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Abstract

With the expansion of virtual social networks, finding and recommending
appropriate and favorite information and items to users is one of the severe
issues in their development. To this end, recommender systems predict and
recommend interests based on past behavior reviews and user preferences.
However, less research has been done on people to people in social networks,
and it is still based on exploring communication and friendship circles, which
is generally not desirable for specialized users. Social networks include a
variety of entities such as individuals, businesses, companies, and technical
communications that also contain a variety of information related to the
supply chain interaction, such as industries, functions, and communications
between them and users.

This paper provides a recommendation system framework for recom-
mending people to people in social networks based on supply chain inter-
actions. For this purpose, it has presented five hybrid methods based on
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artificial neural networks and fuzzy strategies to provide better and more
accurate recommendations than basic methods. Eventually, a case study was
conducted on the LinkedIn social network to show the improvements in
applying this new approach to primary methods. In this regard, seven specific
evaluation criteria of recommender systems have been used.

Keywords: Recommendation system, social networks, supply chain, artifi-
cial neural network, fuzzy logic.

1 Introduction

The present century is called the era of communication. Large amounts of
information are stored exponentially as a potential challenge to find informa-
tion tailored to users’ needs [1]. The recommendation system has emerged in
social networks to solve this problem. RS are effective systems for guiding
the user, among the vast array of possible choices, are helpful and favored for
the option so that the process is personalized to the same user.

Despite advances in the development of RS, these systems still face
potential challenges such as cold start, data dispersion, and scalability [2]. By
looking at the research and finding the gap analysis, we found that few studies
were conducted on people’s recommendations in social networks. Nowadays,
people’s recommendation in social networks is generally base on contact
list contacts or friendship circles, which is not a specific recommendation,
does not have the necessary efficiency and effectiveness, and is not desirable
by many users. Because these recommendations are generally superficial,
while much deeper recommendations can be made about more severe issues
such as supply chain communication. The rapid growth of users and the
increasing amount of information social networks collect about their users
have made them less capable of matching people. In addition to the basic
methods of RS like CF, little attention has been paid to human relationships
and the hierarchy of individuals and their associated needs. Specialized social
networks are a complex environment of companies, individuals, and other
entities in different industries and functions. In the reviewed studies of RS,
particular attention did not recommend individuals to individuals concerning
supply chain interactions.

This paper aims to solve the problem for the first time, presents a new
framework for RS in social networks based on supply chain interactions. Our
goal is to increase the accuracy and efficiency of the social network RS based
on supply chains. This framework has introduced several new strategies using
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artificial neural networks and fuzzy for people recommending, which, also, to
engage the supply chain in recommendations, has more efficiency and accu-
racy than basic methods. LinkedIn’s social network applies to test the hybrid
methods presented in this article. For this purpose, five specialized fields
related to supply chain use and data related to 1404 users select in a specific
area in five random industries and five random functions. Cross-validation
was also used to evaluate methods.

For the first time, supply chain interactions have been used to recommend
people on social networks to improve the quality and accuracy of recommen-
dations, leading to recommendations in industry and performance related to
their activities in the supply chain.

Secondly, several weighted and non-weighted methods have been pro-
posed using different approaches such as neural network and fuzzy theory,
which reduce the volume of data and provide more relevant results based on
the specific characteristics of individuals in social networks.

This paper has the following two-fold contributions:

1. For the first time, supply chain interactions have been used to recom-
mend people to people on social networks to improve the quality and
accuracy of recommendations, which ultimately leads to recommenda-
tions in industry and function related to the user activities in the supply
chain.

2. Secondly, several weighted and non-weighted methods have been pro-
posed using different approaches such as neural network and fuzzy
theory, which reduce the volume of data and provide more relevant
results based on the specific characteristics of individuals in social
networks.

The paper is structured as follows. In Section 2, Related work is provided
on the literature on recommender systems and people-to-people RS, evalua-
tion of RS, and related works done in the field of the fuzzy, artificial neural
network, and supply chain with the RS. Section 2. discusses the strategies
and hybrid methods used. Results and experiments are presented in Section 4,
and, finally, the conclusion and future study are drawn in Section 5.

