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Abstract

Online communities are the most popular interactive environments on the Internet, which provide users with a platform
to share their knowledge and expertise. The most important use of online communities in cyberspace is sharing knowledge.
These communities are a great place to ask questions and find answers. The important challenges of these communities are
the large volume of information and the lack of a method to determine their validity as well as expert finding which
attracted a lot of attention in both industry and academia in. Therefore, identifying persons with relevant knowledge on a
given topic and ranking them according to their expertise score can help to calculate the accuracy of the comments
submitted on the internet. In this research, a model for finding experts and determining their domain expertise level by the
aid of statistical calculations and the ant colony algorithm in the MetaFilter online community was presented. The WordNet
Dictionary was used to determine the relevance of the user’s questions with the intended domain. The proposed algorithm
determines the level of people’s expertise in the intended field by using the pheromone section of the Ant colony algorithm,
which is based on the similarity of the questions sent by the users and the shared knowledge of the users from their

interactions in the online community.
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1- Introduction

Online communities are among the most important
achievements of Web 2.0 technologies that have been
noticed by researchers and business organizations due to
their large volume of valuable raw data [1]. The most
important use of online communities in cyberspace is
sharing knowledge. These communities are a great place
to ask questions and find answers [2] the unique features
of these communities such as ease of access and lack of
time and space constraints for accessing them make them
as one of the most important sources of problem solving
[3]. Since, there is no distinction between the levels of the
users’ knowledge in these communities; there is
uncertainty about the value of the answers and comments
submitted in these communities. In fact, the questioner
does not know how much he/she can trust the answers sent
by other users [4]. Considering the growth of information
generated by users in question-and-answer forums (QA
forums) and the need for speed and precision in finding the
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true answer, finding expert people in is necessary.
Therefore, the important issue is finding the level of
expertise of people in different fields as well as the level
of users’ trust in experts to use their answers in various
issues ’[2]. Given that only a small fraction of users are
responsible for answering a significant number of
questions, it is difficult to find potential experts [4].
Therefore, by using expert advisory methods, especially
the recommender systems questions can be provided to
knowledgeable people [5].

Expert finding is a challenging problem that has been
considered in both industry and academia in the past few
years. ldentifying people with relevant knowledge about
the issue and ranking them according to their expertise is a
challenging task

[6-7].

In general, there are two main approaches to expert
finding: the content analysis of user messages and analysis
of social networks between people. Each has some flaws.
For example, in the social network analysis, the content of
messages sent by users is not considered. In the content
analysis approach, communication between people is not
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considered and there is no difference between the answers
given to people with different levels of expertise, while the
knowledge of a person responding to an expert user is
different from that of a user responding to a beginner [8].
Given that there are many queries in QA forums, and there
is no way to determine the accuracy of the answers, users
cannot trust the answers [4]. Therefore, the most important
issue is how to identify and evaluate the experts as well as
their level of expertise in professional communities with
high precision and trust.. Hence, this study aims to rank
the experts in different fields based on their answers as
well as to determine their performance in QA forums.
Therefore, for the first time in this field, using the Ant
colony algorithm and considering the quality of
communications and users’ trust and reputation, a new
model is proposed, which is a good solution to solve
problems and challenges of online communities with high
accuracy

The research literature is reviewed first; then, the research
method and the proposed algorithm are presented. Finally,
the conclusion and recommendations for future studies are
expressed.

2- Literature Review

2-1- Expert Finding Systems

Expert finding systems are part of Computer
Supported Cooperative Work (CSCW) systems, and one of
the most important classes of recommender systems [9].
Given the importance of expert finding in both industry
and academia, many approaches came into existence [10].
In general, two main approaches are used for expert
finding, including content analysis and social network
analysis. The former focuses on analyzing the content of
user messages to find experts in online communities. In
this approach, text-mining techniques and data retrieval
algorithms are used to analyze messages sent by users.
Then, based on the information extracted from the
message, a user knowledge model is created using user’s
knowledge modeling techniques or a probabilistic model
of the communication between the user and the messages
is created. Expert people can be identified by using the
knowledge model or probabilistic model. For example, Liu
et al. [11] have identified experts using the data retrieval
algorithms.
In latter, the features of the social network structure are
used to estimate the people expertise. In this method,
based on the relationships between people in a network, a
graph is made [12], and the diffusion method [13] and the
similarity of users [5] are used to weigh the edges and
people, and sometimes the PageRank algorithm is used to
score nodes and edges [2-13,14].
The study of Yuan et al. [15] the recent solutions for
expert finding were classified into four different categories

