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A B S T R A C T   

With the increasing development of information and scientific databases, scientific collaboration has expanded in 
health sciences. This study aims to prioritize the criteria that affect finding potential author matches in bioin-
formatics using fuzzy Multiple Criteria Decision Making (MCDM) methods such as Analytical Hierarchy Process 
(AHP), Fuzzy Delphi Method (FDM), and Triangular Fuzzy Numbers (TFN). To answer the research questions, a 
mix of documentary analysis and fuzzy methods is utilized. The documentary analysis stage involves collecting 
relevant documents and resources using the purposive sampling approach and ranking the effective criteria. The 
subsequent step involves experts determining the priorities of the effective criteria using pairwise comparisons 
and the Delphi questionnaire. The final weights are obtained based on the research purpose. The study shows 
that 79 criteria related to the research purpose can be grouped into three general categories: behavioral, topo-
logical, and content-based criteria. The most effective criteria in finding and recommending a potential author 
match are “journal titles”, “citations”, “paper titles”, “affiliations”, “keywords”, and “abstracts”. Among these 
criteria, citation and paper titles have a higher priority compared to others. The results indicate that content- 
based criteria have the most significant impact on finding potential author matches in static scholar networks 
and networks with text information. Furthermore, among the content-based criteria, the number of publications 
in common specialized journals and the number of common citations are the most sought-after criteria for 
finding a potential author match with the highest similarity.   

1. Introduction 

Identification of potential author matches in co-authorship networks 
is a principal issue faced by authors [1]. Regarding the increasing 
growth of different sciences, collaboration in producing scientific con-
tributions has been developed [2–8]. Due to the explosion of informa-
tion caused in part by the emergence of big scientific data, this trend has 
become much more time-consuming. Determining the best potential 
co-authorship leads to saving time, higher efficiency, and higher quality 
of research activity and knowledge development. Various criteria affect 
the identification of potential author matches. In the field of bioinfor-
matics, which is an interdisciplinary field as an interaction between 
computer science, mathematics, statistics, physics, biology, chemistry, 
biochemistry, engineering, and biophysics [9], the method for identifi-
cation of potential author matches to the corresponding co-authorship 
networks helps other authors to find their potential author matches 
more appropriately and successfully. Although various methods such as 
link prediction, text analysis, machine learning techniques, etc. have 

been used for this purpose [10–13], specific features have been used for 
these without considering the weight and priority of features. In this 
research, we identified and prioritized effective criteria in the field of 
bioinformatics using the PubMed database. We used the Analytic Hier-
archy Process (AHP) technique to calculate the weights and prioritize 
the effective criteria for finding co-authors in bioinformatics. The main 
purpose of the present research is to identify and prioritize effective 
criteria for finding a potential author match using the AHP technique in 
the bioinformatics area. To achieve this, we followed the following 
specific objectives: 1. To determine the effective criteria for finding 
co-authors based on the literature, 2. To determine effective criteria for 
finding the author’s match in bioinformatics from PubMed based on the 
results obtained from the previous step, step 3. To calculate the weights 
and prioritize the effective criteria for finding co-authors in bioinfor-
matics by using fuzzy methods and 4. To finalize the most important 
criteria for finding co-authors compare the achieved results of different 
methods. In summary, the identification of potential author matches in 
bioinformatics is crucial for improving the efficiency and quality of 
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research activities. By using the AHP technique, we can prioritize 
effective criteria for finding co-authors in bioinformatics. This research 
provides insights into the effective criteria for identifying potential 
co-authors and helps authors to find their potential author matches more 
successfully. 

2. Scientific collaboration 

Scientific collaboration has been expanding in recent times, thanks 
to the advanced web-based communication systems and comprehensive 
scientific databases that have become available [14]. Collaboration is 
now common, particularly in the sciences, as it provides a means of 
sharing resources, skills, and data [15]. Scientific collaboration occurs 
when two or more researchers work together to achieve a common goal 
and create new knowledge. Scientific collaboration can be viewed as the 
interaction of scientists in a social context where they share tasks and 
responsibilities to facilitate the achievement of a common goal [16]. 
Scientific collaborations arise in larger social contexts beyond science 
and involve various elements, such as peer review, reward systems, 
hidden colleagues, scientific concepts, national and international pol-
icies, and norms of academic discipline [17]. Scientific collaboration can 
take various forms, including authoring or translating a book, presenting 
a paper in journals and domestic and international conferences, pro-
posing research, membership, and participation in scientific commu-
nities, and collaborating with scientific journals [18]. Collaboration may 
also involve scholars partnering in the supervision, consultation, and 
review of graduates [19]. Researchers and writers can have scientific 
partnerships at different levels, including organizational and 
inter-organizational (national and international) levels. 

