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ABSTRACT
Nowadays, various types and large amount of content are
available on the Web. Characterizing the Web content and
predicting its inherent usefulness become important prob-
lems that may benefit many applications such as information
filtering and content recommendation. In this article, we
present a brief review of the existing measurements and the
corresponding prediction methods for Web content utility.
Specially, we focus on three close and widely studied tasks,
i.e., content popularity prediction, content quality predic-
tion, and scientific article impact prediction. While review-
ing the existing work in each of the above three tasks, we
mainly aim to answer the following two fundamental ques-
tions: how to measure the Web content utility, and how to
make the predictions under the measurement. We find that
while the three tasks are closely related, they bear subtle dif-
ferences in terms of prediction urgency, feature extraction,
and algorithm design. After that, we discuss some future
directions in measuring and predicting Web content utility.

1. INTRODUCTION
In recent years, measuring and predicting Web content util-
ity (e.g., popularity, quality, impact, etc.) have attracted
much attention and have potential usefulness in many ap-
plications. For example, by measuring and predicting the
popularity of Web content, we can design more profitable
advertising strategies over the social media; by measuring
and predicting the quality of Web content, we can more eas-
ily identify informative messages from the huge amount of
noisy information; by measuring and predicting the future
impact of research articles, we can better envision the re-
search trends and plan our research roadmaps.

In this article, we briefly review the existing measurements
and the corresponding prediction methods for Web content
utility. Specially, we focus on the following three widely
studied tasks.

• Content popularity prediction. Content popularity pre-
diction is based on the current state of the content,
and the goal is to predict its future popularity after
a relatively long period. Popularity metrics (e.g., the
number of views) are usually available in the social
platforms that host the content. For this task, we sum-
marize the existing methods on general Web content

including text, videos, and images.

• Content quality prediction. The input of content qual-
ity prediction is similar to that of the content popu-
larity prediction. For the output, content quality itself
is a vague concept and different people may have dif-
ferent definitions on it over different social platforms.
Therefore, most existing work either adopts human la-
beling or uses approximate metrics to define quality.
Another difference from content popularity prediction
(which estimates the future popularity) is that con-
tent quality prediction estimates the current quality
of the content. In this article, we mainly summarize
several mainstream content quality prediction prob-
lems including the helpfulness of product reviews, the
credibility of microblog messages, and the quality of
question/answers in question answering sites.

• Scientific article impact prediction. In addition the
above to two general tasks, we review the impact pre-
diction task for a specific type of content, i.e., the sci-
entific articles. Scientific impact is of special interest
to researchers. Similar to content popularity predic-
tion, the impact prediction of scientific articles also
aims to predict the future impact based on the cur-
rent state, although scientific articles usually have a
longer lifecycle than the other types of Web content.

While reviewing the existing work in each of the above three
tasks, we mainly aim at answering two fundamental ques-
tions: how to measure the Web content utility, and how
to make the predictions under the measurement. For the
prediction of Web content utility, we focus on the following
three aspects.

• Prediction time. The first aspect is about when to
make the prediction. Based on the prediction time,
existing work can be divided into three classes, i.e.,
before publication, at publication, and after publica-
tion. Before publication means that the prediction is
made even before the content has been created and
published; at prediction means that the prediction is
made at the moment when the content is published;
after publication means that the prediction is made
after a short period of the publication time.

• Features. Depending on the prediction time, several
types of features/factors may be indicative for the pre-
diction task. For example, when the prediction time



is before publication, the content creator is the main
factor; when the prediction time is at publication, the
content itself is an indicative factor; when the predic-
tion time is after publication, more context factors may
play important roles.

• Algorithms. The third aspect is about the detailed al-
gorithms used to finish the prediction. Many off-the-
shell data mining algorithms have been used for the
prediction tasks. Additionally, some researchers pro-
pose designed algorithms to better leverage the char-
acteristics of the underlying social platforms.

The rest of this article is organized as follows. Section 2,
Section 3, and Section 4 present the brief review of content
popularity prediction, content quality prediction, and scien-
tific article impact prediction, respectively. Section 5 sum-
marizes the main findings and insights, and discusses some
future directions in measuring and predicting Web content
utility. Section 6 concludes the article.

2. CONTENT POPULARITY PREDICTION
In this section, we briefly review the existing literature for
the popularity measurement and prediction of Web content.

2.1 Content Popularity Measurement
For content popularity, the measurement is relatively agreed.
Most literature uses the view count (i.e., the number of views
by the community users on the content) to measure popu-
larity [74]. Since the view count may exhibit a power-law
distribution in many social platforms, it is usually normal-
ized by existing methods (e.g., [43; 19]). Compared to pre-
dicting view count, some researchers argue that identifying
highly popular content is more meaningful. They find that
a small amount of highly popular content usually dominates
the major popularity views, and thus formulate a classifica-
tion problem to identify such content (e.g., [45; 26]).