of matrix factorization based models (MF-based models),
gradient boosting tree based models (GBT-based models),
deep learning based models (DL-based models) and
ranking based models (R-based models). The results of the
study indicated that MF-based models outperform other
categories of models in the crowd-sourcing situation.
However, their results indicated that different algorithms
can perform well on different data sets and different
problems.

The study of Dadkhaha et al. [16] used business
intelligence tools to find potential experts as well as the
analytic hierarchy process for assigning weights to both
selection criteria and potential experts.

The study of Zhang [17] has tested a set of network-based
ranking algorithms including Indegree, AnswerNum, Z-
Score, PageRank, and HITS. These simulations have been
used to find a few simple simulation rules governing
dynamic network queries and answers. Kardan et al. [2]
have also proposed a SNPageRank method for the accurate
and comprehensive evaluation of the experts’ knowledge.
Their proposed method was specifically implemented and
tested on FriendFeed’s social network. However, this
method was unable to identify experts in different areas.
Zhao et al. [18] have proposed a method to improve the
performance of expert finding in CQA systems using
users’ social networks. They also developed two iterative
procedures, GRMC-EGM and GRMC-AGM, to solve the
optimization problem. Their proposed algorithm had better
performance in comparison to the state-of-the-art expert
finding algorithms.

Besides, Cifariello et al. [19] proposed an unsupervised
search engine for expert finding in academia. This system
combines classical language modeling techniques, based
on text evidences, with the Wikipedia Knowledge Graph,
via entity linking. In another study, Rampisela et al. [20]
used the thesis abstract and fasilkom UI students’ metadata
to find experts in the Faculty of Computer Science in
Universities Indonesia. They used combination of
word2vec and doc2vec to model semantic information,
and indicated the comparable performance of the
embedding models in retrieving experts using expertise
queries in both Indonesian and English languages.

Given that people’s posts are in different fields, they may
have different levels of knowledge. So, Stephens-Martinez
et al. [14] proposed the CEF method by changing the
PageRank algorithm to run online forums in the CEF. The
CEF algorithm can determine the level of users’
knowledge in each domain. The relationship between
topics was also considered in this study. Omidvar et al.
[21] have proposed a novel algorithm to determine
people’s expertise level in AskMe forum using WordNet
dictionary and social network analysis. Their proposed
method outperforms other expert finding algorithms. Fu et
al. [22] proposed a model that considers the relationship
between users as well as the link between topics to
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determine the expertise of each wuser. In addition,
Brusilovsky and Millan [13] identified the people who had
the highest rank in the list of experts. Then, they compiled
a list of experts by calculating the level of communication
of other people on the web pages or their emails with these
experts. The algorithm used in this study was the diffusion
algorithm, an important feature of which is the selection of
some sample class of people. The problem with this
research is it ignores the dynamic change of users who
have been selected as experts. The two mentioned
approaches for finding experts are incomplete. For
example, in the social network analysis, malicious users
can expose their communications network by sending
numerous unrelated or empty messages, and the algorithm
automatically detects these users as experts. Moreover, in
the content analysis approach, communication between
people is not considered, and there is no difference
between answers given to people with a different level of
expertise. Therefore, in some studies, a combination
approach has been used to find the experts. For example,
Karimzadegan et al. [10] by using the hierarchical
relationships within the organization have tried to identify
the similarities of people in the organizational
environment and improve their ranks. Their method was
more helpful to new users who have not had much work so
far. But they did not considered the topic similarity
between users. In order to solve this problem, Ziaimatin et
al. [23] have proposed a model that uses the PageRank
algorithm. They indicated that the relevance and proximity
of people who interact in different fields is of paramount
importance. Zhou et al. [24] have proposed a different
method that, in addition to counting the number of user
answers in the expert network, also specifies the number
of answers to the topics. Then, using the PageRank
algorithm, calculates the similarity between the questioner
and the respondent. The evaluations carried out in this
study indicated that the proposed model works better than
the content based models introduced in earlier studies.
Rafiei and Kardan [25] have also proposed a hybrid
method for expert finding in java online communities,
which was based on content analysis and social network
analysis. They indicated the better performance of their
proposed method on expert finding. In the study [26] the
LDA label model was proposed to determine the
distribution of the user subject. In this study, features like
post content, answer votes, proportion of the best answers
and user relationships were considered to find the correct
answer to the new question. Moreover, EL-Korany [3]
proposed a method that combines two content-based
approaches and social network analysis and uses ratings
and the reputation of users. In this model, user profiles are
first created using content analysis methods, then user
rating posts are used to compute user reputation and to
combine this rating with the content analysis step. In
addition, using network methods, user ratings are

