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Knowing your customers
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Knowing your customers

Challenges:

Lack of users’ info

Lack of feedback
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Identifying Your Customers in Social Networks

Poten7al	Applica7ons:	
1. Analyze	your	customers’	opinions
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Identifying Your Customers in Social Networks

2. Personalized Product Recommenda7on

3. Discover the communi7es of your customers

4. Maximize product adop7on

Poten7al	Applica7ons:	
1. Analyze	your	customers’	opinions
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Challenges: 1. Difference in network schema
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Challenges: 1. Difference in network schema
2. One-to-one matching
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Challenges: 1. Difference in network schema
2. One-to-one matching
3. Partially aligned networks
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Method: Customer-Social Identification (CSI)
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Method: Customer-Social Identification (CSI)

1.Modeling	user	similarity	across	
	 		networks	with	different	schema
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Method: Customer-Social Identification (CSI)

1.Modeling	user	similarity	across	
	 		networks	with	different	schema

2. Iden=fying	customers	in	
	 	par=ally	aligned	networks
	 (w.r.t	one	to	one	constraint)

User	profile	similarity
User	interest	similarity
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Method: Customer-Social Identification (CSI)

1.Modeling	user	similarity	across	
	 		networks	with	different	schema

2. Iden=fying	customers	in	
	 	par=ally	aligned	networks
	 (w.r.t	one	to	one	constraint)

User	profile	similarity
User	interest	similarity

Find	the	top-K	pairs
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User profile similarity

•	Exact	username	match,	
•	Jaccard	similarity	
•	Distance	travled	when	typing	usernames	
•	Longest	common	subsequence		
•	Levenshtein	edit	distance

Username*:

Email address:

Matching	iden==es	are	used	for	training

*	R.	Zafarani	and	H.	Liu.	Connec=ng	users	across	social	media	
sites:	a	behavioral-modeling	approach.	In	KDD’13.
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User interest similarity

1) Common Interests (CI):

2) Jaccard’s Coefficient (JC):

How can we extract informative features for this customer
identification task using basic information available in most
e-commerce sites? Second, the prediction of all target links
should be considered collectively, not only due to the one-to-
one constraint but, more importantly, because the nature of
multiple networks tends to be partially aligned. How can we
effectively match all the customers, who can be identified in
social networks, to their corresponding social user accounts?

3. CUSTOMER-SOCIAL IDENTIFICATION
In this section, we introduce a novel method, CSI (Customer-

Social Identification), for effectively identifying customers in
social networks. It consists of two phases, each of which ad-
dresses one major challenge of customer identification. The
first phase tackles the feature extraction across networks
with different schema, while the second phase manages to
identify customers in partially aligned networks.

3.1 Extracting features across networks with
different schema

As the first phase, CSI constructs the features that can
be used to measure the similarity between pairs of accounts
across networks with different schema. Because individuals
often exhibit consistent behavioral patterns across networks,
such as selecting similar usernames and passwords [29, 31,
22], we can make use of the similarities between candidate
pairs to discover the same individuals.

Considering our purpose is to provide a general model
for most e-commerce sites, we shall extract features by us-
ing the basic customer information which is generally avail-
able. Therefore, two common information sources are inves-
tigated: user profiles and the (product) interests of users.
In the following, we present several similarity measures cor-
responding to each information source. The scores of these
measures will be treated as the features for the next phase.

3.1.1 Modeling user profile similarity
When a customer registers an account in an e-commerce

site, s/he is usually asked to select a unique username and
to fill in her/his full name and email address. This reg-
istration builds up the basic user profile of the customer.
Other attributes, such as the city of residency, gender and
ages, are also useful to identify individuals. Though, these
attributes are inconsistent in multiple sites and often left
blank by the customer. Hence, we attempt to measure the
similarity mainly by exploiting names and email addresses.

Names: Usernames are unique on each web site and
can be viewed as identifiers of individuals, whereas the full
names, i.e., the combinations of first name and last name,
are not unique. In [31], Zafarani et. al. observed that
human tends to have consistent behavior patterns when se-
lecting usernames in different social media sites. For ex-
ample, individuals often select new usernames by changing
their previous usernames, such as add prefixes or suffixes or
abbreviate part of their full names. However, their study
mainly focus on the assumption that multiple prior user-
names of the same individuals are available. This may not
be an appropriate assumption in our problem, because most
e-commerce sites usually obtain only one single prior user-
name of each customer.

Therefore, among the top 10 important features presented
in [31], we select the four features that can be calculated by
the single prior username. Besides, we also consider the Lev-

enshtein Edit Distance [19], which can capture the changes
of candidate usernames, as another feature. The five fea-
tures are listed as follows:

• Exact username match,
• Jaccard similarity between the alphabet distribution

of the candidate username and the prior username,
• Distance traveled when typing the candidate username

using the QWERTY keyboard,
• Longest common subsequence between the candidate

username and the prior username,
• Levenshtein edit distance.
Email: Email addresses can uniquely identify individu-

als, whereas they are not public available in most online
social networks. In this paper, email addresses are used as
for verification of the identification. Once we discover that
they exist in both customer profiles and user profiles in on-
line social networks, we can pair the both accounts of their
owners and put them into the set of identified pairs.

3.1.2 Modeling user interest similarity
In additional, the products that adopted by customers

and mentioned by social network users reflect their common
interests to some extent. Therefore, we propose to extract
user interest features based on the similarity between the
products of interests that customers and social network users
both have in common.

Here we extend the definition of some of the most effec-
tive measures in social link prediction [20, 1, 32]. All the
measures compute the similarity between customer uc

i in Gc

and social network user us
j in Gs, and assign a similarity

score(uc
i , u

s
j) to the candidate pair (uc

i , u
s
j).

1) Common Interests (CI): The most direct implemen-
tation of this idea for customer identification is to consider
the number of interests that customer uc

i and social network
user us

j both have in common. We denote the interests of
uc
i as Γp(u

c
i ) and the interests of us

j as Γp(u
s
j). The score of

common interests is defined as follows:

score(uc
i , u

s
j) = |{px|(u

c
i , px) ∈ Ec} ∩ {py|(u

s
j , py) ∈ Es}|

= |Γp(u
c
i ) ∩ Γp(u

s
j)|

(1)

where |P| is the cardinality of the set P .
2) Jaccard’s Coefficient (JC): The Jaccard’s coefficient

is a normalized version of common interests, i.e., the number
of common interests divided by the total number of distinct
products of interests in Γp(u

c
i ) ∪ Γp(u

s
j).

score(uc
i , u

s
j) =

|Γp(u
c
i ) ∩ Γp(u

s
j)|

|Γp(uc
i ) ∪ Γp(us

j)|
(2)

3) Admic/Adar Index (AA) [1]: The AA index refines
the simple counting of common interests by weighting rarer
interests more heavily. We denote the customers who adopt
px as Γc

u(px) and the social network users who mention px
as Γs

u(px). We extend the AA index into multi-network set-
tings, where the common interests are weighted by their
average degrees in log scale. The similarity score of uc

i and
us
j is derived as follows:

score(uc
i , u

s
j) =

!

∀px∈Γp(uc
i
)∩Γp(us

j
)

log−1(
|Γc

u(px)|+ |Γs
u(px)

2
)| (3)
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How can we extract informative features for this customer
identification task using basic information available in most
e-commerce sites? Second, the prediction of all target links
should be considered collectively, not only due to the one-to-
one constraint but, more importantly, because the nature of
multiple networks tends to be partially aligned. How can we
effectively match all the customers, who can be identified in
social networks, to their corresponding social user accounts?

