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Abstract Graph-based methods are one of the widely
used unsupervised approaches for keyword extraction. In
this approach, words are linked according to their co-
occurrences within the document. Afterwards, graph-based
ranking algorithms are used to rank words and those with
the highest scores are selected as keywords. Although
graph-based methods are effective for keyword extraction,
they rank words merely based on word graph topology. In
fact, we have various prior knowledge to identify how
likely the words are keywords. The knowledge of words
may be frequency-based, position-based, or semantic-
based. In this paper, we propose to incorporate prior
knowledge with graph-based methods for keyword
extraction and investigate the contributions of the prior
knowledge. Experiments reveal that prior knowledge can
significantly improve the performance of graph-based
keyword extraction. Moreover, by combining prior knowl-
edge with neighborhood knowledge, in experiments we
achieve the best results compared to previous graph-based
methods.

Keywords keyword extraction, prior knowledge,
PageRank, DiffusionRank

1 Introduction

There is tremendous information on the Web. Thus, it is
important to effectively seek and manage information.
The major difficulty for users is to find what they want
from numerous documents. One alternative approach to
solving the difficulty is to use keywords to represent a

document. Keywords are a small set of words that can best
represent a document, which can be identified by some
statistical or linguistic properties, such as frequency,
length, part of speech (POS), and so on. Keywords are
useful in many applications of seeking and managing
information for people, such as query refinement of
search engine, summarization, social tagging, indexing/
cataloging, feature selection for classification, and cluster-
ing.
As summary of document, a keyword can be either a

single word or a phrase. Keywords in articles of journals
and books are generally assigned by authors. However,
most articles on the Web do not have human-assigned
keywords. Therefore, automatic keyword extraction is an
important research task. Existing methods for keyword
extraction can roughly be divided into supervised
classification approach and unsupervised ranking
approach.
Supervised approach [1] regards keyword extraction as a

classification task. In this approach, a model is trained to
determine whether a word of the document is a keyword or
not based on statistical and linguistic features. In
supervised approach, a document set with human-assigned
keywords is required for training. Since human labeling is
usually both tedious and time-consuming, in this study, we
focus on unsupervised approach.
Unsupervised ranking approach does not need manually

labeled training set [2–6]. Instead, this approach regards
keyword extraction as a ranking task and applies several
measures to rank the words of a document and extract the
top-ranked ones as keywords. Among various unsuper-
vised methods, graph-based methods [7] are most widely
used and attract many research attentions [8–11]. In graph-
based methods, a document is represented as a word graph
based on word relatedness, and then a graph-based ranking
algorithm (e.g., PageRank [12]) is used to assign
importance scores to each word.
Existing graph-based methods conduct the keyword

extraction task only depending on the graph topology of
document. A belief behind graph-based ranking algorithms
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(e.g., PageRank) is that all words are born equal and have
the same ability for voting and standing for election. In
fact, in many other methods for keyword extraction, many
useful measures of words have been introduced to identify
how likely the word is a keyword. That is to say, before
running graph-based ranking algorithms, we have already
had prior knowledge on which words are more likely to be
keywords. Thus, one important intuition is to introduce
prior knowledge to help graph-based methods for keyword
extraction. If it is possible, how do we incorporate the prior
knowledge with graph-based method?
In this paper, we divide the prior knowledge of words

into three types: frequency-based (tfidf values), position-
based (first appearance positions of the words within the
document), and semantic-based (semantic relatedness with
the document). We propose to use DiffusionRank to
incorporate prior knowledge. We systematically investi-
gate the efficiency of prior knowledge in DiffusionRank
for keyword extraction. Experiments show that Diffusion-
Rank with prior knowledge outperform traditional
PageRank for keyword extraction on precision, recall,
and F-measure. It should also be noted that the proposed
method is also unsupervised, which is applicable in Web
era with enormous information.
Furthermore, in Refs. [8,9], Wan and Xiao proposed to

use a small number of nearest neighbor documents of the
given document to provide more knowledge to improve
keyword extraction. The method with neighborhood
knowledge outperforms traditional graph-based methods
with more than 2.5% improvement in F-measure. In this
paper, we investigate the combination of prior knowledge
and neighborhood knowledge for keyword extraction.
Experiment results show that the new method with
combined prior knowledge and neighborhood knowledge
obtains more than 2% improvement in F-measure than the
method with only neighborhood knowledge.
The contributions of this paper are as follows: 1) For the

first time, we raise the problem of applying prior knowl-
edge in graph-based methods for keyword extraction and
further propose a novel and practical framework to solve
the problem. 2) We divide various knowledge of words
into three types and systematically investigate their
contributions to graph-based keyword extraction as prior
knowledge. 3) By combining prior knowledge and
neighborhood knowledge, we obtain the best results
compared to previous graph-based keyword extraction
methods in our experiments.