computed in the QA network, and the output of the two
steps is combined. Their proposed method improved the
accuracy of the expert finding. Wang et al. [27] have also
proposed a novel expert finding algorithm, ExpertRank,
which evaluates expertise based on both document-based
relevance and one’s authority in his or her knowledge
community. They used PageRank algorithm to evaluate
one’s authority, and explored three different expert
ranking strategies of linear combination, cascade ranking,
and multiplication scaling that combine document-based
relevance and authority. Their results indicated the better
performance of the proposed algorithm than others. Gui et
al. [6] proposed a new method for expert finding in
heterogeneous bibliographical networks based on two
aspects of textual content analysis and authority ranking.
They indicated that the proposed framework outperforms
existing methods.

2-2- Ant Colony Optimization Algorithms

Ant Colony Optimization (ACO) algorithms are
constructive metaheuristics which inspired by the natural
behavior of ants in finding the shortest paths between their
nest and food sources by depositing pheromone on the
ground in an iterative process. ACO uses the pheromone
model to provide a set of solutions. The pheromone model
is a set of values obtained by a reinforcement type of
learning mechanism. Therefore, the pheromone model can
be used to increase the probability of constructing good
solutions from the components [28-29].

Different ACO algorithms have been used in the studies to
solve the NP-hard problems. For example Anuradha et al.
[30] used AntRank algorithm for ranking the web pages.
In the same study, Setayesh et al [31] proposed a
PageRank algorithm based on ACO. The results of
simulation indicated that in their proposed algorithm,
ratings are closer to real data, and more distinct ratings are
generated.

As the research studies indicate, in earlier studies the Ant
colony algorithm has not been used to find experts. In
addition, all the basic algorithms for finding experts that
are usually used for evaluation are not based on queries
and just rank experts. The importance of using the Ant
colony algorithm is that the existence of a possible
component allows the ants to make various answers, and
so they will answer more questions than greedy heuristics.
In addition, the use of heuristic information, which, in
many cases, helps the ants move towards more promising
answers. Most importantly, the experience of ants during
search by pheromone affects the answer construction in
the next iterations of the algorithm and creates a dynamic
learning process. In addition, the use of an ant colony
gives more stability to the algorithm and the interaction of
the population of agents (ants) together helps to solve the
problem more effectively. Therefore, for the first time in
this field, using the Ant colony algorithm and considering
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the quality of communication and users’ trust and
reputation, a new method is proposed, which similar to
[32] methodology uses some features of users such as
ranking of posts to improve the algorithm’s accuracy.

