of their first names. 

A proper matching should embed the above features in an inte-

grated process. This paper proposes a comprehensive name match-

ing framework, which includes the above features. This framework

is quite robust to all name variations of Table 1 , except the last

two variations. The robustness enhancement of the framework to

cover these two variations is possible; however, it is out of the aim

of this paper, and we leave it for future research. A prominent ad-

vantage of the proposed framework over the previous methods is

its robustness to multiple variations co-occurrence due to its intel-

ligent perception of name structure. 

4. Proposed approach 

To address the discussed issues, we propose a personal name

matching framework, namely Swash. This framework starts with

confident matches and acquires knowledge based on this match-

ing. Then, the acquired knowledge is utilized in further matches.

It continues until the whole names are gradually matched. Swash

framework splits the matching of token’s variations and struc-

ture’s variations into different modules that work together in an

integrated process. Different kinds of similarity measures or prior

knowledge are pluggable to these modules. By extending these two

modules, we can generalize name matching to other types of data

such as addresses, phone numbers, and even genome. Generally,

the framework can potentially match any data, which includes a

sequence of tokens. 

As presented in Fig. 1 , the proposed framework consists of two

major phases: data modeling and matching. The names data is

transformed into a rich HIN during the first phase. The match-

ing phase exploits this HIN for measuring meta-path similarity and

clustering. This phase alternates between the blocking stage, which

finds possible candidate names, and clustering stage, which clus-

ters the candidates. The remaining parts of this section details the

data modeling phase, the blocking stage, and the clustering stage

subsequently. 
Fig. 2. The steps of the da

Fig. 3. Network schema of the
.1. Data modeling 

A comprehensive name matching framework requires a com-

rehensive data model. This model would collect all available in-

ormation in a name dataset. There are multiple items of informa-

ion in the name dataset, including: 

1. Tokens of a name, e.g., John Philip Doe → John, Philip, Doe 

2. The sequence of token pairs, e.g., John → Philip, Philip → Doe

3. The frequency of names, e.g., John Philip Doe:5 

4. The frequency of tokens, e.g., John: 153, Philip: 43, Doe: 5 

5. The frequency of consecutive tokens’ pairs, e.g., John

→ Philip: 12, Philip → Doe: 5 

6. The similarity between tokens, e.g., John ~ Johnny 

The data modeling phase collects the above items and em-

eds them into a rich HIN. Several steps should be taken to con-

truct the HIN, as illustrated in Fig. 2 . First, names are standard-

zed to the same format. Afterward, standardized names are tok-

nized. If data includes ‘deletion of valid delimiters’ variation, ap-

lying a word breaking algorithm becomes necessary. This algo-

ithm breaks words at proper boundaries in the absence of word

elimiter ( Wang, Thrasher, & Hsu, 2011 ). In the third step, names,

okens, and consecutive tokens’ pairs are aggregated separately,

nd the frequency of each unique value is calculated. Finally, a lay-

red HIN is constructed based on the results of previous steps. 

The network schema of Fig. 3 sketches the proposed HIN. The

ypes of vertices and edges are detailed in Table 3 and Table 4 , re-

pectively. This layered network consists of three main segments,

.e., references, clusters, and elements. The references segment

layer 0, REF vertices) contains unique name references that con-

ain in the input data. These references should be clustered to

dentify their underlying entities. The clusters segment consists of

he vertices of layer −1 (CLS and RID types), which points to the
ta modeling phase. 

 proposed layered HIN. 
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Table 3 

Types of vertices in the proposed layered HIN. 

Label Layer Description Segment Properties 

CLS −1 Identified clusters cluster Frequency 

RID −1 Resolved IDs (if gold standard exists) cluster Frequency 

REF 0 References of names reference Frequency, value 

TKN 1 Tokens of names’ references element Frequency, value, no. of clusters 

SIM 2 The representative of similar tokens such as the same phonetic hash code or nickname element Frequency, value, no. of clusters 

ABR 3 Abbreviated of tokens (the first character) element Frequency, value, no. of clusters 

Table 4 

Types of edges in the proposed layered HIN. 