2 PageRank and DiffusionRank

For convenience, we first give some notations. A
document is usually represented as an undirected word
graph. Here, we denote G = (V,E) as an undirected graph
with the set of vertices V ¼ fv1,v2,:::,vNg and the set of

edges E ¼ ðvi,vjÞ if there is an edge between vi and vj. For a
given vertex vi, let N(vi) be the set of vertices that are
neighbors of vi. We have w(vi, vj) as the weight of the edge
(vi, vj). For an undirected graph, w(vi, vj) =w(vj, vi). Let
w(vi) be the degree of vi, then we have

wðviÞ ¼
X

vj 2NðviÞ
wðvj,viÞ ¼

X
vj 2NðviÞ

wðvi,vjÞ: (1)

2.1 PageRank

PageRank is a well-known algorithm that uses link
information to assign global importance scores to all
pages on the Web. The basic idea of PageRank is that a
web page is important if some other important web pages
point to it. PageRank is an iterative algorithm. In this
paper, we focus to build word graph as an undirected
graph.
In PageRank, a surfer on a given vertex vi with

probability l chooses to select one of its neighbors and
with probability 1 – l to jump to a random vertex. Here, l is
a damping factor with 0< l< 1, and in practice, we
usually set l= 0.85. Thus, the PageRank score PR(p) of a
vertex vi is defined as

PRðviÞ ¼ l
X

vj 2NðviÞ

wðvj,viÞ
wðvjÞ

PRðvjÞ þ ð1 – lÞ 1
N
, (2)

where N is the number of vertices. Since the definition of
PageRank is recursive, it must be iteratively refined until
convergence. We first introduce an adjacent matrix A to
represent the graph for PageRank:

Aði,jÞ ¼
0, ifðvi,vjÞ =2E,

wðvi,vjÞ
wðvjÞ

, ifðvi,vjÞ 2 E:

8><
>:

With the matrix, we can rewrite Eq. (2) as

r ¼ lAr þ ð1 – lÞ 1
N
1, (3)

where r is the vector of PageRank scores of vertices.
In Ref. [7], Mihalcea and Tarau proposed to rank words

of a word graph using PageRank for keyword extraction.
The method was named as TextRank. As an unsupervised
method, TextRank achieved great improvement on key-
word extraction, which led to a F-measure higher than any
of the previously proposed systems. Since PageRank
scores are not related with initial scores of vertices,
TextRank does not take prior knowledge of words into
consideration. Empirically, some prior knowledge is
important to determine whether a word is a keyword. A
straightforward method to employ the prior knowledge in
PageRank is Biased-PageRank.
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2.2 Biased-PageRank

The key to creating Biased-PageRank is that we can bias
the computation to increase effect of certain vertices by
using a nonuniform N�1 vector g. Biased-PageRank
introduces additional rank to the appropriate vertices in
each iteration of the computation.

r ¼ lAr þ ð1 – lÞg: (4)

We notice that in PageRank the g is uniform with
equal probability to randomly surf to each vertex. For
keyword extraction, we assign g using prior knowledge. In
Biased-PageRank, the damping factor l controls the
weights of PageRank and prior knowledge in final ranking
results.
Moreover, we may be more confident to the words with

the highest prior knowledge values. For example, it is more
confident for us to identify the words with the highest tfidf
values as keywords, but we are not convinced to judge the
words with their lower knowledge values. Thus, similar to
combating web spam [13], instead of assigning the prior
knowledge to all words, we select a subset of trusted words
to assign the prior knowledge values. The vector g is set to
be highly biased to the trusted words and other words are
set to zero. In addition, the initial input of r is also set to be
g. In this paper, we use the trust ratio

� ¼ #trusted words

#all words

to control the number of trusted words.