3- Proposed Algorithm

In this research, a new algorithm called the Expertise

AntRank (EAR) is presented to find experts in each
domain using the MetaFilter dataset, an online forum for
discussing various issues [33]. In this algorithm, a new
approach is proposed to solve the existing challenges in
finding experts using statistical calculations and ant colony
algorithm in online communities. In addition to expert
finding, this algorithm indicates the level of expertise in
different fields. The proposed algorithm consists of four
phases: |. data preparation, Il calculating the share of
users’ knowledge, III calculating the level of attraction
between people based on the field, IV implementing the
ant colony algorithm.
After data preparation, the Bayes’ theorem is used to
obtain the share of each user’s knowledge who
participated in the question and answer process, which its
application is changed based on the conditions of this
research. WordNet’s dictionary, a processing program
based on the psychology of language rules and encodes
concepts as sets of synonymous words, is also used to
determine the relevance of user-submitted questions to the
domain of interest, [34]. In addition, changes were made to
the PageRank algorithm in order to calculate the degree of
attraction between people by considering the activity
records and the similarity of these records with the users
requested field. Finally, inspired by the pheromone part of
the ant colony algorithm, users are treated as a route,
questions are considered as ants, the level of attraction
between people in the specialized network is treated as
innovative information, and knowledge share of users in
each question is considered as pheromone. . At the end of
the ants’ tour, the experts are identified and ranked by the
amount of pheromone placed on each path.

Phase I: Data Preparation

The data preparation is done through the extract,
transform and load (ETL) process. First, the required
information is extracted from the HTML files pertaining to
the MetaFilter website (Metafilter.com). Next, the
extracted data is examined for any incorrect entries, and all
users whose total number of questions and answers is less
than 20 are deleted from the database. In addition, all
related information, such as the answered questions and
corresponding answers, all unanswered questions, and all
questions that have not been assigned a keyword are
deleted from their records. Then, the cleaned data is
uploaded to the MetaFilter online database. Table 1 shows

statistical information about the data in the designed
database.

Table 1. Statistical data of the MetaFilter online community

Number of

Number of | Number of Intended Number of Number
Questions Answers A Tags of Users
nswers
229401 543699 2412653 951118 43676

Phase I1: Calculation of User Knowledge

In online communities, each user can ask a new
question, which will be answered by different users. Each
question may receive more than 10 answers, all of which
are somehow correct. But, the best answer is always
chosen, which indicates that the proposed solution is more
efficient and better. Once the best answer is given to a
question, and the process of knowledge transfer ends, and
the distribution of knowledge or the calculation of the
share of each person’s knowledge in response to the
particular question is completed. To calculate the share of
each user’s knowledge in the QA process, the likelihood
probability relationship based on the Bayes theory is
adopted, which is modified based on the research
conditions (equation 1):
_ Votes(Ui.Pj)+1
T SN vote(Pj)+N

@

Where Kuipj is the knowledge gained by each user i in the
question or post j, and Votes(U;, P) is the votes of the
user i in question j. In addition, ¥¥_; Vote(P;,) is the total
number of votes earned in all (N) questions and answers.
For example, as table 2 indicates a question that asked by a
user received 5 positive votes. Moreover, there are also 4
answers with different scores., The knowledge share of
each user who contributed to this QA process is calculated
using equation 1 (see Table. 2).

KUin

Table 2. An example of user knowledge calculation

Type of Number Best Users’ share of
Post of Votes Answers knowledge
Question 5 - 0.24
Answer 4 Yes 0.2
Answer 1 No 0.08
Answer 0 No 0.04
Answer 10 No 0.44

At the end of this phase, a user-post table is created, in
which the knowledge share of each person is specified
from each post. The information of this table is used as a
pheromone in the ant colony algorithm.

