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Abstract
In the field of computer science, both journal and conference publications are considered 
valuable. The popularity of an author is mostly determined by the paper’s high citations 
in a short time. Features that can help to attract higher visibility are not yet thoroughly 
investigated in the literature. This study aims to investigate the impact of the several fea-
tures on received citations, for articles published in both journals or conferences. The cor-
relation analysis and multiple linear regression models are applied to explore the strength 
of all related features. The study helps in finding the impact of the individual features on 
the number of citations both for journals and conferences, and to predict future citations. 
AMiner citation dataset has been used for experimental analysis. The findings of the study 
show that in the case of journal publications, “author first-year citations” and “author total 
citation” are the most important features. While, in the case of conference publications, 
“author total citation” is more effective as compared to other features. In the case of journal 
publications, the multiple linear regression model shows the coefficient of determination 
(R2) is 0.975 and accuracy 0.846. For the conference publications, the R2 value and accu-
racy are 0.877 and 0.846, respectively.

Keywords Journal · Conference · Citation burst · Citations analysis · Features · 
Correlation · Multiple linear regression

Introduction

There exist large repositories of scientific information on the web such as digital 
libraries and archives, which help us in developing and exploring the bibliometric net-
works. The major issue is to determine the quality of the scientific literature. However, 
it has been observed that the quality of the contents or scientific information is directly 
extracted from the standing of the publication venue. In academic culture, both journal 
articles and conference papers are valuable. Especially, the Computer Science (CS) 
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community perceives conference papers to be as essential as journal articles for shar-
ing research findings (Bar-Ilan, 2010; Franceschet, 2010). Features, such as Thomson’s 
Impact Factors, H-Index, and Y-Factors are designed for the assessment of journals, 
and the features like longevity, conference size, prestige, and current popularity are 
typically used for the assessment of conferences. Existing literature has explored the 
various factors affecting the citations of journal or conference publications by using 
advanced data mining techniques (Amjad et al., 2020, 2021; Daud et al., 2017, 2019; 
Lee & Brusilovsky, 2019; Li et  al., 2015; Onodera & Yoshikane, 2015; Zhu & Ban, 
2018). Although very few relevant studies exist that considered both journal and con-
ference publications (Kim, 2019; Vrettas & Sanderson, 2015). The number of citations 
received by an academic entity (authors, paper, journal, conference) is a primary fea-
ture for impact evaluation of that academic entity. Therefore, the impact of researcher 
and research articles is usually measured by the citation count.

Mainly this study compares the journal and conference citation rates. It also focuses 
on early citations (Early citations represent the citations from years 1–5 of publications 
(Zhu & Ban, 2018)) and observes the general trends of journal and conference papers. 
Especially, regarding various features that affect the number of citations and also stud-
ies the extent to which these features influence the rate of citations.

Different features have different impacts, Garfield’s impact factor is best known to 
measure the citations (Garfield, 1972). Attracting a high number of citations in a short 
time is a strong indicator of an author becoming an expert or influential author quickly. 
Therefore, to analyze the importance of conference and journal papers in CS, research-
ers studied both journal and conference publications and sometimes considered them 
individually as well (Franceschet, 2010; Kim, 2019; Lee & Brusilovsky, 2019). These 
studies provided an overview of the authors and authorship features that are extracted 
from large-scale publications data like DBLP, Google Scholars, and CiteSeer. Most of 
the existing work about citations ignores a thorough investigation of features that may 
help in attracting higher visibility.

In this work, the following contributions are made.

• Using the basic features provided by the dataset, extraction of fourteen features 
for four different dimensions including authors, venues, papers, and sociability. 
These features are Author Reputation, Author Productivity, Author h-index, Author 
Impact Factor, Author Total Reference Papers, Affiliation, Co-author Counts, Co-
author Citations, Co-author Publications, Venue Citations, Venue Publications, 
Venue Impact Factor, Age of Paper, and Title Length.

• Analyzing the relationship among received citations and the extracted academic 
features using Pearson correlation coefficient. This will help in identifying which 
features can be more helpful in attaining more citations.

• Analyzing whether conferences were able to gain more citations or the Journals.