2.3 DiffusionRank

DiffusionRank was originally proposed for combating web
spam [14], which has also been successfully used in social
network analysis [15] and search query suggestion [16].
DiffusionRank is motivated by the heat diffusion process,
which can be used for ranking, because the activities flow
on the graph can be imagined as heat flow, the edge from a
vertex to another can be treated as the pipe of an air-
conditioner for heat flow.
Denoting fi(t) as the heat on vertex vi at time t, we

construct DiffusionRank as follows. Suppose at time t,
each vertex vi receives an amount of heat, M(vi, vj, t,Δt),
from its neighbor vj during a period Δt. The received heat is
proportional to the time period Δt and the heat difference
between vi and vj, namely, fj(t) – fi(t). Based on this, we
denote M(vi, vj, t,Δt) = γ(fj(t) – fi(t))Δt, where γ is heat
diffusion factor, i.e., the thermal conductivity. Therefore,
the heat difference at node vi between time t+Δt and time t
is equal to the sum of the heat that it receives from all its
neighbors. This is formulated as

fiðt þ ΔtÞ – fiðtÞ ¼
X

vj 2NðviÞ
γ
�
fjðtÞ – fiðtÞ

�
Δt: (5)

The process can also be expressed in a matrix form:

f ðt þ ΔtÞ – f ðtÞ
Δt

¼ γHf ðtÞ, (6)

where f is a vector of heat at vertices at time t, and H is

Hði,jÞ ¼

– 1, if   i ¼ j,

0, if   ðvi,vjÞ =2E,

wðvi,vjÞ
wðvjÞ

, if   ðvi,vjÞ 2 E:

8>>>><
>>>>:

(7)

If the limit Δt! 0, the process will become into

d

dt
f ðtÞ ¼ γHf ðtÞ: (8)

Solving this differential equation, we have f(t) = eγtHf(0).
Here, we could extend the eγtH as

ertH ¼ I þ γtH þ γ2t2

2!
H2 þ γ3t3

3!
H3 þ � � � : (9)

The matrix eγtH is named as the diffusion kernel in the sense
that the heat diffusion process continues infinitely from the
initial heat diffusion. γ is an important factor in the
diffusion process. If γ is large, the heat will diffuse quickly.
If γ is small, the heat will diffuse slowly. When γ!+1,
heat will diffuse immediately, and DiffusionRank becomes
into PageRank. As in PageRank and Biased-PageRank,
there are random relations among vertices. To capture
these relations, we use a uniform random relation among
different vertices as in PageRank. Let 1 – l denote the
probability that random surfer happens and l is the
probability of following the edges. Based on the above
discussion, we can modify DiffusionRank into

f ðtÞ ¼ eγtRf ð0Þ, R ¼ lH þ ð1 – lÞ 1
N
1: (10)

In application, a computation of eγtR is time consuming. We
usually to approximate it to a discrete form:

f ðtÞ ¼ I þ γ
M
R

� �Mt
f ð0Þ: (11)

Without loss of generality, we use one unit time for heat
diffusion between vertices and their neighbors, and we
have

f ð1Þ ¼ I þ γ
M
R

� �M
f ð0Þ: (12)

We could iteratively calculate I þ γ
M
R

� �M
f ð0Þ by apply-

ing the operator I þ γ
M
R

� �
to f ð0Þ.

The detail of introduction to DiffusionRank can be
found in Ref. [14]. In practice, for each iteraton, we could
diffuse the heat values at each vertices using the following
formulation:
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r ¼ 1 –
γ
M

� �
r þ γ

M
lAr þ ð1 – lÞ 1

N
1

� �
, (13)

where M is the number of iterations. As analyzed in Ref.
[14], for a given threshold ε, we can compute to getM such
that

I þ γ
M
R

� �M
– eγRf ð0Þ

����
����

����
����< ε

for any f ð0Þ whose sum is one. Similar to Ref. [14], in this
paper, we set M = 100 for DiffusionRank.
As shown in the above analysis, prior knowledge is

assigned to g in Biased-PageRank. The reason is that, in
Biased-PageRank and PageRank, for any given nonzero
initial input, the iteration will converge to the same stable
distribution corresponding to the maximum eigenvalue 1
of the transition matrix. However, in DiffusionRank,
different initial heat input will give rise to different heat
distributions after a fixed time period of heat diffusion.

3 Prior knowledge for keyword extraction

3.1 Frequency-based knowledge

Frequency-based knowledge is widely used in both
supervised and unsupervised methods for keyword
extraction. The most widely used frequency-based feature
is tfidf. tfidf is a standard metric in information retrieval for
measuring how specific a word w is to a given document d:

priortfidf ðw,dÞ ¼
nðw,dÞX

w# 2 d
nðw#,dÞ log

Dj j
d# : w 2 d#j j,

where n(w, d) indicates the number that w occurs in d, and
|D| is the number of documents in the document collection.
In this equation, the first component is the term frequency
(tf), namely, the normalized frequency of word w in
document d, and the second is the logarithm form of the
inverse document frequency (idf). Here, we use logarithm
form of inverse document frequency because it is common
practice in information retrieval [17–19].

