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a b s t r a c t
Citation is perhaps the mostly used metric to evaluate the scientiﬁc impact of papers. Various measures of the scientiﬁc impact of researchers and journals rely heavily on the citations
of papers. Furthermore, in many practical applications, people may need to know not only
the current citations of a paper, but also a prediction of its future citations. However, the
complex heterogeneous temporal patterns of the citation dynamics make the predictions
of future citations rather difﬁcult. The existing state-of-the-art approaches used parametric
methods that require long period of data and have poor performance on some scientiﬁc disciplines. In this paper, we present a simple yet effective and robust data analytic method to
predict future citations of papers from a variety of disciplines. With rather short-term (e.g.,
3 years after the paper is published) citation data, the proposed approach can give accurate
estimate of future citations, outperforming state-of-the-art prediction methods signiﬁcantly. Extensive experiments conﬁrm the robustness of the proposed approach across
various journals of different disciplines.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
Citation is frequently used as a performance metric for quantifying the scientiﬁc impact of papers. In many applications,
we need to know not only the current citations of papers, but also predictions of their future citations. In this section, we ﬁrst
motivate the study of citation prediction problem and brieﬂy review the existing literature on citation prediction and citation
distributions. Drawbacks and limitations of existing citation prediction approaches are discussed. Given these drawbacks,
the principle of a novel data analytic citation prediction approach is introduced. Based on this principle, the proposed two
data analytic prediction methods are epitomized.
1.1. Motivation and related works
Assessing the impact of a paper is a very important issue in academia. Besides the traditional paper awards and other
subjective recognitions, an objective measure of the impact of a publication is highly desirable. It has been a trend that
citation is perhaps the most often used metric to assess the scientiﬁc impact of a paper. A common argument is that the
citations of a highly cited paper reﬂects its inﬂuence and contributions to the development of scientiﬁc advances. In fact,
in addition to individual publications, citations have also been popularly used to assess the scientiﬁc impact of researchers
and journals. Many popular impact measures, e.g., h-index and impact factor, rely directly on the citations of publications.
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Despite its wide usage, the citation can only measure the current and past scientiﬁc impact of the papers, while in many
scenarios people want to go beyond that to foresee the future scientiﬁc impact. Consequently, we need not only the current
citations of a paper, but also a prediction of its future citations, which can reﬂect its future scientiﬁc impact. Unfortunately,
the complex heterogeneous temporal patterns of citation dynamics make the prediction of future citations rather difﬁcult.
To make things even worse, in most of the meaningful practical applications, the task is often to predict the citations of those
recently published papers, meaning that we need to make predictions based on a very short-term observation of the citation
dynamics. In fact, people have already used such kind of citation prediction in practice. But their predictions are based on
human heuristics (Waltman & Costas, 2014), which could be quite subjective and unreliable. All of these motivate us to
study a critical yet challenging problem: can one predict the future citations of a paper based on a short-term observation
of its citation dynamics?
Hitherto, many works have been devoted to the characterization of the citation distributions and fair comparison between
papers from different disciplines (Eom & Fortunato, 2011; Haunschild & Bornmann, 2016; Peterson, Pressé, & Dill, 2010;
Radicchi, Fortunato, & Castellano, 2008; Redner, 1998, 2005; Rodrí guez-Navarro, 2011; Schubert & Braun, 1996; Smolinsky,
2016; Stringer, Sales-Pardo, & Amaral, 2008; van Leeuwen & Moed, 2005; Zhang, 2013), yet few have considered the prediction of the future citations of individual papers. Bornmann, Leydesdorff, and Wang (2013, 2014) and Wang (2013) studied
the correlation between the citation percentile of early years and that in the future and found a pessimistic result: the
correlation is low. Hence, future citation prediction seems to be challenging.
In the literature, researchers have done works related to the citation prediction problem. Acuna, Allesina, and Kording
(2012) predicted the future h-index of neuroscientists based on a variety of factors including number of articles written,
current h-index, years since publishing the ﬁrst article, number of distinct journals published in, and number of articles in
several top journals. The method combined these factors with a linear regression model to predict future h-index. Furthermore, Ajiferuke and Famoye (2015) systematically studied the relations between the count response variables (e.g., numbers
of citations, authors, references, views, downloads) by using several statistical models such as linear regression, lognormal
regression, negative binomial regression. Hirsch (2007) compared several indicators of individual scientiﬁc achievement