2 Related Literature and Background

Fuzzy techniques, neural networks, and similarity criteria are all tools that
are used in combination in recommendation systems today. These techniques
are commonly used to increase the accuracy of recommender methods [3]. In
this section, we review some of the literature on these concepts.
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2.1 Recommendation Systems

For the first time, the RS was introduced when a word vector-based algo-
rithm was presented for searching amongst textual documents [4]. RS is a
type of information filtering system that predicts a user’s ratings or pref-
erences. The underlying principle in recommender algorithms is a certain
threshold of dependency between the user and item attributes. RS recom-
mends related items by discovering users’ implicit or explicit interests and
preferences [5, 6].

Discovering this relationship can be made with various methods, such
as predicting the relationship between users and recommending each user’s
favorite items. More precisely, relevance is the most critical operational
purpose of the recommender system. Other goals may not be as important
as relevance, such as novelty, serendipity, and diversity [7].

Nowadays, many online companies and businesses, such as Amazon, Net-
flix, Google, and Facebook, use RS to gain a competitive advantage [8]. Cold
start, data sparsity, a big data problem, and over-fitting are the main problems
with RS [4, 9]. Based on how a recommender system operates, several
categories are identified in the literature, most notably: collaborative-filtering,
content-base, knowledge-base, and hybrid-base [10, 11]. Other RS available
in the literature include constraint-based, case-based, conversational, search-
based, critiquing, utility-based, demographic, and ensemble-based [7, 12].

One of the most critical and common issues in recommending people
to people on social networks is matching demographic and psychological
information of users and their interests while in product recommendation
systems that generally use collaborative filtering methods, identifying similar
users by purchases behavior [13] uses a baseline Profile Matching method
and focuses on the over-recommending popular user’s issue. To overcome
this problem, the authors have used a decision tree derived from interactive
data between peoples based on collaborative filtering, and they have applied
a Success Rate measure to evaluate it.

[14] uses a weighted harmonic mean-based aggregation function strategy
to integrate people’s interests on social networks that can a sender initiates
interaction by sending a message to a recipient [15] uses an innovative
recommendation engine to recommend people based on semantic features
such as sentiment, volume, and objectivity extracted from user-generated
content. This paper uses a three-dimensional matrix factorization method to
overcome the big data problem and Accuracy Success at Rank K (S@K) to
evaluate it [16] has developed a neighborhood-based collaborative filtering
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algorithm to recommend people to people on social networks based on user
similarity in terms of both attractiveness and taste called SocialCollab. This
algorithm also uses the Success Rate for evaluation.

2.2 RS Evaluation

The proper design of an evaluation system is critical for achieving maxi-
mum performance in different recommender algorithms. A wrong evaluation
design can lead to a deviation in the precision of the model or algorithm accu-
racy [17]. Online or offline methods can evaluate RS. In the online system,
user reactions are measured according to the given recommendations. In these
cases, offline assessments are used with historical datasets. Offline methods
are primarily used in researches and experiments for RS evaluations [7].

The most important criterion in evaluating an RS is accuracy, but it
often provides a flawed picture of reality. Therefore, precision metrics are
undoubtedly important components of evaluation, but many other secondary
goals, such as innovation, reliability, coverage, and serendipity, are crucial
for the user experience as they have short-term and long-term effects on
conversion rates [17].

2.3 Artificial Neural Networks

Artificial neural networks are one of the branches of machine learning in
artificial intelligence that was first introduced [18]. The purpose of ANN is to
develop machine learning systems based on biological models of the brain,
especially the bioelectric activities of brain neurons [19]. An ANN is a signal
or information processing system consisting of many simple computational
elements that are directly related to each other and are all used in a parallel
distributed process for computational tasks [20].

Deep learning is an emerging phenomenon in machine learning that
creates powerful models derived from a deep structured neural network. By
choosing a suitable nonlinear activation function, the ANN can be used to
model complex nonlinear relationships between features and independent
variables, identify higher polynomial features, interact with them, and use
multiple optimization algorithms [21].

The ANN is one of the methods used by researchers in hybrid RS. The use
of ANNs can increase model prediction accuracy and can be used in combi-
nation with other methods [22]. [23] first introduced a hybrid recommender
system engine based on content profile analysis of users to cluster similar
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users [21] also presented a hybrid deep learning neural network frame-
work that utilized content features to predict model-based recommenders in
business.