3.2 Position-based knowledge

Position-based knowledge is another important feature for
determining keywords in various extraction methods. The
position of first occurrence of a word is calculated as its
distance in words from the end of the document [20]. The
distance is usually normalized by the word count of the
document. As reported in previous work [21], the words
that have extreme values, namely, high or low values, for
this feature are more likely to be keywords. This is because
either the beginning of the document, such as title, abstract,
and introduction, or the final part, such as the conclusion, is
usually the summary of the document, in which the words

are more likely to be keywords. In this paper, we denote the
position of a word w in document d as priorposition(w, d):

priorpositionðw,dÞ ¼ max
�
dðwÞ,1 – dðwÞ

�
, (14)

where d(w) indicates the normalized distance of first
occurrence of w from the end of d. The feature is a number
between 0 and 1 that represents how distant the first
appearance of the word is from the beginning or the end of
the document.

3.3 Semantic-based knowledge

Among various methods for measuring the relatedness
between word and document, latent topic models are one
of most widely used. This approach regards a document as
a probabilistic mixture of latent topics, and each word of
the document is generated from these topics one by one.
Latent Dirichlet allocation (LDA) [22] is a representative
latent topic model. Compared to latent semantic analysis
(LSA) [23] and probabilistic LSA (pLSA) [24], LDA has
more feasibility for inference and can avoid over-fitting.
Using LDA, we can represent both document and word
using a mixture of latent topics, which enables us to
measure the relatedness between document and word.
As a generative model, in LDA, each word w of a

document d is generated by first sampling a topic z from
d’s topic distribution �ðdÞ and then sampling a word from
the distribution over words fðzÞ that characterizes that topic
z. In LDA, �ðdÞ and fðzÞ are drawn from conjugate Dirichlet
priors, α and β separately. Thus, θ and f can be integrated
out and the probability of w can be represented as follows:

pðwjd,α,βÞ ¼
XK
z¼1

pðw z,βÞpðz d,αÞ,jj (15)

where K is the number of topics. Using LDA, we can get
the topic distributions of documents and their words,
namely, p(z|d) and p(z|w), for each topic z 2 f1,2,:::,Kg.
Given the topic distributions, we have various metrics for
measuring the relatedness. In this paper, we select the
following two measures.
Given a corpus, we can use some statistical inference

techniques to interpret the generative process and infer the
topic distributions of words and documents. Inference of
LDA by directly maximizing the likelihood of the whole
corpus is intractable. Various approximate methods can be
used for inference of LDA, including expectation max-
imization (EM) [24], variational EM [22], expectation
propagation [25], and Gibbs sampling [26]. As Gibbs
sampling provides a simple and efficient method for
obtaining parameter estimates under Dirichlet priors, most
people use it to learn LDA by sampling z for each word w
from the full conditional posterior distribution. One can
refer to Ref. [26] for detailed description of the sampling
technique.
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Query likelihood, p(document|query), is originally used
in IR for ranking documents [27]. Suppose each word w in
the document d as a query, we have the metric

priorQLðw,dÞ ¼ pðdjwÞ ¼
XK
z¼1

pðd zÞpðz wÞ,jj (16)

where p(z) indicates the probability of topic z, and p(d) is
unchanged when calculating the query likelihood for each
word in the document, which can be ignored.
KL-divergence measures the distance between two

distributions. It thus can be used to measure the distance
between word and document according to their topic
distributions:

DKLðwkdÞ ¼
XK
z¼1

PðzjwÞlog PðzjwÞ
PðzjdÞ : (17)

In this paper, we want to obtain the semantic relatedness.
We thus transform the KL-divergence into relatedness
form using

priorKLðw,dÞ ¼ e – 1�DKLðwkdÞ: (18)

4 Algorithm description

Given a document d for keyword extraction, the graph-
based method using prior knowledge for keyword
extraction is as follows:
1)Candidate keywords selection.　We first use simple

heuristic rules to find candidate keywords.
2) Building word graph.　We build a word graph

using the co-occurrence relationship of the words within
the candidate keywords.
3)Computing prior knowledge.　We have to compute

the prior knowledge of each word in the candidate
keywords, which indicates how likely a prior the word is
a keyword.
4) Running DiffusionRank.　Based on the word graph

and prior knowledge, we run DiffusionRank and rank
words.
5) Extracting keywords.　Finally, we extract key-

words according to ranking values of words.
We describe each step in detail as follows.