3. CUSTOMER-SOCIAL IDENTIFICATION
In this section, we introduce a novel method, CSI (Customer-

Social Identification), for effectively identifying customers in
social networks. It consists of two phases, each of which ad-
dresses one major challenge of customer identification. The
first phase tackles the feature extraction across networks
with different schema, while the second phase manages to
identify customers in partially aligned networks.

3.1 Extracting features across networks with
different schema

As the first phase, CSI constructs the features that can
be used to measure the similarity between pairs of accounts
across networks with different schema. Because individuals
often exhibit consistent behavioral patterns across networks,
such as selecting similar usernames and passwords [29, 31,
22], we can make use of the similarities between candidate
pairs to discover the same individuals.

Considering our purpose is to provide a general model
for most e-commerce sites, we shall extract features by us-
ing the basic customer information which is generally avail-
able. Therefore, two common information sources are inves-
tigated: user profiles and the (product) interests of users.
In the following, we present several similarity measures cor-
responding to each information source. The scores of these
measures will be treated as the features for the next phase.

3.1.1 Modeling user profile similarity
When a customer registers an account in an e-commerce

site, s/he is usually asked to select a unique username and
to fill in her/his full name and email address. This reg-
istration builds up the basic user profile of the customer.
Other attributes, such as the city of residency, gender and
ages, are also useful to identify individuals. Though, these
attributes are inconsistent in multiple sites and often left
blank by the customer. Hence, we attempt to measure the
similarity mainly by exploiting names and email addresses.

Names: Usernames are unique on each web site and
can be viewed as identifiers of individuals, whereas the full
names, i.e., the combinations of first name and last name,
are not unique. In [31], Zafarani et. al. observed that
human tends to have consistent behavior patterns when se-
lecting usernames in different social media sites. For ex-
ample, individuals often select new usernames by changing
their previous usernames, such as add prefixes or suffixes or
abbreviate part of their full names. However, their study
mainly focus on the assumption that multiple prior user-
names of the same individuals are available. This may not
be an appropriate assumption in our problem, because most
e-commerce sites usually obtain only one single prior user-
name of each customer.

Therefore, among the top 10 important features presented
in [31], we select the four features that can be calculated by
the single prior username. Besides, we also consider the Lev-

enshtein Edit Distance [19], which can capture the changes
of candidate usernames, as another feature. The five fea-
tures are listed as follows:

• Exact username match,
• Jaccard similarity between the alphabet distribution

of the candidate username and the prior username,
• Distance traveled when typing the candidate username

using the QWERTY keyboard,
• Longest common subsequence between the candidate

username and the prior username,
• Levenshtein edit distance.
Email: Email addresses can uniquely identify individu-

als, whereas they are not public available in most online
social networks. In this paper, email addresses are used as
for verification of the identification. Once we discover that
they exist in both customer profiles and user profiles in on-
line social networks, we can pair the both accounts of their
owners and put them into the set of identified pairs.

3.1.2 Modeling user interest similarity
In additional, the products that adopted by customers

and mentioned by social network users reflect their common
interests to some extent. Therefore, we propose to extract
user interest features based on the similarity between the
products of interests that customers and social network users
both have in common.

Here we extend the definition of some of the most effec-
tive measures in social link prediction [20, 1, 32]. All the
measures compute the similarity between customer uc

i in Gc

and social network user us
j in Gs, and assign a similarity

score(uc
i , u
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j) to the candidate pair (uc

i , u
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j).

1) Common Interests (CI): The most direct implemen-
tation of this idea for customer identification is to consider
the number of interests that customer uc

i and social network
user us

j both have in common. We denote the interests of
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i as Γp(u
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where |P| is the cardinality of the set P .
2) Jaccard’s Coefficient (JC): The Jaccard’s coefficient

is a normalized version of common interests, i.e., the number
of common interests divided by the total number of distinct
products of interests in Γp(u
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3) Admic/Adar Index (AA) [1]: The AA index refines
the simple counting of common interests by weighting rarer
interests more heavily. We denote the customers who adopt
px as Γc

u(px) and the social network users who mention px
as Γs

u(px). We extend the AA index into multi-network set-
tings, where the common interests are weighted by their
average degrees in log scale. The similarity score of uc

i and
us
j is derived as follows:

score(uc
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How can we extract informative features for this customer
identification task using basic information available in most
e-commerce sites? Second, the prediction of all target links
should be considered collectively, not only due to the one-to-
one constraint but, more importantly, because the nature of
multiple networks tends to be partially aligned. How can we
effectively match all the customers, who can be identified in
social networks, to their corresponding social user accounts?

3. CUSTOMER-SOCIAL IDENTIFICATION
In this section, we introduce a novel method, CSI (Customer-

Social Identification), for effectively identifying customers in
social networks. It consists of two phases, each of which ad-
dresses one major challenge of customer identification. The
first phase tackles the feature extraction across networks
with different schema, while the second phase manages to
identify customers in partially aligned networks.

3.1 Extracting features across networks with
different schema

As the first phase, CSI constructs the features that can
be used to measure the similarity between pairs of accounts
across networks with different schema. Because individuals
often exhibit consistent behavioral patterns across networks,
such as selecting similar usernames and passwords [29, 31,
22], we can make use of the similarities between candidate
pairs to discover the same individuals.

Considering our purpose is to provide a general model
for most e-commerce sites, we shall extract features by us-
ing the basic customer information which is generally avail-
able. Therefore, two common information sources are inves-
tigated: user profiles and the (product) interests of users.
In the following, we present several similarity measures cor-
responding to each information source. The scores of these
measures will be treated as the features for the next phase.

3.1.1 Modeling user profile similarity
When a customer registers an account in an e-commerce

site, s/he is usually asked to select a unique username and
to fill in her/his full name and email address. This reg-
istration builds up the basic user profile of the customer.
Other attributes, such as the city of residency, gender and
ages, are also useful to identify individuals. Though, these
attributes are inconsistent in multiple sites and often left
blank by the customer. Hence, we attempt to measure the
similarity mainly by exploiting names and email addresses.

Names: Usernames are unique on each web site and
can be viewed as identifiers of individuals, whereas the full
names, i.e., the combinations of first name and last name,
are not unique. In [31], Zafarani et. al. observed that
human tends to have consistent behavior patterns when se-
lecting usernames in different social media sites. For ex-
ample, individuals often select new usernames by changing
their previous usernames, such as add prefixes or suffixes or
abbreviate part of their full names. However, their study
mainly focus on the assumption that multiple prior user-
names of the same individuals are available. This may not
be an appropriate assumption in our problem, because most
e-commerce sites usually obtain only one single prior user-
name of each customer.

Therefore, among the top 10 important features presented
in [31], we select the four features that can be calculated by
the single prior username. Besides, we also consider the Lev-

enshtein Edit Distance [19], which can capture the changes
of candidate usernames, as another feature. The five fea-
tures are listed as follows:

• Exact username match,
• Jaccard similarity between the alphabet distribution

of the candidate username and the prior username,
• Distance traveled when typing the candidate username

using the QWERTY keyboard,
• Longest common subsequence between the candidate

username and the prior username,
• Levenshtein edit distance.
Email: Email addresses can uniquely identify individu-

als, whereas they are not public available in most online
social networks. In this paper, email addresses are used as
for verification of the identification. Once we discover that
they exist in both customer profiles and user profiles in on-
line social networks, we can pair the both accounts of their
owners and put them into the set of identified pairs.

3.1.2 Modeling user interest similarity
In additional, the products that adopted by customers

and mentioned by social network users reflect their common
interests to some extent. Therefore, we propose to extract
user interest features based on the similarity between the
products of interests that customers and social network users
both have in common.