In addition to view count, some other metrics such as the
number of votes/comments are also used to measure popu-
larity with the assumption that the view count information
is not always available. In this article, we treat popularity
as view count as it is largely agreed by existing literature,
and leave the discussions about other metrics in Section 3.

2.2 Content Popularity Prediction
Popularity prediction has been studied for many different
types of Web content including videos [26], news [47], mi-
croblogs [39], reviews [79], images [19], codes [84], mobile
apps [96], etc. Based on literature, popularity prediction is
a challenging task due to the following two reasons. First,
many factors are intuitively known to influence content pop-
ularity, and some of these factors are difficult to quantify
(such as the quality of the content, the complex interactions
between users and content, etc.). Second, content popularity
can be affected by many external factors such as a shocking
event in the physical world.

Next, we summarize the existing efforts for content popular-
ity prediction in terms of prediction time, factors/features,
and algorithms.

2.2.1 Prediction Time
For the prediction time, most existing work makes the pre-
diction after a period of the publication time. The basic as-
sumption is that the early popularity is a strong indicator for
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Figure 1: The features for content popularity prediction.

the future popularity. For example, an early practice finds a
strong correlation between the logarithmically transformed
past popularity and current popularity, and proposes to use
the number of views that the Web content receives early af-
ter publication to predict its future popularity [73]. Within
these after publication methods, some of them require fast
predictions as users’ interest may quickly fade (e.g., news),
and some may afford several days to make predictions (e.g.,
videos).

In addition to most existing methods that make the pre-
diction after publication, some methods focus on a harder
problem to predict the popularity at publication time [6].
For example, Khosla et al. [43] use social features (e.g., the
number of friends) and content features both of which are
available at publication time to predict the popularity of
images.

An even harder problem is to predict the popularity before
publication, i.e., when the content is not published yet. This
problem is seldom studied by existing researchers due to the
fact that complex factors (e.g., content features) may affect
the content popularity.

2.2.2 Features
The commonly used features for content popularity predic-
tion are summarized in Fig. 1. Nowadays, Web content is
typically published in social platforms where users can in-
teract with the content and with each other. As shown in
Fig. 1, the popularity of such content can be affected by both
internal features and external features. Here, internal
features indicate those features that can be extracted from
the social platform where the content is published. These
features are based on the interactions between users and
content as well as the interactions between users. As shown
in Fig. 1, we summarize the following four types of internal
features.

• User features. User features indicate the impact of
the content creator. Node-based user features (e.g.,
the account age) are relatively less visited as they are
intuitively less indicative. In contrast, link-based user
features (a.k.a. social features) have been widely ex-
plored [26; 27; 43]. Such features include the number
of friends/followers/subscribers, social influence, etc.

• Content features. Content features are directly ex-
tracted from the content, and they are content-specific.



For example, language models can be used for text,
representations from deep neural networks can be used
for images [43], and abstract syntax tree features can
be used for codes [84]. Some content features are easy
to extract (e.g., the related tags, the time when the
content is published, the location relevance in the con-
tent [10]), while others need careful design. For exam-
ple, existing research has shown that emotion is one
of the most important drivers for online audience [7;
33]; however, analyzing the emotion in Web content is
a non-trivial task. Other non-trivial content features
include quality, structure, readability, etc.

• Context features. Context features refer to the com-
munity users’ early responses to the content after it is
published. The early popularity is a typical context
feature. In fact, Borghol et al. [9] have studied the
popularity differences among videos that have essen-
tially the same content, and find that the early pop-
ularity is one of the most indicative factor for videos.
Actually, as we will later show in the next subsection,
many existing methods use only this type of features
to predict content popularity. Other used context fea-
tures include the number of views on each monitored
day, the popularity evolution patterns, the number of
comments, the number of favorites, etc.

• Referrer features. Referrer features are related to
the internal recommender systems, the internal search
engine, or the internal social sharing tools of the given
social platform. For example, the popularity can be
dramatically increased if the content is recommended
in the front page [27].

As to external features, they are extracted from outside the
content’s social platform. We divide these features into two
classes.

• Cyber features. Cyber features are from cyber world,
such as the number of incoming links from other social
platforms, the recommendation from general search
engines, etc. Castillo et al. [12] have shown that the
features about a news article on social networks (e.g.,
the number of Facebook shares) are effective in pre-
dicting the popularity of the same article on a news
site.

• Physical features. Physical features are real-world
features with the assumption that the popularity of
some Web content is strongly correlated with real-
world events. However, it is challenging to transfer in-
formation from the physical world to the cyber world.
An existing attempt is by Tsagkias et al. [77] who use
the weather conditions to predict the number of com-
ments for news articles.