The rest of the manuscript is organized in such a way that Section 2 provides details 
of surveyed literature, Section 3 presents the problem definition, Section 4 explains the 
proposed methodology, Section  5 covers a discussion on results, and Section  6 con-
cludes the study along with some future directions.
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Related work

The difference between journal and conference publications has been deliberated consid-
ering the authorship level (Kim, 2019). Kim analyzed the data of 517,763 scholars and 
found that 64.30% of scholars have published their first work in conferences and 25.44% 
in the journal during the last 57 years. It was observed that a conference is a more preva-
lent resource of research communication in CS. Chen and Konstan found the difference 
between journal and conference publications at the article level (Chen & Konstan, 2010). 
They found that papers in conferences that have a low rate of acceptance (almost 30%) have 
more impact and attract the same number of citations or more cations in ACM as compared 
to journal articles, where the impact is assessed by the total citations that are received. On 
the other hand, papers that are published in low-quality journals received more citations 
as compared to papers published in low-quality conferences, and the length of the papers 
influences the citation rate (Vrettas & Sanderson, 2015). Some researchers raised the con-
cept that bibliometric databases such as Web of Science, Scopus, and ACM Digital library 
do not cover all conference publications that may underestimate the conference impact (Li 
et al., 2015). CS conference publications values are more than other academic fields but 
overall journal citation rates are higher than conferences (Vrettas & Sanderson, 2015).

Some of the studies examined the extension of conference publications into journal arti-
cles. A study analyzed that in CS almost 25% to 33% of conference publications were later 
published in journals (Bar-Ilan, 2010). The extension of conference publications into the 
journal was mostly discussed at the article level. For example, Wainer and Valle (2013), 
examined the 200 articles of CS and found that 62% in the conference and 55% in jour-
nals, authors seemed in extended work and 26% of conference articles extended in jour-
nals (Wainer & Valle, 2013). Conversely, Onodera and Yoshikane analyzed the 57 years of 
CS publications and examined data at the authorship level (Onodera & Yoshikane, 2015). 
They argued that the title of words and co-authors are not much overlapped in journal and 
conference publications.

There exist very few relevant studies that considered both journal and conference publi-
cations and find out the features which influence more to get citations (Vrettas & Sanderson, 
2015). Most of the studies considered journals and very few studies considered conference 
features. Lee et al. used various conference-related features to understand the impact of the 
factors on early citations and predict the future citation count of conference papers (Lee & 
Brusilovsky, 2019). The analysis shows that bookmarks collected within the duration of 4 to 
12 months after conference served, for early attention of online readership, it is reliable evi-
dence and also reliable in predicting future citations. Various factors like the type of paper 
in conference and count of paper presented in the conference also predict better citations in 
both Scopus and Google scholars. Another study identifies the author-related properties and 
their predictive power for future citations of the conference paper (Lee, 2020). They studied 
21 factors related to the first author and all other authors by considering 28 conferences 
and found that all author-related factors are high predictors as compared to the first author-
related factors, and feature of all authors and first author, degree centrality have highest 
predictive power for future citations. Another study investigates three types of factors like 
conference series, individual conference paper, and individual conference (Lee, 2019). They 
concluded that name, content similarity of papers, international collaboration degree, and 
age of the conference series both effectively predict the future citations. By using the infor-
mation of early citations Stern (Stern, 2014) find out high-ranked publications. Yan et al. 
(Yan et al., 2011, 2012) combined author features, venues features, and content features and 
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used the regression models to predict the function. Bornmann et al. identified that author-
related information of the paper could help in predicting the citations. The study argued 
that it is possible to improve the measurement of citation impact in a short time window by 
considering factors: number of authors, number of cited references, journal impact factor, 
and total pages of a paper (Bornmann et al., 2014). This study revealed that citation impact 
measurement can be improved in the first year after publication. The result was analyzed by 
using a regression model which showed that by adding the journal impact factor, the number 
of cited references and total pages increased the value of prediction. Ibáñez et al. focused on 
different prediction model for Bioinformatic journals and these models used to predict cita-
tion count (4 years) of a paper (Ibáñez et al., 2009). Tokens in abstract, section of the journal 
and 2-weeks post-publication are used as a predictive feature. They used logistic regression 
and naïve Bayes to define the learning process in nine journal sections with the four years of 
time horizon. They proved that the appearance of words in the abstract has an impact on the 
number of citations a paper received. To predict citations factors: weight ratio and abstract 
ratio both are significant (Sohrabi & Iraj, 2017).