Here we extend the definition of some of the most effec-
tive measures in social link prediction [20, 1, 32]. All the
measures compute the similarity between customer uc

i in Gc

and social network user us
j in Gs, and assign a similarity

score(uc
i , u

s
j) to the candidate pair (uc

i , u
s
j).

1) Common Interests (CI): The most direct implemen-
tation of this idea for customer identification is to consider
the number of interests that customer uc

i and social network
user us

j both have in common. We denote the interests of
uc
i as Γp(u
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i ) and the interests of us

j as Γp(u
s
j). The score of

common interests is defined as follows:
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where |P| is the cardinality of the set P .
2) Jaccard’s Coefficient (JC): The Jaccard’s coefficient

is a normalized version of common interests, i.e., the number
of common interests divided by the total number of distinct
products of interests in Γp(u

c
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3) Admic/Adar Index (AA) [1]: The AA index refines
the simple counting of common interests by weighting rarer
interests more heavily. We denote the customers who adopt
px as Γc

u(px) and the social network users who mention px
as Γs

u(px). We extend the AA index into multi-network set-
tings, where the common interests are weighted by their
average degrees in log scale. The similarity score of uc

i and
us
j is derived as follows:

score(uc
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How can we extract informative features for this customer
identification task using basic information available in most
e-commerce sites? Second, the prediction of all target links
should be considered collectively, not only due to the one-to-
one constraint but, more importantly, because the nature of
multiple networks tends to be partially aligned. How can we
effectively match all the customers, who can be identified in
social networks, to their corresponding social user accounts?

3. CUSTOMER-SOCIAL IDENTIFICATION
In this section, we introduce a novel method, CSI (Customer-

Social Identification), for effectively identifying customers in
social networks. It consists of two phases, each of which ad-
dresses one major challenge of customer identification. The
first phase tackles the feature extraction across networks
with different schema, while the second phase manages to
identify customers in partially aligned networks.

3.1 Extracting features across networks with
different schema

As the first phase, CSI constructs the features that can
be used to measure the similarity between pairs of accounts
across networks with different schema. Because individuals
often exhibit consistent behavioral patterns across networks,
such as selecting similar usernames and passwords [29, 31,
22], we can make use of the similarities between candidate
pairs to discover the same individuals.

Considering our purpose is to provide a general model
for most e-commerce sites, we shall extract features by us-
ing the basic customer information which is generally avail-
able. Therefore, two common information sources are inves-
tigated: user profiles and the (product) interests of users.
In the following, we present several similarity measures cor-
responding to each information source. The scores of these
measures will be treated as the features for the next phase.

3.1.1 Modeling user profile similarity
When a customer registers an account in an e-commerce

site, s/he is usually asked to select a unique username and
to fill in her/his full name and email address. This reg-
istration builds up the basic user profile of the customer.
Other attributes, such as the city of residency, gender and
ages, are also useful to identify individuals. Though, these
attributes are inconsistent in multiple sites and often left
blank by the customer. Hence, we attempt to measure the
similarity mainly by exploiting names and email addresses.

Names: Usernames are unique on each web site and
can be viewed as identifiers of individuals, whereas the full
names, i.e., the combinations of first name and last name,
are not unique. In [31], Zafarani et. al. observed that
human tends to have consistent behavior patterns when se-
lecting usernames in different social media sites. For ex-
ample, individuals often select new usernames by changing
their previous usernames, such as add prefixes or suffixes or
abbreviate part of their full names. However, their study
mainly focus on the assumption that multiple prior user-
names of the same individuals are available. This may not
be an appropriate assumption in our problem, because most
e-commerce sites usually obtain only one single prior user-
name of each customer.

Therefore, among the top 10 important features presented
in [31], we select the four features that can be calculated by
the single prior username. Besides, we also consider the Lev-

enshtein Edit Distance [19], which can capture the changes
of candidate usernames, as another feature. The five fea-
tures are listed as follows:

• Exact username match,
• Jaccard similarity between the alphabet distribution

of the candidate username and the prior username,
• Distance traveled when typing the candidate username

using the QWERTY keyboard,
• Longest common subsequence between the candidate

username and the prior username,
• Levenshtein edit distance.
Email: Email addresses can uniquely identify individu-

als, whereas they are not public available in most online
social networks. In this paper, email addresses are used as
for verification of the identification. Once we discover that
they exist in both customer profiles and user profiles in on-
line social networks, we can pair the both accounts of their
owners and put them into the set of identified pairs.

3.1.2 Modeling user interest similarity
In additional, the products that adopted by customers

and mentioned by social network users reflect their common
interests to some extent. Therefore, we propose to extract
user interest features based on the similarity between the
products of interests that customers and social network users
both have in common.

Here we extend the definition of some of the most effec-
tive measures in social link prediction [20, 1, 32]. All the
measures compute the similarity between customer uc

i in Gc

and social network user us
j in Gs, and assign a similarity

score(uc
i , u

s
j) to the candidate pair (uc

i , u
s
j).

1) Common Interests (CI): The most direct implemen-
tation of this idea for customer identification is to consider
the number of interests that customer uc

i and social network
user us

j both have in common. We denote the interests of
uc
i as Γp(u

c
i ) and the interests of us

j as Γp(u
s
j). The score of

common interests is defined as follows:

score(uc
i , u
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j) = |{px|(u
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i , px) ∈ Ec} ∩ {py|(u

s
j , py) ∈ Es}|

= |Γp(u
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j)|

(1)

where |P| is the cardinality of the set P .
2) Jaccard’s Coefficient (JC): The Jaccard’s coefficient

is a normalized version of common interests, i.e., the number
of common interests divided by the total number of distinct
products of interests in Γp(u
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i ) ∪ Γp(u

s
j).
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3) Admic/Adar Index (AA) [1]: The AA index refines
the simple counting of common interests by weighting rarer
interests more heavily. We denote the customers who adopt
px as Γc

u(px) and the social network users who mention px
as Γs

u(px). We extend the AA index into multi-network set-
tings, where the common interests are weighted by their
average degrees in log scale. The similarity score of uc

i and
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j is derived as follows:
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3) Admic/Adar Index (AA)

4) Resource Allocation Index (RA)

How can we extract informative features for this customer
identification task using basic information available in most
e-commerce sites? Second, the prediction of all target links
should be considered collectively, not only due to the one-to-
one constraint but, more importantly, because the nature of
multiple networks tends to be partially aligned. How can we
e↵ectively match all the customers, who can be identified in
social networks, to their corresponding social user accounts?

3. CUSTOMER-SOCIAL IDENTIFICATION
In this section, we introduce a novel method, CSI (Customer-

Social Identification), for e↵ectively identifying customers in
social networks. It consists of two phases, each of which ad-
dresses one major challenge of customer identification. The
first phase tackles the feature extraction across networks
with di↵erent schema, while the second phase manages to
identify customers in partially aligned networks.

3.1 Extracting features across networks with
different schema

As the first phase, CSI constructs the features that can
be used to measure the similarity between pairs of accounts
across networks with di↵erent schema. Because individuals
often exhibit consistent behavioral patterns across networks,
such as selecting similar usernames and passwords [?, ?, ?],
we can make use of the similarities between candidate pairs
to discover the same individuals.

Considering our purpose is to provide a general model
for most e-commerce sites, we shall extract features by us-
ing the basic customer information which is generally avail-
able. Therefore, two common information sources are inves-
tigated: user profiles and the (product) interests of users.
In the following, we present several similarity measures cor-
responding to each information source. The scores of these
measures will be treated as the features for the next phase.