For the above features, user features can be extracted be-
fore publication, content features can be extracted at pub-
lication time, and context features and referrer features can
be extracted after publication. For external features (cyber
features and physical features), they could be extracted at
any time point. For example, a news article reporting a hot
event may be popular, and a hot event may also make an
old content popular.

2.2.3 Algorithms
Depending on the target measurements, many off-the-shell
regression (e.g., SVR, linear regression, etc.) and classifi-
cation (e.g., SVM, random forest, etc.) methods have been
used for popularity prediction. Some other algorithms such
as the stochastic process [38; 47], the extremely randomized
ensemble trees [31; 26], and the two-step methods [4; 92] are
also considered by existing literature. Overall, existing al-
gorithms for content popularity prediction are not designed
to fit the underlying social platforms.

2.3 Representatives
Here, we describe some representative popularity prediction
methods.

As a pioneering practice, Szabo and Huberman [73] find a
strong correlation between the logarithmically transformed
past popularity and current popularity, and propose to use
only the popularity value at prediction time as input. Fol-
lowing this work, Pinto et al. [59] find that different videos
(and Web content in general) may have different temporal
patterns in terms of popularity evolution, and they propose
to use the view count in each monitored day before predic-
tion time as features. Further, Ahmed et al. [4] propose to
identify the temporal patterns of popularity evolution, and
use these patterns to predict the future popularity. Spe-
cially, they take a two-step method, where the first step is
to cluster the patterns based on the similarities of features,
and the second step is to model the temporal evolution of
popularity over the clusters. Finally, Yu et al. [92] define
the concept of phase as a continuous time period in which
a video’s popularity has a salient rising or falling trend.
Adding these phase features into the method by Pinto et
al. [59], they achieve further accuracy improvement.

The above four pieces of work use only the context features
(more specifically, the view count from publication time to
prediction time) as input, and they all take a regression set-
ting to predict the future view count of the content. How-
ever, as indicated by Castillo et al. [12], social features and
other context features received in the first ten minutes af-
ter publication can achieve the same performance with the
view count in the first three hours. Therefore, various other
types of features that are useful for fast and accurate pop-
ularity prediction are considered by existing work. For ex-
ample, Figueiredo [26] considers social features and content
features in addition to context features, and formulates a
classification problem to predict different types of popularity
trends. Similarly, Vasconcelos et al. [79] consider social fea-
tures, content features, and context features to predict the
popularity levels1 of micro-reviews (i.e., Foursquare tips);
they formulate both regression and classification problems.

Speaking of social features, existing methods have some in-
teresting findings that reveal their importance. For example,
Khosla et al. [43] use both social features and image content
features to predict the normalized view count. One of their
findings is that popularity is difficult to precisely predict
based on image content alone, and social features have a
great influence on the popularity of images. Their methods
do not use context features and referrer features, and thus
can be used at publication time.

Intuitively, there is a tradeoff between the prediction time

1This work actually predicts the number of likes of
Foursquare tips.



and prediction accuracy. Recently, Figueiredo et al. [28] ex-
plicitly address this tradeoff, and argue that accurate predic-
tions should be made as early as possible (e.g., before users’
interest has exhausted). They take a two-step method of
trend extraction and trend prediction, and formulate multi-
class classification problem for popularity trend prediction.

2.4 Summary
Content popularity may play important roles in many ap-
plications such as media advertising, content caching, and
traffic management. Therefore, understanding what makes
a piece of content popular and being able to predict its fu-
ture popularity have attracted a lot of research interest in
the past few years. Typically, the view count is used as
the popularity measurement, and the main focus of existing
work is on the feature extraction aspect. Overall, we sum-
marize the existing features into internal features and ex-
ternal features, where internal features are more commonly
used. We further divide internal features into four types, in
which user features, content features, and context features
are mostly used.

Although not covered in this article, many other methods
are related to the popularity prediction of Web content. For
example, Anderson et al. [5] propose to predict the long-
lasting value which is defined as the pageviews of a question-
answer thread in community question answering sites; Roy
et al. [65] use transfer learning from the Twitter domain
to the video domain to detect popularity burst; Cheng et
al. [17; 18] propose to predict the phenomenon of large re-
sharing behaviors in social network services; Cha et al. [15]
find that the presence of multiple versions of the same con-
tent tends to limit the popularity of each individual copy;
Lerman et al. [47] propose to predict which articles will get
on the front page. A more thorough survey on these topics
can be found in [74].

3. CONTENT QUALITY PREDICTION
In this section, we briefly review the existing work on the
measurement and prediction of Web content quality.

3.1 Content Quality Measurement
In general, Web content quality is a vague concept, and it is
related to a wide range of concepts like popularity, readabil-
ity, conciseness, trustworthiness, helpfulness, etc. Addition-
ally, content quality is a subjective concept and it depends
on the factors that can be different among different social
platforms. In other words, quality measurement tends to
differ based on the underlying social platforms. In this ar-
ticle, to address the vagueness issue, we put our focus on
the quality measurements that either are labeled by human
annotators or can reflect the community users’ overall opin-
ions; to address the subjectiveness issue, we summarize the
quality measurements on several typical types of social plat-
forms as follows.