Label Out-l In-l Description Properties 

RID_REF −1 0 Reference names belonging to the same person 

CLS_REF −1 0 Reference names in the same cluster 

CLS_TKN −1 1 Cluster profile that presents the names’ elements of 

the cluster representative 

Token’s order, PON tag (prefix, 

first name, etc.) CLS_SIM 2 

REF_REF 0 0 The similarity between reference pair according to 

blocking the result 

similarity 

REF_TKN 0 1 Tokens of the reference name Token’s order, PON tag 

TKN_TKN 1 1 Consecutive tokens’ pairs Frequency 

TKN_SIM 1 2 Similarity representative of the token vertex 

SIM_ABR 2 3 Abbreviated form of the SIM vertex 
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ame entity references of layer 0. The positive layers of the pro-

osed network (layer 1 to 3: TKN, SIM, and ABR) form elements

egment, which is used to compute the similarity between refer-

nces. These layers contain the tokens of references and the more

bstract forms of these tokens. Applying a similarity hash-based

unction (like Soundex) on layer 1 forms layer 2, and abbreviating

first character) layer 2 forms layer 3. Every similarity hash-based

unction, which increases abstraction, can be utilized for layer 2,

uch as phonetic coding, nicknames prior knowledge, and token’s

-grams. 

The layered structure of the elements segment facilitates con-

rol over the learning process. Unsupervised learning algorithms

irect the learning process to escape local optimum. Swash es-

apes local optimums by ordering candidates based on confidence.

t starts learning from confident matches and extends its knowl-

dge to unconfident matches. The upper layers are more abstract

nd, consequently, less confident. As a result, if two names have a

ommon element in an upper layer, they are less probable to be

atched. Moreover, this layered structure benefits the collectivity

f reference similarity computation. To compute the similarity be-

ween names A and B via a common token t , other names contain-

ng t are accessible. Accessing these names is utilized to estimate

oken commonness (IDF heuristic mentioned in Section 3 ), which

ill be described in Section 4.2 . 

There are two types of vertices in layer -1, i.e., RID and CLS. RID

efers to the gold resolved id of references. CLS is our cluster pre-

iction from RID, which is generated dynamically during match-

ng. The more equality between predicted clusters (CLS) and real

lusters (RID) results in more clustering performance. Contrary to

ID, a CLS vertex has a cluster profile (i.e., CL S_TKN and CL S_SIM

dges). The cluster profile is a cluster belief on the name’s parts.

his profile is generated during the matching process and is up-

ated gradually. 

Fig. 4 illustrates a simple initial network instance of the pro-

osed HIN. This network is constructed from a toy dataset of 32

ames that has four unique references. These references belong to

wo different real entities. CL S_TKN and CL S_SIM edges are absent

n this network to avoid more complexity of the figure. Moreover,

t has no REF_REF edges because these edges are generated during

atching, while the network is initial. The REF_TKN edges of the

etwork are tagged with the initial PONs. Initial tagging consid-
rs the last non-abbreviated token as the last name and the first 
n

oken of the remaining tokens as its first name. The remaining to-

ens before and after the last name are tagged as middle name

nd suffix, respectively. During the matching phase, the probable

rrors of initial tagging are corrected using the confident tags of

imilar references. 

.2. Blocking 

Due to the quadratic complexity of matching each reference to

he others, the blocking stage attempts to reduce the number of

andidate pairs using a simple near-linear scheme. These candi-

ate pairs will be accurately matched later in the clustering stage.

he references’ similarity, as a necessary condition for matching,

s used for blocking. The proposed blocking scheme calculates the

imilarity between references via their common elements (TKN,

IM, and ABR) and chooses high-similar references as possible can-

idates. The blocking scheme includes four steps, as described in

ig. 5 . First, a forward message-passing is performed to update

he ‘number of clusters’ properties of element vertices. Second, a

orward-backward message-passing algorithm finds the first com-

on elements between references. In this step, each reference re-

eives messages from other references that are common in an el-

ment vertex. In the third step, the messages from each sender

re collected, and the aggregated similarity statistics are computed.

inally, similar references are chosen according to these statistics,

nd corresponding weighted REF_REF edges are added to the net-

ork. Consequently, the blocking stage constructs a homogenous

imilarity network between REF vertices, which represents similar

eferences to each reference. 

Token commonness is a crucial parameter in similarity com-

utation. The co-occurrence of an uncommon token increases the

imilarity between two names more than a common token (IDF

euristic mentioned in Section 3 ). Thus, the number of persons

aving a token is a suitable index to measure token commonness.

his index is embedded in the proposed HIN as a property of el-

ment vertices, i.e., ‘number of clusters’. As the proposed frame-

ork is unsupervised, the current prediction of clusters, instead of

eal clusters, is used for commonness estimation. The ‘number of

lusters’ is the sum of unique clusters in the preceding vertices, as

ollows: 

umber of clusters ( e ) = | cluster v ertices in the preceding of e | 
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Fig. 4. An initial network instance of the proposed layered HIN. The numbers in vertices refer to their frequencies. 