3.1.1 Modeling user profile similarity

When a customer registers an account in an e-commerce
site, s/he is usually asked to select a unique username and
to fill in her/his full name and email address. This reg-
istration builds up the basic user profile of the customer.
Other attributes, such as the city of residency, gender and
ages, are also useful to identify individuals. Though, these
attributes are inconsistent in multiple sites and often left
blank by the customer. Hence, we attempt to measure the
similarity mainly by exploiting names and email addresses.

Names: Usernames are unique on each web site and
can be viewed as identifiers of individuals, whereas the full
names, i.e., the combinations of first name and last name,
are not unique. In [?], Zafarani et. al. observed that human
tends to have consistent behavior patterns when selecting
usernames in di↵erent social media sites. For example, indi-
viduals often select new usernames by changing their previ-
ous usernames, such as add prefixes or su�xes or abbreviate
part of their full names. However, their study mainly focus
on the assumption that multiple prior usernames of the same
individuals are available. This may not be an appropriate
assumption in our problem, because most e-commerce sites
usually obtain only one single prior username of each cus-
tomer.

Therefore, among the top 10 important features presented
in [?], we select the four features that can be calculated by
the single prior username. Besides, we also consider the Lev-

enshtein Edit Distance [?], which can capture the changes of
candidate usernames, as another feature. The five features
are listed as follows:

• Exact username match,
• Jaccard similarity between the alphabet distribution

of the candidate username and the prior username,
• Distance traveled when typing the candidate username

using the QWERTY keyboard,
• Longest common subsequence between the candidate

username and the prior username,
• Levenshtein edit distance.
Email: Email addresses can uniquely identify individu-

als, whereas they are not public available in most online
social networks. In this paper, email addresses are used as
for verification of the identification. Once we discover that
they exist in both customer profiles and user profiles in on-
line social networks, we can pair the both accounts of their
owners and put them into the set of identified pairs.

3.1.2 Modeling user interest similarity

In additional, the products that adopted by customers
and mentioned by social network users reflect their common
interests to some extent. Therefore, we propose to extract
user interest features based on the similarity between the
products of interests that customers and social network users
both have in common.
Here we extend the definition of some of the most e↵ective

measures in social link prediction [?, ?, ?]. All the measures
compute the similarity between customer uc

i

in Gc and social
network user us

j

in Gs, and assign a similarity score(uc

i

, us

j

)
to the candidate pair (uc

i

, us

j

).
1) Common Interests (CI): The most direct implemen-

tation of this idea for customer identification is to consider
the number of interests that customer uc

i

and social network
user us

j

both have in common. We denote the interests of
uc

i

as �
p

(uc

i

) and the interests of us

j

as �
p

(us

j

). The score of
common interests is defined as follows:
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where |P| is the cardinality of the set P.
2) Jaccard’s Coe�cient (JC): The Jaccard’s coe�cient

is a normalized version of common interests, i.e., the number
of common interests divided by the total number of distinct
products of interests in �
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3) Admic/Adar Index (AA) [?]: The AA index refines
the simple counting of common interests by weighting rarer
interests more heavily. We denote the customers who adopt
p
x

as �c

u

(p
x

) and the social network users who mention p
x

as �s

u

(p
x

). We extend the AA index into multi-network set-
tings, where the common interests are weighted by their
average degrees in log scale. The similarity score of uc

i

and
us

j

is derived as follows:
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Figure 2: Modeling user interest similarity

4) Resource Allocation Index (RA) [?]: The RA in-
dex is similar to the AA index except the weight is dis-
tributed averagely instead of in log scale.
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Above four measures compute the similarity between cus-
tomer uc

i

and social network user us

j

based on their shared
(products of) interests directly, as illustrated in Figure 2(a).
However, customer uc

i

may not actively mention the prod-
ucts that s/he has adopted in social networks. To compute
the interest similarity between uc

i

and us

j

, we need to seek
other connections or paths between them.

According to the researches of social influence on purchase
behaviors [?, ?, ?], a customer is more likely to buy a product
if his/her friends have widely adopt it. Thus, we consider
utilizing the interests of friends to help locate the inactive
customers. There are two types of paths between uc

i

and
us

j

through the interests of friends we can exploit. Figure
2(b) shows an example of the first type of a path. In Figure
2(b), the product p

x

mentioned by us

y

, a friend of us

j

, is also
adopted by uc

i

. If uc

i

and us

j

belong to the same individual,
this path huc

i

, p
x

, us

y

, us

j

i would imply the adoption of p
x

is
related to the post from us

y

. The second type of a path is
similar to the first one, except this time we will make use of
the identified pairs. For example, in Figure 2(c), the product
p
x

adopted by uc

z

, who is identified as us

y

(a friend of us

j

),
is also adopted by uc

i

. Similar to the first case, this path
huc

i

, p
x

, uc

z

(us

y

), us

j

i also imply the adoption of p
x

made by
us

j

is related to that made by us

y

(uc

z

), if uc

i

and us

j

belong to
the same individual.

Note that the common interests with (identified) friends
is a weaker indicator than the common interests for a can-
didate pair. In this paper, we extend the Katz’s index [?]
to provide a weighted measure on the collection of paths
between uc

i

and us

y

.
5) Katz’s Index [?]: The Katz’s index sums over the

collection of paths, exponentially damped by length to count
short paths more heavily, leading to the �-parameterized
measure.
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where paths
hli
u

c

i

,u

s

j

is the set of all length-l paths from uc

i

to

us

j

. Here we adapt the truncated Katz score, in which the
length-l is limited to l

max

instead of 1 as in the original
Katz’s measure, since the truncated Katz often outperforms
Katz for link prediction [?]. In this paper, we set l

max

= 2 to
capture both factors of the common interests and common
interests with (identified) friends. |pathsh1i

u

c

i

,u

s

j

| is the same

as the number of common interests, while |pathsh2i
u

c

i

,u

s

j

| is

the number of paths through the interests of friends. For
example, there are 5 paths between uc

i

and us

j

in Figure
2(b) and 2 paths between them in Figure 2(c), and thus

|pathsh2i
u

c

i

,u

s

j

| = 5 + 2 = 7.

3.2 Identifying customers in partially aligned
networks

With the features extracted in the previous phase, we can
train a binary classifier (e.g., SVM or logistic regression) to
roughly decide whether candidate pairs across networks be-
long to the same identities or not. However, the predictions
of the binary classifier cannot be directly used for customer
identification. This is because the inference of conventional
classifiers are designed for constraint-free settings (e.g., one
customers can be paired with multiple user accounts in a so-
cial network), and thus the one-to-one constraint on account
pairs across networks may not hold.

Instead of simply relying on the decision made by the clas-
sifier, we notice that most classifiers also generate similarity
scores for classification. Based on the similarity scores that
are further calibrated [?], one may think of applying conven-
tional matching techniques, such as stable marriage [?] and
maximum weight matching, to find a one-to-one matching
between pairs of accounts across two networks. Neverthe-
less, these techniques could be problematic in the customer
identification task, since they usually assume networks are
fully aligned, whereas in fact most networks are partially
aligned. That is to say, some customers in an e-commerce
site do not have any user accounts in an online social net-
work. We should not pair these customers to any user ac-
counts in the social network recklessly; otherwise, we may
waste valuable resources on inappropriate targets.
In order to tackle the above issues, we propose to formu-

late the customer identification in partially aligned networks
as a top-K maximum similarity and stable matching prob-