2.4 Fuzzy Logic

First, fuzzy logic was introduced in the fuzzy set theory, a generalized stan-
dard set theory [24]. In science, uncertainty is an undesirable phenomenon
that must be avoided in every way possible. In the past, phenomena were
seen as binary, 0, and 1. So a phenomenon was either 0 or 1, and there was
no third state [25].

The membership function defines the fuzzy set, a continuous interval
range [0, 1]. In the fuzzy set, X is a universal set, each point represented by x.
By this definition, fuzzy set A is defined as ordered pairs as Equation (1) and
µA(x) is the membership function of A:

A = {x · µA(x)|x ∈X}. µA:X → [0.1]. µA ∈ {0.1} (1)

There are several membership functions in the fuzzy theory literature,
each of which has its functions and uses. In this paper, a Gaussian function
will be used. A Gaussian membership function is determined by c and σ; c
represents the MFs center, and σ determines the MFs width (Equation (2)).

Gaussian(x; c.σ) = e−
1
2(

x−c
σ )

2

(2)

Fuzzy theory is one of the methods used in hybrid RS. [26] presented
a new fuzzy method to control the uncertainty of natural noise to improve
recommendation accuracy. Also, [27] presented a hybrid multi-criteria rec-
ommender system by ontology and neuro-fuzzy techniques.

2.5 Supply Chain Management and Social Networks

In the past century, various sociologists explored social networks to describe
social activities and organizational behaviors. Social networks are a set of
and social relationships among them. Social networks reveal the strengths or
weaknesses of communication between two nodes based on the frequency of
similarity or relationship between them [28].

Although integrated supply chain with such attitudes and tasks have
emerged, the rapid growth of information technology in recent years and
its widespread use in SCM have transformed many of the core activities,
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and paid particular attention to communication technologies is more nec-
essary [29] found a significant relationship between the competency of the
supply chain and its agility, which necessitated the use of new technologies.
Also, in a study, [30] pointed to the necessity of a direct link between social
media and supply chain management [31] also stated that social media use is
inevitable to promote the supply chain.

[32] consider creating knowledge networks, balancing speed and con-
templation, portable information vaults, replacing collaboration with the
community, and building a platform for innovation as the benefits of social
networking and supply chain management [33] considered the key to success
in the supply chain as the trust between partners and their capabilities and
stated that special attention should be paid to social networking in developing
the supply chain [34] noted that social media features related to the supply
chain include more immediate interactions, greater transparency of decision
making, personal and professional growth of employees and managers, more
reliable global connectivity, and access to comprehensive information.

Companies are constantly faced with the two severe challenges of find-
ing new customers and providing cheap and quality resources. One of the
specialized networks is Linkedin that hosts many different entities, such as
individuals, businesses, and companies, and has collected valuable informa-
tion. Some of the site’s information fields, such as industry, performance, and
management level, have been adapted to research and test RS in the social
network with a supply chain approach. The site currently has over 774+
million users from more than 200 countries. LinkedIn is suitable for this study
because LinkedIn has stored the data of millions of users in more than 147
industries and 26 functions.

On the other hand, it was pointed out that these types of fields are
directly related to the supply chain. In this article, all the experiments will
be done on this network [35]. LinkedIn uses a horizontal collaborative fil-
tering infrastructure for the recommendation, known as browsemaps. The
Browsemaps is an item-to-item collaborative filtering platform, where mem-
ber browsing histories are used to build a latent graph of co-occurrences of
entities. Recommendations on LinkedIn are generally based on similarities in
profiles [36].

3 Proposed Model

Hybrid models are an advanced type of RS that achieves more accurate
and efficient results by combining RS and prediction techniques. This paper
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presents a novel hybrid model approach for combining underlying RS with
fuzzy, ANN, and several other techniques for recommending people in the
social network based on supply chain interactions.

Generally, the literature describes the five phases for building an RS: data
collection, user profiling, calculation of similarity, neighborhood selection,
and eventually, prediction and recommendation [37]. Accordingly, the imple-
mentation model of this paper is presented in three phases. In the first phase,
supply chain data is collected and pre-processed. In phase II, the methods
of calculating similarity and classical strategies are combined with new
strategies, and phase three proposes five new hybrid methods, each of which
yields user recommendation lists. The accuracy of these lists is evaluated by
evaluation methods and compared with each other and with basic methods.
In this paper, five attributes related to the supply chain were collected from
LinkedIn to test and evaluate the methods. Figure 1 illustrates the research
implementation model and related phase to this part.

