Cluster Comput (2016) 19:1475–1487
DOI 10.1007/s10586-016-0616-3

A multi-level text representation model within background
knowledge based on human cognitive process for big data analysis
Xiao Wei1,2 · Jun Zhang3 · Daniel Dajun Zeng1 · Qing Li4

Received: 31 March 2016 / Revised: 3 August 2016 / Accepted: 4 August 2016 / Published online: 18 August 2016
© Springer Science+Business Media New York 2016

Abstract Text representation is part of the most fundamental work in text comprehension, processing, and search.
Various kinds of work has been proposed to mine the semantics in texts and then to represent them. However, most
of them only focus on how to mine semantics from the
text itself, while few of them take the background knowledge into consideration, which is very important to text
understanding. In this paper, on the basis of human cognitive process, we propose a multi-level text representation
model within background knowledge, called TRMBK. It is
composed of three levels, which are machine surface code,
machine text base and machine situational model. All of them
are able to be constructed automatically to acquire semantics both inside and outside of the texts. Simultaneously, we
also propose a method to establish background knowledge
automatically and offer supports for the current text comprehension. Finally, experiments and comparisons have been
presented to show the better performance of TRMBK.
Keywords Text comprehension · Background knowledge ·
Text representation · Human cognitive process · Surface
code · Text base · Situational model · Semantics
This paper is an extended version of the paper presented on the 12th
IEEE International Conference on Cognitive Informatics and
Cognitive Computing.
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1 Introduction
As the Web enters Big Data age, human kinds are more likely
to read and share information on the Web. Faced with the
huge amount of news, blogs, micro-blogs shared every day,
we are much easier to be lost than ever before. So it has
become an urgent issue for us to process and comprehend
the online textual information automatically and efficiently
[32]. It is noteworthy that in text comprehension, processing
and search, one of the most fundamental research problems is
text representation, which can be used in a lot of areas, including recommendation [1], semantic search [2], e-learning [3],
Web mining [4], Web services [5] and et al.
Up to now, various kinds of work on text representation
have been carried out [30]. In this paper, we divided much
work into four types, including statistic models [6,7], cognition based models [8,9], probability topic models [10–12]
and ontology based models [13–15]. From the analysis of the
above four kind models, it is apparent that nearly all of them
only consider the semantics in text itself while background
knowledge, which is quite helpful to text comprehension, is
almost ignored.
Compared with machine, human beings have distinct
advantages on the text understanding, such as high accuracy, high efficiency, self-learning, low energy consumption,
etc., all of which benefit from the human cognitive process.
Among the characteristics of human cognitive process, the
multi-level abstract and background knowledge are noticeable ones. Taking advantage of the multi-level abstract of
text, human beings can use the text in different semantic
granularity in different application scenarios. Based on the
background knowledge, human beings can understand a new
text or an uncertain semantic text. All above characteristics
of human cognitive process can be used to improve the ability
of understanding machine text.
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Thus, according to human cognitive process, this paper
proposes a multi-level text representation model within background knowledge, called TRMBK, to deal with this situation.
TRMBK is composed of three levels, including machine surface code (MSC), machine text base (MTB) and machine
situational model (MSM), all of which are able to be constructed automatically, and with which semantics both inside
and outside of a text can be captured.
The contributions of this paper are as follows:
(1) Base on the Kinstch’s cognitive theories, this paper proposes a three-level text representation model, named
TRMBK, which can represent a text efficiently.
(2) This paper implements the interactions between background knowledge and the current textual semantics,
which are very important for machines to have a better
understanding of a text.
(3) This paper applies the TRMBK model to a semantic
search engine, which illustrates the effectiveness of the
proposed TRMBK model.
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models have a solid foundation of mathematics, but most
of them are involved in a high computational complexity.
Although the knowledge from training set can be considered as part of background knowledge, there is no additional
semantics (background knowledge) added into the text itself.
Moreover, because of the high complexity, such models are
also not suitable to be used in the dynamic and large-scale
Web environment.
Ontology based models include ontology inference layer
(OIL) [13], web ontology language (OWL) [14] and simple
html ontology extensions (SHOE) [15], etc. These models
are carrying abundant semantics as they are constructed with
plenty of manual annotations. However, due to their demands
on manual annotations, ontology based models cannot be
established automatically so that they are also not suitable to
be applied into the dynamic and largescale Web environment.