Phase I11: Calculation of the Attractiveness

In the PageRank algorithm, nodes are web pages that are
connected by page links [35]. In this study, nodes are
memers of the online community instead of web pages,
and and links are based on the responses sent between
them. Then according to the questions and links among
people
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, the Chief Executive Network (CEN) is drawn [36]. At
CEN, each user is linked to those who answered his/her
questions, and each link is given a certain weight
depending on the number of answers and the field of
expertise. User who answers another user’s question is
thus deemed to have more information on that subject.
Therefore, a link is drawn from the question to the
respondent, by the questioner validates the respondent. To
determine the relevance of a question to a subject, the
distance between all the labels of that question to the
intended field is calculated using the OSS distance
function. The OSS function takes two concepts as inputs,
and returns a numeric range of zero to one using the
WordNet ontology. The closer the output number is to
one, two concepts are more similar to each other [15].
Then, the average distance of the labels is considered as
the relevance of the question to the subject and the weight
of each edge is calculated using equation 2:

N .
Nap Lz (Distance(T.C))

Wap = Zp:l Np ) 2

Where N,gis the number of answers of user B to user A,
N, is the number of the labels of question P, C denotes the
domain of the desired expertise, T is its label, and distance
is the OSS distance function that is used to calculate the
distance between field C and label T.

The graph proximity table is used to construct a possible
transfer table. If there is a non-zero row in the graph
proximity matrix, all the entries of that row are placed in
the probabilistic transfer matrix as 1/N, where N is the
number of members in the online community. Then, for
the other rows, the value of each cell is calculated by using
equation 3:

Wi

Where, Wj; is the weight of the link from person i to
person j. using Equation 3, the weighted average of each
relationship is calculated with respect to other
relationships of that person. After making changes to the
proximity table, all table cells are multiplied by 1-a, where
the value of a is the probability of a mutation. In the
mutation, the searcher can jump to any node in the graph.
The destination of the mutation is also randomly selected.
If the number of nodes in the graph is N, the mutation may
move the searcher to any node (even to the current node)
in the graph with probability of 1/N.

Phase IV: Implementing the Ant Colony Algorithm

At this phase, inspired by the pheromone part of the ant
colony algorithm, users are treated as a route, questions
are considered as ants, the level of attraction between
people in the specialized network is treated as the
information, and knowledge share of users in each
question is considered as pheromone. First, a weighted

graph G = (N, A) is considered, in which N is a set of
nodes or members of an online community with n = |N|
members, and A is the set of edges. The dij is assigned to
each (i, j) € A edge, which indicates the level of attraction
between members i and j. Ants can be considered as a
possible construction procedure that produces an answer
by moving on the graph G = (N, A). The ants do not move
arbitrarily on the graphs, but rather use a construction
policy that is subsidiary of the Q constraints. The effect of
pheromone T; is considered for node i, which has a long-
term memory of the search process and is updated by ants.
A heuristic value n is also considered, which includes pre-
problem information or information obtained at the time of
problem solving from a source other than ants. Due to this
feature, the algorithm, in addition to having an order based
on ants’ observation, also uses other desirable information
that is outside of their observations to make decisions in
finding more appropriate paths. The pseudocode of the
metaheuristic behavior of the algorithm is given below:

Start the EAR metaheuristic process

Adjust the activity of the ants

Place each ant on a graph point

Place the initial value of the pheromone and calculate the
heuristic values

Calculate the probability of an ant moving to the neighbouring
points

Keep moving the ants to complete a tour for each ant

End setting activities

Update the pheromone

Pheromone placement based on the quality of the answer quality
function

Pheromone Evaporation

End of pheromone update

End of the EAR’s metaheuristic process

First, the variables and parameters of the algorithm, the
number of program execution (termination condition), the
initial pheromone value, o and S values, and the
evaporation coefficient of the input are set. Then the
probability of transition to neighboring nodes is calculated
and the ants are randomly placed on the nodes by marking
all the nodes as unappointed nodes. Then, each ant must
be assigned to a primary city. To do this, we assign each
ant to a random primary node. Finally, each ant makes a
complete tour. At each step of answer making, the ants
select the next node to navigate based on based on the
constraint and the probability of transition. The only
constraint on this issue is that all nodes should be met at
most once. This constraint forces the ants to choose the
next node through the unselected nodes during the answer
construction process (that is, the possible neighborhood N¥;
of the ant k in node i and includes all nodes that have not
yet met). When the ants are placed in randomly selected
nodes, at each step of answer construction, an answer, the
ant K uses a probabilistic selection law, called the relative
random law, to select the next node. The probability of
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selecting node j by ant k which is located on the node i is
calculated by using equation 4:

B
k [T:1%[n] o k
== . if je N| 4
Y ZieNf[Ti]a[nij]ﬁ ' @

Where n is a heuristic value that is the inverse of users’
desire (n=1/d;; ( which was calculated in the third phase. T;
is the amount of pheromone on the node j at any moment.
Besides, a and S are two parameters that determine the
effect of the dependent pheromone route and the heuristic
information. N is the possible neighborhood for the ant k,
(the probability of selecting a node out of N} is zero).

After calculating the transition probability of all
neighboring nodes, the rotary method is used to select the
next node to navigate. The rotary method generates a
random number between zero and one to select each node,
and the mentioned number corresponding node of each
interval that the given number is located in will be
selected.

When all the ants have made their tours, the pheromone
routes are updated. In this way, first, the amount of
pheromone is reduced from all nodes by a fixed factor
(evaporation), and then the amount of pheromone that is
calculated in the second phase is added on the nodes
through which the ants passed in their tours. Pheromone
evaporation is calculated by using equation 5:

T; « (1 —-p)T; (5)

Where the evaporation rate of pheromone is 0 > p <=1,
parameter p is used to prevent indefinite accumulation of
pheromone pathways and enables the algorithm to forget
the wrong decisions that have already made. If a node is
not selected by ants, the amount of pheromone assigned to
it decreases exponentially in repetitions. After evaporation,
all the ants leave the pheromones on the nodes they have
passed through their net. This means that the level of
expertise decreases over time. The amount of pheromone
that the ant k leaves on the nodes is calculated by using
equation 6:

K:
AT, = C—,l(if node (i)belongs to TX (6)
0 Otherwisw

Where, C*, the fitness of the tour T* that is made by the ant
k, is calculated as the sum of the edge sizes belonging to
T¥, and K; is the share of user knowledge. The pheromone
update is calculated by using equation 7:

T;(t +1) = (1 —p).T;(t) + AT; (t) (7)

The condition for terminating the algorithm is the number
of iterations that are taken from the input. The appropriate
answer can be reached by repeating the algorithm several
times and keeping the best answers. That is, at the end of

the last iteration, a user-pheromone table is generated,
which is sorted by pheromone columns to determine
expert users and their level of expertise.

4- The Proposed Algorithm Evaluation

The proposed EAR method, along with other methods

such as Indegree, Z-degree, Z-number, AnswerNum,
ExpertiseRank and SNPageRank was run through
MetaFilter’s online community database.
The Indegree method is used to count the number of users
that have helped others; Z-degree is the Z-score of the
number of people whom the user has asked or answered;
Z-number is the Z-score of the number of questions and
answers that a user submitted; AnswerNum is the simplest
way to identify experts by counting the number of their
answers to the questions; ExpertiseRank provides the
ranking of users in terms of decreasing the level of
expertise in online communities. It counts the number of
people who have helped the user as well as the number of
users who have answered to each of these people [37];
SNPageRank is based on PageRank algorithm and is used
for the accurate and comprehensive evaluation of the
experts’ knowledge in a social network [2].
The results are then compared under three different tests in
three domains: travel, music, and internet. Fifty questions
are selected for each field, ensuring that each question had
an answer. The best answer for each question is specified
by the person who originally asked the question. The
selection of set of questions is done three times for each
field, with the next steps being performed each time.

e First, questions with fewer than five answers are
selected. This is done in such a way that expert-oriented
approaches have a better chance of being selected by the
appropriate respondent. In the next step, questions with 5
to 10 answers are selected. In the last step, questions
with 10 or more answers are selected.

e The set of selected questions are then deleted from the
database.

o All algorithms are run on a data set in order to rank the
users.

e The best responder is selected for each question in the
test based on the ranking of the algorithms. Finally, it is
confirmed whether or not the selected participant gives
the best answer.