In this paper, five LinkedIn data fields have been used for recommenda-
tion. Industry and Function is the industry of the target user, and Function is
the function in which the target user is employed in that field of industry. For
example, the target user may be active in the telecommunication industry and
sales function. Seniority level, company headcount, and degree of expertise
are other features that, together with the above two features, indicate the target
user’s position in the supply chain.

In statistics and related fields, a similarity measure or similarity func-
tion is a real-valued function that quantifies the similarity between two
objects [38]. Different elements may be involved in calculating and compar-
ing the similarity of two users. In a hybrid model, each user attribute may be
calculated in a specific way. In this case, the total of similarity is equal to the
algebraic sum of each attribute. The Equation (3) relationship illustrates how
the features of the two users of A and B integrate. Here is N the number of
features.

Sim(uA · uB) =
N∑
i=1

sim(Ai ·Bi) (3)

It may be necessary for the researcher to influence the similarity of a
feature. The above method affects all properties equally. For this reason, a
method called weighting was developed that would give each of the similarity
features a weight. However, the algebraic sum of all weights is equal to one.
In Equation (4) relation λi is the weight of similarity measure between Ai
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Figure 1 The research implementation model and related phase.

and Bi.

Sim(uA · uB) =
N∑
i=1

λisim(Ai ·Bi).
N∑
i=1

λi = 1 (4)

One of the techniques commonly used in statistics is normalization. In the
simplest case of rate normalization, we have different scales of measurement
to compare on a single scale. The uniformity of a vector obtains from the
subtraction between each element and the smallest vector element divided by
the subtraction of the largest and smallest vector elements (Equation (5)).

xn1 =
x1 −mina

maxa −mina
(5)
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3.1 RS Similarity Measures

In statistical methods, a similarity criterion is a method to measure the actual
degree of similarity between two objects. The similarity measures are close
to the ranking of vectors related to the two users [39]. The basis of many
similarities and non-similarity criteria is the Euclidean distance. Generally,
the distance between two vectors A and B is defined as Equation (6) [40]:

d(A ·B) =

√√√√ n∑
i=1

(Ai −Bi)
2 (6)

In this respect,Ai andBi variables are detailed ratings between two users
of A and B for a particular item. The Euclidean distance is the second root of
the sum of the squares of the difference between the corresponding elements
in the two vectors.

There is another commonly used function called the Pearson correlation
coefficient as Equation (7). The Pearson correlation coefficient of the two
variables is always in between [−1, 1]. The more naturally the value of this
function tends to 1, the two vectors below are more similar [40]:

r = rAB =
n
∑
xAiBi −

∑
Ai
∑
Bi√

n
∑
A2

i − (
∑
Ai)

2
√
n
∑
B2

i − (
∑
Bi)

2
(7)

Correlation −1 indicates that the data points in the graph are in a straight
descending line, and the two variables are precisely negative in linearity.
Conversely, output 1 shows that the correlation coefficients of the two vari-
ables are linearly positive, and the points are on a straight ascending line.
Correlation 0 means that the two variables have no linear relationship with
each other.

Another standard criterion and similarity function that is often used in
information retrieval literature is the Cosine similarity measure. This function
is the point multiplication of two properties, and the Cosine is the angle
between two vectors. For two vectors, the angle zero and the value of the
function are precisely equal. This value is less than one for other vectors,
and the vector angle is between [0,0.5π). So the higher the output of the
function, the two vectors are more similar. The Cosine function is defined as
Equation (8) [40]:

Cos(Ai ·Bi) =

∑n
i=1Ai ×Bi√∑n

i=1 (Ai)
2 ×

√∑n
i=1 (Bi)

2
(8)
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The Manhattan function uses the absolute magnitude of the distance
between the components instead of the squared distance between the com-
ponents and defines as Equation (9).

DManhatan =

n∑
i=1

|Ai −Bi| (9)

One of the most common criteria for comparing two categorical fields is
the Overlap Measure. In this method, two criteria, if the two fields are in the
same category, the value of the similarity function will be equal to one and
otherwise equal to zero as Equation (10).

sim(xi.yi) =

{
1 xi = yi
0 xi 6= yi

(10)

3.2 ANN Approach

The two saved attributes (Industry and Function) at the LinkedIn database are
required in supply chain interactions. Each of these industries or functions
has equal importance and relevance to itself and has a different degree of
relevance to other industries or functions, depending on the type of commu-
nication in the supply chain. For example, the Telecommunications weight is
one on its graph and 0.55 on the Computer and Software. These weights can
be learned from the subject literature or expert opinions. This communication
is directional, and therefore the associated matrix is a directed adjacency
matrix.