(e.g., h-index, total citations, citations per paper) on the task of predicting future scientiﬁc achievements. He found that
h-index was the best indicator in predicting future achievements of individuals. However, Schreiber (2013) discovered that
h-index was an inert indicator since it often severely depended on the growth of the citations of very old publications. This
suggested that the real predictive power of h-index was limited. Petersen et al. (2014) measured the impact of authors’
reputations on the future success of papers. Based on empirical observations, they argued that when a paper’s current citation is low (e.g., at the early stage), the reputations of the authors are important in determining the future citations of the
paper. However, if a paper’s current citation is higher than a certain threshold, then the reputations of the authors are not
important any more in determining the future success of the paper. Moreover, Breitzman and Thomas (2015) proposed to
use the size of the inventor team to predict future citation of patents while Havemann and Larsen (2015) compared different
bibliometric indicators’ predictive powers on future success of young astrophysicists.
All the aforementioned existing literatures are related to the paper citation prediction problem, but none of them tackle
it directly. Recently, Stegehuis, Litvak, and Waltman (2015) used the impact factor of the publishing journal and the ﬁrst
year citation count to predict the probability distribution of future citation of papers. However, the usage of only one single
year’s citation count would inevitably limit the accuracy of the prediction. Bornmann et al. (2014) made use of several other
relevant factors (e.g., numbers of authors, pages, references) to predict the long-term citation percentile of papers. Yu, Yu,
Li, and Wang (2014) exploited various features of papers (e.g., journal features, author features etc.) to predict the future
citations with parametric regression models. But the experiments are conﬁned to papers in the ﬁeld of information science
and library science. Wang, Song, and Barabási (2013) proposed a universal parametric model (hereafter the WSB model)
for the temporal citation dynamics and used it to predict the future citations. The WSB model uses three parameters to
characterize the citation dynamics as a function of time and explains the underlying mechanism dominating the citation
process. The authors claimed that for any paper, by tuning these three parameters, the WSB model can always ﬁt the citation
dynamics well. When making predictions, given a period of citation dynamics data of a paper, the authors used it to estimate
the three parameters and afterwards employed the trained WSB model to predict future citations.
However, this method has several limitations. First, since the model is parametric, the parameters need to be accurately
estimated in order to make accurate predictions. To do so, they usually need a relatively long-term (usually at least 5
years, and the longer the better) observation of the citation dynamics to make meaningful predictions. If only a short-term
observation (e.g., 3 years) is provided, their method does not work well, as will be shown in the later experimental results.
However, as we previously mentioned, in many scenarios, the observation can be rather short-term. Hence, the usage of WSB
model is limited in practice, as pointed out by Van Noorden (2013). Second, only limited experiments based on observations
from high impact factor journals (e.g., Science, Nature) of fundamental sciences (e.g., chemistry, physics and biology) are
conducted by Wang et al. (2013). Yet little is known about the performance on other journals such as engineering journals.
Actually, according to our experiments, the WSB model performs much worse on papers in IEEE, which constitutes a popular
journal database for electrical engineering and computer science research. Hence, the WSB model, though claimed to be
universal, is not reliable for papers from different disciplines. Third, as pointed out by Wang, Mei, and Hicks (2014) and
admitted by Wang, Song, Shen, and Barabási (2014), the WSB model may perform poorly on a few outliers due to severe
overﬁtting, even with some regularization methods (Shen, Wang, Song, & Barabási, 2014). Though the outliers are minority
and do not hurt the effectiveness of the WSB model too much, they somehow reduce the reliability of the prediction.
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In all, in spite of being strongly desired by research community, there still lacks a reliable and robust method that can
predict the future citations of individual papers accurately by using short-term citation data. This motivates us to study the
challenging problem of predicting future citations from a completely different perspective in this paper.
1.2. Principle of data analytic approach
The drawbacks of the WSB model mainly come from the parametric nature of the model. It is very hard, if not unrealistic,
to use a simple model with several parameters to characterize the complicated citation dynamics of all papers. In addition,
with short-term citation data, even if the model ﬁts the real data well, one may not estimate the parameters in the model
accurately due to lack of statistics, leading to poor prediction of future citations. In this paper, we take an alternative data