Hence, the previous literature does not provide the aggregate information of how the 
difference between journals and conferences at the author level and which feature has more 
impact on citation in conferences are still not identified. Moreover, the analysis is missing 
in the existing literature, whether the impact of general features is the same in both journal 
and conference. Therefore, the study aims to complement previous literature by comparing 
the difference of journal versus conference publication at an author level and to find the 
features which are important to determine whether a paper gets higher citations to under-
stand them better publication trend in CS.

Problem definition

In a scientific collaboration network, measuring the impact of citations received by an academic 
publication is an important activity. However, the impact of these features can be different for the 
conference publications and the journal publications. Thus the impact of these features needs to 
be examined for conferences as well as journals. Previous studies mostly focused on features that 
are either specific to a conference or a journal, however, very few researchers have considered the 
features that are related to both publication venues. It is beneficial for the researchers if they are 
aware that which features can assist them in gaining citations in a short period. Therefore, this 
study determines which features can help the authors to gain more citations in a short time span.

Methodology

The proposed methodology is divided into multiple phases. In the first phase, the data-
set is extracted and preprocessed. In the second phase, we identified and separated the 
conference papers and the journal features and extracted the features for them. The 
extracted features include Author Reputation, Author Productivity, Author h-index, 
Total References, Affiliation, Co-author Count, Co-author Citations, Co-author Publi-
cations, Venue Citations, Venue Publications, Venue Impact Factor, Age of Paper, and 
Title Length. In the next phase, for each year (2006, 2007, 2008, 2009, and 2010) the 
correlation between the received citations and each feature is calculated using the Pear-
son correlation coefficient. Using the data from 2006 to 2009 as training data, multiple 
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linear regression model is used is applied to predict total citations in the year 2010 using 
each feature to identify which feature predicts the future citations with more accuracy. 
Finally, highly ranked authors with respect to citations are identified as conferences and 
journals. Figure 1 represents the proposed methodology.

Figure 1 depicts the flow of the proposed methodology, however; the pseudocode of 
the proposed methodology is provided below.

1. Selection of the year 2006 to 2010
2. Extract the unique authors in the dataset
3. Find out the number of citations received by each publication of the dataset
4. Calculate citations received in each year
5. Categorized data into Journal and Conference publications
6. Calculate basic features in journal and conference publication individuallyFor each author calculate
 a. Author Reputation
 b. Author Productivity
 c. Author h-index
 d. Total Reference
 e. Affiliations
 f. Co-author Count
 g. Co-author Citations
 h. Co-author Publications
 i. Venue Citations
 j. Venue Publications
 k. Venue Impact Factor
 l. Age of Paper
 m. Title Length
7. Calculate Correlation between citations during the year of 2006 to 2010
8. Features are ranked according to the value of their correlation coefficient.
9. Rank the authors who get more citations in a short time span.
10. Apply Multiple Regression Model to find which feature predicts the future citations with better 

accuracy
 a. 2006 to 2009 data was used for training the model
 b. predict the citations in 2010

Fig. 1  Abstract representation of the proposed methodology
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Identifying early burst

A burst represents the time in which many events are occurred (Zhang & Shasha, 2006). 
To predict the citation incrementing speed within different periods, the burst calculation 
is an important step. Calculating the citation increment speed in different periods helps us 
to track the progress of a researcher. This study considers 5 year times as early citations, 
considering ∆5 as a burst time, and find out the impact of different features on citations at a 
particular time. For experimentation, we divided the authors into two categories.

Case 1: Select all authors having a minimum of 1 citation.
Case 2: Select all authors having a minimum of 3 citations and citations are greater than 

the previous year by a gain factor of 75%.

Dataset description and preprocessing

The dataset used is extracted from AMiner which is an educational research and mining 
platform and the dataset is author name disambiguated (Tang et al., 2008). This dataset cov-
ers 2,092,356 papers from computer science, 8,024,869 citations, and 1,712,433 research-
ers from the year 1936 to 2014. Dataset consists of journals articles, conference papers, 
books, and reviews. Each record has a unique id, author name, publication year, publica-
tion venue, abstract, affiliation, and references. Many previous studies analyzed AMiner 
data for collaboration mapping, content similarities mapping and data management (Amjad 
et al., 2015, 2017; Kim, 2019; Li et al., 2015). for experimentation, the publications data 
ranging from 2006 to 2010 is extracted and a total of 617,740 articles are obtained. During 
preprocessing, the records which are published other than journals or conferences catego-
ries like books, reviews are excluded. The records that have null author names, missing the 
paper title, and publication year are also omitted. The authors with no citations are also 
removed from the dataset. The dataset is categorized into two sets, the journal publications, 
and the conference publications. Table 1 represents the dataset statistics.