In the ANN strategy, the initial population of the relevant users is selected
based on the target user industry and function. The weights obtained from the
associated matrix make only the relevant industries and functions selected.
These weights are also used to calculate the highest similarity of each user to
the target user, and ultimately the recommendations will be entirely relevant
and consistent with SCM. The function of the neural network here is to select
a related subset of the overall Industries and Functions set that are related
to the industry, function, and supply chain of the target user. Therefore, this
technique reduces the volume of data.

The ANN used here is a fully connected layer, a perceptron ANN that
connects all inputs to all outputs. The input vector is a binary vector in which
only the target user industry or function is one, and the other elements are
zero. Nevertheless, the output layer is a vector that activates some related
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Figure 2 Directed adjacency matrix, weights, and fully-connected neural networks layers.

Figure 3 Gaussian membership function plots.

industries and functions. The activation function used in this ANN is a hard-
limit function where values equal to and higher than the specified threshold
are activated. The weights required in this neural network are derived from
the corresponding proximity matrix (Figure 2).

3.3 Fuzzy Approach

This paper also uses a fuzzy approach to characterize the professional back-
ground of individuals in the organization. The months of specialized activity
in the company can be shown in fuzzy form. If the overlap measure is used
to compare the characteristics of two users in the field, users who are in the
vicinity of the target user may be missed.

Dreyfus’s model divides people into five groups, including Novice,
Advanced Beginner, Competent, Proficient, and Expert, based on expertise
in the organization [41]. Due to the nature of these five categories and their
overlap, this paper uses the fuzzy form and Gaussian function [42].

Figure 3 plots show a Gaussian membership function defined by G (x; c,
12) and c = {0, 30, 60, 90, 120) for professional background field based on
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five levels. Concerning the five categories considered, the five MF is defined
as Equations (11)–(15):

FNovice(x) =
{
e−

1
2(
x
12)

2

x ≥ 0 (11)

FAB(x) =
{
e−

1
2(
x−30
12 )

2

x ≥ 0 (12)

FCompetent(x) =
{
e−

1
2(
x−60
12 )

2

x ≥ 0 (13)

FProficient(x) =
{
e−

1
2(
x−90
12 )

2

x ≥ 0 (14)

FExpert(x) =

{
e−

1
2(
x−120

12 )
2

120 ≥ x ≥ 0
1 x ≥ 120

(15)

In these relations, the maximum and minimum amplitude of the Gaussian
function is considered to be between 120 and 0, so σ = 12 is considered.
Given that each value of this property in each function will have a specific
value, the Equation (16) relation is used to represent in a fuzzy form:

Pu ≈ (FNovice,FAB,FCompetent,FProficient,FExpert) (16)

There are two fuzzy functions, each with five members, which are five
fuzzy values. The distance of two fuzzy values is obtained from the sum of
the absolute values of the difference of each of the corresponding elements
in the function. Like any other attribute value, the similarity of the two users
can be calculated. However, the Manhattan distance is used for this feature in
this paper as Equation (17):

d(Pu · Pv) =
1
l

∑
l∈S
|Pul − Pvl| (17)

Given that a threshold is needed to calculate similarity, the Equation (18)
function is used by the overlay strategy:

Sim(Pu · Pv) =

{
1− d(Pu · Pv) d(Pu · Pv) ≤ θ1
0 d(Pu.Pv) > θ1

(18)

The larger the value of this function, the higher the similarity of the two
users in this feature. This strategy can be applied to both other fields.
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3.4 Hybrid Methods

Based on the strategies and methods presented in this paper, five new hybrid
methods have been proposed. These methods are labeled Hybrid Method A
to E. In addition to these methods, three primary methods, Cosine, Pearson,
and Euclidean, will also be tested. All of these methods will be implemented
on a LinkedIn dataset. The used evaluation measures are MAE, RMSE,
Precision, Recall, TPR, F1, and FPR. Therefore the implementation output
of the methods will be an 8 in 7 matrices.