3. Co-authorship 

Effective research on various topics often requires a suitable co- 
author. Data science has played a significant role in facilitating scien-
tific collaboration [20]. Co-authorship involves two or more authors 
working together to produce scientific output. This process allows au-
thors to share resources and talents, resulting in collaborative scientific 
work. Today, co-authorship is widely accepted in most fields of science 
and engineering [21]. While only those directly involved in the scientific 
output are listed as co-authors, other contributors who have played a 
role in the formation of the work are recognized in the appreciation 
section. The number of contributors mentioned in this section is steadily 
increasing [22,23]. Many countries have policies aimed at promoting 
university-industry relationships and increasing international coopera-
tion to enhance scientific collaboration. This is supported by govern-
ments at various levels as the benefits of scientific collaboration 
outweigh the costs. However, the level of scientific collaboration varies 
across disciplines and regions. Collaborators who are responsible for key 
parts of the research process are called “scientific collaborators”, and 
their involvement is often critical to the success of the research. Scien-
tific collaboration is necessary due to the increasing complexity and 
specialization of scientific fields, as well as the growing need for inter-
disciplinary and multidisciplinary studies. Trust is an essential factor in 
scientific collaboration, although it requires further research. Other 
factors that influence scientific collaboration include geographical 
location, social and cultural factors, individual characteristics, language, 
economic and political factors, and sometimes religious factors. 

4. Potential author matches 

Researchers and authors often seek out suitable colleagues whose 
expertise complements their own in order to enhance the quality of their 
scientific work [24]. Collaborating with like-minded individuals who 
possess complementary skills and interests can lead to “synergistic 
creativity” [15]. Co-authors may also act as “critical friends” who 
challenge assumptions and point out shortcomings, resulting in 

improved article quality. Collaboration between authors can also 
accelerate manuscript production for publication, especially in the case 
of books, where sharing content allows for completion in a shorter time 
frame. However, joint writing is not solely for the purpose of publica-
tion; it can also be an enjoyable and enriching scientific collaboration. 
More experienced writers may view it as an opportunity to mentor less 
experienced colleagues. Some researchers choose to collaborate with 
colleagues within their organization, while others prefer to work with 
those outside for various reasons. Organizational limitations, such as 
restricted access to laboratories and facilities, are often the most 
important reason for seeking external collaboration [25]. Overall, the 
benefits of collaborating with other researchers and authors, and having 
potential co-authors, include improving article quality, accessing valu-
able expertise and ideas, dividing labor, providing additional releases 
for promotion/tenure, receiving guidance from senior colleagues, 
learning from fellow authors, exploring interdisciplinary studies, and 
interacting with other researchers [26,27]. These reasons are driven by 
the complexity of human knowledge fields and the need to access a wide 
range of expertise, resources, facilities, and skills. 