• Collaborative content quality. Collaborative con-
tent is the content that can be collaboratively edited
by the registered users. Wikipedia article is a typical
example. In Wikipedia, the quality of collaborative
content is also collaboratively defined. That is, users
can evaluate an article to several quality levels (e.g.,
Featured Article, A-Class, and B-Class) provided by

Wikipedia, and these quality levels serve as the qual-
ity measurement [20].

• Microblog credibility. Rumors or non-credible mes-
sages may spread over microblogs like Twitter and
Weibo, and evaluating the credibility of microblog mes-
sages becomes an important problem. To this end, hu-
man efforts are usually involved to judge if a microblog
message corresponds to a newsworthy event [13; 14].
The official services for identifying rumors may also be
used [88].

• Question and answer quality. Community ques-
tion answering sites such as Yahoo! Answers and Stack
Overflow contain rich knowledge, and thus have at-
tracted much recent attention. There are several types
of measurements for question/answer quality in these
sites. The first one resorts to human annotators to
manually label the question/answer quality [42; 35;
72]; the second one is the so-called questioner satis-
faction, indicating whether an answer is chosen as the
accepted/best answer by the questioner [53; 82; 66;
76]; the third one is based on the votes on the ques-
tions/answers [63; 89; 90; 85].

• Review/comment helpfulness. Reviews in many
product review sites may contain noisy and misleading
information. Therefore, identifying the helpfulness of
the reviews becomes an important task in these sites.
Similarly, it is also important to identify useful com-
ments in social platforms like YouTube, Flickr, and
Digg. To measure the review/comment helpfulness,
the voting information is usually employed. Typically,
the helpfulness is defined as the number of positive
votes divided by the number of total votes [44; 69; 32;
40].

3.2 Content Quality Prediction
As we can see from the above four typical types of content
quality problems, the quality is mainly reflected by either
the community users’ responses or the manual labeling. In
the former case, it usually needs a relatively long time to
accumulate sufficient user responses to accurately assess the
quality. However, it would be more helpful if we can evaluate
the content quality as soon as it is published. In the latter
case, manual labeling is costly and it cannot scale to large
data sets. Consequently, predicting the content quality as
soon as it is published, and predicting with the input of
a small amount of labeling information become necessary
problems.

3.2.1 Prediction Time
The prediction time of quality prediction usually happens
at the publication time. Methods in this category believe
that many quality factors are inherent in the content itself.
Also, these methods usually use human annotators to la-
bel quality. When the community’s overall response is used
as quality measurement, the prediction is usually made after
publication. This is due to the fact that social platforms that
allow users to evaluate the content quality may also provide
other mechanisms where the content quality can be implic-
itly implied. For after publication methods in this category,
the prediction should be made as soon as possible [90]. Al-
though predicting content quality before publication is also
feasible, seldom researchers consider this setting.



3.2.2 Features
Basically, the features used for content quality prediction
resemble the features for popularity prediction as shown in
Fig. 1. For example, Kim et al. [44] explore content features
including structural features (e.g., the length of reviews),
lexical features (e.g., unigrams), syntactic features (e.g., per-
centage of verbs and nouns), and semantic features (e.g.,
product feature mentions) for review helpfulness prediction.
Based on these content features, Lu et al. [54] further incor-
porate the features from the reviewers. They exploit user
features like the number of past reviews and social features
like the out-degree of the reviewer in the social network.

In addition to the common features, some platform-specific
features have been considered by existing content quality
prediction methods. For example, when evaluating the qual-
ity of collaborative content, review features which are ex-
tracted from the review history of each article can be con-
sidered [20]. These features (e.g., the number of revisions)
are indicative for the maturity and stability of an article.
Additionally, since collaborative content involves many ci-
tations between each other, features can also be extracted
from the citation network. These two types of features are
actually complementary. That is, a mature article should
be stable; however, it may be stable because no one is in-
terested in it (e.g., in-degree) due to its poor quality. For
microblogs, since there are extensive re-sharing behaviors,
the propagation features about these re-sharing paths can
be considered. Examples include the depth of the re-tweet
tree, or the number of initial tweets of a topic [14]. For
community question answering sites, complex relationships
among questioners, answerers, questions, and answers have
been considered [3]. The features like whether the service is
free [35] and authors’ offline reputation [75] are also consid-
ered.

3.2.3 Algorithms
Similar to popularity prediction, many off-the-shell regres-
sion and classification methods (e.g., SVR [41], SVM [69],
neural networks [46]) are used by existing quality prediction
methods.