4.1 Candidate keywords selection

Not all words in a document are possible to be selected as
keyword. To filter out the noisy words in advance, we
select candidate keywords using some heuristic rules. This
step proceeds as follows. First, the text is tokenized for
English or segmented into words for Chinese and other
languages without word separators. As reported in Ref.
[28], most manually assigned key phrases turn out to be

noun phrases. Therefore, we annotate the document with
POS tags using Stanford Log-Linear Tagger. Then, we
extract the noun phrases whose pattern is zero or more
adjectives followed by one or more nouns. With regular
expression, the pattern is represented as (ADJECTIVE)*
(NOUN)+. These noun phrases are selected to be the
candidate keywords of this document. The set of candidate
keywords is denoted as C. For the adjectives and nouns
that have occurred in candidate keywords, we denote as the
candidate single-word set S.
To extract keywords, we have to rank candidate

keywords according to their importance values and get
the top-ranked ones as keywords. The importance value of
each candidate keyword is computed using the value of
each single word in the candidate keyword. In graph-based
methods, the importance values of single words are
computed by DiffusionRank. In the next subsection, we
demonstrate how to build a word graph for the given
document to execute DiffusionRank.

4.2 Building word graph

The word graph is built according to the word relatedness.
An intuitive method for measuring word relatedness is
based on term co-occurrence relationship within the given
document. The co-occurrence relation expresses the
cohesion relationships between words in the context of
the document.
In this paper, co-occurrence-based relatedness is simply

set to the count of co-occurrences within a window of
maximum w words in the whole document. As shown in
Ref. [8], the best results for keyword extraction are
obtained when w³10. Thus, in the experiments of this
paper, the window size w is simply set as w = 10.
Each document can be regarded as a word sequence for

computing co-occurrence-based relatedness. There are two
types of word sequence for counting term co-occurrences.
One is the original word sequence without filtering out any
words, and the other is after filtering out the stop words or
the words with specified POS tags. In this paper, we select
the first type because each word in the sequence takes
important role for measuring term co-occurrences regard-
less it is stop word or something else. If we filter out
some words, the term relatedness will not be as precise as
before.

4.3 Computing prior knowledge

As shown in Sect. 3, for each word in the word graph, we
can compute the prior knowledge of its importance in this
document, i.e., how likely a prior it will be selected as a
part of keywords. The knowledge can be frequency-based,
position-based, and semantic-based. In the experiments,
we will investigate the efficiency of the three types of prior
knowledge in graph-based methods for keyword extrac-
tion.
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4.4 Running DiffusionRank

To obtain the importance values of each word, we run
DiffusionRank on the word graph built in Step 2.
Combined with DiffusionRank, the prior knowledge
computed in Step 3 is used as a prior of how likely the
words are selected as keywords. The prior knowledge can
be frequency-based, position-based, or semantic-based.

4.5 Extracting keywords

After obtaining the importance values of each single word,
we can compute the importance of each candidate
keyword. Following the idea in Ref. [8], the importance
value of a candidate keyword c, score(c), is computed by
summing the importance values of the single words
contained in the candidate keyword:

scoreðcÞ ¼
X
vi 2 c

scoreðviÞ: (19)

All the candidate keywords in document d are ranked in
decreasing order of the importance scores and the topic m
multiple words are selected as the keywords of d. As in
Ref. [8], the m ranges from 1 to 20 in experiments.

5 Experiments

5.1 Dataset

To evaluate the performance of our proposed methods for
keyword extraction, we carry out experiments on the
dataset constructed by Wan and Xiao1), which is first used
in Refs. [8,9]. This dataset is based on the new articles in
DUC-2001 [29], which is originally used for document
summarization containing 308 news articles. All the
documents have at least 10 sentences and the average
length is 740 words. These news articles are selected from
Wall Street Journal, AP Newswire, San Jose Mercury
News, Financial Times, LA Times, and FBIS. The
selection balance guarantees that there is no bias of article
styles in keyword extraction.
The manually assigned keywords are all from corre-