The accuracy of each algorithm is calculated according to

equation 8:

Ny
N, + N, (8)

Where N; is the number questions in which the best

respondent is correctly selected, N, is the number of

questions in which the best respondent is not selected
correctly. According to the results, the proposed method

Accuracy =
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has better results than other methods in finding the best
respondent for each question. Figure 3 indicates the
average accuracy of the proposed expert finding in three
different test areas. As figure 1 demonstrates, the proposed
algorithm with the average accuracy of 93.33% has better
results in finding the best respondent than other algorithms
in all three domains. Subsequently, two SNPageRank and
ExpertRank algorithms yielded better results than other
methods. Of course, the ExpertRank algorithm is able to
detect the best music answer better than the SNPagerank
algorithm. It is also able to identify the best responder for
35 of the 50 survey questions.
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Figure 1. The results of the test for questions with 5 answers

Figure 2 indicates the accuracy of algorithms to find the
best answer for questions with 5 to 10 answers. According
to the figure, as in the previous test, the proposed
algorithm is able to find the best respondent better than
other algorithms in all three domains with the average
accuracy of 74%. Of course, the results of the
SNPageRank algorithm are close to the proposed
algorithm. In addition, the results of Z-number method are
better than those of ExpertiseRank algorithm and place in
the third rank among the methods.
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Figure 2. The results of test for questions with 5 to 10 answers

Figure 3 indicates the accuracy of the algorithms to find
the best answer for the questions with more thanl0

answers. As with previous tests, the proposed method with
the average accuracy of 50% has obtained better results
than other methods.
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Figure 3. The results of the test for questions with more than 10 answers

Based on the results, the expert-oriented methods have
better results in the first test, and the results of the second
test are better than the third test. This is due to h increased
number of respondents in this test compared to the first
and third test. This reduces the probability of finding the
best respondent in the expert-oriented approaches.

In the next step, the Spearman correlation method is used
to compare the performance of proposed method with
basic methods. To calculate the Spearman correlation
value, n which is the raw score that people may have
obtained in each subject, are presented by two symbols of
Xi X+ Xo1 .+ Xpyand Yi (Y14 Y,. 4 Yy The value of d
which is the difference between the ranks of each
observation is then calculated as (d; - x; _ Y. In the absence
of equal rankings, equation 9 is used [38]:

B 6y id? 9)
nn? - 1)

Where X; and Y; are two points that user i received in two
different rankings, and x; and y; are the rankings that
person i received as a result of getting X; and Y; points
respectively. As such, d; is the difference in the ranks a
user received in two subjects, and n is the total number of
people.

In this evaluation, first all users who not answered any
questions or their in-degree is equal to zero, are removed
from the dataset. Then the first 1,000 users with a highest
number of best answers are separated from the remaining
users. The reason for this separation is that after observing
the points earned by others, users with a rank of 1,000
onwards have similarly low scores. Thus, it can be said
that the competition in expertise is among the first 1,000
users. Of these 1,000 users, 50 are randomly selected and
Spearman correlation is calculated on them based on the
total number of their best answers and output scores. The
results indicate a correlation of 75.34%, which is a better
result than other methods (Figure 4).

p=1
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Figure 4. The accuracy of the proposed EAR method compared with
basic methods of experts finding

One of the problems of the proposed method is its high
computational complexity and its high temporal
complexity compared to the basic methods. The reason for
this complexity is that the proposed algorithm is context-
based, meaning that all the basic expert finding algorithms
are not query-based, and only rank experts. However, this
advantage of the proposed method added the
computational load of calculating the similarity between
words to the algorithm.

5- Discussion and Conclusion

Today, people from all over the world can freely share
their questions or opinions in online communities and
social networks. Given that the number of answers to most
questions is high and it is not possible to determine the
accuracy of the received answers, online community users
cannot trust on the answers of other users. Moreover, in
some online communities such as MetaFilter, the expertise
level of members is unclear. This requires the proper
participation of all users, as well as the provision of
accurate comments. In this study, the role and importance
of online communities in knowledge sharing was
discussed, and for the first time in this field, a model for
finding experts and determining their domain expertise
level by the aid of statistical calculations and the ant
colony algorithm in the MetaFilter online community was
presented. This algorithm uses the pheromone part of the
ant colony algorithm to determine the level of people
expertise in the intended field based on the similarity of
users’ questions with the studied field and the share of the
users’ knowledge of their interactions in the online
community. The MetaFilter online community data was
used to evaluate the proposed method.