3.4.1 Hybrid method A
In this method, the proposed ANN strategy is first used to reduce the data
volume. This approach makes it appropriate to select the primary data related
to the target user supply chain. It is also used to calculate the similarity of
two industry and function attributes based on ANN weights and proximity
matrices. Because of the class nature of the two attributes of the seniority
level and company headcount, the overlap measure is used. This method uses
the Manhattan measure for the professional experience attribute. Finally, the
weighting strategy is used to integrate the similarity functions of each of these
five properties. The weights of industry, function, seniority level, company
headcount, and degree of expertise fields are, respectively, 0.4, 0.2, 0.1, 0.1,
and 0.2, according to experts. These weights have been obtained before the
opinions of ten experts in this field. The average opinions of all experts have
been used as the final weight. Equation (19) relation shows the cumulative
function of the similarity functions of this hybrid method:

Sim(uA · uB) =

N∑
i=1

λisim(Ai ·Bi)

= λ1SimFANN (AIndustry ·BIndustry)

+ λ2SimFANN (AFunction ·BFunction)

+ λ3SimFOM (ASL ·BSL)

+ λ4SimFOM (ACH ·BCH)

+ λ5SimFNMD(APE ·BPE).

N∑
i=1

λi = 1 ·N = 5 (19)
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3.4.2 Hybrid method B
In this method, the overlap is used for all four industry, function, seniority
level, and company headcount attributes. The fuzzy strategy is used to pro-
fessional experience attribute. The cumulative function of this method is also
a weighted function, and the weights are the same as in the previous part as
Equation (20):

Sim(uA · uB) =
N∑
i=1

λisim(Ai ·Bi)

= λ1SimFOM (AIndustry ·BIndustry)

+ λ2SimFOM (AFunction ·BFunction)

+ λ3SimFOM (ASL ·BSL)

+ λ4SimFOM (ACH ·BCH )

+ λ5SimFFuzzy(APE ·BPE ).

N∑
i=1

λi = 1. N = 5 (20)

3.4.3 Hybrid method C
The C hybrid method uses the ANN approach to calculate the similarity of
industry and function attributes of two users, and the OM method is used
to calculate the similarity of seniority level and company headcount. The
proposed fuzzy strategy is used to calculate the similarity of two users in the
professional experience attribute. The weighting strategy is used to calculate
the overall similarity and the cumulative relationship is as Equation (21):

Sim(uA · uB) =
N∑
i=1

λisim(Ai ·Bi)

= λ1SimFANN (AIndustry ·BIndustry)

+ λ2SimFANN (AFunction ·BFunction)

+ λ3SimFOM (ASL ·BSL)
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+ λ4SimFOM (ACH ·BCH )

+ λ5SimFFuzzy(APE ·BPE ).

N∑
i=1

λi = 1. N = 5 (21)

3.4.4 Hybrid method D
In the D hybrid method, the presented neural network approach is used to
calculate the similarity of industry and function fields of two users. The
overlap measure is used to calculate the degree of similarity of seniority level
and company headcount of the two users, and the proposed fuzzy approach is
used to calculate the similarity of professional experience attribute.

Since the weighting method was presented in the previous section, the
weighting strategy is not used to allow comparison, and the general relation
of this method is as Equation (22):

Sim(uA · uB) =
N∑
i=1

sim(Ai ·Bi)

= SimFANN (AIndustry ·BIndustry)

+ SimFANN (AFunction ·BFunction)

+ SimFOM (ASL ·BSL)

+ SimFOM (ACH ·BCH)

+ SimF Fuzzy(APE ·BPE).

N = 5 (22)

3.4.5 Hybrid method E
In this method, the proposed ANN approach is used to calculate the similarity
of industry and function fields between two users. The overlap measure is also
used to calculate the similarity of seniority level and company headcount.
Finally, the Manhattan distance is used to calculate the similarity for the
professional experience attribute.

This method does not use the weighting approach to compare the weight-
ing effect with other methods. The cumulative relation of similarity criteria
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to obtain the total similarity criterion is as Equation (23):

Sim(uA · uB) =

N∑
i=1

sim(Ai ·Bi)

= SimFANN (AIndustry ·BIndustry)

+ SimFANN (AFunction ·BFunction)

+ SimFOM (ASL ·BSL)

+ SimFOM (ACH ·BCH)

+ SimFNMD(APE ·BPE).

