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Abstract. New scholarly venues (e.g., conferences and journals) are emerging 
as research fields expand. Ranking these new venues is imperative to assist re-
searchers, librarians, and research institutions. However, rankings based on tra-
ditional citation-based metrics have limitations and are no longer the only or the 
best choice to determine the impact of scholarly venues. Here, we propose a 
venue-ranking approach based on scholarly references from academic social 
media sites, and we compare a number of citation-based rankings with social-
based rankings. Our preliminary results show a statistically significant correla-
tion between the two approaches in a number of general rankings, research are-
as, and subdisciplines. Furthermore, we found that social-based rankings favor 
open-access venues over venues that require a subscription.  
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1 Introduction 

Rankings play a vital role in daily life. Students use rankings to select top universities, 
graduate students use rankings to select the best jobs, patients use rankings to select 
hospitals, and travelers use rankings to plan their vacations. Rankings of scholarly 
venues are often used in academia and research. Despite the concerns and objections 
regarding venue rankings, they continue to be used to identify major scholarly hubs. 
Researchers agree that these hubs should be assessed based on academic quality. The 
top scholarly venues have an influence on research. Prestigious journals use the rank-
ings for publicity, librarians use them for subscription decisions, researchers use them 
for publication decisions, and universities use them for academic hiring, promotions, 
and funding decisions. 

The impact of scholarly venues is typically measured using citation analysis. A 
major measure used in ranking scholarly venues is the controversial ‘impact factor’, 
which has its own limitations. Moreover, research articles, especially those published 
in conferences, are limited in terms of length, so authors may not be able to cite all the 
related references. Various usage-based metrics, such as readership [1], downloads, 
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comments, and bookmarking statistics, have been proposed and used to measure the 
impact of articles and journals, and each has its benefits and limitations [2]. 

Researchers often use social reference management systems to store and discover 
scholarly articles. By storing references online, researchers can archive their research 
interests without limits. Therefore, the statistics for these online digital libraries are 
strong indicators of researchers’ interests and may reflect more accurate interests than 
statistics about downloads or views. 

In this study, we propose and investigate a social-based approach to ranking schol-
arly venues. We compare our method of venue-ranking with various citation-based 
ranking approaches and find several strong positive relationships. We also investigate 
the effects of open-access venues on rankings. This paper is structured as follows: We 
discuss the related work in Section 2. In Section 3, we describe the experiments, data 
collection, and methodology. In Section 4, we present and discuss our results. In Sec-
tion 5, we conclude and highlight some of the future work. 

2 Related Work 

Although the impact factor is a well-known method for ranking scholarly venues, it 
suffers from citation delay [3], differs according to discipline [4], and may not be 
available for emergent venues. The Science Journal Ranking (SJR) indicator [5] has 
been proposed as an alternative to the impact factor. The SJR indicator considers the 
quantity and quality of citations. A number of journal-ranking approaches have used 
the PageRank algorithm, including the SJR indicator and Eigenfactor [6]. The h-
index, expert survey [7], and publication power approach [8] have also been used to 
rank venues. 

Zhuang et al. [9] used program committee characteristics to discover and rank con-
ferences. Yan et al. [10] defined two approaches to rank academic venues, a seed-
based approach that used author meta-data and a browsing-based approach that used 
both the citation and author meta-data. Martins et al. [11] used a large number of fea-
tures with machine learning techniques to assess the quality of scientific conferences. 
Rahm et al. [12] found that conferences could have a higher impact factor than jour-
nals. Google Scholar joined the effort to rank venues when it announced Scholar Met-
rics, which ranks top scholarly venues in several disciplines and languages, ordered 
by their five-year h-index.  

Bollen et al. [13] concluded that “the notion of scientific impact is a multi-
dimensional construct that cannot be adequately measured by any single indicator”. 
Alhoori and Furura [14] found that social reference management systems significantly 
affect the scholarly activities of researchers. Social-based approaches have been used 
to assist in evaluating the scientific impact in several projects such as Altmetrics1, 
Article-Level Metrics2, and Usage Factor3. Li et al. [15] compared Web of Science 
citation counts and CiteULike/Mendeley readership counts on a limited sample of 

1 http://altmetrics.org/manifesto/ 
2 http://article-level-metrics.plos.org/ 
3 http://www.projectcounter.org/usage_factor.html 
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articles published in Nature and Science and found significant correlations between 
the two rankings. Kraker et al. [16] found a significant relationship between Mende-
ley references and SCImago’s impact index, which is SCImago’s version of the im-
pact factor. They also found differences among disciplines and indicators that results 
improve with number of references available. 

3 Experiments  

We crawled CiteULike and downloaded 554,023 files, in which each file contains a 
reference to an article and the users who have added it to their digital libraries. We 
used only the files that contained details of either conferences or journals, for a final 
sample of 407,038 files. We then extracted the details of venues and collected a total 
of 1,317,336 postings of researcher–article pairs and a total of 614,361 researcher–
venue pairs. We defined three social-based metrics and used them in venue-ranking: 

1. Readership: The number of researchers who have added references from a venue 
to the social reference management system. 

2. Article Count: The number of unique articles from a single venue that were added 
to the social reference management system. 

3. Active Researchers Rating (ARR): We defined active researchers as those who 
added twenty or more venues to their digital libraries. We used a weighted sum to 
increase the importance of newly added references. Equation (1) was used to com-
pute the ARR for venue 𝑣. 
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The outer summation of the ARR totals the individual ratings for 𝑛 researchers. In 
the inner summation, 𝑣𝑤 denotes the number of references from a specific venue, that 
a researcher added to his or her digital library during a particular year, out of all the 𝑚 
years that the researcher followed venue 𝑣. Weight 𝑤 increased the importance of 
newly added references. The ARR favors researchers who have followed venues for 
several years over researchers who have added numerous references from venues for 
a few years. The log minimized the effect of adding many references. 