Fig. 5. The steps of the blocking stage. 
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(1)

where e is an element vertex. For example, in the network instance

of Fig. 4 , ‘seong’ vertex has one cluster, and ‘s520’ has two clusters.

However, the clustering stage merges the cluster of ‘seung das’ and

‘seong r. das’ and accordingly, the ‘number of clusters’ property of

‘s520’ vertex becomes one. 

The proposed blocking scheme computes the similarity be-

tween references via finding their common element vertices. Hav-

ing a common element vertex in layer 1 (TKN) means equal to-

ken co-occurrence, in layer 2 (SIM) shows token similarity, and in

layer 3 (ABR) represents token abbreviation. To find common el-

ement vertices, each reference sends out messages to its tokens.

These messages are spread out to the succeeding layers up to a

particular max layer and then return to layer 0. In other words,

this message-passing has two different passes, i.e., a forward pass

from REFs to a particular element layer and a backward pass from

this layer to the REFs. These two passes are analogous to the up-

rush and backwash of a sea swash; therefore, we name the pro-

posed framework to Swash. Max layer parameter can be changed

from 1 to 3. For instance, three different meta-paths can be de-

fined for the HIN of Fig. 4 : REF_TKN_REF, REF_TKN_SIM_TKN_REF,

and REF_TKN_SIM_ABR_SIM_TKN_REF. A message m has a similar-

ity property, which is initially set to 1.0. When m reaches an ele-

ment vertex e , the similarity value is updated as follows: 

simil arit y new ( m ) = 

simil arity ( m ) 

number of cl usters ( e ) 
(2)

As an example, consider the REF_TKN_REF message-passing

from ‘seong das’ vertex in Fig. 4 . The passed messages to ‘seong’

and ‘das’ obtain different similarity values, i.e., 1.0 and 0.25, re-

spectively. 
Received messages to a REF vertex indicate the similarity of

enders to the receiver via common element vertices. Each REF

ertex computes two aggregated measures per senders: the count

f received messages and the sum of messages similarity. The ag-

regated similarity of messages received to r from a sender REF

ertex s is computed as: 

bs _ sim ( r, s ) = 

∑ 

mεm r,s 

similarity ( m ) (3)

here m r,s is all messages received to r from s . According to ag-

regated similarity measure, adding REF_REF edges should be de-

ided, but the similarity measure suffers from a severe inefficiency.

he similarity values are not comparable to each other due to ab-

oluteness. For instance, the similarity of an infrequent name, such

s ‘Lee Janet Cash’, to itself is several times higher than a common

ame, such as ‘John Smith’. To tackle this issue, the relative simi-

arity measure is defined: 

el _ sim ( r, s ) = 

abs _ sim ( r, s ) 

abs _ sim ( r, r ) 
(4)

here r and s are REF vertices, which respectively receive and

end a message. Relative similarity normalizes the absolute simi-

arity using self-similarity ( abs _ sim ( r, r ) ), which is the similarity of

 sender to itself. Comparability of similarity values is the main

dvantage of relative similarity. At the final step, adding REF_REF

eighted edges is decided by a simple conjunctive or disjunctive

ule on message count and relative similarity. The threshold pa-

ameters of the rule should be set based on data quality. Fig. 6

llustrates REF_REF edges, which are added to the HIN after the

locking of the ArXiv dataset. 

The proposed framework matches names in an iterative self-

raining process, as mentioned earlier. Thus, the proposed blocking

tarts from high-precision blocks to learn parameters correctly and
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Fig. 6. A sample REF_REF similarity graph. The color and size of vertices represent their real clusters and their frequency, respectively. REF_REF graphs contain several 

disjoint components. 

Table 5 

Consistency conditions of an aligned name pair. 

PON Consistency Criteria Representation in the proposed network 

Last name equal or similar common in layers 1 or 2 

First name equal, similar, or abbreviated common in layers 1, 2, or 3 

Prefix, Middle name, and Suffix equal, similar, abbreviated, or omitted from one side common in layers 1, 2, or 3 + uncommon from one side 
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radually relaxes blocking criterions every iteration to increase re-

all. Several blocking hyper-parameters can be changed during iter-

tions, such as the max layer of the forward pass, passing messages

o abbreviated element tokens or not, the structure of blocking

ecision rule, the message count threshold, and the relative sim-

larity threshold. The values of hyper-parameters in each iteration

hould be planned according to a tradeoff between performance

nd running time. As blocking improvement is not the goal of this

esearch, we set the hyper-parameters with naïve default values. 