5. Co-authorship in bioinformatics 

Bioinformatics is an interdisciplinary field that involves the use of 
advanced computational techniques for biological data analysis. It 
combines computer science, statistics, and engineering to interpret and 
analyze biological data using mathematical and statistical techniques 
[28,29]. As this field continues to grow, collaboration and scientific 
partnership are essential to progress in interdisciplinary and multidis-
ciplinary topics. Since companies and organizations that work in bio-
informatics have different resources and facilities, researchers and 
authors require collaboration and scientific partnerships with other 
companies and organizations to keep up with the latest technologies. In 
recent years, Social Network Analysis (SNA) has been applied to 
co-authorship in bioinformatics, given the potential of this field in the 
collaboration of authors. As shown by content analysis, there is an 
increasing overlap between bioinformatics journals in terms of topics, 
and more research groups are participating in bioinformatics research 
due to the similarity of the co-authorship network [30]. To provide more 
insight into the research published in bioinformatics, we conducted a 
bibliometric analysis of the publication on the Web of Science Core 
Collection. We retrieved 84,811 results from the publication year 
1998–2022 (17th March 2023). Fig. 1 shows that the rate of increase in 
bioinformatics publications has increased in recent years. Fig. 2 displays 
the top 25 authors in the field of bioinformatics, highlighting the sig-
nificant number of publications attributed to each author and empha-
sizing the collaborative nature of research in this field. Recent years 
have seen a considerable increase in collaborative efforts. To further 
investigate the extent of author contributions, we utilized VOSviewer 
software on the WoS database to analyze co-authorship patterns in 2023 
for 1267 documents with 8391 authors (Fig. 3). The co-authorship 
analysis was based on the authors as the unit of analysis, with a 
maximum of 25 authors per document and a minimum of 5 documents 
per author. To select authors, we calculated the total strength of 
co-authorship links for each authors. The 78 authors with the highest 
link strength were chosen, and a network of 1267 connected items was 
formed. Some items in the network remained unconnected. Given the 
collaborative nature of bioinformatics research, facilitating the identi-
fication of potential co-authors may benefit researchers in this field. 

6. Literature review 

Several articles on co-authorship, scientific networking, scientific 
collaboration, content-based suggestion systems, and group refinement 
have been published, and this study examines some of them. Mooney 
and Roy [31] studied the LIBRA system for “book suggestion” using a 
content-based approach to learn how to classify text. Their findings 

F. Ebrahimi et al.                                                                                                                                                                                                                               



Informatics in Medicine Unlocked 38 (2023) 101224

3

indicate that this method can provide accurate book suggestions. The 
article uses various elements, such as the title, components, authors, 
abstracts, published reviews, customer reviews, related authors, related 
titles, and thematic terms to suggest books. The data used for this study 
was collected from the Amazon website, and the implementation of the 
LIBRA intelligent system is based on Bayesian algorithms. The evalua-
tion of this system is based on components such as F-Measure, classifi-
cation accuracy, recall, precision, and rank correlation. In another study 
on Scientific Literature Recommender Systems (SLRSs), Cabanac [32] 
presented articles to researchers based on their scientific interests. He 
relied on the criteria of similarity between researchers, which are typi-
cally calculated based on the content of publications (extracting topics 
and citations of articles). Cabanac defined the thematic similarity be-
tween the two scholars concerning their publication, regardless of the 
abstract and full text. Achary [33] designed a recommender system for 
authors using content-based refining methods. He used a combination of 

content-based and group-based methods on the datasets from CiteSeerˣ 
and BibSonomy, respectively. His results showed that by using social 
tagging and textual information, the quality of the recommendations 
improved. Sun et al. [34] predicted the co-authorship relationship in a 
bibliographic network using heterogeneous topological features for 
predicting co-authorship relationships. Their results showed that het-
erogeneous topological properties can improve the accuracy of link 
prediction and that topological feature plays a key role in deciding on 
future cooperation. Brandão & Moro [35] examined link prediction on 
an academic social network to recommend collaborations. They 
considered the affiliation with the institution (given by the metric called 
Affin) with the criteria of cooperation, solidarity, and social closeness. 
Ghare-Chamani [36] presented a consulting system that identifies the 
most important and authoritative scientific sources in a field. The pro-
posed method has been done with the help of the scientific network of 
articles. Andrikopoulos et al. [37] analyzed articles in the journal 

Fig. 1. Number of publications for bioinformatics (topic) in WoS per year.  