analytic approach. We observe that, given a short-term citation dynamics of a testing paper (paper A), if we ﬁnd several
existing papers whose early citation dynamics are similar to that of paper A, then their future citations match that of paper
A well. If we build a database consisting of existing papers and use the short-term citation dynamics of a testing paper to
match the (large number of) papers in the database, then we could predict the future citations of the testing paper by using
the citation dynamics of those matched papers.
This suggests a data analytic citation prediction framework. The underlying principle is that, instead of using data from
time domain to collect statistics which necessitates a long-term observation of the citation dynamics, we use a large number
of existing papers to make predictions accurately. We conjecture that the complex patterns of the citation dynamics, which
are hard to characterize using a simple parametric model, lie in the citation data of existing papers as long as there are
sufﬁcient enough of data – a basic principle of big data analytics. Actually, our data-analytic approach can also be motivated
by the WSB model. The WSB model discovers that there is some universal temporal pattern of the citation dynamics satisﬁed
by all papers. This suggests the usage of other papers’ citation histories to predict the current paper’s future citations.
To verify and validate the above principle, in this paper, two methods are proposed to make predictions based on those
matched papers. The ﬁrst one is to simply take the mean (average method) of the citation dynamics of the matched papers as
the predictor of the future citations of the testing paper. Extensive experiments on real-world datasets from Science, Nature,
NEJM, PNAS, PRL and IEEE show that this method is very effective, outperforming state-of-the-art WSB method (Wang et al.,
2013). Speciﬁcally, with short-term (e.g., three years) citation dynamics data, the method is able to predict the future citations
accurately. In addition, the method is also robust on datasets from various journals of different disciplines. In contrast, the
WSB method fails on engineering journals like IEEE. Furthermore, the proposed method is also free of severe overﬁtting
problem incurred by parametric methods such as the WSB method.
The second method is a model approach to further cluster the citation dynamics of the matched papers into several (e.g.,
3) clusters using a Gaussian mixture model (GMM). Then, we use the centroids (i.e., the mean of each Gaussian component) as
the predictors. Thus, given a testing paper, we can recommend several possible trends of the future citations along with their
probabilities. The recommended trend closest to the ground-truth is generally very near to the ground-truth and, without
surprise, it outperforms the average method since we are recommending more than one possible trends.
Overall, the proposed data analytic approach for citation prediction is simple but effective (high accuracy), robust (on
any tested journal dataset) and timely (only needs short-term observation of the citation dynamics).
2. Data analytic approach
In this section, we ﬁrst introduce the database used in this paper. Then, several diverting phenomena are observed from
real-world citation data, which lead to a fundamental hypothesis of this paper. Based on this hypothesis, two data analytic
approaches, namely AVR and GMM, are proposed and elaborated.
2.1. The database
The establishment of a large database is the most essential step of the proposed methodology. In this study, the citation
data from the Web of Science of Thomson Reuters are chosen. The Web of Science database collects citations from a variety
of sources with comprehensive coverage. Our dataset encompasses various kinds of journals, including general science
journals, like Science, Nature and Proceedings of the National Academy of Sciences (PNAS); journals from certain scientiﬁc
disciplines, like Cell, New England Journal of Medicine (NEJM), Physical Review Letters (PRL) and the entire Physical Review
corpus; and journals from electrical engineering and computer science, like Institute of Electrical and Electronics Engineers
(IEEE). We download the citation data of all papers published by these journals from 1981 to 2001. The citation data of each
individual paper consists of its citation counts in every year from its publication year to the year 2013.
2.2. Some observations
Let us start by asking a question: given a short period of citation dynamics, what is the uncertainty or predictability of
the future citation dynamics? To answer this question, we randomly pick one paper (paper A) published in 2001. Given its
citation dynamics from 2001 to 2004, we wish to predict its future citations from year 2005 to year 2013. From the dataset
consisting of all the papers published in the same journal between 1982 and 1991, we select 100 papers whose ﬁrst 4-year
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Fig. 1. Testing papers and their corresponding most matched 100 papers in the database. Three papers are published in Science 2001 and the other three
are published in IEEE 2001. The citation dynamics of the matched papers are highly concentrated in a small region, in which the future citation of the testing
paper, i.e., the ground-truth, generally lies in. This indicates the predictability of citations based on a data analytic approach by taking the citation histories
of past papers into account.