.3. Clustering 

While the blocking stage considers only name similarity, the

lustering stage considers similarity and dissimilarity together us-

ng the consistency concept. Consistency is a necessary and suf-

cient condition for matching. An example can show the sig-

ificance of consistency. Compare ‘Christopher F. Williams’ as a

ource with two different names: ‘Christopher B. Williams’ and ‘C.

illiams’. While the 1st name is more similar to the source, it

s inconsistent. In contrast, the 2nd name is consistent with the

ource despite the lower similarity. 

The clustering stage splits each connected component of the

EF_REF similarity graph to several subgraphs such that their ref-

rences are consistent with each other. Two names are consis-

ent together if they satisfy three conditions ( Table 5 ): first, their

ast name tokens are equal or similar (common in layers 1 or 2).

econd, their first name tokens are equal, similar, or abbreviated

common in layers 1, 2, or 3). Finally, the rest of the matched to-

ens (prefix, middle name, and suffix) are equal, similar, abbrevi-

ted, or even omitted from one side of name pairs. As an exam-

le of omitting from one side, ‘John M. Doe’ is not consistent with

John A. Doe’ owing to the invalidity of omitting middle names

rom both names. By contrast, ‘John M. Doe’ is consistent with

John M. A. Doe’ because the middle name ‘A.’ is omitted only from

he second name. 

Fig. 7 presents the pseudo-code of the proposed name cluster-

ng algorithm. Initially, the REF vertices are inserted into a priority

ueue based on the confidence of their initial PON tagging. The al-

orithm aligns each dequeued vertex with its neighbors and checks

he consistency of the alignment. The cluster of consistent neigh-

ors is merged with the vertex cluster. If a neighbor is not con-

istent with the cluster, but a valid tag transformation makes it

onsistent, its PON tags are transformed to become consistent. The

luster profile is updated after adding each vertex to the cluster.

he added vertices to clusters are removed from the queue, and
he next iteration is started using the top vertex of the queue. The

emaining parts of this subsection detail tagging confidence priori-

ization, tokens alignment, token’s PON transformation, and cluster

rofile updating. 

The proposed algorithm exploits names with high-confident

ON tags in the tag correction of similar names. Three measures

rioritize the initial tagging confidence of names: first, the lower

umber of tokens. The initial tags of names with the fewer num-

er of tokens are more probable to become correct. For example,

he tags of a name with two tokens are often first name and last

ame, but tagging a name with five tokens is not straightforward.

econd, the lower number of abbreviated tokens. Abbreviated to-

ens have an intrinsic ambiguity, which makes their alignment dif-

cult. As a result, the initial tags of names with the fewer abbrevi-

ted tokens are more confident. Third, higher name frequency. The

requent representations of names are often less noisy, and their

agging is more straightforward compared to the rare noisy forms. 

Token alignment is a prerequisite of consistency checking. The

roposed algorithm reduces the token alignment to finding the

hortest path between the tokens of a reference and the ele-

ent vertices of a cluster profile. The typical shortest path al-

orithms like Dijkstra are unidirectional, i.e. they start from the

ource vertex and traverse edges until reaching the target. The

igh-degree element vertices, such as abbreviated vertices, signif-

cantly increase traversal paths. The higher number of traversal

aths, the longer running time. To remedy this deficiency, we pro-

ose a bidirectional shortest path algorithm. Fig. 8 . illustrates the

lgorithm process on two sample references, ‘seung das’ and ‘seong

. das’. Traversal starts from both references to their token vertices.

n the first step, ‘das’ token is matched between them, and their

rst names are matches in the second step. After the second step,

ll tokens are matched except ‘r’ of the second name. Traversal

oes on to the third layer to match this token, but it remains un-

atched. 

When a candidate pair is inconsistent, Swash tries to find a

alid PON transformation, which makes it consistent. There are

hree valid transformations of PON tags, i.e., reverse order, shift

eft, and shift right. The reverse order inverts the tag of first name

nd last name. The shift left ignores the last middle name tag and

lides backwards next tags. The last token is also tagged to the suf-

x. By contrast, shift right overwrites first middle name tag by slid-

ng forward leading tags and considers the first token as the prefix.

ig. 9 exemplifies these transformations. 