Fig. 2. Number of publications for bioinformatics (topic) in WoS by each author.  
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Econometrics and identified the most prolific authors, institutions, and 
countries in the Journal of Econometrics. The findings show that the 
co-authorship network is increasingly integrated, and the pattern of 
collaborative writing has been growing. Makarov et al. [38] proposed a 
system for finding collaborations according to research interests. They 
developed the recommendation system as a link prediction in the 
co-authorship network, derived from bibliographic databases and 
enriched with information on research papers obtained from Scopus and 
other journal ranking systems. Ho et al. [39] in their paper present an 
approach to predict the co-authorship of a bibliographic network using 
geographical factors and latent subject information. They used a su-
pervised method to predict co-author relationship formation in which 
the combination of atypical features with different measurement co-
efficients. In the first stage, in addition to examining the relationships in 
previous research, a new relationship related to the geographical factor 
that plays a role as a topological feature has been exploited. Of course, 
the content feature is extracted based on the textual information of the 
keyword, titles, abstracts, or all articles. Finally, topological features and 
content features are integrated for predicting the common relationship. 
In this paper, thematically modeling is used simultaneously to estimate 
the similarity of textual information instead of the two existing methods, 
which are the number of common keywords and TF-IDF, and accuracy 
and ROC-AUC are used to evaluate the performance. Li et al. [40] in an 
article on personalized reclassification of the article proposal using 
content and behavioral characteristics. They believe that recommen-
dation systems play an important complement to search engines. Pro-
posal scenarios are divided into three categories based on timing. The 
first category is before the start of a search, the second category is during 
the search, and the third category is after the search. This research fo-
cuses on the third party. This article presents a combined content and 
behavior model for ranking selected articles in Science Direct. In this 
study, a pairwise learning model was used for reranking to propose a 
candidate article, which leads to improved results. Moreover, Hybrid 
Research Methods (HRMs) of content and user behavior and SVD 

algorithms and descending gradients have been used. The results show 
that LibFM and SVDFeature performed worse than HRM. There are some 
studies about the related networks such as Ji et al [41] and Ullah et al 
[42]. They have studied the co-citation and co-authorship networks of 
statisticians and analyzed interdisciplinary research using co-authorship 
networks. This research aimed to identify and prioritize the criteria 
affecting finding potential author matches in bioinformatics using fuzzy 
MCDM methods such as AHP, FDM, and TFN. This research aimed to 
identify and prioritize the criteria affecting finding potential author 
matches in bioinformatics using fuzzy Multiple Criteria Decision Making 
(MCDM) methods such as AHP, FDM, and TFN. 

7. Materials and methods 

This research uses a mixed quantitative and qualitative approach. In 
this research, the effective criteria of potential author matches are first 
extracted, and the most important ones in the PubMed database are then 
prioritized and weighted. Fig. 4 presents the conceptual model and 
research steps. The first step involves identifying the effective criteria for 
finding potential author matches based on a literature review. PubMed, 
a key scientific database in bioinformatics, was reviewed to identify 
relevant search tools for the 79 criteria obtained. Six search tools cor-
responding to the criteria were identified, including the journal’s title, 
citations, article’s title, affiliations, keywords, and abstracts, which were 
confirmed as the main criteria for finding potential author matches. A 
preferential judgment questionnaire was designed based on these six 
criteria using the qualitative approach of a focus group, which involved 
gathering views from participants who were not necessarily trained 
experts. The finalized questionnaire was then subject to a quantitative 
approach using Saaty’s nine-point scale and a pairwise comparison 
matrix of expert opinions derived based on group AHP one of the MCDM 
techniques. The questionnaire was sent to nine authors in bioinformat-
ics, biology, informatics, and scientometrics to assess the importance 
and priority of the criteria, with an inconsistency ratio calculated. Only 