(including the year that it is published) citation dynamics are closest to that of paper A. We choose six such paper A’s, three
from Science and three from IEEE, to conduct the above procedure. We plot the citation dynamics of those matched papers
as the black curves and the citation dynamics of paper A as the red curve in Fig. 1. Without surprise, the ﬁrst 4-year citation
dynamics of the matched papers and paper A almost overlap, since we are matching these 4-year dynamics. But, more
importantly, the following 9-year dynamics of the matched papers and paper A are also very close in most cases except an
outlier in Fig. 1(f). This suggests strong predictability of future citations based on short-term observations of the citation
dynamics and existing citation histories of the papers in the database.
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Fig. 2. The predictive correlation between the citation dynamics during early years and those during future years. The larger the error during the training
years, the larger the error during the testing years. This suggests us to match the early year citation dynamics of a testing paper with the papers in the
database and then use the future citation dynamics of the matched papers to make predictions for the testing paper’s future citations.

In the database, most of the papers do not match paper A well in the ﬁrst 4-year dynamics. Another important question is:
will the dynamics of these large number of papers coincide with that of A in the following 9-year? To see this, we randomly
select 1000 papers in the corresponding datasets and plot their citation dynamics in gray in Fig. 1. We observe that these
dynamics are quite diverse and do not match the dynamics of paper A well, which highlights the importance of the matching
in the ﬁrst 4-year.
2.3. The hypothesis
The proposed citation prediction method in this paper is based on the hypothesis that the future citation dynamics are
correlated with the past citation dynamics. We validate this hypothesis in Fig. 2. For each subﬁgure we pick one paper, paper
A, from Science 2001. Then for every Science paper published between 1981 and 1991, we calculate its average root mean
square error (RMSE) deviation compared to paper A during the training years (the ﬁrst 4 years) and the testing years (the
later 9 years), respectively. The x-axis and y-axis correspond to the RMSE during the training years and the testing years
respectively. Each point in the ﬁgure corresponds to one paper. As illustrated in the ﬁgure, the larger the error during the
training years, the larger the error during the testing years. This suggests us to match the early year citation dynamics of a
testing paper with the papers in the database and then use the mean behavior of the future citation dynamics of the matched
papers to make predictions. In this way, we are essentially collecting accurate citation statistics from the database of a large
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number of past papers. Therefore, as we will demonstrate in the sequel, compared to the parametric WSB model (Wang
et al., 2013), we can reduce the length of the training period to give a good prediction of the future citations.
2.4. The proposed methods
In this subsection, we describe the proposed two data analytic methods in detail. Suppose we are given the ﬁrst N-year
citation dynamics of a paper (paper A), x1 , x2 , . . ., xN , where xn is the citation counts during the year that is n − 1 years
after paper A is published. Note that x1 , the citation counts at the year that paper A got published, may be skewed by the
publication month of the paper. We wish to predict the future M years’ citation dynamics of paper A, i.e., to predict xN+1 , . . .,
xN+M by using the citation dynamics up to N − 1 years after the publish year.
Assume that we have a database of past papers D. Then, for every paper y ∈ D, we calculate the matching error of the
N
ﬁrst N years citation dynamics between x and y as ex (y) =
(y − xn )2 . Evidently, the smaller the ex (y), the more similar
n=1 n
dynamics between x and y. If the dynamics of x and y are very similar in the ﬁrst N years, we expect the citation dynamics
of y in the future years can be used to predict that of x.
Suppose we ﬁnd L papers, y(1) , y(2) , . . ., y(L) , from the database D with smallest matching error ex (y). Now we want to
predict the citations of x based on the citation data of those matched papers y(l) . To this end, we propose two methods of
prediction.
1. Average (AVR) method: The ﬁrst method is simply taking the average of the citation dynamics of the matched papers yi as