Weighted by the uniqueness of products
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4) Resource Allocation Index (RA) [32]: The RA
index is similar to the AA index except the weight is dis-
tributed averagely instead of in log scale.
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Above four measures compute the similarity between cus-
tomer uc

i and social network user us
j based on their shared

(products of) interests directly, as illustrated in Figure 2(a).
However, customer uc

i may not actively mention the prod-
ucts that s/he has adopted in social networks. To compute
the interest similarity between uc

i and us
j , we need to seek

other connections or paths between them.
According to the researches of social influence on purchase

behaviors [14, 13, 6], a customer is more likely to buy a
product if his/her friends have widely adopt it. Thus, we
consider utilizing the interests of friends to help locate the
inactive customers. There are two types of paths between
uc
i and us

j through the interests of friends we can exploit.
Figure 2(b) shows an example of the first type of a path.
In Figure 2(b), the product px mentioned by us

y , a friend
of us

j , is also adopted by uc
i . If uc

i and us
j belong to the

same individual, this path ⟨uc
i , px, u

s
y , u

s
j⟩ would imply the

adoption of px is related to the post from us
y . The second

type of a path is similar to the first one, except this time we
will make use of the identified pairs. For example, in Figure
2(c), the product px adopted by uc

z, who is identified as us
y

(a friend of us
j), is also adopted by uc

i . Similar to the first
case, this path ⟨uc

i , px, u
c
z(u

s
y), u

s
j⟩ also imply the adoption

of px made by us
j is related to that made by us

y(u
c
z), if u

c
i

and us
j belong to the same individual.

Note that the common interests with (identified) friends
is a weaker indicator than the common interests for a can-
didate pair. In this paper, we extend the Katz’s index [17]
to provide a weighted measure on the collection of paths
between uc

i and us
y .

5) Katz’s Index [17]: The Katz’s index sums over the
collection of paths, exponentially damped by length to count
short paths more heavily, leading to the β-parameterized
measure.

score(uc
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s
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βl · |paths⟨l⟩uc
i
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j
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where paths
⟨l⟩
uc
i
,us

j
is the set of all length-l paths from uc

i to

us
j . Here we adapt the truncated Katz score, in which the

length-l is limited to lmax instead of ∞ as in the original
Katz’s measure, since the truncated Katz often outperforms
Katz for link prediction [24]. In this paper, we set lmax = 2
to capture both factors of the common interests and common
interests with (identified) friends. |paths⟨1⟩uc

i
,us

j
| is the same

as the number of common interests, while |paths⟨2⟩uc
i
,us

j
| is

the number of paths through the interests of friends. For
example, there are 5 paths between uc

i and us
j in Figure

2(b) and 2 paths between them in Figure 2(c), and thus

|paths⟨2⟩uc
i
,us

j
| = 5 + 2 = 7.

3.2 Identifying customers in partially aligned
networks

With the features extracted in the previous phase, we can
train a binary classifier (e.g., SVM or logistic regression) to
roughly decide whether candidate pairs across networks be-
long to the same identities or not. However, the predictions
of the binary classifier cannot be directly used for customer
identification. This is because the inference of conventional
classifiers are designed for constraint-free settings (e.g., one
customers can be paired with multiple user accounts in a so-
cial network), and thus the one-to-one constraint on account
pairs across networks may not hold.

Instead of simply relying on the decision made by the
classifier, we notice that most classifiers also generate simi-
larity scores for classification. Based on the similarity scores
that are further calibrated [30], one may think of applying
conventional matching techniques, such as stable marriage
[11] and maximum weight matching, to find a one-to-one
matching between pairs of accounts across two networks.
Nevertheless, these techniques could be problematic in the
customer identification task, since they usually assume net-
works are fully aligned, whereas in fact most networks are
partially aligned. That is to say, some customers in an e-
commerce site do not have any user accounts in an online
social network. We should not pair these customers to any
user accounts in the social network recklessly; otherwise, we
may waste valuable resources on inappropriate targets.

In order to tackle the above issues, we propose to formu-
late the customer identification in partially aligned networks
as a top-K maximum similarity and stable matching prob-

5) Katz’s Index

Sum of the number of paths. 
Weighted by the length of 
the paths. 

Inactive users’ interests can be 
inferred by friends’ interests
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It is worth noting that the selection of the parameter K
is a challenging issue for most problems that need to find
out the top-K elements. Different approaches are proposed
for finding K, such as cross-validation and bootstrapping.
In fact, the selection of K can also be implemented in other
ways. For example, instead of setting K directly, one can
find the top similar pairs until the similarity score of the
matching pair is less than a threshold.

4. EXPERIMENTS
In this section, we first introduce the data sets for the

experiments, and then present experimental results as well
as empirical analysis.

4.1 Data Preparation
We conduct the experiments on the real-world datasets

spanning 10 months, as summarized in Table 3. We choose
Kickstarter.com, one of the largest sites for crowdfunding6,
as an e-commerce site because the adoption histories of each
customer are public available. More importantly, novel and
creative crowdfunding projects are notably discussed on Twit-
ter where users are willing to share their interests.

Twitter: We gathered all the tweets regarding Kick-
starter from Nov. 2012 to Sep. 2013. For each tweet’s
author, we queried Twitter API for the metadata about the
author as well as the social links of the author. For each
project in Kickstarter we consider only the tweets that can
link to its webpage. We further filtered out the projects
that were seldom discussed (less than 5 tweets) in Twitter.
The Twitter dataset after filtering consists of 3,725 projects,
178K users, 5.4 million social links and 385K tweets that
construct 234K links between Twitter users and projects.

Kickstarter: We recorded all the projects in Kickstarter
launched after Nov. 2012 and completed before Sep. 2013.
For each project, we obtained all of its backers, which can
be viewed as its customers. For each customer, we crawled
his/her user profile and recorded his/her Twitter account,
if available. The Kickstarter dataset after filtering consists
of 3,725 projects, 545K customers and 868K adoption links
between customers and projects. The detailed analysis of
these datasets is available in [23].

Data preprocessing: In order to conduct the experi-
ments, we preprocess these raw data to obtain the ground-
truth of identified pairs. If a customer, in the Kickstarter
dataset, has shown his/her Twitter account in his/her user
profile, and the Twitter account also exists in the Twitter
dataset, we can safely treat the pair of accounts of the cus-
tomer as an identified pair. The identified pairs represent
the positive instances and they can be used to help construct
negative instances of pairs. Due to the one-to-one constraint,
we can easily find a negative pair by taking one account from
an identified pair and connecting it to any account, in the
opposite network, other than the corresponding one. Thus,
we can obtain up to 1.3 billion negative pairs.

However, in practice, if an e-commerce company wants
to identify one of its customer in a social network, it would
probably inquire for the social network accounts whose user-
names are similar to the names (i.e., username and full
name) of the customer in the company. Consequently, it is
critical for the e-commerce company to distinguish the ac-

6Crowdfunding – in which people can propose projects and
raise funds through collaborative contributions of crowd.

Table 3: Statistics of the datasets.

Kickstarter-Twitter

property
original sampled

networks networks

# node
projects 3,725 3,725
customers 545,638 20,514
social network users 178,792 43,675

# link

adoption 868,050 39,480
post 234,550 58,988
social links 5,467,565 513,651
identified pairs 1,819 1,819
negative pairs 1.3 billion 93,436

tual one from others with very similar usernames. To sim-
ulate the query process, we shall select the negative pairs
in which two accounts are likely to have similar usernames.
Hence, for each account in the identified pairs, we search the
candidate accounts, whose usernames contain a part of the
names of the given account, in the opposite network. Then,
the candidate accounts are ranked by the Levenshtein edit
distance between the candidate usernames and the given
customer username. Finally, we sample negative pairs by
connecting the given account with up to 100 candidate ac-
counts, other than the corresponding one, with the smallest
edit distance. The statistics of the original networks and the
sampled networks are presented in Table 3. In the following
experiments, we mainly conducted on the sampled networks.