Fig. 3. Co-authorship analysis in bioinformatics (topic) based on the WoS database.  
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one questionnaire had an inconsistency ratio of less than 0.1, and the 
associated ratios for other questionnaires were higher. As a result, the 
focus group was consulted again, some criteria were revisited, and ex-
perts were given clarifications about the questions orally or via phone 
call. The weight obtained for the criteria was 0.8 with an incompatibility 
ratio. The relevant matrix was then drawn by the expert Choice software 
and analyzed. Focus groups typically consist of 6–12 participants to 
ensure diverse information is obtained without making participants feel 
inconvenienced sharing their ideas, beliefs, and experiences [43]. In this 
step, the final questionnaire is designed using the quantitative approach 
and Saaty’s nine-point scale [44], such as 1 for equal preference to 9 for 
infinite preference, and the pairwise comparison matrix of expert 
opinions is derived based on group AHP. After the effective criteria in 
the field of bioinformatics in the PubMed database were selected, a 
questionnaire for assessing preference judgment was designed based on 
the 6 main criteria, and it was sent to nine authors in the areas of bio-
informatics, biology, informatics, and scientometrics to determine the 
importance and prioritize the criteria (Table 1). The inconsistency ratio 
was also calculated. Only one of the questionnaires had an inconsistency 
ratio of less than 0.1, and the associated ratio for other questionnaires 
was at a higher level. Accordingly, the focus group was consulted again, 
and some criteria were revisited. Moreover, the experts were given some 
clarifications about the questions orally or via phone call. The criteria 
weights were obtained with an inconsistency ratio of 0.8, and the 
matrices were formed and analyzed by the Expert Choice software. It 
should be noted that focus groups often consist of 6-12 participants. The 
logic behind this rule is that the number of members should be adequate 
to provide diverse information, and on the other hand, it should not be 
so extremely large that the members feel inconvenienced to share and 
express their ideas, beliefs, and experiences [45]. To collect information, 
we employed the Fuzzy Delphi Method (FDM), a modified and enhanced 
version of the classical Delphi technique that overcomes some of its 
limitations, such as low convergence, loss of essential information, and 
lengthy investigation [46]. Next, we used FDM to validate the results 
obtained from the AHP. Specifically, we formed triangular fuzzy 
numbers (TFN) in the FDM [47] to reprioritize the criteria affecting the 
identification of potential author matches. We provided an FDM-based 
questionnaire to the same experts, which was prepared based on the 
six finalized criteria. The experts rated the importance of each criterion 

on a five-point Likert scale, and we determined the frequency of their 
responses. Using Equations (1) and (2), we calculated the TFN of each 
criterion to determine its priority. 

Ei =
(

e(i)1 , e(i)2 , e(i)3

)
, i= 1, 2, 3,…….n Eq. (1)  

Eave =(m1,m2,m3)=

(
1
n
∑n

i=1
e(i)1 ,

1
n
∑n

i=1
e(i)2 ,

1
n
∑n

i=1
e(i)3

)

Eq. (2) 

This equation uses Ei to represent the expert opinion on the six 
effective criteria for a given expert, with E1 representing the first expert, 
E2 representing the second expert, and so on up to the nth expert. Here, 
n is a non-negative integer. The variable Eave represents the average of 
all experts’ opinions in the present study. These variables are defined 
and presented as TFN in Fig. 5. Table 2 shows how the linguistic vari-
ables are converted into TFN and Crisp Numbers/values (CN). This study 
employed linguistic variables with five scales to survey experts, and the 
membership functions for these variables are illustrated in Fig. 6. The 
figure presents the priority of each criterion in the AHP and FDM 
methods. The linguistic variables were used to gauge the impact of each 
factor or criterion in finding potential author matches based on expert 
judgment. After estimating the TFN for each of the six effective criteria, 
the Minkowski formula (Eq. 3) was used to determine the definite fuzzy 
numbers for each criterion in finding potential author matches [21,22]. 

Fig. 4. Conceptual model of research.  

Table 1 
Pairwise Comparisons members.  

Field and Organization Frequency 

Scientometrics specialist, University of Tehran 1 
Scientometrics specialist, Kermanshah University 1 
Scientometrics specialist, Yazd university 2 
Scientometrics specialist, Maritime Provinces Higher Education 

Commission, NB, Canada 
1 

Informatics specialist, University of Masaryk, Czech Republic 1 
Scientometrics & Bioinformatics specialist, Corvinus University of 

Budapest, Hungary 
1 

Bioinformatics Specialist, The School of Biological Sciences at the 
Institute for Research in Fundamental Sciences, Tehran 

2  
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x=m1 +
(m2 − m3)

4
Eq. (3)  

8. Findings 

The research findings are presented in the following three sections: 
Effective criteria for finding potential author matches, Identifying the 
effective criteria for finding potential author matches in the 

bioinformatics area, and Weighting and prioritizing the effective criteria 
for finding potential author matches in the bioinformatics area using 
AHP and FDM. Finally, the results obtained from AHP and FDM were 
compared. 