L

(l)

the predictor for the future citations of x. In other words, the prediction is x̂p = (1/L) l=1 yp , where p = N + 1, . . ., N + M.
2. Gaussian mixture model (GMM) method: Sometimes we wish to predict several possible trends of the future citations of
a paper. To this end, we cluster the L matched citation dynamics y(l) , l = 1, 2, . . ., L, into K clusters by ﬁtting a Gaussian
mixture model (GMM) with K Gaussian components. Then, we predict the K Gaussian means of the K Gaussian components
as the K possible trends of the paper’s future citations. The weights of each Gaussian component can be regarded as the
probability of that corresponding trend. In our experiment, we generally set K = 3 to make the predictions meaningful.
2.5. Relation with existing methods
Overall, our data analytic method ﬁrst ﬁnds the most matched papers in the database based on the available citation
observations and then makes predictions based on some mean behaviors of those matched papers. In fact, this framework
is commonly used in the literature of non-parametric machine learning and various domain sciences. For instance, in the
nearest-neighbor classiﬁcation, for a testing data point, several training points (the matched examples) nearest to it are
found and the corresponding labels are used to classify the given testing data point (Bishop, 2006). In computer vision, given
an input image with a missing region, the known region is used to ﬁnd matching scenes from a large-scale image database to
complete the missing region of the input image (Hays & Efros, 2007). In the literature of computer-aided diagnose, a patient’s
medical images such as brain CT (computed tomography) or MR (magnetic resonance) are used to match the instances in a
database consisting of many medical images with known diagnose information to guide diagnosis (Huang, Nielsen, Nelson,
& Liu, 2005; Yuan, Tian, Zou, Bai, & You, 2011).
In fact, our approach falls into the general category of non-parametric prediction methods for time series (Ferraty & Vieu,
2006; Vilar-Fernández & Cao, 2007). In these methods, given a piece of time series, people use the average behavior of the past
similar time series to predict the future dynamics of the given time series. In the literature, people propose different distance
metrics to quantify the notion of similarity and use different weighting factors for averaging. Non-parametric forecasting
has been successfully applied to several ﬁelds. Nikolov (2012) used non-parametric method to detect trending topics on
Twitter in the early stage of the potentially popular Tweets. Scholz, Nielsen, and Sperlich (2012) exploited non-parametric
methods to predict the stock prices.
3. Experiments
In this section, we conduct experiments to evaluate the performance of the proposed data analytic citation prediction
methods. We ﬁrst present the deﬁnitions of the two performance metrics used in the experiments as well as the experiment
setup. Then, we show experimental results to conﬁrm the advantages of the proposed methods over the WSB model (Wang
et al., 2013), a state-of-the-art citation prediction method. Finally, we investigate the performance of the proposed methods
in various scenarios.
3.1. Performance metric and experiment setup
For a paper x, suppose we want to use x1 , x2 , . . ., xN (xi denotes the citations during the (i − 1)th year after being published)
to predict the future M years’ citation dynamics, i.e., xN+1 , . . ., xN+M . Denote the corresponding predictions as x̂k .
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• Performance metric 1 (PM1): The relative prediction error of the total citations in the testing years. In other words,



N+M

x̂ 

k=N+1 k 
PM1 = 1 − N+M
.

x 
k=N+1 k

(1)

• Performance metric 2 (PM2): The average of the relative prediction error of the citations in each testing year. In other
words,
PM2 =

1
M



 

1 − x̂k  .

xk 

N+M

(2)