Based on the characteristics of the underlying social plat-
forms, some advanced algorithms are designed to finish the
prediction task. For example, to predict microblog message
credibility, Gupta et al. [34] propose to propagate credibil-
ity on a constructed network consisting of events, tweets,
and users. One of their basic assumptions is that credi-
ble users tend to provide credible tweets. Similarly, to pre-
dict the quality of questions/answers, Bian et al. [8] propose
to propagate the labels through user-question-answer graph
with the assumption that reputable users tend to give high-
quality questions/answers. These methods are also designed
to tackle the sparsity problem where only a small number of
messages/questions/answers are labeled. In review helpful-
ness prediction, Lu et al. [54] study two methods for incor-
porating social context into the prediction process: either
as features, or as regularization constraints. The proposed
regularization framework may also be used when a small
amount of data is labeled.

3.3 Representatives
Here, we present some representatives.

Collaborative content quality. Dalip et al. [20] use SVR
to estimate the quality of Wikipedia articles. They use con-

tent features and revision features. The content features
include the length, style, readability, and structure of the
article, and the citations between articles. Take structure
as an example. The basic intuition is that a good article
must be organized clearly, and it should provide necessary
references to additional material. Therefore, features like
section count and reference count are extracted. For revision
features which are extracted from the revision history, they
consider features like the discussion count, the review count,
and the number of revisions in the last three months. The
quality measurement is based on users’ ratings, and user rat-
ings are based on the quality criteria defined by Wikipedia
which considers completeness, neutral point-of-view, good
organization, factual accuracy, and provision of references
to relevant sources of information.

Microblog credibility. Castillo et al. [13; 14] propose to
assess the credibility of tweets. They first find some tweets
that are about current hot topics, and then classify them
as credible or non-credible by a group of human annotators.
Next, they formulate a classification problem by considering
a set of features. The considered features include content
features (e.g., twitter-independent features like the length
of a message and the number of positive/negative sentiment
words, and Twitter-dependent features like if the tweet con-
tains a hashtag and if the message is a re-tweet), user fea-
tures (e.g., the accout age, the number of followers, and the
number of followees), as well as propagation features as we
previously mentioned. They show that the way microblog
messages propagate (i.e., propagation features) is indicative
for message credibility.

Question and answer quality. Jeon et al. [42] propose
to use non-textual features to predict answer quality and
incorporate it to improve retrieval performance. The used
features include answerer’s acceptance ratio, answerer’s ac-
tivity level, and answerer’s category specialty. Kernel den-
sity estimation and the maximum entropy approach are used
to handle different types of features, and a stochastic pro-
cess is built to make the prediction. The quality labels are
annotated by humans.

Agichtein et al. [3] propose to predict the quality of both
questions and answers. They use some common features in-
cluding content features and user features. They also extract
several platform-specific features from the user-question-answer
graph. Example platform-specific features include the aver-
age number of answers with references (URLs) given by the
asker of the current question, the average number of positive
votes received by answers written by the asker of the current
question, etc. Finally, they lable the quality of questions and
answers by human annotators, and use stochastic gradient
boosted trees [29] to classify high-quality questions/answers.

Review/Comment helpfulness. Ghose and Ipeirotis [32]
use content features and user features to predict the review
helpfulness. The content features include subjectivity as-
pects and readability aspects. They find that reviews that
have a mixture of objective and subjective sentences are
rated more helpful. The user features consider the users’
performance in previous reviews. They first use positive
votes and negative votes to define quality, and then formu-
late a classification problem by choosing a threshold based
on two human annotators. They adopt the random forest-
based classifiers.

As to comment quality/helpfulness, Momeni et al. [56] pro-
pose to classify useful comments on YouTube and Flickr



with logistic regression and Naive Bayes. They use content
features and user features. User features describe the users’
posting and social behaviors (e.g., the size of the user’s net-
work). Content features include syntactic, semantic, and
topical features. By human labeling, they show that se-
mantic and topical features are very important for accurate
classification for both Flickr and YouTube.

3.4 Summary
Measuring and predicting the content quality can help to
identify some valuable information from the large amount
of content in social platforms. In this review, we mainly
focus on four types of quality measurement and prediction
settings, i.e., the quality of collaborative articles, the cred-
ibility of microblog messages, the quality of questions and
answers, and the helpfulness of reviews and comments. Dif-
ferent from popularity prediction in the previous section,
content quality is a vague concept and many existing meth-
ods use human annotators to label the quality. However,
human labeling is costly and not scalable. Therefore, com-
munity users’ responses are also widely used as quality. As
to the prediction, some platform-specific features and algo-
rithms are designed by existing methods.