8.1. Effective criteria for finding a potential author matches 

Based on a review of the literature and an analysis of existing do-
mestic and international studies, a total of 79 sub-criteria were identi-
fied in response to the first research question. These sub-criteria were 
then categorized into three classes: behavioral criteria (15 sub-criteria), 
topological criteria (56 sub-criteria), and content-based criteria (8 sub- 
criteria), as shown in Table 3. 

8.2. Identifying the effective criteria for finding potential author matches 
in the bioinformatics area 

To identify the effective criteria for static social networks of PubMed, 

Fig. 5. Definition of linguistic variables based on a five-point Likert scale.  

Table 2 
TFN & CN of linguistic variables.  

Linguistic Variable TFN Crisp Values 

Extremely More Importance (EMI) 0.75 0.75 
Very Strong Importance (VSI) 0.75, 0.5 0.55 
Strong Importance (SI) 0.25, 0.5 0.31 
Moderate Importance (MI) 0.25, 0 0.151 
Equal Importance (EI) 0.25, 0 0.151  

Fig. 6. The priority of each criterion in AHP and FDM methods.  
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a focus group was organized consisting of experts in biology, bioinfor-
matics, and scientometrics. After conducting interviews and discussions, 
79 potential criteria were identified. From these, six criteria, including 
common journals, paper titles, affiliations, paper keywords, abstract 
similarity, and citations, were selected as the most effective criteria. 
These six criteria were members of the content-based class, and a pref-
erence judgment questionnaire was created to gather expert opinions on 
their importance. 

8.3. Weighting and prioritizing the effective criteria in finding potential 
author matches in the bioinformatics area by AHP 

In order to determine the relative importance and prioritization of 
the criteria, a matrix was formed using the Expert Choice software which 
included six sub-criteria: “subject terms in paper titles,” “subject terms 
in abstracts,” “subject terms in keywords,” “affiliation similarity,” “fre-
quency of paper publications in common specialized journals,” and 
“similar citations” (Table 4). The weights were then calculated using the 
group AHP method. The weights obtained are presented in Table 5. 

8.4. Weighting and prioritizing the effective criteria in finding potential 
author matches in the bioinformatics area of FDM 

In this stage, we administered the Delphi questionnaire to 40 pur-
posefully selected experts in the field of bioinformatics, based on the 6 
criteria obtained in the previous stage. The experts’ responses were then 
analyzed to determine the frequency of their opinions on each criterion, 
using a Likert scale. The results of this analysis are presented in Table 5. 
Subsequently, we calculated the Triangular Fuzzy Mean (TFM) and the 
defuzzification mean (DM) for each criterion using Minkowski’s for-
mula, and the results are also presented in this Table. 

8.5. Comparative analysis between AHP and FDM methods 

Both the AHP and FDM use fuzzy set theory [48] in the 
decision-making process to select a potential author match. However, 
due to the low accuracy in judging qualitative variables in AHP, FDM in 
TFN format was used to better evaluate the criteria using linguistic 
variables. Based on the results, both AHP and FDM methods are suitable 
for finding a potential author match. Each method has its own 

Table 3 
Criteria & sub-criteria in finding a potential author match.  

No. Criteria Sub-criteria 

1 Behavior-Based 
Criteria 

Users click behaviors (such as clicking on the ranking 
results, previous clicks, etc.) 
Pages browse (such as reviewing articles in a 
particular journal, browsing freshly published 
articles, log history, etc.) 
Dialogue 
Bookmarks 
Personal web pages 
How to inform on the web 
Tweets 
Frequency of likes 
Instant availability 
Save 
Visibility rate 
Download rate 
Timestamps 
Stop time on the page 
User interest and scope of work 

2 Content-Based 
Criteria 

Overlap of terms in the title of the publication 
Similarities between the title of the article and the title 
of citations/references 
Keyword’s similarity 
Keywords assigned by the author 
The similarity of subject similarity of tags 
Abstract similarity 
Body similarity 