3 Main framework of text representation model
with background knowledge
3.1 Background of human cognitive process

The rest of this paper is organized as follows. Related work is
discussed in Sect. 2. Section 3 presents the main framework
of the proposed TRMBK. Sections 4 and 5 focus on how to
construct the three levels, which are MSC, MTB and MSM.
Section 6 gives evaluations to show the better performance of
TRMBK. Section 7 illustrates TRMBK on a semantic search
engine. Finally, conclusion is given in Sect. 8.

2 Related work
Plenty of work on text representation has been carried out
which can be divided into four types: statistic models, cognition based models, probability topic models and ontology
based models.
Statistic models include vector space model (VSM) [6],
and latent semantic indexing (LSI) [7], etc. The advantage
of such models is their ability of being constructed automatically while the disadvantage is that they obtain lower
semantics, let alone the background knowledge.
Cognition based models include element fuzzy cognitive map (EFCM) [8] and power series representation model
(PSR) [9], etc. This kind of models has richer semantics than
statistic models and can also be constructed automatically.
However, all the semantics obtained from these models are
from the text itself. There will be more spaces for them to
acquire deeper semantics if they take background knowledge
into account.
Probability topic models include probabilistic latent semantic indexing (PLSI) [10], latent Dirichlet allocation (LDA)
[11] and author-recipient-topic model (ART) [12], etc. Such
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When mapping text processing (by machine) to human cognitive process, text representation can be seen as the memory
process in brain. So it will be much helpful for machineoriented text comprehension if we can figure out the process
that describes how human kinds obtain and memorize semantics.
Among the theories of cognitive psychology, there are
abundant research achievements on human memory system, including dualistic mode [16], adaptive control of
though-rational (ACT-R) model [17], and learning intelligent distribution agent (LIDA) model [18], etc. To our best
understanding, the most classic memory division contains
three parts, which are sensory memory, short-term memory
or working memory, and long term memory [19,20]. Among
the three working memory [20] is an important place to
process semantics As shown in Fig. 1, the purple areas represent long-term memory, which is similar to background
knowledge. The visuospatial sketchpad and phonological
loop are used to store on-processing semantics. Through
the interaction between on-processing semantics and longterm memory (background knowledge), humans are able to
process superficial semantics into deep semantics. So it can
be seen that background knowledge makes great contributions to the understanding of a text for humans and machines
as well.
Beside the achievements on human memory system, there
are also many cognitive scientists working on human reading
process. A well-known three level architecture was proposed
by Kinstch [21] to represent the discourse in mind while
we were reading. The three levels include surface code, text
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Fig. 1 The multi-component working memory revision in [20]

base and situational model [21]. Surface code is used to represent the exact words or phrases in sentences; Text base
not only represents a series of propositions but also contains
some inferences for constructing local coherences; Situational model is used to represent the micro world constructed
by the interaction between the current text and background
knowledge. These three levels are very helpful for us to construct the text representation in machine “mind” so as to make
the machine understand the semantics in texts better and then
be likely to provide better Web services for human kinds.

All the three levels in TRMBK are illustrated in Fig. 2, in
which different shapes refer to different kinds of words in
texts (for example, the stars refer to nouns or noun phrases
and the triangles refer to verbs) and the shapes painted in
black means that these knowledge points are from background knowledge while the ones painted in white means
they are from the current text. From Fig. 2, it is easier to
understand the meanings of the three levels. Machine surface
code (MSC) is used to collect features of words or phrases,
such as location, term frequency and document frequency,
etc. Machine text base (MTB) contains two processes: one
is to construct association relations, which are in correspondence to the propositions in human mind; and the other is to
integrate those association relations into a semantic network
[29,31], which reflects texts’ local coherence. The two levels of MSC and MTB are used to acquire the semantics in
the text itself. Contrarily, machine situation model (MSM)
acquires the semantics not only in the text itself but also
in background knowledge, which plays an important part in
text comprehension. MSM is built on the interactions between
the current semantics (e.g., MSC and MTB) and background
knowledge. Based on MSM, machines are able to have a better understanding of texts.
According to the different sources of knowledge, the following sections will divide the constructions of TRMBK
into two steps: the first discusses the constructions of MSC
and MTB and the second focuses on the constructions of
background knowledge and MSM. Through the following
discussions, it can be seen that TRMBK is constructed automatically and is suitable to be applied into the dynamic and
largescale Web environment.