Measurement of future scientific impact

For the measurement of the researcher’s future scientific impact and citations in journals 
and conferences, features related to four different factors i.e., authors, venue, paper, and 
sociability are calculated. Table 2 represents all features that are considered. All features 
are calculated individually for journal and conference categories. We have also mentioned 
the existing studies that have used these features in their methodology. Knowledge about 
these factors helps to estimate early citations (5 years) that a published paper will likely 
receive.

The first group of factors explains the scientist’s performance. Based on prior studies 
in information science (Lee, 2019; Zhu & Ban, 2018), the citations related factors were 
calculated within 5 years. In this study, factors are calculated from the year 2006 to 2010. 
The first group of features consists of six features: author reputation (AR), author produc-
tivity (AP), author h-index, author impact (AI), and affiliations. The author’s reputation/
total number of citations represent the number of paper which is used as a reference in 
other work/paper. Danell (2011) proved that the author’s reputation or past performance 
of the researcher has an impact on the citation count (Danell, 2011). Second productivity 
determines the total number of papers published by an author in the journal or conference. 
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Several publications by researchers are considered as an important factor for future cita-
tions (Onodera & Yoshikane, 2015). The third feature, the AIF is used to measure the 
impact of a researcher’s work. AIF can find the trends of a researcher impact exhibit during 
their careers. Some measuring metrics for a particular performance area are unable to track 
the impact variation in careers, AIF fills that gap. It can be measured by the total number 
of citations a researcher have and normalizing it with the recent publication of a researcher 
(Pan & Fortunato, 2014). The fourth feature, H-index is used to measure the impact of 
work and productivity of the published work of a researcher. It is based on the researcher’s 
papers and citations of the papers (Yan et al., 2011). Author h-index was a significant fea-
ture to predict citations (Hurley et  al., 2013). The fifth feature, reference papers are the 
source a researcher used in their work or list of the resource’s researcher has cited. For pub-
lication, it’s the most important part because editors use reviewers that are included in the 
reference list of an author (Vintzileos & Ananth, 2010). The number of references has posi-
tive correlation with citations (Yu et al., 2014). The reason is that some of the authors in 
the reference list have already done work on the same topic. The number of references also 
distinguishes whether the paper is a survey paper or a regular paper (Li et al., 2015). The 
institution’s reputation indirectly reflects the scientific research ability of an author within 
the institution (Zhu & Ban, 2018). According to Amara et al.’s (2015) studies, institutional 
affiliation has a significant impact on citations (Amara et al., 2015). If the reputation of an 
institute is high then the author’s research ability is also high.

The second group of features relates to the research capacity of the collaborators of 
the target scientists’ to determine whether collaborating with successful and experienced 

Table 1  Description of dataset Journal Conference

No. of papers 306,947 310,793
No. of Authors initially 179,489 185,398
No. of Authors after preprocessing 73,826 57,666

Table 2  Features considered in this study

Author-related features Author reputation (AR) (Zhu & Ban, 2018)
Author productivity (AP) (Onodera & Yoshikane, 2015)
Author h-index (Hurley et al., 2013; Yan et al., 2011)
Author Impact Factor (AIF) (Pan & Fortunato, 2014)
Author total reference papers (ARF) (Vintzileos & Ananth, 2010)
Affiliation (Yu et al., 2014)

Sociability features Co-author counts (CC) (Zhu & Ban, 2018)
Co-author citations (CAC) (Pan & Fortunato, 2014)
Co-author Publications (CAP) (Amjad et al., 2018; Daud et al., 2015)

Venue-related features Venue citations (VC) (Bethard & Jurafsky, 2010)
Venue publications (VP) (Singh et al., 2017)
Venue impact factor (VIF) (Bai et al., 2019)

Paper-related features Age of paper (AP) (Zhu & Ban, 2018)
Title length (TL) (Lyu & Wolfram, 2018; Rostami et al., 2014)
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collaborators matters for their potential development as a researcher in the initial part of 
their careers. Therefore, it is important in the disciplines of information science and com-
puter science to investigate the impact of collaborators on future research. Co-author/col-
laborators show the sociability of an author and also reflect that these particular authors 
work on similar topics (Zhu & Ban, 2018). The number of co-authors is a highly influential 
factor that has a positive correlation with citations (Hurley et al., 2013). Hence, a researcher 
has more co-authors he/she gets more citations because of widely connected authors. Co-
author citations are a social feature that reflects the paper’s popularity and quality. If a 
new researcher has few citations and then collaborates with the senior researcher, there are 
many chances for a new researcher that he/she get more citations in collaborations (Amjad 
et al., 2018; Daud et al., 2015).