k=N+1

In the performance metric, if the denominator is zero, then we treat it as one. Basically, PM1 reﬂects the prediction error of
the total citations while PM2 indicates the prediction error of each individual year. For instance, if the true total citation in
the testing years is 100 and PM1 = 0.3, then the predicted total citation is 70 or 130. Furthermore, suppose PM2 = 0.4, then
on average if the citation in one year is 10, the predicted citation in that year will be 6 or 14. Note that in general, we have
PM1 < PM2 since PM2 takes the noisy vibration of the dynamics into account. When we evaluate the performance of the GMM
method, we select one of the K = 3 predicted dynamics that is closest to the ground-truth to be the predictor. We also evaluate
the performance of the WSB model (Wang et al., 2013) to serve as benchmark. In our experiment, the testing papers are
all the papers published in year 2001 in a certain journal with total citations up to year 2013 at least 100. For each testing
paper, we use its citation data up to 3 (5) years after published, i.e., N = 4 (N = 6), for prediction. The corresponding database
consists of papers published in the same journal from year 1981 to year 1991 (for N = 4) or year 1993 (for N = 6). The reason
of the chosen years is as follows. Suppose it is year 2004 now and we try to predict the future citations up to year 2014 of a
paper published in 2001. Thus, we are predicting the future citations of a paper 13 years after it is published. The last year
that we have citation data for 13 years after published is year 1991. So, we can only use citation data of papers published in
or before 1991, which is the ending year of the database. As for the starting year of the papers in the database, generally a
good choice is 10 years before the ending year, which is a good tradeoff between using too few data and using too out-dated
data.
3.2. Comparison with the WSB model
In this subsection, we show experimental results to see the advantages of the proposed data analytic citation prediction
methods over the WSB model. Before any experiment, we note that in practice, the available citation data, e.g., those on
Google scholar and Web of Science, are yearly citation counts rather than the timestamps of every citation, which is a
signiﬁcantly larger amount of data. It is very costly, if not prohibitive, for individuals to obtain the detailed timestamps
of every citation of their papers. Consequently, the input data to the citation prediction system is chosen to be the yearly
citation counts of each paper. However, we notice that the input to the original WSB method (Wang et al., 2013) should be
timestamps of every citation. Hence, we adapt the WSB method to the yearly citation count data by ﬁtting the WSB model
with the yearly citation dynamics, which is still referred to as the WSB method in this paper. But, one interesting issue is
that whether we can improve the performance of the WSB method by feeding it with detailed timestamp of every citation?
To answer this question, we compare the original WSB method based on detailed timestamp of every citation with our
implementation of the WSB method based on yearly citation counts on papers published in Nature 1990. The results are
shown in Fig. 3, from which we observe that the performances of the two versions of the WSB method are basically the same.
Thereby, requiring detailed timestamps of every citation does not improve much, if any, over just using the yearly citation
counts.
We ﬁrst conduct experiments on papers in Science and IEEE with N = 4, i.e., using the citation data up to three years after
publish. The distribution of the relative errors, i.e., the PM1 and PM2, of each paper is shown in Fig. 4. The relative errors
are sorted in decreasing order. The inset of Fig. 4(a) is the 10% papers in Science with the worst performance, i.e., biggest
relative errors. Similarly, the inset of Fig. 4(b) is the 25% papers in IEEE with the worst performance. As shown in the ﬁgure,
when we use the WSB model for prediction, a minority of papers suffer from severe overﬁtting and thus have very bad
performance, i.e., meaningless predictions with relative error much larger than 1. Actually, even when the training year is
longer, this overﬁtting problem, though alleviated, still exists for a minority of papers. On the other hand, with our proposed
AVR method, even those worst-behaved papers have reasonable performance. So, our method is more reliable. The above
phenomenon also holds in other journals: about 10% papers with worst performance have relative error much larger than
1 when we use the WSB model for prediction. Consequently, in the rest of this paper, when evaluating the average relative
errors, we always exclude the 10% papers with the worst performance in order to make the results of the WSB model
meaningful.
Next, we conduct extensive experiments on various journals and the results are shown in Fig. 5. We note that the proposed
data analytic approach always outperforms the parametric WSB model signiﬁcantly. Particularly, when the observation of
citation data is short-term (N = 4, i.e., using citation data up to 3 years after published), our AVR method already has PM1 near
to 0.3, suggesting that the predicted total citations is accurate. In contrast, the PM1 of the WSB model is around 0.65, which
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Fig. 3. Comparison between the original WSB method using the detailed timestamp of every citation and the our implementation of the WSB method
using the yearly citation counts. The performances of the two versions of the WSB are basically the same.