4.2 Comparative methods
We compare our CSI method with eight baseline meth-

ods, which are commonly-used baselines including both su-
pervised and unsupervised link prediction approaches. The
compared methods are summarized as follows:

1)Unsupervised Link Prediction methods: We com-
pare with a set of unsupervised link prediction methods
using the user interest features discussed in Section 3.1:
Common Interests (CI), Jaccard Coefficient (JC), Adamic/
Adar index (AA), Resource Allocation index (RA), and
Katz’s index (Katz). Following the setting in [20], we test
the performance of Katz with three different values of β
(i.e., 0.05, 0.005 and 0.0005). Each link predictor outputs a
ranked list of candidate pairs in deceasing order of similarity
scores. We can evaluate the performance of an unsupervised
method based on the ranked list.

2) Supervised Link Prediction methods: We test
supervised link prediction methods using different types of
feature sets separately. As discussed in section 3.1, two fea-
ture sets are considered, i.e., Profile and Interest. We
also compare with the combination of both sets of features
(Profile+Interest). The label predictions of the base clas-
sifier are directly used as the final predictions.

3) Customer-Social Identification (CSI): The pro-
posed method in this paper. CSI leverages all the extracted
features, i.e., Profile+Interest, for training the base classi-
fier. Based on the scores generated by the classifier, CSI
takes the top-K maximum similarity and stable matching
as the final predictions. In default, K is set as the size of
real identified pairs in the testing set. We will analyze the
performance of CSI method with K varied in the experiment.

Evaluation Measures. We evaluate the performance of
each method in terms of Precision, Recall, F1-score and area
under ROC curve (AUC). The first three measures can eval-
uate the link prediction performances, while AUC evaluates
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Table 4: Performance comparison of different methods for customer identification. We use different imbalance
ratios in both training and test sets. (imbalance ratio = #negative account pairs/#positive account pairs)

imbalance ratio
Measure Methods 10 20 30 40 50

F1-score

Profile 0.672 ± 0.003 0.671 ± 0.003 0.666 ± 0.004 0.665 ± 0.003 0.661 ± 0.004
Interest 0.836 ± 0.008 0.815 ± 0.011 0.78 ± 0.012 0.763 ± 0.01 0.747 ± 0.006
Profile+Interest 0.895 ± 0.005 0.875 ± 0.014 0.847 ± 0.017 0.833 ± 0.019 0.803 ± 0.017
CSI 0.926± 0.004 0.915± 0.003 0.898± 0.006 0.89± 0.002 0.878±0.004

Precision

Profile 0.981± 0.001 0.977± 0.001 0.955± 0.004 0.952± 0.002 0.935± 0.004
Interest 0.944± 0.002 0.932±0.005 0.9±0.006 0.884±0.012 0.868±0.017
Profile+Interest 0.959±0.004 0.941±0.005 0.925±0.008 0.911±0.006 0.896±0.008
CSI 0.933± 0.003 0.92±0.003 0.902±0.006 0.894±0.003 0.881±0.003

Recall

Profile 0.511±0.004 0.511±0.004 0.511± 0.004 0.511±0.004 0.511±0.004
Interest 0.75±0.014 0.725±0.019 0.688±0.021 0.671±0.017 0.656±0.012
Profile+Interest 0.838±0.009 0.818±0.027 0.782±0.034 0.769±0.035 0.729±0.033
CSI 0.92±0.004 0.91±0.003 0.895±0.007 0.887±0.002 0.875±0.004

AUC
Profile 0.791±0.001 0.791±0.001 0.791±0.001 0.792±0.001 0.792±0.001
Interest 0.933±0.019 0.933±0.019 0.933±0.019 0.924±0.024 0.903±0.018
CSI 0.957±0.003 0.958±0.004 0.958±0.003 0.958±0.003 0.958±0.003

Table 5: Performance comparison of different methods for customer identification. We set imbalance ratio
#negative pairs
#positive pairs = 50 and use different number of identified pairs in the training set.

number of identified pairs in training set (%)
Measure Methods 20% 40% 60% 80% 100%

F1-score

Profile 0.342 ± 0.007 0.469 ± 0.159 0.661 ± 0.004 0.661 ± 0.003 0.661 ± 0.004
Interest 0.486 ± 0.044 0.631 ± 0.026 0.695 ± 0.012 0.720 ± 0.022 0.747 ± 0.006
Profile+Interest 0.620 ± 0.029 0.753 ± 0.007 0.771 ± 0.014 0.793 ± 0.013 0.803 ± 0.017
CSI 0.875± 0.005 0.878± 0.004 0.877± 0.006 0.878± 0.003 0.878±0.004

Precision

Profile 0.911± 0.006 0.924± 0.008 0.936± 0.002 0.936± 0.004 0.935± 0.004
Interest 0.900± 0.030 0.893±0.008 0.892±0.003 0.884±0.006 0.868±0.017
Profile+Interest 0.938±0.016 0.914±0.015 0.900±0.006 0.901±0.005 0.896±0.008
CSI 0.875± 0.005 0.877±0.004 0.876±0.006 0.878±0.003 0.881±0.003

Recall

Profile 0.211±0.006 0.331±0.150 0.511± 0.004 0.511±0.004 0.511±0.004
Interest 0.335±0.041 0.489±0.032 0.569±0.016 0.609±0.034 0.656±0.012
Profile+Interest 0.464±0.033 0.641±0.008 0.674±0.022 0.708±0.021 0.729±0.033
CSI 0.875±0.005 0.878±0.004 0.877±0.006 0.879±0.003 0.875±0.004

AUC

Profile 0.773±0.025 0.793±0.002 0.794±0.002 0.793±0.002 0.792±0.001
Interest 0.903±0.018 0.903±0.018 0.894±0.002 0.904±0.020 0.903±0.018
CSI 0.958±0.003 0.958±0.003 0.958±0.004 0.958±0.004 0.958±0.003

the ranking performances. Since unsupervised methods only
predict a real-valued score instead of a label prediction for
each candidate pair, we only show the AUC performances of
unsupervised methods. Moreover, CSI and Profile+Interest
share the same set of features and thus they have the same
ranking scores generated by the base classifier. Hence, for
AUC measure, we use CSI to represent both methods. For
fair comparisons, LibSVM [8] of linear kernel with the de-
fault parameter is used as the base classifier for all the com-
pared methods. Accuracy is not included in the evaluation
measures, since we mainly focus on the real-world imbal-
anced datasets in which Accuracy is usually meaningless.

Noteworthily, the F1-score and Recall of maximum weight
matching (MWM) are consistently lower than 0.1, and the
Precision and AUC of MWM are consistently lower than
0.2, which are significantly worse than those of other base-
line methods. This is because MWM aims at maximizing
the overall benefit of the entire matching instead of the lo-
cal benefits of individuals, as mentioned in Section 3.2. Since
MWM is not suitable for the customer identification prob-
lem, MWM is not listed as one of the competitive methods.

4.3 Performance Analysis
We conduct the experiments using 5-fold cross validation:

one fold is used as training data, the remaining folds are used
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Figure 4: Comparison of customer identification us-
ing different features

as testing data. We report the average results and standard
deviations of 5-fold cross validation on the dataset.

We first investigate the performance of different features
in the unsupervised methods. In Figure 4, Katz’s methods
outperform the methods using other features. It indicates
that by exploiting the paths through the interests of friends,
we have a better opportunity to identify customers in a so-
cial network. Even though the customers are not active in
the social network, the common interests with friends may
leak the information of the customers and direct us to iden-
tify them. However, from the comparison between Katz’s
methods with different β, which exponentially decreases the
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as testing data. We report the average results and standard
deviations of 5-fold cross validation on the dataset.