We first compared Google’s h5-index with our social-based rankings. Google’s 
Scholar current h5-index includes research articles published between 2007 and 2011 
and indexed in Google Scholar as of November 2012. To compare our social-based 
rankings with Google’s h5-index, we selected the articles that were published and 
added to CiteUlike between 2007 and 2011. Our question was whether a correlation 
exists between social metrics from CiteULike and Google h5-index for the indicated 
time span. We repeated the same strategy with the other citation-based rankings. For 
example, Eigenfactor score, which uses Web of Knowledge citations, was released in 
2011 and includes articles published between 2006 and 2010. Therefore, in this in-
stance, we used a dataset of articles that were published and added to CiteULike be-
tween 2006 and 2010. 



We used Spearman’s rank correlation coefficient, 𝜌(rho), to compare our social-
based rankings with different citation-based rankings, such as Google’s h5-index, 
SCImago’s h-index, the Thomson Reuters Impact Factor, the Eigenfactor score, and 
total citations. We began with citation-based rankings and mapped the corresponding 
values from the social-based rankings. 

4 Results and Discussion 

We first compared the general citation-based rankings of the top 100 venues with our 
social-based rankings. We found a strong positive relationships (p < 0.01), as shown 
in Table 1. There was no significant correlation between the social metrics and the 
impact factor or the impact index. 

Table 1. Correlations between citation-based metrics and social metrics for the top 100 venues 

Citation-based metric Readership ARR Article count 
SCImago h-index 0.581 0.566 0.534 
Google h5-index 0.336 0.354 0.349 
Eigenfactor Score 0.688 0.669 0.665 
Total citations 0.675 0.625 0.632 

 
We then compared the top twenty venues among different research areas using 

Google’s h5-index and social-based metrics. We found significance relationships in 
some areas, as shown in Table 2. In Tables 2 and 3 below, we used * to represent 
(p<0.05) and ** to represent (p<0.01). 

Table 2. Correlations between Google 5h-index and social metrics for different research areas 

Research area Readership ARR Article count 
Health & Medical Sciences 0.647 ** 0.672** 0.642** 
Humanities, Literature & Arts 0.368 0.471 0.200 
Life Sciences & Earth Sciences 0.788 ** 0.768 ** 0.735 ** 

 
We also compared Google’s h5-index with the social metrics for some subdisci-

plines in engineering and computer science, as shown in Table 3. 

Table 3. Correlations between Google 5h-index and social metrics for some engineering and 
computer science subdisciplines  

Subdiscipline  Readership ARR Article count 
Automation & Control Theory 0.567 * 0.382 0.466 
Bioinformatics & Computational Biology 0.814 ** 0.700 ** 0.706 ** 
Educational Technology 0.575 * 0.512 * 0.374  
Library & Information Science 0.761 ** 0.769 ** 0.754 ** 
Robotics 0.532 * 0.482  0.460 * 



No significant relationships were found between Google’s h5-index and social-
based rankings in some areas, such as arts and humanities, and some subdisciplines, 
such as artificial intelligence. However, we found a significant relationship between 
SCImago’s h-index and the readership ranking in arts and humanities (p < 0.05) and 
in artificial intelligence (p < 0.01). Surprisingly, and in most cases when compared 
with the citation-based rankings, the readership rankings had higher correlations than 
the ARR. The article count usually had weaker correlations than did readership and 
ARR.   

As shown in Table 1, it is clear that social metrics are an effective way to measure 
the popularity of venues because they have a strong positive correlation with the total 
number of venue citations. Social metrics can also measure the quality of venues, as 
they are strongly positively correlated with quality ranking methods, such as Eigen-
factor scores. Tables 2 and 3 show differences in correlations among various research 
areas; these differences could be due to varied levels of online scholarly activity. 
Moreover, such differences may also relate to unequal distributions of research com-
munities across social reference management systems, or to the existence of research 
communities that are not active in such online systems. We experimented with two 
social-based metrics that resemble the impact factor, but we did not find any strong 
correlation. For the first metric, we divided the readership of a venue by article count, 
and for the second metric, we divided the ARR by article count. 

Finally, we investigated whether the venue-ranking approach (citation-based or so-
cial-based) was related to the type of access to venues (subscription or open access). 
We compared the top 20 venues in Google’s h5-index with the top 20 venues in read-
ership and ARR rankings. We included hybrid and delayed access venues in the open-
access venue category. There were more open-access venues in the readership and 
ARR rankings than in the citation-based rankings. We did not find a significant rela-
tionship for the readership ranking. However, using the ARR, we found 13 open-
access venues but only 6 in Google’s h5-index; a Chi-squared test determined there 
was a significant positive relationship (X2 = 4.9123, p < 0.05) between the venue 
ranking approach and the type of access to venues. 

5 Conclusions and Future Work 

In this study, we investigated the relationship between ranking methods for scholarly 
venues that use traditional citation-based metrics and our proposed social-based met-
rics. We found statistically significant correlations between the two approaches, with 
disciplinary differences. Our results suggest that social reference management sys-
tems have the potential to provide an early intellectual indicator of the influence of 
scholarly venues, while reducing the limitations of citation-based metrics. 

In the future, we will investigate whether there is a set of social-based metrics that 
can measure the influence of scholarly venues in all research areas, or if each research 
area needs to define its own metrics. We plan to explore how the data from different 
social reference management systems differ and whether they measure similar or 
different impact of research. 
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