is more than twice the errors of the AVR. In addition, the performance of the GMM method is better than the AVR method,
indicating that if we are asked to recommend 3 possible trends of a paper’s future citation dynamics, then at least one of our
recommended trends will match the ground truth accurately (even for N = 4). If the length of the training years is longer, all
the methods give better results and the comparisons above still hold. Among the journals considered in Fig. 5, IEEE is the
unique engineering journal while all others are journals on fundamental science. For IEEE, the results of the WSB model are
not shown when N = 4 since they are very bad (with performance metrics larger than 2, which can be regarded as meaningless
predictions). Even when N = 6, the performance of the WSB model on IEEE papers is not good, as can be seen in Fig. 5(b).
The reason may be that the 3-parameter WSB model cannot ﬁt the citation dynamics of IEEE well. In other words, the WSB
model, though effective in most of the journals on fundamental science like Science, does not work well for engineering
journals like IEEE. As for our proposed GMM method and AVR method, the performance does become worse (the performance
metrics increase 0.1 roughly) on IEEE papers but the prediction is still relatively accurate. This indicates the robustness of
our proposed data analytic approach across different journals. Shen et al. (2014) proposed to add a Bayesian prior to the
WSB model in order to enhance the performance by about ten percent on average. This performance improvement is much
smaller than that of the proposed approach here, which is more than a half.
We also consider the scenario of predicting a paper’s very long-term citations, e.g., more than 20 years after the paper is
published. For this, with different length of training years, we predict the citations (up to year 2013) of the papers published
in the entire PR corpus in the year 1990. The corresponding database is the PR corpus from year 1960 to year 1970 (N = 4),
1972 (N = 6) or 1977 (N = 11). The results are shown in Fig. 6. We do not consider PM2 here since the citations of most papers
become near to zero after ten years since published, which makes the metric PM2 not meaningful. Additionally, we do not
show the results of the WSB model when N = 4 because the performance is very bad and thus meaningless (with performance
metrics much larger than 1). We observe that the proposed method again outperforms the WSB model a lot even in terms
of long-term citation predictions.
3.3. Performance in various scenarios
In this section, we investigate the performance of the proposed citation prediction methods in various scenarios.
First, we evaluate the impact of the length of the training years on the performance of the proposed methods. For this
end, we vary the length of training years from 2 years to 11 years, i.e., from N = 2 to N = 11. Note that when N = 2, we are
essentially only using citation data up to 1 year after the paper got published. The performance of the proposed AVR method
on papers published in Science 2001 is shown in Fig. 7. As the length of the training years increases, the performance gets
better without surprise. The results for the GMM method and other journals are similar. An impressive observation is that
even with N = 2, the PM1 of the proposed AVR method is about 0.38, which is already reasonably accurate.
We note that in the proposed citation prediction method, when matching papers in the database, the starting point of
our matching is just the starting point of the citation dynamics, i.e., the publication year of the paper. For citation prediction,
this matching methodology is reasonable and gives us accurate results. How about the starting point of the matching locates
at some middle point of the dynamics? To test if the proposed method is still effective in such a circumstance, we perform
another experiment, where the starting point of the matching is no longer constrained to be the publication year of the
papers but can be any feasible middle point of the citation dynamics. The result is shown in Fig. 8. We observe that although

X. Cao et al. / Journal of Informetrics 10 (2016) 471–484

479

Fig. 4. The relative errors of the AVR method and the WSB model on papers in Science and IEEE when N = 4, using citation data up to three years after publish
for prediction. The WSB model incurs severe overﬁtting problem on a minority of papers, which have very bad performance and meaningless predictions.
Our proposed AVR method is free of such problem and thus more reliable.

the performance of this middle-point-matching version of the AVR method somewhat degrades compared to the originally
proposed start-point-matching AVR method, it is still reasonably good, much better than the WSB model. So far, to predict
the citations of papers of a journal, we always use the database consisting of papers from the same journal. Sometimes,
we may run into difﬁculty because the number of papers published in that journal is too small. An example is the journal
Cell. The number of papers published in Cell in each year of the 1990s is around 500, which may not be enough to construct
a database for prediction. To resolve this issue, we use the database of Science and Nature to make predictions of papers
published in Cell in 2001. The result is shown in Fig. 9. The result is very good (even better than that of Science and Nature
and the reason may be that the citation dynamics of Cell are more regular and predictable) and the observations mentioned
earlier still hold. This inspires us to see if making the database and testing papers to lie in the same journal is essential
to our proposed data analytic approach. To this end, we use Science database to predict the citations of Nature papers and
vice versa. The result is about the same as using Nature database to predict the citations of Nature papers, indicating the
robustness of our approach. But, if we use IEEE database to predict the citations of Science papers, the performance becomes
worse, and conversely, if we use Science database to predict the citations of IEEE papers, the performance also becomes a
little worse. The reason may be that the temporal patterns of the citation dynamics of papers in IEEE are very different from
that of Science and Nature. However, we notice that with such a performance degradation, the prediction is still accurate,
indicating the robustness of our method when matching papers with very different citation dynamic patterns.
In practice, we may want to know the most inﬂuential papers in advance. We note that the task of identifying inﬂuential
papers is difﬁcult since, compared to normal papers, many highly inﬂuential papers follow quite different, even abnormal,
temporal patterns in citation dynamics. We predict the top-50 papers published in year 2001 in each journal. Speciﬁcally,
we predict the top-50 highly cited papers for total citations until year 2013, based on short-term observations, i.e., N = 4 (use
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Fig. 5. The performance of the proposed data analytic approach on various journal datasets. The performance of the WSB model (Wang et al., 2013) serves
as benchmark. Our approach always outperforms the WSB model. For the IEEE dataset, the WSB model fails and we do not plot its performance on IEEE
when N = 4 because the performance is too bad (PM1 = 2.84, PM2 = 3.54) and thus out of the scale of this ﬁgure.
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Fig. 6. Performance evaluation for papers in PR in 1990. We predict their citations up to year 2013, i.e., 23 years after they are published.
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Fig. 7. Impact of the length of the training years on the performance of our approach. N is the length of the training years: N = 2 means we are using citation
data up to 1 year after the publish year.