The results of the proposed EAR method were compared
with other methods like Indegree, Z-degree, Z-number,
AnswerNum, ExpertiseRank, and SNPageRank in three
different domains of internet, travel and music. Based on
the results, the accuracy of the proposed method in finding
the best respondent for each question was much better than
other methods proposed by [2, 15-19]. In addition, the

results of Spearman correlation indicated the correlation of
75.34% which was a better result than other methods.
Therefore, the proposed method can be used in
recommender systems, in such a way that people can
submit their questions to the online community. Then,
instead of exposing the question to everyone, it is
suggested only to those who can provide appropriate
answers.

The novelty of this research is the introduction of a new
context-based expert finding method for and determining
their level of expertise in each domain using the Ant
colony algorithm in the MetaFilter online community.
Since the WordNet dictionary has ontology, it was used to
select the distance between concepts and to identify the
background of members’ knowledge. Moreover, the
pheromone part of the ant colony algorithm was used to
determine the level of users’ expertise in each domain.
None of the methods used for expert finding can determine
the level of individuals’ knowledge in different fields. To
achieve this goal, users’ opinions should first be
categorized and then the previous methods should be
applied to different categories. Therefore, in order to
change, improve and complete the identification model of
experts provided in this research, a recommender system
can be designed for online communities to answer any
questions asked by users who have enough knowledge to
answer them. Users can now see all the questions asked by
other. Because the number of questions is too high, the
large number of specialized questions that only a few users
can respond, may remain unanswered, or take the long
time to respond. Therefore, a recommender system could
be designed and developed for QA forums to employ EAR
algorithm for expert finding in order to show each question
intelligently to users who are more knowledgeable for
answering the question.

The biggest problem of a user in using online communities
is the time it takes to review the entire content of a
conversation, some of which reach more than hundreds of
massages. Therefore, it seems desirable to summarize
conversations in order to provide sufficient knowledge for
user without losing important information. So far, various
summarization methods have been proposed for multiple
documents, but none of them consider the main feature of
online communities, which is multiple writers. Therefore,
the most important issue in generating a desire summary
will be to identify experts and use their opinions in the
summary form. In fact, the proposed method should be
used for expert finding first, and then the summarization
algorithm should be designed, which uses the writings of
the experts in the process of summarizing.

Using concept map, a graph-like tool for knowledge
representation, in each scientific domain, the semantic
similarity between each term can be determined. These
maps represent a meaningful relationship between the
concepts of a subject, and can be used to determine the
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similarity of concepts. In fact, for specialized concepts
such as Java programming language terms that are not
found in the WordNet dictionary, a concept map created
by experts for this programming language can be used.
[28].

Moreover, some distance-definition functions, such as the
method presented in [39] uses the meanings of the words
in WordNet to determine the distance between concepts.
Such methods can be used in the proposed EAR method to
investigate their effects on the accuracy of the proposed
algorithm.

In the proposed EAR method, the keywords of the
questions are used to determine the relevance of the
questions to the field of knowledge. Questions in the
MetaFilter online community are tagged, but in many
online communities such as YA, this does not matter.
Therefore, keyword extraction methods can be used to tag
questions and answers in online communities.

To improve the accuracy and efficiency of the proposed
algorithm in finding experts, future studies might
determine the difficulty of question by using factors such
as time elapsed after asking a question and the number of
answers, and add it as a coefficient to the equation of
knowledge-level computing.

In addition, future studies can use other methods of
ensemble intelligence and compare their results with the
proposed algorithm. Besides, future studies can apply the
proposed model to other online communities and compare
the results.
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