N = 5 (23)

4 Experiments and Results

4.1 Dataset

A dataset is required to test and evaluate the proposed hybrid methods. For
this purpose, five specialized features related to users were collected from the
LinkedIn social network with data collection tools. There were 1404 users,
9891 interest titles, and 3336 like records within a specified geographical
area.

4.2 Evaluation Metrics

Error metrics are widely used to predict accuracy in clustering, classification,
and recommender system techniques. The Mean Absolute Error is one of
the primary metrics that compare actual and predicted ratings. Naturally, the
lower the error, the higher the accuracy of the model. This criterion is defined
as Equation (24) [43]:

MAE =
1

|EP |
∑

(i·a)∈EP

|ria − r̃ia| (24)

The Root Mean Square Error is another metric that considers the dif-
ference between the more substantial errors in the rating prediction, and its
advantage over the MAE is adjusting significant errors. The RMSE is defined
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as Equation (25) [44]:

RMSE = (
1

|EP |
∑

(i·a)∈EP

|ria − r̃ia|)
1/2

(25)

Two criteria of Precision and Recall are also used to measure the accuracy
of recommendation predictions. Precision means the ratio of related selected
items to the total of selected items (Equation (26)). The Recall is also the
percentage of selected items relative to the total of related items [44], and
defined as Equation (27):

Precision(l) = 100 · |S(l) ∩G|
|S(l)|

(26)

Recall(l) = 100 · |S(l) ∩G|
|G|

(27)

The two criteria of Recall and Precision are fundamentally related to each
other but do not necessarily have a monotonic relationship. To be able to
represent both relationships in a relationship, a criterion called F1 is defined
as Equation (28):

F1(l) =
2 · Precision(l) · Recall(l)
Precision(l) + Recall(l)

(28)

The other two evaluation criteria used in evaluating RS are the True-
Positive Rate and the False-Positive Rate. The TPR (which is equal to the
Recall criterion) is defined as the percentage of relevant items selected to
total selected items. FPR is calculated as the ratio between the number of
adverse events wrongly categorized as definite (false positives) and the total
number of actual adverse events. The U is the set of all items [7]. TPR and
FPR are defined as Equations (29) and (30):

TPR(l) = Recall(l) = 100 · |S(l) ∩G|
|G|

(29)

FPR(l) = 100 · |S(l) ∩G|
|U −G|

(30)

4.3 Results and Discussions

The five presented new hybrid methods and the three basic recommendation
methods were implemented on the dataset. Also, seven evaluation measures
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include MAE, RMSE, Precision, Recall, TPR, F1, and FPR, were used to
evaluate the presented methods.

One of the model validation methods in data mining is cross-validation. In
the cross-validation method, the data entries are divided into q same datasets.
If S is the specified set of entries in the rating matrix R, each segment volume
is obtained by the formula |S|/q. One part of q is used for testing, and the
other part is used for training. This process is repeated q until all parts of
q are tested. The average q accuracy of the various sections is used as the
absolute accuracy of the system. Note that the larger the q value, the higher
the accuracy of the system.

A typical example of this system is that the value of q is equal to all
system-specified inputs, which is an ideal case. In this case, |S − 1| rating
input is used for training, and only one input is used for testing. This article
uses the same validation method. The name of this method is leave-one-out
cross-validation, and this method is also used in this article.

Given that the number of data collected from LinkedIn is 1404, the data
set was divided into 1404 sections. Each section was selected as the target,
and the other 1403 users assessed similarities based on the related hybrid
method. Then the ten nearest neighbors to the target user are selected, and all
evaluation measures are evaluated. This process is repeated 1404 times, and
the average of each criterion and method obtain to compare the efficiency
and accuracy. Based on each method, the ten similar users to the target user
are selected, and finally, the evaluation criteria are measured on each of the
output lists of each method to determine the best method in each criterion.

Then, the performance charts of the methods are presented separately
in each evaluation measure. As shown in Figure 4, the lowest MAE value
belongs to the C hybrid method. This method was the one that used all three
approaches of the ANN, fuzzy theory, and weighting. So this method works
best in the case of minor errors. The three A, B, and D hybrid methods
also perform much better than other basic methods with proximity to the
C method. Method A uses weighting and ANN approaches, method B uses
fuzzy and weighting approaches and method D uses a fuzzy approach alone.
The worst performance among these methods was for the Pierson method is
in the MAE measure.