citation data up to 3 years after published) and N = 6 (use citation data up to 5 years after published). We predict 50 papers as
the future top-50 highly cited papers and compute the proportion among the true top-50 papers that is predicted as top-50.
The results, as shown in Fig. 10, are very good. Again, the IEEE papers are the most difﬁcult ones to predict, in accordance
with the previous experiments, due to the lack of regularity of the citation dynamics of IEEE papers.

4. Discussion
Through the previous experiments, the proposed data analytic citation prediction methods are validated to be effective.
Several comments are given below.

1. Note that the proposed data analytic approach only uses two pieces of information of a paper to predict its future citations:
(i) the early-year citation dynamics, (ii) the journal that the paper is published in. We use (ii) to select the correct database
for matching and use (i) to match the papers in the database. The excellent performance of our method indicates that the
early-year (e.g., 3 years after published) citation dynamics and the journal title already gives enough information to make
accurate predictions. In other words, the future citations are largely determined once (i) and (ii) are given. This is also
illustrated in Fig. 1, where the future citations of the matched papers are concentrated with low variance. If one takes the
topic, author or other side information into account, instead of using an average of the future citations of the matched
papers as predictor, one may give different weights to these matched papers by using the side information, which may
improve the prediction accuracy. However, here we observe that even without these side information, the prediction is
already reasonably accurate.
2. Our method uses paper database consisting of papers published in the past years (in most of the experiments, 10–20 years
before the publication of the testing papers). The citations of the old papers are traditionally considered not good indicators
of the citations of the new papers because the community size, citation customs and research directions have changed a
lot. On the contrary, the excellent performance of our approach indicates that the time variance of the temporal patterns of
the citation dynamics does not change too much. This means if two papers, published in 1985 and 2000 respectively, have
similar citation dynamics within 3 years after being published, then with high probability, their future citation dynamics
are also similar. However, we still note that time variance does exist. The reason is that if we extend the start year of the
database to be even earlier, then the performance of our methods will begin degrading. This prevents us from extending
the size of the database wildly.
3. Different journals may have similar or quite different citation dynamics patterns. Speciﬁcally, top scientiﬁc journals with
high impact factors such as Science, Nature and Cell share similar citation dynamics patterns. The evidence is that if we use
papers from one journal as database to predict the citations of papers from another journal, the performance is quite good.
However, if we use papers from IEEE as database to predict the citations of Science papers, the performance degrades. This
indicates that IEEE, an engineering journal, has quite different citation dynamics patterns.
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Fig. 8. Conﬁrming the effectiveness of using the middle piece of the citation dynamics for matching, which is highlighted by the red curve. We observe
that though using the middle piece for matching degrades the performance of the proposed AVR method compared to the initial one (the black curve), it
still appears to be effective with a much better performance than that of the WSB model (the blue curve). This indicates the potential application of our
method to ﬁelds other than citation prediction, such as stock price prediction. (For interpretation of the references to color in this ﬁgure legend, the reader
is referred to the web version of this article.)
0.8

0.7

PM1 N=4
PM2 N=4
PM1 N=6
PM2 N=6

Relative Error

0.6

0.5

0.4

0.3

0.2

0.1
GMM

AVR

WSB

Fig. 9. Performance evaluation for papers in Cell. We use papers in Science and Nature as database to predict citations of papers in Cell.
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Fig. 10. Identifying top 50 highly cited papers in advance. N is the length of the training year. In the experiment, we predict 50 papers as the future top-50
highly cited papers based on short-term observations of their citation data. The vertical axis is the proportion among the true top-50 papers that is predicted
as top-50. Two blue bars are missing because the corresponding quantities are zero.

5. Conclusion
In this paper, we propose a simple data analytic approach to predict the future citations of individual papers. The approach
is able to predict citations based on short-term observations of the early citation data. The approach is accurate, robust and
reliable across journals from different disciplines and outperforms the state-of-the-art WSB model in all experiments.
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