After matching each reference to a cluster profile, the cluster

rofile should be updated. If a token of the matched reference is
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Fig. 7. The pseudo-code of the clustering stage that updates the cluster of each reference vertex. 

Fig. 8. An example of the bidirectional shortest path algorithm for tokens alignment. 

Fig. 9. Examples of three valid transformations of PONs. 
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absent in the cluster profile, the token should be added to the pro-

file. Besides, matching tokens in the layer 2, such as ‘seong’ and

‘seung’ in Fig. 4 , raises the first name vertex of the profile to layer

2 (‘s520’ vertex in Fig. 4 ). 

5. Experimental setup 

To evaluate 4 the proposed framework, three publicly available

data sets are utilized, i.e., CiteSeer, ArXiv (HEP), and DBLP. First,

the CiteSeer dataset was initially created by Giles, Bollacker, and

Lawrence (1998) . This dataset contains citations of four different

areas of machine learning. Aron Culotta and Andrew McCallum

later provided the ground truth of the dataset ( Culotta & Mc-

Callum, 2005 ). Second, the ArXiv dataset is collected from high-

energy physics publications. It was initially used in KDD Cup 2003.
4 The source code of Swash has published at https://github.com/MohsenIT/swash- 

matching . 

t  

t  

k  
avid Jensen, from the University of Massachusetts, provided the

uthor entity labels for this dataset ( McGovern et al., 2003 ). The

hird dataset is a subset of the Digital Bibliography & Library

roject (DBLP), which is labeled by Reuther (2006) . He has pro-

ided three different subsets., that the largest of them (DBLP-SUB-

3) is used in this research. 

These three datasets have different features such as paper name

nd author venue, which are ignored for name matching. Only per-

on names and their corresponding entity labels are used in the

roposed name matching framework. Table 6 reports several statis-

ics on these datasets. The number of author entities on the DBLP

ataset is unavailable due to the lack of entity labels for all refer-

nces. The dataset has 2018 name pairs, which are different rep-

esentations of the same entities. In contrast, ArXiv and CiteSeer

ontain the entity labels of all references in datasets. However,

here are many errors in these labels, according to our investiga-

ion. Complex name variations, such as changing the order of to-

ens, were hidden from the sight of manual taggers. The resolved
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Table 6 

Statistics of three datasets. 

Statistic CiteSeer ArXiv DBLP 

Number of author names 2892 58,515 58,399 

Number of unique author names 1636 12,732 21,688 

Number of author entities 1159 8882 ? 

Average tokens per name 2.4 2.4 2.5 
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Table 7 

The performance and granularity of the community detection methods. 

Method F1 Precision Recall Cluster count 

Cluster count of 

giant comp. 

Proposed 

clustering 

0.952 0.980 0.926 8895 2831 

Label 0.675 0.532 0.923 3168 1100 
ds of 665 records on ArXiv and 32 records on CiteSeer are manu-

lly merged or fixed during our correction 

5 . 

The performance of name matching is usually measured by

omparing the correctness ratio of the matching decisions. To eval-

ate the proposed framework, we utilize pairwise F1 score, which

s the harmonic mean of precision and recall measures. These mea-

ures are computed for all possible reference pairs due to the col-

ectivity of our approach, as follows: 

 recision = 

| algor ithm tr ue matches | 
| algor ithm matched pair s | 

= 

∑ 

c ∈ AC 

(∑ 

u ∈ c 
∑ 

v ∈ c, u � = v (1 i f u matches v else 0 
)
) 

∑ 

c ∈ AC ( | c | × ( | c | − 1 ) ) 
(5) 

ecall = 

| algor ithm tr ue matches | 
| real matched pairs | 

= 

∑ 

c ∈ AC 

(∑ 

u ∈ c 
∑ 

v ∈ c,u � = v (1 i f u matches v else 0 

)
) 

∑ 

r ∈ RC ( | r | × ( | r | − 1 ) ) 
(6) 

 1 score = 2 × P recision × Recall 

P recision + Recall 
(7)

here AC is clusters identified by algorithms, and RC is the real

ntities’ clusters. Pairwise F1 score has been widely used in en-

ity matching literature. The selection of this pairwise evaluation

nables the comparison of the proposed collective approach with

revious methods. 

. Experimental results 

In this section, the performance of the proposed framework

s evaluated from two different points of view, i.e., overall per-

ormance and components performance. The first experiment

resents the overall performance of the proposed framework in

omparison with the state-of-the-art name matching methods.

he next three experiments discuss the performance of clustering,

locking, and PON transformation components, respectively. 