Top venues submit high-quality papers. This submission shows the reputation of a 
venue. Venue publications refer to how many papers are published in a particular journal 
or conference. Some venues have higher productivity, and some have low. The number of 
papers published in journals influenced the citation count (Li et al., 2015; Yu et al., 2014). 
Venue citations count refers to how often a venue has been cited (Bethard & Jurafsky, 
2010). Journal citation or conference citation is the number of citations received in a par-
ticular journal or conference. This statistic is common to analyze the impact of the venue. 
It is an important factor that is positively correlated with citations (Singh et al., 2017). It 
is a qualitative index to measure the impact of a venue but it cannot access the individual 
article quality (Bai et al., 2019). Papers that are published in high-impact venues received 
more citations. Venue impact was identified as an important factor for an article. It shows 
the average value of citations of published papers in the particular venue.

Besides author and sociability features, additional intuitive features affecting the publica-
tion’s success are its paper-related features. for citation analysis, the time elapsed from its pub-
lication date is very important and it needs to be considered. If the time of publication of a 
paper is longer then the paper has more readers and it may receive more citations (Lyu & 
Wolfram, 2018; Zhu & Ban, 2018). The title of a paper usually describes the objective of the 
study and develops the interest for further reading (Vintzileos & Ananth, 2010). The number 
of words in a title reflects the title length and it helps to predict the future citation count (Ros-
tami et al., 2014). Paper use increases if the title of the paper is informative and also increases 
the number of downloads.

Pearson correlation

It is a statistical measure that is used to measure the relationship strength between two vari-
ables (Singh et al., 2017). The range of values is − 1 to + 1 and 0. The − 1 value shows a 
perfect negative relationship between variables, + 1 shows a perfect positive relationship and 
0 value shows no relationship between the variables. The Pearson correlation coefficient is 
calculated  as2:

where,x and y are . Sample means of two arrays.
This study calculated the correlation between yearly citations and factors that are consid-

ered. After calculating the correlation, we calculate the mean value of all factor’s correlation 
values.

(1)r =

∑
�

x − x
��

y − y
�

�

∑
�

x − x
�2 ∑�

y − y
�2
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The prediction model

To predict future citations a statistical technique, multiple line regression (MLR), is applied. 
For multiple independent variables, it is the most used form of linear regression. MLR is also 
used to describe the relationship between one dependent variable i.e., Yearly citation, and 
two or more independent variables i.e., author features. It is used to predict future values and 
trends. The relationship between a variable Y depending on p variables  x1,  x2…  xp in the fol-
lowing technique:

where Y is response variable (also dependent variable, output, explained variable), x1, x2,… 
xp: regress (also predictor, input, explanatory variables, independent variable), ε Random 
variable representing the error.

In this study, first, the dataset is divided into two categories: journal and conference, and 
then features are extracted from the dataset. After this, multiple linear regression is applied 
to predict future citations by using different features. The data from the year 2006 till 2009 is 
used for training the model and total citations in the year 2010 are predicted with the help of 
MLR. We predicted the received citations with all features one by one, then by using all fea-
tures in a group (authors, paper, venue, and sociability), and finally, we predicted the citations 
by using all 14 features.

Performance evaluation

To validate the efficacy of our proposed method coefficient of determination (R2) is calcu-
lated. We follow Yan et.al (Yan et al., 2011) to use the coefficient of determination (R2) to 
be an evaluation metric.

where CTccp(d)
 is the predicted citations for an article d in the test set  DT and  CT  (DT) is the 

mean of the observed citations count for an article d in  DT. The value of R2 ranges from 0 
to 1. A higher value indicates better performance.

Results and discussion

Feature analysis

Feature analysis of 14 features is performed and features are ranked in journal and confer-
ence categories based on correlation values. The correlation between yearly citations and 
features is calculated. In the next step, the mean value of all features is calculated. After 
that, features are ranked in descending order according to their mean correlation values for 
journals and conferences. Table 3 shows the ranked list of all features for cases 1 and 2 in 
both categories.