In this section, we only summarize some typical and main-
stream social platforms. Within the covered social plat-
forms, other types of measurements that are related to con-
tent quality have also been studied. In community question
answering sites, examples include the usefulness of questions
(i.e., the possibility that a question would be repeated by
other people) [71], the arrival speed of the best answer [48],
whether a question will be answered [25], site searcher sat-
isfaction (i.e., whether or not the answer satisfies the infor-
mation searcher) [52], and the subjectiveness of questions
and answers [49; 95].

4. SCIENTIFIC IMPACT PREDICTION
In this section, we put our focus on the measurement and
prediction of the impact of scientific articles.

4.1 Impact Measurement for Scientific Arti
cles

Typically, the impact of a research article is closely related
to the citations of this article, and the study of research
article citations can date back to the 1960s and 1970s [21;
60]. Recently, it attracts attention after the citation count
prediction competition in KDD Cup 2003 [30].

In literature, there are several ways to measure the impact
of scientific articles, which are summarized as follows.

The first measurement is the number of articles that cite
the given article (i.e., citation count). Citation count is a
most straightforward measurement for article impact, and
it is adopted by most existing work (e.g., [86; 81; 16; 70]).
However, as noticed by several researchers, citation count
has several disadvantages. For example, it tends to favor
those aging articles, and it may be quite different in different
fields [57].

The second measurement neglects the actual number of ci-
tations, but focuses on whether the citation count of a given
scientific article is above the average (or above a certain per-
centile). For example, Newman [58; 57] proposes to predict
highly cited articles, and argues that pure citation count
may not be a good indicator for article impact because it is
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Figure 2: The features for scientific article impact predic-
tion.

highly related to publication dates. Compared to citation
count which can be viewed as a regression problem, this
measurement can be viewed as a classification problem.

In addition to the above two measurements, Dong et al.
recently propose to measure the impact of an article based
on whether this article will increase its authors’ h-indices
in the future [22; 23]. This measurement can be seen as a
personalized article impact as it depends on the authors of
the article.

In addition to the above measurements in literature, other
measurements for article impact may also be further studied.
For example, we can consider the downloads of an article,
and ratio between the citations and the downloads, the ci-
tation differences among different fields, etc.

4.2 Impact Prediction for Scientific Articles
Next, we discuss the prediction time, features, and algo-
rithms for scientific article impact prediction.

4.2.1 Prediction Time
Most existing work makes the prediction after publication
time. For scientific articles, predicting their impact is not as
urgent as the popularity/quality prediction of Web content,
as scientific articles have a longer lifecycle than the general
content on social media. For example, Wang et al. [81] make
the citation prediction for an article five or even ten years
after publication.

Next, since the research community is more stable and con-
trolled, the research impact is more predictable than the
content popularity. For example, some existing methods find
that accurate predictions can be made when the prediction
time is at publication or even before publication (e.g. [87;
86]).

4.2.2 Features
The features for article impact prediction are summarized in
Fig. 2. First, the features are extracted from the heteroge-
neous network among authors, articles, and venues. In this
heterogeneous network, authors write articles, articles are
published on venues, and articles can cite each other. Al-
though not explicitly drawn in the figure, authors are also
related to authors (by collaboration or citation) and venues



(by publishing on the venues).

Rich features can be extracted from the heterogeneous net-
work. We divide these features into node-based features and
link-based features. Authors, articles, and venues all have
some attributes from which node-based features can be ex-
tracted. For example, we can extract the total number of
citations of authors, the topics of articles, and the h-indices
of venues. For link-based features, we can apply PageRank-
like algorithms on the network to achieve the authority of
authors, centrality of venues, etc.

Based on the two types of node-based and link-based fea-
tures, we further divide these features into four classes, i.e.,
author features, venue features, content features, and cita-
tion features.

• Author features. Author features reflect how well
the authors have performed before the publication of
the current article. Intuitively, these features may in-
dicate the future performance of the authors. Typical
example features include author productivity (e.g., the
number of authors’ previous publications), author in-
fluence (e.g., the number of authors’ citations/h-indices),
author sociality (e.g., the number of co-authors), au-
thor authority (e.g., PageRank value on author-author
citation network), and authors diversity (e.g., the re-
search fields that the author publishes).

• Venue features. Venue features indicate the impact
of venues. High-impact venues may attract much at-
tention from related scholars, and thus have a better
chance to be cited. Similar to author features, venue
features can be extracted before publication. Typical
example features include venue influence (e.g., its h-
index and citations), venue centrality (e.g., the PageR-
ank value on venue-venue citation network), and venue
diversity (e.g., the diversity of its articles).

• Content features. Intuitively, the content of the sci-
entific article is a major factor that can affect its im-
pact. To extract content features, topic modeling is
widely used in existing literature. Typical content fea-
tures include content novelty (e.g., the similarity be-
tween the article and its references), content diversity
(e.g., the topical breadth of the article), and content
popularity (e.g., the popularity of content topic).