.1. Overall performance 

This experiment comprises the performance of the proposed

ramework with two recent generations of unsupervised name

atching methods, i.e., Hybrid name matching and Maximum-

imilarity Alignment matching . Hybrid matching methods com-

ute the sequence-based similarity between aligned tokens using

 greedy algorithm. While this alignment is greedy, Maximum-

imilarity Alignment tries to find an optimal alignment. According

o previous research, L2 Jaro-Winkler and graph-based name trans-

ormation achieve the best result of Hybrid matching (2nd gener-

tion) and Maximum-similarity Alignment , respectively ( Gong et al.,

009 ). Fig. 10 illustrates the results of the name matching meth-

ds on three datasets, i.e., CiteSeer, ArXiv, and DBLP (ordered from

asy to difficult). The proposed framework outperforms all pre-

ious methods in these three datasets. The higher difficulty of
5 The datasets and their errata publicly are available at 

ttps://github.com/MohsenIT/swash-data-modeling/tree/master/data . 
atasets results in higher F1 outperformance, such that on the

BLP dataset, which the F1 of the second-best method is half of

he proposed framework. In addition to the unsupervised methods,

he proposed framework even outperforms the previous supervised

ethods as well. The achieved F1 score is 10% and 20% more than

he best-supervised alternatives ( Gong et al., 2009 ) on ArXiv and

BLP, respectively. The rest of the experiments discuss the reasons

ehind this outperformance. 

The significance of the result is an important concern of ma-

hine learning research, especially in supervised learning. The sig-

ificance testing methods often study randomness and deviation of

he achieved result. Lack of training data in unsupervised learning

educes deviation, which arises from train-test data selection. The

roposed unsupervised framework has only one source of devia-

ion in the results, i.e., the order of equal-rank references in the

lustering priority queue. To test the impact of the order, we ex-

cuted the proposed approach 30 times on the ArXiv data with

andom orders of equal-rank references. The standard deviation of

esulted F1 values was 0.0 0 027, which is much lower than the F1

mprovement. This result confirms the significance of the proposed

ramework. 

.2. Consistency versus aligned tokens similarity 

While the previous research relies on the similarity of the

ligned tokens, this research raises the issue that token alignment

annot correctly identify structure variations of names. To address

his issue, the consistency concept is defined, and a clustering al-

orithm is proposed based on this concept. This experiment stud-

es the impact of consistency on matching. It compares the perfor-

ance of community detection algorithms on the reference simi-

arity graph with the proposed consistency clustering. The similar-

ty graph is the output of the proposed blocking stage. The edge

eights of this graph are computed using the similarity measure

f Eq. (3) . For instance, the similarity between ‘seung das’ and

seong r. das’ in Fig. 6 is 0.83, aggregating 0.33 from ‘das’ and 0.5

rom ‘s520’. This graph represents the similarity of aligned tokens;

herefore, the communities of similar references should represent

eal entities. Fig. 11 depicts the F1 score of the proposed consis-

ency clustering in comparison with several popular community

etection algorithms, including Label Propagation ( Raghavan, Al-

ert, & Kumara, 2007 ), Infomap ( Rosvall & Bergstrom, 2008 ), Lou-

ain modularity ( Blondel, Guillaume, Lambiotte, & Lefebvre, 2008 ),

ast greedy ( Clauset, Newman, & Moore, 2004 ), Leading eigenvec-

or ( Newman, 2006 ), and connected components. This experiment

s carried out on the ArXiv dataset due to cluster label availability

or all references and its size. 

According to Fig. 11 , we can categorize methods to three lev-

ls according to their performance: Low-level with F1 lower than

.1 (Louvain, Fast greedy, Leading eigenvector, and connected com-

onents), mid-level with 0.5-0.7 F1 (Infomap and Label Propaga-

ion), and high-level with F1 higher than 0.9, which only includes

he proposed consistency clustering. There are two significant gaps

etween consequent levels. These gaps raise two questions. First,
Propagation 

Infomap 0.576 0.416 0.932 2722 802 

Louvain 0.084 0.044 0.941 1930 70 
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Fig. 10. F1 comparison of the proposed matching framework with the best previous unsupervised methods. 

Fig. 11. The performance of the proposed consistency clustering in comparison with community detection algorithms. 
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what is the reason for the significant difference between F1 scores

in low and middle-level community detection algorithms? Second,

why could not the community detection algorithms achieve a high-

performance level? Next two paragraphs answer these questions. 