sponding documents, and there are at most 10 keywords
for each document. For the dataset, kappa statistic for
measuring inter-agreement among keyword annotators is
reported to be 0.70 [8,9], which guarantees the quality of
the annotation. In this dataset, there are 2488 keywords
assigned for documents. The average keyword number is
8.08 and the average word number per keyword is 2.09.
For learning LDA models, we use Wikipedia, the largest

encyclopedia in the world, as the corpus. Since the articles

in Wikipedia are supposed to compile all human knowl-
edge, we can learn high-quality topic models using
Wikipedia. The Wikipedia dataset comes from the March
2008 snapshot2). After removing those non-article pages
and removing articles shorter than 100 words, we collected
2122618 articles. After tokenization, stop word removal
and word stemming, we build the vocabulary by selecting
20000 words with top document frequency value.
LDA models are learned by taking each Wikipedia

article as a document. Before learning LDA models, we
have to specify topic number K. In the experiments, we
learned several models with different topic numbers, 100,
500, 1000, and 1500, respectively. In evaluating the
methods for keyword extraction, we found that the model
with K = 1000 achieved the best result among different
LDA models. Thus, in demonstrating experiment results,
we only show the results with K = 1000. In practice, the
topic number K of LDA can be specified using cross-
validation techniques on experimental dataset.

5.2 Evaluation metric

For evaluation, the keywords extracted by different
methods are compared with manually labeled keywords.
The words in a keyword should be first reduced to their
base forms for comparison. In this paper, we use the Porter
Stemmer3) to complete the process. The precision, recall
and F-measure are used as evaluation metrics:

p ¼ #correct

#manual
,   r ¼ #correct

#extract
,   F-measure ¼ 2pr

pþ r
, (20)

where #correct, #manual, and #extract are the number of
correct extracted keywords, manually assigned keywords,
and total extracted keywords, respectively. The evaluation
metrics are widely used in keyword extraction task [1,7–
9,20,30].
As shown in Refs. [8,9], the performance of keyword

extraction is not sensitive to the window size for building
graphs. In the following experiments, we simply set the
window size to 10.

5.3 Evaluation results — Biased-PageRank

In this section, we demonstrate the influence of prior
knowledge under the framework of Biased-PageRank
compared to PageRank. There are two parameters in
Biased-PageRank, damping factor l and trust ratio μ.
In Figs. 1(a)–1(c), we show the precision, recall, and F-

measure of Biased-PageRank with different damping
factor l. Here, the trust ratio is simply set to μ = 1.0.
Since each document has at most 10 keywords, the number
of keywords is set to m = 10. We can see that, except

1) The dataset could be accessed from the homepage of Xiaojun Wan. http://wanxiaojun1979.googlepages.com.
2) The snapshot of Wikipedia can be accessed from http://en.wikipedia.org/wiki/Wikipedia_database.
3) The package could be accessed from http://tartarus.org/~martin/PorterStemmer/.
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Fig. 1 Performance of Biased-PageRank on precision, recall, and F-measure with different damping factor l (trust ratio μ = 1.0) and
different trust ratio μ (damping factor l= 0.85). The number of extracted keywords is set to m = 10. (a) Precision versus l (μ = 1.0); (b)
recall versus l (μ = 1.0); (c) F-measure versus l (μ = 1.0); (d) precision versus μ (l = 0.85); (e) recall versus μ (l = 0.85); (f) F-measure
versus μ (l = 0.85)
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KL-divergence using LDA, other measures of prior
knowledge outperform PageRank in precision, recall, and
F-measure. Among these measures, the improvement of
tfidf with lower l and query likelihood using LDA with
higher l are more significant.
Figures 1(d)–1(f) demonstrates the precision, recall, and

F-measure of Biased-PageRank with different trust ratio μ.
Since most prior knowledge achieve good performance
when damping factor l is between 0.8 and 0.9, here the
damping factor is set to l= 0.85 and the number of
keywords is m = 10. Since there is no trust ratio in
PageRank, the results of PageRank are unchanged when μ
is changing. From the figures, we find that both tfidf and
query likelihood using LDA obtain more significant
improvement. Moreover, tfidf is sensitive to different
values of trust ratio, while query likelihood is more stable
as trust ratio changes. By investigating the value distribu-
tions of prior knowledge within a document in descending
order, we notice that the distribution of query likelihood is
steeper, and there are many zero values for those out-
vocabulary words. On the contrary, tfidf has a smoother
distribution. Therefore, query likelihood is not as sensitive
as tfidf when trust ratio is growing large.
Based on above analysis, we conclude that Biased-