3 Topological 
Criteria 

Frequency of citations 
Frequency of references 
Bibliographic coupling 
Frequency of citations of the first author 
Frequency of citations of the last author 
Co-citation 
Co-citation analysis of authors (examining the 
relationship between Cited authors and citer authors) 
Journal citation analysis 
Author reputation-based h-index 
Author reputation based on the Nobel prize 
Author reputation-based g-index 
Author reputation-based hg- index 
Author reputation-based m quotient 
Author reputation-based a-index 
Author reputation-based m- index 
Author reputation-based r- index 
Author reputation based ar-index 
Author reputation based on h2 
Co-author 
Physical proximity between the first and last author 
Frequency of joint co-authors 
Frequency of articles by the first author 
Frequency of articles for the last author 
Research friends 
Author impact factor 
Collaborative proximity 
Published works 
Co-authored works frequency 
Institution’s frequency 
The quality of the organization of the first author 
Affiliations 
Type of title (question, descriptive, and 
announcement) 
Title length 
Similarity of place 
Geographical proximity 
Scientific cooperation with other countries 
Collaboration in an institution (being a faculty 
member) 
Collaboration of the first and last author in an 
institution 
Increase the average frequency of citations with the 
frequency of Affiliated countries 
Difference between dates 
Date of publication 
Publication venues  

Table 3 (continued ) 

No. Criteria Sub-criteria 

Common publication 
Commonly visited venues 
Source type 
Source language 
Type of article (review, …) 
Type of access to the article (open access, etc.) 
Abstract format (structured, unstructured) 
No reference to gray sources 
Lack of self-citation 
Quality of the journal (criterion of the journal’s title) 
The historical similarity of publication 
Development of countries 
Journals impact factor 
Article length  

Table 4 
Matrix of expert opinions about potential authors matches criteria.  

Affiliation Citation Title Abstract Journal Keyword  

6.0 3.0 3.0 6.0 3.0   
6.0 8.0 1.0 8.0    

3.0 6.0 1.0     
8.0 3.0      

8.0 
Incon: 0.08       
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advantages and disadvantages, and the most appropriate method should 
be selected based on the problem at hand. The AHP method involves a 
more complex number of comparative calculations than the FDM 
method. In AHP, criteria comparison is done in pairs on a 9-point scale, 
while in FDM, criteria comparison is not done in pairs and on a 5-point 
scale. Furthermore, FDM has no limitation on the number of criteria that 
can be chosen, whereas AHP does have this limitation. The results ob-
tained from this round of methods are shown in Table 5, and Fig. 6 
shows the priority of each criterion in AHP and FDM methods. The 
prioritization of the criteria in Table 5 shows that the citation criteria in 
both methods have the 1st priority in finding a potential author match. 
The title of the article is the second priority in both methods. The title of 
the journal and the abstract of the article have completely different re-
sults, and the results obtained from the two methods are opposite. 
Affiliation and keywords have the same priority in finding a potential 
author match. 

9. Discussion & conclusion 

The objective of this study was to prioritize the effective criteria for 
identifying potential author matches. Content-based criteria were found 
to be the most important among the three criteria, namely, content- 
based, behavioral, and topological criteria, in the field of bioinformat-
ics and PubMed static networks. The content-based criteria included six 
aspects, such as “subject terms in paper titles,” “subject terms in ab-
stracts,” “subject terms in keywords,” “affiliation similarity,” “frequency 
of paper publications in common specialized journals,” and “similar 
citations.” It is important to note that only citations to resources in the 
PubMed Central database are available. The findings suggested that 
“frequency of paper publications in common specialized journals” and 
“similar citations” had the highest importance, while “subject terms in 
keywords” had the lowest importance. Cabanac [32] highlighted journal 
contents as the key factor for recommender systems of scientific texts 
and suggested reading journals and conference papers to continuously 
review relevant resources and scientific materials. This result may sug-
gest that authors select journals based on their specific expertise. For 
instance, an author specializing in genomics would publish their papers 
in journals related to this area. Citations demonstrate the impact of cited 
resources on citing ones. Franke et al. [49] proposed a recommender 
system based on the number of citations to scientific papers, which 
suggests the most frequently cited or favorite papers in the relevant 
research area. Beel et al. [50] proposed a recommender system sug-
gesting papers to specialists based on the number of citations and sim-
ilarity between the reference lists. The highest score was obtained by the 
criterion of “paper titles.” The title of a resource reminds readers of its 
identity and serves as the first image of the text. It includes the main idea 