Granularity is the source of the large gap between low and mid-

performance level methods. Table 7 presents the performance and

cluster count of Louvain (as a representative of low-level methods)

versus Infomap and Label Propagation (mid-level methods). The gi-

ant component of the similarity graph has 4372 vertices (34% of

all vertices), which belongs to 2899 different real entities. Louvain

clusters the giant component to only 70 clusters, while the mid-

level algorithms find more than 800 clusters in this component.

The coarse-grain clusters of low-level algorithms such as Louvain

cause poor performance. These methods are initially developed for
nweighted graphs; therefore, their extensions for the weighted

raph are still weak. By contrast, Infomap and Label Propagation

ntrinsically utilize edge weights to cluster vertices. As a result,

hese methods divide the graph’s giant component into more clus-

ers, as displayed in Fig. 12 . 

None of the common community detection algorithms can

chieve a high-performance level due to the inadequacy of aligned

oken similarity. In other words, the similarity between aligned to-

ens cannot correctly represent the required matching information.

he subgraph of Fig. 13 supports this fact. There is no significant

eviation in the edge weights of references having ‘dolan’ token,

hile these references belong to three different entities. On the

ther hand, the similarity of ‘louise dolan’ to ‘louise c.martin’ is

uch more than ‘l. dolan’, which belongs to the same entity of
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Fig. 12. Identified clusters in the giant component of the similarity graph. Louvain is more coarse grain than Infomap. 

Fig. 13. A subgraph of aligned token similarity graph. Vertices color represents the real entity of references. 
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louise dolan’. As a result, matching based on only the similarity

raph is inadequate. The proposed solution settles this issue using

he consistency clustering, which considers dissimilarity in addi-

ion to similarity. Accordingly, it can correctly resolve the entities

f Fig. 13 . 

.3. The blocking component performance 

Scalability is the primary concern in the blocking stage; how-

ver, increasing scalability conventionally reduces efficiency. This

xperiment evaluates the scalability and efficiency of the proposed

locking using the number of comparisons and F1, respectively.

he experiment and all other experiments in this research, utilize

he same blocking settings, i.e., one iteration blocking that checks

wo conditions. First, reference candidate pairs should have at least
ne common token. Second, the relative similarity between them

hould be more than 0.5. 

Table 8 reports the number of comparisons with and with-

ut blocking. If having one common token condition is considered

s blocking, the number of comparisons is decreased significantly

more than 84%), but its absolute value is still high. Adding the sec-

nd condition (relative similarity more than 0.5) also reduces the

bsolute value to less than 100 K, which is linear to the number of

eferences. 

Blocking increases scalability at the cost of missing several true

atches. To study the quantity of missed true matches, we com-

ute the maximum achievable F1 of the suggested blocking us-

ng a perfect matching assumption. This assumption assumes that

he clustering stage correctly matches whole comparisons. Table 9

resents the performance result. According to the result, the maxi-
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Table 8 

The impact of the proposed blocking conditions in comparison reduction. The first 

blocking condition is one common token, and the second is that the relative sim- 

ilarity of candidates should be more than 0.5. 

Dataset References count 

The number of comparisons (the proportion of 

all) 

Without 

blocking 

Only first 

condition Both conditions 

CiteSeer 1524 1160526 185106 

(15.95%) 

1588 (0.137%) 

Arxiv 12,863 82721953 6404812 

(07.74%) 

32073 (0.039%) 

DBLP 21,550 232190475 5767888 

(02.48%) 

79640 (0.034%) 

Table 9 

The maximum performance achievable based on the blocking vs. the 

achieved performance. 

Dataset 

Max achievable performance 

Achieved F1 F1 gap 
Precision Recall F1 

CiteSeer 1.000 0.967 0.983 0.964 1.9% 

ArXiv 1.000 0.941 0.969 0.952 1.7% 

DBLP 1.000 0.899 0.947 0.862 8.5% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14. Increase F1 after using the proposed PON transformations. 
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t  
mum achievable F1 values are significantly lower than 1 (between

2% to 6%). It means that the utilized blocking scheme is responsi-

ble for a large proportion of the error. To decrease the error, the

improvement of the blocking scheme is crucial. While the blocking

improvement is not in the aim of this research, we leave this task

for future research. 

6.4. The impact of PON transformation 

The proposed clustering tries to make inconsistent references

consistent using the valid PON transformations. However, these

transformations are not necessarily true. To be exact, PON trans-

formations increase false-positive decisions besides true positives.