Figure 2 represents the correlation values for case 1 and case 2. Some features are highly 
correlated, some show medium or no correlation. From all features, author-related features 
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have high correlation values. Author reputation has the highest value for both cases and 
both categories. Thus, when author-related features values are increased then citations also 
increase, or if citations of any author increase then values of author-related features also 
increase. The venue citation feature is showing more high correlation for the case 2 confer-
ences as compared to case 1 conferences. This shows that although the number of citations 
received by journals was much higher than the number of citations received by the confer-
ences (Table 4), still it is surprising to see the venue citations feature shows much higher 
correlation for the conferences as compared to the journals. It is also observed that the 
Age of paper feature is significantly highly correlated for the conferences as compared to 
journals. While this feature shows no impact on prediction of future citations (Table 8). All 
other features have positive but not much high relation with citations. CAP, VP, and VIF 
have approximately 0 relation with citations which means by increasing the values of these 
features, the value of citations will not change. We also observed that the number of words 
in the title has a negative correlation which represents that if the title of any paper is too 
long then it may have a negative correlation impact on the citations. It is also shown that 
in both cases the trend of conference papers correlation is higher than the trend of journal 
paper correlational values for same features.

Authors ranking

In this section, we rank the top 15 authors in journals and conferences that received more 
citations in a short period (within 5 years). Table 4 represents the author rank list for case 
1 and case 2.

We can also conclude that in both cases, authors that published their work in journals 
received more citations, and authors that published their work in the conference received 
fewer citations.

Table 3  Ranking factors according to correlation values

Case 1 Case 2

Journal Conference Journal Conference

Author total citations Author total citations Author total citations Author total citations
Author impact Author H-Index Author impact Author H-Index
Author H-Index Author impact Author H-Index Age of paper
Author total Ref. Papers Author Total Ref. Papers Author total publications Author Impact
Co-Author counts Co-author citations Age of Paper Author Total Ref. Papers
Author total publications Author total publications Author Total Ref. Papers Venue impact
Venue impact Co-author publications Co-author Citations Co-author citations
Co-author citations Venue impact Co-author publications Author total publications
Co-author publications Co-author counts Co-author counts Co-author count
Venue citations Venue citations Venue impact Co-author Publications
Venue publications Affiliations Venue citations Venue citations
Affiliation Venue publications Venue publications Affiliations
Age of paper Age of paper Affiliations Venue Publications
No. of words in title No. of words in title No. of Words in Title No. of Words in Title
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Predicting citations and impact of features on citations in journal and conference

In this section, we predict the future citations of authors and find out the effect of differ-
ent features that are used to predict these citations. To predict the future citations, we used 
multiple linear regression model to analyze and to find the various feature’s impact. The 
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data from 2006 to 2009 is used to train the model and the citations received in 2010 are 
predicted. We added all attributes one by one and then observed the effect of all features 
on citations individually. To determine the effect of these features on the citations, R2 is 
calculated.

The value of R2 ranges from 0 to 1, the features that generate higher R2 in prediction 
have a high impact on received citations and features that generate low R2 values have less 
impact on received citations. For the purpose of analysis, we divided the features with 
respect to their impact on received citations into four categories including high impact, 
medium impact, low impact, and negative impact. The features that have R2 > 0.5 are 
termed as high impact, features that have a R2 between 0.2 and 0.5 are medium impact, 
features with R2 between 0.2 and 0.1 are termed as low impact features and finally, the fea-
tures with R2 = 0 are no impact features.

Table 5 represents the list of features that have a high impact on citations in the journal 
and conference category. In the journal category author total citations and first-year cita-
tions have a higher impact on citations, which shows that to get early citations these two 
factors are most important. By using these two features get R2 0.969 for case 1 and 0.925 
for case 2. Still, in the conference category, only author total citations have a higher impact 
and by using this, we get R2 0.822 for case 1 and 0.784 for case 2.

In case 1, author h-index and author impact had a medium effect on citations in the 
journal category, and by using these two features, we get R2 0.449. In the conference 
category first-year citations, author total reference papers, author h-index, and author 
impact have a medium effect, and we get R2 68.10% by using all these features. In case 2 
and both categories author impact had a medium effect on citations, and we get R2 0.461 
and 0.477 (Table 6).

Table 7 represents the list of features that have a low impact on citations. In journal 
features: author total publications, author complete reference papers. Co-author count, 
co-author citations, co-author publications, venue citations, venue impact, and the num-
ber of words in the title have low impact. We get R2 0.0580 and in the conference get R2 
0.2840 by using the features: author publications, co-author count, co-author citations, 
co-author publications, venue citations, venue impact, venue publications, and the num-
ber of words in the title. We get R2 0.034 for journals and 0.101 for the conference.