of the author or authors. Although some works in the humanities may 
have metaphorical titles, there may be little conformity between the title 
and the body text. However, in the PubMed database that includes re-
sources related to biology and medical science, the title characteristics 
are highly effective. In their study, Davarpanah [51] found that the 
consistency between the title and the body text in human science areas is 
lower than that in medical sciences. In the present study, “paper titles” 
received the highest weight in experts’ views, compared with “affilia-
tions,” “keywords,” and “abstracts.” Nascimento et al. [52] found that 
the weight of a term in the title of a work is three times the weight of the 
same term in the context of the work. Similarly, Mooney & Roy [31] and 
Li et al. [40] designed a title-based recommender system to introduce an 
article or book to authors. Achary [33] also designed a content-based 
recommender system in which the author/authors’ affiliation system 
is considered one of the important criteria [57–59]. Makarov, Bulanov, 
and Zhukov [38] believe that affiliation is an important criterion for 
scientific cooperation based on the experience of HSE University spe-
cialists. Other researchers [39,53–55] have found that keywords in 
scientific articles are particularly important for evaluating the similarity 
of the subject of articles. Aanonson [56] emphasized the importance of 
keywords in his study and stated that retrieval of documents using the 
keyword is sometimes better than using the subject. Ghare-Chamani 
[36] has also recommended the use of keywords for retrieving articles 
and has worked on this criterion. Sun et al. [34] concluded that meta-
data have common features in various scientific databases in articles, 
and the abstract of a work contains the most important part of the 
content of a work. Cabanac [32] found that access to full-text of articles 
in scientific databases has many problems for researchers, and therefore, 
abstract similarity was ranked fifth according to experts’ views. Given 
the continuous growth in the volume of scientific research, finding the 
favorite subject and co-author is incredibly difficult. Information over-
load is a real phenomenon that causes delays and disruptions in most of 
our important decisions. Co-authorship in producing scientific contri-
butions is growing, and the number of specialists collaborating in sci-
entific publications is continuously increasing in all knowledge fields 
[4–10]. In this regard, one of the specialists’ concerns is to find the best 
potential author match because the identification of effective authors in 
co-authorship networks helps other specialists to choose their specific 
co-authorship strategy more successfully. To address this problem, 
recommender systems, which include software tools and techniques that 
propose the best option using various knowledge types, user-related 
data, current items, and previous transactions, can be designed using 
the criteria identified in this research among three criterion types, 
including content-based, behavioral, and topological criteria. 
Content-based criteria have the most application in the PubMed infor-
mation network, and among these criteria, journal titles, citations, paper 

Table 5 
Findings related to AHP and FDM techniques.  

Code Criteria Matrix of expert opinions and final weight 
calculation 

Frequency of expert opinions 
on the importance of each 
criterion based on the Likert 
scale 

TFM & DM of each 
criterion 

Comparison of the Criteria priority in AHP 
and FDM methods 

EMI VSI SI MI EI TFM m1, m2, 
m3 

DM Priority based on 
AHP 

Priority based on 
FDM 

C1 Citation 0.374 28 9 3 – – 0.91, 0.68, 
0.93 

0.99 1 1 

C2 Journal 
Title 

0.374 15 13 10 2 – 0.91, 0.71, 
0.11 

0.95 1 4 

C3 Paper Title 0.091 29 8 2 1 – 0.91, 0.65, 
0.99 

0.98 2 2 

C4 Affiliation 0.075 18 10 6 3 3 0.85, 0.61, 
0.95 

0.92 3 5 

C5 Keyword 0.055 11 13 8 7 1 0.89, 0.64, 
0.98 

0.97 4 3 

C6 Abstract 0.031 20 11 5 4 – 0.93, 0.68, 
0.11 

0.99 5 1  
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titles, author affiliations, keywords, and abstracts are recognized as the 
most important ones. Determining a potential author’s match is a 
complicated process that depends on various parameters, and deter-
mining the relative weight of each criterion, which is an MCDM process, 
is important during this process. The current study deals with the po-
tential author match for scientific collaboration in bioinformatics, and 
different potential authors’ match criteria were considered via three 
methods. The first step was the documentary method, and in the next 
two fuzzy methods, AHP and FDM. 
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