PageRank with three types of prior knowledge all outper-
form traditional PageRank for keyword extraction.
In DiffusionRank, there are also two parameters: the

diffusion factor γ and trust ratio μ. In Fig. 2, we
demonstrate the results with different values of trust ratios
when γ = 0.5 and γ = 2.0.
As described in Sect. 2.3, the diffusion factor γ indicates

the diffusion speed of heat. When γ = 0.5, heat diffuses
slowly, and the ranking results are thus more relative to
initial input values. When γ = 2.0, heat diffuses faster, and
the results are thus more relevant to word graph topology.
In extreme cases, when γ!+1, heat will diffuse
immediately, and DiffusionRank becomes into PageRank,
the ranking results of which are independent of initial input
values.
From the figures, we find that, when γ is small, i.e.,

γ = 0.5, most ranking results underperform traditional
PageRank, except for tfidf. When γ is larger, i.e., γ = 2.0,
as used in Ref. [14], the ranking results are more relevant to
word graph topology and have similar performance to
Biased-PageRank with l= 0.85. From Figs. 2(d)–2(f), and
Figs. 1(d)–1(f) we can find the similar performance
between DiffusionRank with γ = 2.0 and Biased-PageRank
with l= 0.85.
In Fig. 3, we compare the performance of PageRank and

DiffusionRank with tfidf knowledge when extracting
different number of keywords, from m = 1 to m = 20.
Here, the parameters of DiffusionRank are set to obtain the
best results, that is, the trust ratio μ = 0.1 and the diffusion
factor γ = 0.5. From the figure, we can see that the
performance of DiffusionRank for keyword extraction is
always better than PageRank, especially when the number

of keywords m ranges from 2 to 10. Moreover, the
improvement of DiffusionRank compared to PageRank on
precision is larger than recall.
In Table 1, we demonstrate the best results of PageRank

and DiffusionRank when the number of extracted key-
words is m = 10. For DiffusionRank, the best result is
obtained when using tfidf measure by setting the trust ratio
μ = 0.1 and the diffusion factor γ = 0.5.
The best results of DiffusionRank outperform PageRank

with about 2% improvement. As we have mentioned
above, it is hard for keyword extraction to make a gold
standard, and even different annotators may assign
different keywords to the same document. Therefore,
although the absolute value of improvement is small, it
does not indicate that the improvement is not remarkable.
Furthermore, DiffusionRank provides a flexible mechan-
ism to incorporate prior knowledge by leveraging the
diffusion factor γ.

5.4 Combine prior knowledge with neighborhood
knowledge

In Refs. [8,9], Wan and Xiao proposed to use a small
number of nearest neighbor documents to provide more
knowledge to improve single document keyword extrac-
tion, which achieved great improvement. In this section,
we investigate how to combine prior knowledge with
neighborhood knowledge.

5.5 Algorithm description

We use the neighborhood knowledge for keyword
extraction as described in Refs. [8,9]. Given a specified
document d0, its nearest neighbors are found by comparing
the similarities of other documents with d0. In Refs. [8,9],
the similarity simdoc(di, dj) between di and dj is computed
using the widely used cosine measure and the term
weighting method is tfidf. Using the tfidf values of the
words in the document, each document can be represented
as a vector wd . Then, the similarity simdoc(di, dj) can be
defined as the normalized inner product of the two term
vectors:

simdocðdi,djÞ ¼
wdi$wdj

wdi

�� ���� ��� wdj

��� ������ ���: (21)

Using the cosine measure to compute the pairwise
similarity between d0 and the documents in the corpus, we
can choose h documents with largest similarity values as
the nearest neighbors of d0. d0 and the h documents form
the expanded document set Dd0 of d0.
Based on the expanded document set, the word graph is

also built according to the co-occurrence relationship.
However, the co-occurrence counts in different documents
have different weights, i.e., the similarities with d0 of that
documents. Thus, the weight between vi and vj is computed
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Fig. 2 Performance of DiffusionRank on precision, recall, and F-measure versus different trust ratio μ. The number of extracted
keywordsm = 10 and the diffusion factor γ = 0.5 and 2.0. (a) Precision (γ = 0.5); (b) recall (γ = 0.5); (c) F-measure (γ = 0.5); (d) precision (γ
= 2.0); (e) recall (γ = 2.0); (f) F-measure (γ = 2.0)
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as follows:

w vi,vj
� � ¼ X

dp 2Dd0

simdoc d0,dp
� �� countdp vi,vj

� �
, (22)