We first investigate the performance of different features
in the unsupervised methods. In Figure 4, Katz’s methods
outperform the methods using other features. It indicates
that by exploiting the paths through the interests of friends,
we have a better opportunity to identify customers in a so-
cial network. Even though the customers are not active in
the social network, the common interests with friends may
leak the information of the customers and direct us to iden-
tify them. However, from the comparison between Katz’s
methods with different β, which exponentially decreases the
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Table 4: Performance comparison of different methods for customer identification. We use different imbalance
ratios in both training and test sets. (imbalance ratio = #negative account pairs/#positive account pairs)
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as testing data. We report the average results and standard
deviations of 5-fold cross validation on the dataset.
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leak the information of the customers and direct us to iden-
tify them. However, from the comparison between Katz’s
methods with different β, which exponentially decreases the

Table 4: Performance comparison of different methods for customer identification. We use different imbalance
ratios in both training and test sets. (imbalance ratio = #negative account pairs/#positive account pairs)
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Measure Methods 10 20 30 40 50

F1-score

Profile 0.672 ± 0.003 0.671 ± 0.003 0.666 ± 0.004 0.665 ± 0.003 0.661 ± 0.004
Interest 0.836 ± 0.008 0.815 ± 0.011 0.78 ± 0.012 0.763 ± 0.01 0.747 ± 0.006
Profile+Interest 0.895 ± 0.005 0.875 ± 0.014 0.847 ± 0.017 0.833 ± 0.019 0.803 ± 0.017
CSI 0.926± 0.004 0.915± 0.003 0.898± 0.006 0.89± 0.002 0.878±0.004

Precision

Profile 0.981± 0.001 0.977± 0.001 0.955± 0.004 0.952± 0.002 0.935± 0.004
Interest 0.944± 0.002 0.932±0.005 0.9±0.006 0.884±0.012 0.868±0.017
Profile+Interest 0.959±0.004 0.941±0.005 0.925±0.008 0.911±0.006 0.896±0.008
CSI 0.933± 0.003 0.92±0.003 0.902±0.006 0.894±0.003 0.881±0.003

Recall

Profile 0.511±0.004 0.511±0.004 0.511± 0.004 0.511±0.004 0.511±0.004
Interest 0.75±0.014 0.725±0.019 0.688±0.021 0.671±0.017 0.656±0.012
Profile+Interest 0.838±0.009 0.818±0.027 0.782±0.034 0.769±0.035 0.729±0.033
CSI 0.92±0.004 0.91±0.003 0.895±0.007 0.887±0.002 0.875±0.004

AUC
Profile 0.791±0.001 0.791±0.001 0.791±0.001 0.792±0.001 0.792±0.001
Interest 0.933±0.019 0.933±0.019 0.933±0.019 0.924±0.024 0.903±0.018
CSI 0.957±0.003 0.958±0.004 0.958±0.003 0.958±0.003 0.958±0.003

Table 5: Performance comparison of different methods for customer identification. We set imbalance ratio
#negative pairs
#positive pairs = 50 and use different number of identified pairs in the training set.

number of identified pairs in training set (%)
Measure Methods 20% 40% 60% 80% 100%

F1-score

Profile 0.342 ± 0.007 0.469 ± 0.159 0.661 ± 0.004 0.661 ± 0.003 0.661 ± 0.004
Interest 0.486 ± 0.044 0.631 ± 0.026 0.695 ± 0.012 0.720 ± 0.022 0.747 ± 0.006
Profile+Interest 0.620 ± 0.029 0.753 ± 0.007 0.771 ± 0.014 0.793 ± 0.013 0.803 ± 0.017
CSI 0.875± 0.005 0.878± 0.004 0.877± 0.006 0.878± 0.003 0.878±0.004

Precision

Profile 0.911± 0.006 0.924± 0.008 0.936± 0.002 0.936± 0.004 0.935± 0.004
Interest 0.900± 0.030 0.893±0.008 0.892±0.003 0.884±0.006 0.868±0.017
Profile+Interest 0.938±0.016 0.914±0.015 0.900±0.006 0.901±0.005 0.896±0.008
CSI 0.875± 0.005 0.877±0.004 0.876±0.006 0.878±0.003 0.881±0.003

Recall

Profile 0.211±0.006 0.331±0.150 0.511± 0.004 0.511±0.004 0.511±0.004
Interest 0.335±0.041 0.489±0.032 0.569±0.016 0.609±0.034 0.656±0.012
Profile+Interest 0.464±0.033 0.641±0.008 0.674±0.022 0.708±0.021 0.729±0.033
CSI 0.875±0.005 0.878±0.004 0.877±0.006 0.879±0.003 0.875±0.004

AUC

Profile 0.773±0.025 0.793±0.002 0.794±0.002 0.793±0.002 0.792±0.001
Interest 0.903±0.018 0.903±0.018 0.894±0.002 0.904±0.020 0.903±0.018
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the ranking performances. Since unsupervised methods only
predict a real-valued score instead of a label prediction for
each candidate pair, we only show the AUC performances of
unsupervised methods. Moreover, CSI and Profile+Interest
share the same set of features and thus they have the same
ranking scores generated by the base classifier. Hence, for
AUC measure, we use CSI to represent both methods. For
fair comparisons, LibSVM [8] of linear kernel with the de-
fault parameter is used as the base classifier for all the com-
pared methods. Accuracy is not included in the evaluation
measures, since we mainly focus on the real-world imbal-
anced datasets in which Accuracy is usually meaningless.

Noteworthily, the F1-score and Recall of maximum weight
matching (MWM) are consistently lower than 0.1, and the
Precision and AUC of MWM are consistently lower than
0.2, which are significantly worse than those of other base-
line methods. This is because MWM aims at maximizing
the overall benefit of the entire matching instead of the lo-
cal benefits of individuals, as mentioned in Section 3.2. Since
MWM is not suitable for the customer identification prob-
lem, MWM is not listed as one of the competitive methods.

4.3 Performance Analysis
We conduct the experiments using 5-fold cross validation:

one fold is used as training data, the remaining folds are used
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as testing data. We report the average results and standard
deviations of 5-fold cross validation on the dataset.
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predict a real-valued score instead of a label prediction for
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0.2, which are significantly worse than those of other base-
line methods. This is because MWM aims at maximizing
the overall benefit of the entire matching instead of the lo-
cal benefits of individuals, as mentioned in Section 3.2. Since
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lem, MWM is not listed as one of the competitive methods.
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as testing data. We report the average results and standard
deviations of 5-fold cross validation on the dataset.

We first investigate the performance of different features
in the unsupervised methods. In Figure 4, Katz’s methods
outperform the methods using other features. It indicates
that by exploiting the paths through the interests of friends,
we have a better opportunity to identify customers in a so-
cial network. Even though the customers are not active in
the social network, the common interests with friends may
leak the information of the customers and direct us to iden-
tify them. However, from the comparison between Katz’s
methods with different β, which exponentially decreases the
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share the same set of features and thus they have the same
ranking scores generated by the base classifier. Hence, for
AUC measure, we use CSI to represent both methods. For
fair comparisons, LibSVM [8] of linear kernel with the de-
fault parameter is used as the base classifier for all the com-
pared methods. Accuracy is not included in the evaluation
measures, since we mainly focus on the real-world imbal-
anced datasets in which Accuracy is usually meaningless.

Noteworthily, the F1-score and Recall of maximum weight
matching (MWM) are consistently lower than 0.1, and the
Precision and AUC of MWM are consistently lower than
0.2, which are significantly worse than those of other base-
line methods. This is because MWM aims at maximizing
the overall benefit of the entire matching instead of the lo-
cal benefits of individuals, as mentioned in Section 3.2. Since
MWM is not suitable for the customer identification prob-
lem, MWM is not listed as one of the competitive methods.
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as testing data. We report the average results and standard
deviations of 5-fold cross validation on the dataset.