Some factors have 0 impacts on citations and these features venue publications and age 
of paper in a journal and conference age of paper has 0 impacts. These factors are shown in 
Table 8.

Afterwards, we used all the features at once for the prediction of citations. In case 1, 
by considering all features we get R2, 0.976 in the journal, and 0.843 in the conference 
category. The value of R2 shows that by using various factors we accurately predict cita-
tions 97.60% in the journal and 84.30% in the conference. In case 2, by considering all 
features we get R2, 0.976 in the journal, and 0.846 in the conference category. The value of 
R2 shows that by using various factors we accurately predict citations 94.10% in the journal 
and 84.60% in the conference.

Discussion

This study identifies the features that are important for getting high citations in journals 
and conferences. Talking about a high number of citations, it was observed from the results 
of the study that journal papers received more citations as compared to conference papers. 



2785Scientometrics (2022) 127:2773–2790 

1 3

Ta
bl

e 
4 

 A
ut

ho
rs

 ra
nk

 li
st

R
an

k 
N

o.
 C

as
e 

1
C

as
e 

2

Jo
ur

na
l

C
on

fe
re

nc
e

Jo
ur

na
l

C
on

fe
re

nc
e

C
ita

tio
ns

A
ut

ho
r n

am
e

C
ita

tio
ns

A
ut

ho
r n

am
e

C
ita

tio
ns

A
ut

ho
r n

am
e

C
ita

tio
ns

A
ut

ho
r n

am
e

1
77

6
P.

 G
up

ta
33

5
Eu

ge
ne

 A
gi

ch
te

in
77

6
P.

 G
up

ta
33

5
Eu

ge
ne

 A
gi

ch
te

in
2

74
2

V.
 T

ar
ok

h
31

0
Ju

re
 L

es
ko

ve
c

74
2

V.
 T

ar
ok

h
31

0
Ju

re
 L

es
ko

ve
c

3
63

0
C

hr
ist

op
he

r M
. B

is
ho

p
28

6
M

ih
ir 

B
el

la
re

63
0

C
hr

ist
op

he
r M

. B
is

ho
p

28
6

M
ih

ir 
B

el
la

re
4

62
1

S.
 M

. A
la

m
ou

ti
26

9
Sa

ch
in

 K
at

ti
62

1
S.

 M
. A

la
m

ou
ti

26
8

A
sh

w
in

 M
ac

ha
na

va
jjh

al
a

5
60

9
G

. B
ia

nc
hi

26
8

A
sh

w
in

 M
ac

ha
na

va
jjh

al
a

60
9

G
. B

ia
nc

hi
26

2
H

er
be

rt 
B

ay
6

56
4

R
. A

hl
sw

ed
e

26
2

H
er

be
rt 

B
ay

56
4

R
. A

hl
sw

ed
e

25
7

C
yn

th
ia

 D
w

or
k

7
50

1
S.

 H
ay

ki
n

25
7

C
yn

th
ia

 D
w

or
k

50
1

S.
 H

ay
ki

n
22

8
D

an
 B

on
eh

8
49

7
D

. L
. D

on
oh

o
24

4
Sv

et
la

na
 L

az
eb

ni
k

49
7

D
. L

. D
on

oh
o

21
8

Sö
re

n 
A

ue
r

9
42

3
G

. C
ai

re
22

8
D

an
 B

on
eh

42
3

G
. C

ai
re

19
9

N
ic

ho
la

s N
et

he
rc

ot
e

10
40

7
T.

 J.
 R

ic
ha

rd
so

n
21

8
Sö

re
n 

A
ue

r
40

7
D

ac
he

ng
 T

ao
19

8
M

ar
tin

 G
eb

se
r



2786 Scientometrics (2022) 127:2773–2790

1 3

Regarding the relationship of features with citations, we analyzed that some features are 
highly correlated, some are medium or no correlation. From all features, author-related fea-
tures have a high correlation with received citations. Other features have a positive correla-
tion, but it is not significantly high. Features like CAP, VP, and VIF have approximately 0 
correlation. We also observed that the number of words in the title has a negative correla-
tion. We observed that in both categories (journal and conference) the impact of features 
was not similar as all features have a different impact on citations. In the journal category 
author total citations and first-year citations have a higher impact on citations. The result 
is similar to the study (Silva et al., Aug. 2020) but in the conference category, only author 
total citations have a higher impact on citations. The author h-index and author impact had 
a medium effect on citations in the journal category. In the conference category first-year 