In the RMSE measure, the best performance is related to the D hybrid
method. This method only uses a fuzzy strategy without a weighting
approach, so it performs better in significant errors. The three A, B, and C
hybrid methods are almost identical after this method, and they perform much
better than basic methods. As mentioned earlier, method A uses an ANN
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Figure 4 The result of the MAE and RMSE on the presented hybrid methods and basic
methods.

Figure 5 The result of the Precision, Recall, F1, and TPR on the presented hybrid methods
and basic methods.

weighting strategy, B method uses a fuzzy weighting strategy, and method C
uses a fuzzy, weighted, and ANN approach. The worst performance in this
criterion also belongs to the Pierson method (Figure 4).

Concerning the Precision measure, the best performance belongs to the A
method. Then the best performance in this criterion belongs to the C, B, and
D hybrid methods, respectively. The results show that the proposed hybrid
methods perform better than the basic methods in this measure. The worst
performance in this regard again belongs to the Pierson method (Figure 5).
The two criteria of TPR and Recall are almost identical. The best performance
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Figure 6 The result of the FPR on the presented hybrid methods and basic methods.

on this criterion belongs to A, B, C, and D hybrid methods, respectively. The
worst performance belongs to the Pierson method (Figure 5).

The best performance in the FPR measure belongs to the E hybrid
method. After that, the best results belong to A, C, B, and D methods,
respectively. Like all previous benchmarks, the worst performance in this area
also belongs to the Pierson criterion (Figure 6). In the F1 criterion, the best
performance belongs to the A method. The best performance then belongs
to the B, C, and D methods, respectively. The worst results in this criterion
belong to the Pierson method (Figure 5).

5 Conclusion and Future Study

Today, the rapid growth of the rapid development of IT has led to the emer-
gence of specialized social networks. These networks encompass various
entities, including individuals, companies, goods, services, and interests. It
was then that RS emerged to overcome the problem of searching for relevant
information and recommending items to individuals and vice versa based on
the interests and preferences of users on social networks.

Little research was done in literature review on RS recommendation in
social networks. The recommendations in this area are merely based on
demographic characteristics and the discovery of relationships such as mobile
or email contact lists, which are generally not desirable for professional users.
As the information on social networks becomes specialized, supply chain
interactions are increasingly entering these networks. For this reason, this
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paper, for the first time, proposes RS recommendations based on supply chain
communication.

Accordingly, two ANN and fuzzy theory strategies have been proposed
for use in the hybrid RS. Due to the large amount of information available, the
ANN strategy initially identified the population of users related to the target
user in the supply chain. Then, this approach in different methods made the
recommendation based on industry and function attributes. The advantages of
the proposed fuzzy strategy with Gaussian function were also used in some
new hybrid methods. Also, five new hybrid strategies named the A-E hybrid
method were presented. These five methods were implemented with three
basic methods on the collected dataset from the LinkedIn social network. All
methods were evaluated using seven evaluation measures, including MAE,
RMSE, Pression, Recall, TPR, and FPR, and the results were obtained.

The results show that the proposed hybrid methods performed better and
more accurately than all the primary methods. The best value of MAE belongs
to the C hybrid method, which used a combination of all three weighting,
ANN, and fuzzy approaches. It shows that this method works best for small
errors, and it is the most accurate method. The A hybrid method uses ANN
and weighting approaches and gets the best result on the Precision, Recall,
TPR, and F1 measures. These results show that this method also performs
best in recall accuracy, correct positive rate, and coverage of recommenda-
tions. The D hybrid method that used an independent fuzzy strategy also
obtained the best value of the RMSE measure and shows that this method
works best for significant errors. The E hybrid method also has the lowest
false positive rate and is the best among all methods. This method utilized
both the proposed ANN and fuzzy approaches without a weighting strategy.

Other values of the proposed hybrid methods are generally close to the
best results, and in general, the accuracy, coverage, and performance of the
proposed hybrid methods are higher than the used basic methods.

In future researches, advise considering the presented hybrid methods
in other social networks. Genetic algorithm methods should also be used in
hybrid methods, and their effect on improving the results will be investigated.
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