• Citation features. Finally, when the prediction time
can be lagged after publication, citation features may
be very indicative for the impact prediction of scien-
tific articles. The intuition behind is the richer-get-
richer phenomenon. Here, the citation features are
extracted based on the citations in a time window af-
ter publication. In fact, several researchers propose to
predict the future citations of an article by fitting a
function on the citations during the time window [81;
67]. Other citation features such as the total citations
in the time window and the number of countries citing
the current article in the time window have also been
considered [93].

In addition to the above four classes of features, some re-
searchers claim that they have considered the temporal fea-
tures [87; 86]. Basically, these temporal features are applied
on a recent short-term publication data, and the extracted
features can also be categorized into the above four classes.

4.2.3 Algorithms
Based on the extracted features and the prediction target
(i.e., impact measurement), the next component is the al-
gorithm used to finish the prediction. Depending on the
impact measurement, regression task and classification task
can be formulated. For the regression task, methods such
as linear regression, Gaussian Process regression [62], and
SVR have been considered by existing literature. For the
classification task, existing methods have considered logistic
regression, decision trees, random forest, SVM, etc.

Unlike content quality prediction where platform-specific al-
gorithms are designed, the characteristics of the underlying
author-article-venue network is relatively ignored in terms of
the algorithm level. We will discuss this more in Section 5.

4.3 Representatives
Here, we describe some representative methods for scientific
impact prediction.

As an early practice, Castillo et al. [11] propose to extract
both node-based and link-based author features as well as
the number of citations after publication to predict the fu-
ture citations. They state that their prediction can be done
both before and after publication depending on whether to
include the citation features. They formulate both regres-
sion and classification (top 10% cited articles as successful
articles) problems, and use linear regression and C4.5 deci-
sion trees for them, respectively.

Although Castillo et al. [11] have considered a wide range
of aspects, the extracted features are relatively simple. Yan
et al. [87; 86] create a short-term data and extract con-
tent features, author features, and venue features from this
short-term data as well as the full data. Since they do not
use citation features, their prediction time is at publication
or even before publication (if the content features are not
used). As for prediction algorithm, they formulate a re-
gression problem, and use both CART (classification and
regression tree) and Gaussian Process regression to predict
the citations after five and ten years.

The citation features are also widely used. For example,
Chakraborty et al. [16] add first-year citation as features,
and consider content features, author features, and venue
features. The vary the time when the ground truth value
of impact is computed, and observe the evolution of feature
importance. One of their findings is that content features
seem to have less significance in the initial few years, and be-
come more effective in the later years. This result indicates
that, to some extent, a high-quality article would eventu-
ally gain high impact irrespective of the reputation of the
authors and the publication venue. Following Chakraborty
et al. [16], Singh et al. [70] consider more citation features
such as the number of times an article is cited within the
same article and the number of words within the citation
context. Both Chakraborty et al. [16] and Singh et al. [70]
adopt a two-step regression formulation. That is, they first
use SVM to divide articles into several predefined categories
(based on citation patterns) and then use SVR to predict
citations.

Taking only the citation information after publication as in-
put is also studied. For example, Wang et al. [81] and Shen
et al. [67] propose to mine the citation patterns of each ar-
ticle to predict its future citations. To fit the pattern func-
tion, these methods consider three factors, i.e., preferential



attachment (highly-cited articles are more visible and are
more likely to be cited again), aging (article’s novelty fades),
and fitness (the inherent competitiveness against other arit-
icles).

Recently, Dong et al. [22; 23] propose to infer whether a
given article will increase its authors’ h-indices in the future.
They use content features, author features, and venue fea-
tures, and the prediction time is at publication. In content
features, they further extract some reference features such
as the average citations of the reference articles in the cur-
rent article. They find that authors’ authority on the topic
and the publication venue are key factors for citations.

4.4 Summary
Measuring and predicting the impact of scientific articles
have gained attention in recent years. Overall, we find three
types of measurements for scientific article impact, and cat-
egorize four types of features for two types of tasks. A key
difference from general content popularity/quality predic-
tion is that article’s scientific impact is more predictable
and it can be accurately predicted at or even before pub-
lication. There are some interesting findings from existing
literature. For example, authors’ authority and publication
venue are found to be the key factors for citations, while
content features become more effective as time goes by.

In addition to scientific articles, some researchers propose
to measure and predict the impact of research scholars [2;
24]. For example, h-index is proposed to measure both the
productivity and impact of a research scholar [37]; later,
the differences of disciplines and years are incorporated into
h-index [61]; finally, the number of top-venue publications
and the citations of big-hit publications are also used [24].
Some other researchers propose to measure the quality of
conference/journal venues based on the overall citations of
the venue [55] or the program committee characteristics [97].
Other related directions include recommending research ar-
ticles for potential readers [80], recommending previous ar-
ticles for citation [64], predicting citation relationships [94],
ranking existing research articles [83], summarizing the re-
search articles from multiple scholars viewpoints [1], min-
ing the citation patterns for different articles [68], revealing
the relationships between impact and combination of prior
work [78], etc.