We first investigate the performance of different features
in the unsupervised methods. In Figure 4, Katz’s methods
outperform the methods using other features. It indicates
that by exploiting the paths through the interests of friends,
we have a better opportunity to identify customers in a so-
cial network. Even though the customers are not active in
the social network, the common interests with friends may
leak the information of the customers and direct us to iden-
tify them. However, from the comparison between Katz’s
methods with different β, which exponentially decreases the
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 Experiments
weight of longer path, we notice that the importance of
friends’ interest should not be overrated.

Next, the customer identification problem in real world
involves distinguishing the real social network account of a
customer from many other similar candidates. If we consider
the real pair of accounts as a positive instance and other
candidates as negative instances, the number of negative
instances usually dominates that of positive instances. In
other words, the data instances are usually imbalanced. It
is crucial to identify customers in such imbalanced datasets.

Thus, we test the performance of each method with im-
balanced datasets. In each round of the cross validation, we
sample pairs of accounts as the data samples according to
different imbalance ratios. The imbalance ratio is defined as
the number of negative pairs divides by the number of posi-
tive pairs. Table 4 presents the performance of each method
under different imbalance ratios. The best performances on
each of the evaluation criteria are listed in bold. The re-
sults show that Profile features can be used as the most
precise tool to identify some positive pairs but cannot cover
most of them. By taking both Profile and Interest features
into account, we are able to identify the majority of positive
pairs effectively, while only slightly decreasing the precision
of identification. The performance can be further improved
through the one-to-one matching step in the proposed CSI
method. As shown in Table 4, CSI consistently outperforms
the other methods in F1-score, Recall and AUC with up to
38%, 80% and 21% improvement, respectively.

Another challenge of customer identification is that, in
practice, there are only a small number of identified pairs.
Hence, we next study the performance of each method using
a small set of identified pairs for training. In each round of
cross validation, we randomly sample a percentage of iden-
tified pairs from the training fold and use them for training.
The results of all compared methods are reported in Table 5.
Again, CSI method consistently outperforms other methods
in F1-score, Recall and AUC. Especially when only 20% of
identified pairs from the training fold are used, the F1-score
increases from 0.342 to 0.875 (with 156% improvement) and
the Recall increases from 0.211 to 0.875 (with 315% improve-
ment). We also notice that the performance of CSI method
is quite stable with the change of the number of training
samples. This is because CSI method is designed to find
the best stable matching all the time. Lack of training sam-
ples only affect the accuracy of similarity scores, while it
probably would not change the preference of each account.

Finally, we investigate the performance of each method
with K varied, where K is the number of pairs we should
find in a one-to-one matching. In our experiments, K is set
as 1466, which is the size of real pairs in our testing set,
in default. Since the predictions of classifications cannot
be directly compared, we won’t be able to find the top-K
pairs using the above baseline methods. Thus, in this ex-
periment, we compare the performance of the CSI methods
using different sets of features. We denote the CSI method
using only Profile feature set as “Profile (w/ match)“, and
we denote that using only Interest feature set as “Interest
(w/ match)“. Figure 5 shows that CSI method incorporat-
ing the more features can achieve the better performance.
Besides, the CSI method using only the Interest feature set
performs better than that using only the Profile feature set.
More importantly, our proposed CSI method achieves the
best performance when K is around 1466, the actual size of

(a) AUC (b) F1

(c) Precision (d) Recall

Figure 5: Comparison between CSI and baselines
with K varied

pairs to be identified. This indicates that CSI method can
effectively find the top-K pairs that are most likely to be
the real pairs before it moves to pick the less possible pairs.

5. RELATED WORK
Due to the emergence of online social network services, so-

cial network analysis have been intensively studied in recent
years [24, 18, 21, 12]. One active research topic is to predict
unknown link in social network. Liben-Nowell and Kleinberg
[20] developed unsupervised link prediction methods based
upon several topological features. These proposed features
can be further used to train a binary classification model
for link prediction. There are many other recent efforts on
link prediction problem in social networks. For example, in
[2], Backstrom et al. proposed a supervised random walk al-
gorithm to estimate the strength of link in social networks.
Lichtenwalter et. al. [21] have a detailed discussion over
different challenges of link prediction problem. Kong et al.
[18] formulated the problem of connecting accounts across
social networks as a anchor link prediction task, w.r.t one-
to-one constraint across social networks. They leverage the
heterogeneous features, such as social, spatial and temporal
information, to help predict the anchor links.

Recently, user identification across multiple social net-
works has attracted many attentions [31, 22, 27, 25]. Za-
farani et al. [31] observed that individuals often exhibit
consistent behavioral patterns across networks when select-
ing usernames. Based on the observation, they proposed a
behavior model to determine whether two usernames are be-
long to the same individual. In [27], Raad et al. addressed
the problem of matching user profiles for inter-social net-
works. [25] analyzed users’ online digital footprints and ap-
plied context specific techniques to measure the similarity of
accounts across networks. These studies indicate that user-
name is one of the most discriminative features for disam-
biguating user profiles. However, customer identification has
some unique properties that make it different to the previous
works. First, it requires to predict links across networks with
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weight of longer path, we notice that the importance of
friends’ interest should not be overrated.

Next, the customer identification problem in real world
involves distinguishing the real social network account of a
customer from many other similar candidates. If we consider
the real pair of accounts as a positive instance and other
candidates as negative instances, the number of negative
instances usually dominates that of positive instances. In
other words, the data instances are usually imbalanced. It
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in default. Since the predictions of classifications cannot
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pairs to be identified. This indicates that CSI method can
effectively find the top-K pairs that are most likely to be
the real pairs before it moves to pick the less possible pairs.
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Due to the emergence of online social network services, so-

cial network analysis have been intensively studied in recent
years [24, 18, 21, 12]. One active research topic is to predict
unknown link in social network. Liben-Nowell and Kleinberg
[20] developed unsupervised link prediction methods based
upon several topological features. These proposed features
can be further used to train a binary classification model
for link prediction. There are many other recent efforts on
link prediction problem in social networks. For example, in
[2], Backstrom et al. proposed a supervised random walk al-
gorithm to estimate the strength of link in social networks.
Lichtenwalter et. al. [21] have a detailed discussion over
different challenges of link prediction problem. Kong et al.
[18] formulated the problem of connecting accounts across
social networks as a anchor link prediction task, w.r.t one-
to-one constraint across social networks. They leverage the
heterogeneous features, such as social, spatial and temporal
information, to help predict the anchor links.

Recently, user identification across multiple social net-
works has attracted many attentions [31, 22, 27, 25]. Za-
farani et al. [31] observed that individuals often exhibit
consistent behavioral patterns across networks when select-
ing usernames. Based on the observation, they proposed a
behavior model to determine whether two usernames are be-
long to the same individual. In [27], Raad et al. addressed
the problem of matching user profiles for inter-social net-
works. [25] analyzed users’ online digital footprints and ap-
plied context specific techniques to measure the similarity of
accounts across networks. These studies indicate that user-
name is one of the most discriminative features for disam-
biguating user profiles. However, customer identification has
some unique properties that make it different to the previous
works. First, it requires to predict links across networks with

achieve the best when K = # true pairs
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1. Profile similarities and interest similarities are both useful 
for identifying customers

2. Friends’ interests help improve similarity measurements

3. Proposed CSI method is stable even using high imbalanced 
training sets or using very few training instances.
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