where countdpðvi,vjÞ is the count of the co-occurrences
between the words vi and vj in document dp, and
simdocðd0, dpÞ is the similarity factor to reflect the confi-
dence for using document dp as the expanded document.
After building word graph using neighborhood knowl-

edge, we can apply graph-based ranking algorithms to
extract keywords as described in Sect. 4. As reported in
Refs. [8,9], the best results were obtained when selecting
about 5 neighbor documents for expanded document set.
Therefore, we set the neighbor number to 5. However, with
the same reason mentioned in Sect. 5.1, although we
implement the algorithm described in Refs. [8,9], we did
not obtain the same evaluation results reported in Refs.
[8,9]. Therefore, we compare the performance based on
our implementation instead of what is reported in Refs.
[8,9].
Besides building word graphs based on neighborhood

knowledge, we can also compute some prior knowledge
of words based on neighborhood knowledge. For
example, we compute the tfidf values by considering the
expanded document set as a large document. However, for

position-based and semantic-based knowledge, the neigh-
borhood knowledge is not helpful. Therefore, when
combined with neighborhood knowledge, the frequency-
based prior knowledge perform the best compared to other
prior knowledge. The experiment results are shown as
follows.

5.6 Experiment results

In DUC-2001 dataset, the news articles are categorized
into 30 document sets. Each set has between 3 and 20
documents, with an average of 10 documents, and is on the
same news event or topic. Therefore, although the whole
dataset is not large, there exist nearest neighbors of high
quality for each document. In experiments, we select 5
nearest neighbors for each document as neighborhood
knowledge. In Table 2, we demonstrate the results of
PageRank and DiffusionRank with neighborhood knowl-
edge when the number of extracted keywords is m = 10.
The results of Biased-PageRank are obtained when prior
knowledge is tfidf, damping factor is l= 0.2, and trust
ratio is μ = 0.2. While the results of DiffusionRank are
obtained when prior knowledge is tfidf, trust ratio is μ = 0.1
and diffusion factor is γ = 0.5, which is similar to the
settings when there is no neighborhood knowledge shown
in Table 1.

With Fig. 4, we demonstrate the performance of
PageRank and DiffusionRank with neighborhood knowl-
edge on precision, recall, and F-measure of different
number of extracted keywords. In this figure, we also show
the results of PageRank without neighborhood knowledge
for comparison. From the table, we can see prior knowl-
edge play similar improvement as neighborhood knowl-
edge. Compared to the results with only prior knowledge,
the combination of prior knowledge and neighborhood
knowledge gains more improvement, with more than 2%
improvement compared to PageRank with only neighbor-
hood knowledge and more than 5% improvement
compared to traditional PageRank.

6 Conclusions and future work

In this paper, for the first time, we propose to use
DiffusionRank to incorporate prior knowledge of words

Fig. 3 Performance of DiffusionRank with tfidf measure on
precision, recall, and F-measure with different numbers of
extracted keywords. The trust ratio μ = 0.1 and the diffusion factor
γ = 0.5

Table 1 Results of PageRank and DiffusionRank on total correct

extracted keywords, precision, recall, and F-measure when the number of

extracted keywords is m = 10

method correct precision recall F-measure

PageRank 744 0.243 0.300 0.269

Biased-PageRank 791 0.259 0.319 0.286

DiffusionRank 793 0.259 0.320 0.287 Table 2 Results of PageRank and DiffusionRank with neighborhood

knowledge on total number of correct extracted keywords, precision,

recall, and F-measure when the number of extracted keywords is m = 10

method correct precision recall F-measure

PageRank 818 0.268 0.330 0.296

Biased-PageRank 881 0.288 0.355 0.318

DiffusionRank 885 0.290 0.357 0.320
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into graph-based methods for keyword extraction. Experi-
ment results show that prior knowledge can help graph-
based methods for keyword extraction. Moreover, by
combining prior knowledge with neighborhood knowledge
together for keyword extraction, we achieve the highest
precision, recall, and F-measure across all compared
methods. Similar to PageRank for keyword extraction,
our proposed method is easy for implementation and also
does not require any training.
In this paper, we only investigate the isolated contribu-

tions of several prior knowledge for graph-based keyword
extraction. Initial experiments indicate that naive linear
combination among various prior knowledge does not help
for graph-based methods. We plan to find a good
combination of several prior knowledge to improve
graph-based ranking methods. Some supervised methods
using training set may be adopted to obtain the combina-
tion of various knowledge.
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