Table 5  High impact features

Case 1 Case 2

Journal Conference Journal Conference

Author total citations Author total Citations Author total citations Author total citations
Author first year citations – Author first year

Citations
–

Table 6  Medium impact features

Case 1 Case 2

Journal Conference Journal Conference

Author h-index Author first year citations Author impact Author impact
Author impact Author h-index – –
– Author total reference paper – –
– Author Impact – –

Table 7  Low impact features

Case 1 Case 2

Journal Conference Journal Conference

Author total publications Author total publications Author total publications First year
Citations

Author total reference papers Co-author’s publications Author total reference papers Author Total
Publications

Co-author’s publications Co-author’s citations Co-author’s
Publications

Venue Citations

Co-author’s citations Co-author count Venue Impact Venue Impact
Co-author count Venue citations Author Total

Publications
First year
Citations

Venue citations Venue impact – –
Venue impact No. of words in title – –
No. of words in title Age of paper – –
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citations, author total reference papers, author h-index, and author impact have a medium 
effect. Some factors have 0 impacts on citations and these features venue publications and 
age of paper in a journal and in conference age of paper has 0 impacts. Overall author-
related features have more correlation values as well as more impact on citations.

The baseline method used Deep Neural Networks, Support Vector Machines, and Mul-
tiple Linear Regression. In this study we have only applied the multiple linear regression 
because its performance is the best as per results of X. P. Zhu et al. (Zhu & Ban, 2018). 
The proposed method incorporated the features for journal and conference publications and 
also studied the impact of each factor on received citations while the baseline method only 
considered the journal features. Table 9 shows that previous work achieved 88.87% accu-
rate prediction for journal publications using MLR. The proposed model performs better 
when compared to the baseline by achieving 97.06% accurate prediction in journal publica-
tion and 84.3% accurate prediction in conference publications.

Conclusion and future work

This study identifies the features that are more helpful for the researchers to gain more 
citations in a short time. from the findings of the study, it was observed that computer sci-
ence researchers publish more articles in conferences as compared to the journals but jour-
nals articles were receiving more citations as compared to the conference publications. An 
interesting finding was observed that relationship between various features and the author’s 
annual citations in both categories (journal and conference) are different. The citations 
based features like author h-index, author impact show a positive correlation with future 
citations. Factors, like title length, have a negative correlation. For prediction, we applied 
multiple linear regression models in both categories and studied the impact of the indi-
vidual features on citations. When considering authors that have at least 1 citation, in the 
journal category impact of ‘total author citations’ and ‘first-year author citations’ is high 
with R 2 0.969 and by using all considered features the R2 is 0.975. In the conference cat-
egory, only ‘author total citations’ has more impact, and we get R2 0.772 and when all fac-
tors are combined we get R2 0.843. it is observed that to get citations in a short time most 
essential features in the journal category is ‘first-year citations’. Other factors like author 

Table 8  Zero impact factors

Case 1 Case 2

Journal Conference Journal Conference

Affiliations Affiliations Author h-index Author publications
Venue Publications Venue Publications Affiliations Affiliations
Age of Paper – Co-author citations Author h-index
– – Co-author publications Co-author citations
– – Co-author count Co-author publications
– – Venue citations Co-author Count
– – Venue publications Venue publications
– – Age of paper Age of paper
– – Title length Title length
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h-index, author reference paper, venue impact, author impact are also positively corelated. 
Some factors like venue publications and title length are not important for getting citations 
fast. We obtained R2 0.941 in the journal and 0.846 in the conference category when we 
predicted the citations in the early burst. Papers that are published in journals achieved 
more citations as compared to conference publications. Overall author-related factors have 
more impact.

This study can be improved by using more features like author-related features, content, 
expertise, and reinforcement. Also expanding the time and finding out the impact of the 
features in different stages like middle and late, and comparing more categories like books, 
notes, proceeding papers. The proposed approach can be applied to other entities such as 
papers/articles, collaborators, and venues. For example, paper authors, paper co-authors, 
paper venue and title, and so on could be considered in the case of a paper as entity. The 
technique could be further enhanced after considering various factors related to collabo-
rators like considering the impact of the collaborates and their bibliometric features and 
impact fator of publications venues and their topic of publications.
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