5. DISCUSSIONS AND FUTURE DIRECTIONS
In this section, we discuss some insights and present some
future directions.

Prediction time v.s. prediction accuracy. Intuitively,
there is a tradeoff between prediction time and prediction
accuracy. An illustrative example is shown in Fig. 3. Time
T1 in the figure means before publication. The accuracy is
relatively low as only a small set of features are available
before publication. Time T2 means at publication. At pub-
lication time, some useful features may be extracted from
the published content. The curve means accuracy trend af-
ter publication. Intuitively, the prediction accuracy at time
T4 would be higher than that at time T3, as more infor-
mation is available. However, in many prediction tasks, the
prediction should be made as early as possible, resulting a
tradeoff between prediction accuracy and prediction time.

Based on our review of existing literature, seldom work has
explicitly addressed this tradeoff. There are two reasons.

T1 T2 T3

Accuracy

Prediction time

T4

Figure 3: Prediction time v.s. prediction accuracy.

First, it is difficult to determine the time when the users’ in-
terest is exhausted. Second, experimenting over many time
points would be costly. A possible future direction would be
determining a suitable prediction time for different tasks.
Take popularity prediction as an example. We may find the
time when at least a certain (significant) amount of attention
or a certain percentage of attention has not been received,
especially for those highly popular content.

Learn from each other. The reviewed three tasks (i.e.,
content popularity prediction, content quality prediction,
and scientific article impact prediction) bear some subtle
differences, and they can borrow experiences and ideas from
each other.

First, referrer features and external features have been con-
sidered by popularity prediction. Such features can also be
used for the other prediction tasks. Take the impact pre-
diction of scientific articles as an example. Whether the
article is freely available on the Web and whether the au-
thors have released their codes may also be helpful for the
impact prediction. Second, some platform-specific features
and algorithms are designed for content quality prediction.
These ideas may also work for the other two tasks. Third,
in scientific article impact prediction, the importance of fea-
tures over time has been studied. Based on this study, some
interesting findings have been observed. Similar study can
be applied on the other tasks.

New measurements. For scientific impact, new measure-
ments can be defined. The first direction is to make use
of the popularity information. As mentioned above, we
can consider the ratio between the number of citations and
the number of downloads. The second direction is to add
weights on the citation articles (i.e., the articles that cite
the given article). Instead of pure citation count, we may
define impact as weighted sum/average of the citation arti-
cles where the weight is based on the impact of the citation
article itself. The intuition behind is that a citation from
a high-impact article is more meaningful than that from a
low-impact article. The third direction is to consider path-
way measurements [51]. That is, instead of predicting the
citation count at a given future time point, we can predict
the citation numbers over several years. Such prediction is
capable of visioning the impact trends of articles.

New algorithms. In the algorithm aspect, many exist-
ing methods apply off-the-shell machine learning algorithms
to make the predictions. Here, some advanced algorithms
that take the characteristics of the underlying social plat-
forms into account can be designed. Existing examples in-



clude Agichtein et al. [3] who construct user-question-answer
graph for the question/answer quality prediction task. How-
ever, their goal is to facilitate the label sparsity problem.
More general methods for improving the prediction accu-
racy when we have enough labels are still needed. Recently,
some efforts have been made towards this direction. For
example, in question answering sites, the question-answer
correlation has been considered to improve prediction accu-
racy [91]; in scientific research filed, the differences between
different research domains have been considered [50].

Another future direction is to view the problem as a pre-
diction problem on a data stream. Web content can be
generated in a rapid speed. Therefore, a future direction
is to design online algorithms that can efficiently make the
predictions.

Additionally, some authors argue that the relative ranking
rather than the actual value is more important [36]. How-
ever, they still use actual value as the prediction target.
Here, pair-wised prediction target such as the learning to
rank methods can be considered.

Beyond Web content. In this article, we focus on the
measurement and prediction of Web content utility, where
we define Web content as any individual item (in the form
of text, image, or video) available on a web site in which
a certain level of interest can be reflects by the community
users. In addition to measuring and predicting on an indi-
vidual item, we may also consider to predict the popularity
or the research impact of a certain topic. Considering the
fact the advertising usually choose a set of nodes, predict-
ing the popularity of a given set of content nodes is also
potentially useful.

6. CONCLUSIONS
In this article, we have reviewed the existing literature for
the measurement and prediction of Web content. Specially,
we focus on three tasks, i.e., content popularity prediction,
content quality prediction, and scientific article impact pre-
diction. We analyze the measurement definition, the pre-
diction time, the extracted features, and the employed al-
gorithms for each task. Finally, we identify the connections
and differences between these three tasks, and discuss some
future possible directions.
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