Fig. 14 displays the overall F1 changes after using the proposed

PON transformation. According to this figure, the transformation

improves the F1 in all three datasets. Therefore, the increase in the

true-positive rate is more than the increase in the false-positive

rate. 

The increase of F1 in ArXiv and CiteSeer datasets are minor.

Contrary to the initial impression, the reason of this minority is not

the weakness of the proposed solution. The reason is the minority

of the references that can be made consistent using PON transfor-

mation, as depicted in Table 10 . The proportion of these references

is 1% or less; therefore, the maximum possible F1 increase is lim-

ited. The success rate of PON transformation in CiteSeer and ArXiv

(100% and 64%, respectively) shows the proficiency of the proposed

PON transformation. 
Table 10 

The impact of PON transformation ( ∗F1 computation is impossible due to the un- 

availability of real clusters). 

Dataset F1 increase 

Max 

possible F1 

increase 

Inconsistent 

count 

Made 

consistent 

count 

Success 

rate 

CiteSeer 0.004 0.004 287 3 100% 

ArXiv 0.001 0.002 12,525 66 64% 

DBLP 0.016 ? ∗ 64,824 262 ? ∗

o  

m  

i

 

fi  

s  

i  

t  

r  

s  

s  

p

. Conclusions and future works 

This paper has extended our knowledge of personal name

atching. It categorized possible variations of names and studied

he limitations of previous name matching methods on these vari-

tions. To overcome these limitations, the Swash name matching

ramework was proposed. The framework consists of two phases:

ata modeling and matching. A comprehensive Heterogeneous In-

ormation Network was suggested to model names data. It em-

eds all collective information gatherable from names in a uni-

ed model. To match based on this model, a blocking scheme

nd a consistency clustering scheme were proposed. The block-

ng scheme finds candidates having similar tokens by a message-

assing algorithm. The consistency clustering scheme acquires the

ON ( P art O f N ame) tags of tokens using a self-trainable algorithm,

nd clusters candidates according to the consistency of their tags.

everal experiments evaluated Swash from different aspects and

resented three main findings, which will be reported in the next

hree paragraphs. 

This research has found that the sole reliance of the previ-

us methods on reference similarity is inadequate. The similarity

s only the necessary condition for matching. Therefore, it should

e utilized in blocking, which finds probable candidates. To match

andidates, consistency should be checked. Consistency considers

issimilarity and similarity together and is a necessary and suffi-

ient condition for matching. According to the experiment on the

rXiv dataset, the consistency clustering scheme improves the F1

core of the best similarity clustering method by more than 26%. 

The second major finding is the importance of collective infor-

ation gatherable from name datasets. A name dataset contains

aluable information on frequency and sequence of name tokens.

ttachment of tokens similarity also augments this information.

revious matching methods have neglected this global informa-

ion due to their local pairwise approach. The proposed collec-

ive framework embeds this global information and matches based

n it. Utilizing this information improves the results, especially on

ore noisy datasets. For instance, 38% F1 improvement is achieved

n the DBLP dataset. 

The evaluation of the Swash blocking scheme revealed the third

nding. This scheme suggests a relative similarity measure, which

pecifies the candidate similarity threshold based on the similar-

ty of a reference to itself. This measure has a significant advan-

age, i.e., comparability. The relative similarity solves the compa-

ability issue using normalization of the absolute value with the

elf-similarity. According to the experiments, utilizing the relative

imilarity has successfully decreased the quadratic number of com-

arisons to near linear. 
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The proposed blocking scheme has an important limitation.

hile the blocking scheme significantly increases scalability, it

isses a considerable number of true matches. The blocking

cheme is responsible for about half of the performance shortage.

s an example, 95.2% F1 score is achieved in the ArXiv dataset;

owever, even using a perfect clustering scheme, this score can-

ot exceed more than 96.9%. Accordingly, the blocking scheme im-

rovement is crucial to achieving a perfect matching method. 

The findings of current research provide insights for future re-

earch. Data modeling can be improved by developing a suitable

ame breaking algorithm and considering the case of token’s let-

ers. Moreover, extending the current modeling to identify ‘Inser-

ion of extra delimiter’ variation is also desired. Consistency clus-

ering also can be extended from different aspects. First, enhancing

he output to a hierarchical structure, instead of flat clusters. This

tructure represents which name can be matched to which one. As

n example, ‘John Doe’ and ‘Jack Doe’ are the children of ‘J. Doe’

n this hierarchy. The second aspect of the clustering component

xtension relates to the PON tagger. The distribution of confident

ags can also be utilized to improve the tagger performance. 
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