3.2 Main framework of TRMBK
Through the investigation of those cognitive psychology theories, we’ve had a concrete idea of human cognitive process.
However, there is still a big gap between cognitive science
and computer science as most of the theories in the former
are hardly able to be implemented by the latter. But they are
capable of giving helpful suggestions to design the mind of
computers. In this paper, the idea of TRMBK comes from
Kinstch’s theories [21].
In correspondence to the three-level architecture in human
mind [21], we propose a text representation model called
TRMBK to represent the current semantics during machine
reading process. Given a text Ti , its current semantic representation is described as follows,
TRMBK (Ti )  (MSCi , MTBi , MSMi )

(1)

where MSC means machine surface code, MTB means
machine text base, MSM means machine situational model
and the subscript i refers to the text T i.

4 Constructions of machine surface code and
machine text base in TRMBK
4.1 Construction of machine surface code
It has been mentioned in former sections that the level of surface code in human mind is used to memorize the exact words
or syntax in sentences When mapping this level to machine
mind we think this level should be able to collect features of
words or phrases, such as location, term frequency and document frequency, etc. So we give the following formalization
of MSC,
MSC  (, A, F, R A , R F )

(2)

where Σ is a set of words/phrases in the current text, A is a
set of attributes of words/phrases (e.g. noun, verb, adjective,
adverb and et al.), F is a set of features of words/phrases (e.g.
term frequency), R A is a mapping from Σ to A and R F is a
mapping from Σ to F.

123

1478

Cluster Comput (2016) 19:1475–1487

Fig. 2 The main framework of
TRMBK

Accordingly, it is apparent that, to build MSC, POS (part
of speech) tools need to be first used to acquire the attributes
of words/phrases and obtain other features of them with statistical methods. In this paper, we mainly consider three kinds
of features, which are term frequency, document frequency
and the value of TF-IDF proposed in [6].
Through acquiring the attributes and features of words/
phrases in texts, it is possible for a machine to have a shallow
comprehension of the text. In addition, the construction of
MSC will provide a basic support for the other two upper
levels’ constructions.

4.2 Construction of Machine Text Base
Text base in human mind is used to represent local coherences
with the help of a series of propositions and inferences. When
projecting it to machine mind, we’d like to use association
relations between words to represent the local coherences.
The formalization of machine text base (MTB) is given as
follows,
M T B  (N , R N )

(3)

where N is a set of nouns/noun phrases in texts and R N is a
set of association relations between nouns/noun phrases.
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Herein, we only consider the relations between nouns/noun
phrases since they contain much more semantics than other
kinds of words. Through the association relations, it is possible for machines to have a micro understanding of the text.
In this paper, we adopt traditional association rule mining
method [22] to discover the association relations between
nouns/noun phrases. And we use sliding window to generate
transaction set, which is an important part in mining association rules. For example, as shown in Fig. 3, the size of
sliding window is 9, which means that one sliding window
contains 9 words/phrases, and the sliding step is 1, which
refers to the interval between two adjacent sliding windows.
Based on sliding windows, the detailed algorithm of acquiring association relations for MTB is given as follows.
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ABCDEFDGESCC, VETEDSWRR. SFSDFERSFSD, FSDFSDFSD.
FFEFZXFES.

Transaction Set
Trans1: ABCDEFDGE
Trans2: BCDEFDGES
ĂĂ

Association Rules

Transn: FFEFZXFES

Fig. 3 An example of sliding window (each character in this figure
denotes a word or phrase)

work can be constructed, which reflects the local coherence
of a text.
Based on MSC and MTB, it is possible for machines to have
a micro view of a text. Both of them provide a strong support
for building MSM, which is capable of offering machines a
macro view of a text. The next section will make specific
discussions on this issue.

5 Constructions of background knowledge and
machine situational model in TRMBK
5.1 Construction of background knowledge
Information stored in background knowledge makes it possible for us to experience the past and use that information
to process the present. Thus, the existence of background
knowledge is really important to human’s everyday life.
Similarly, before constructing the level of machine situation
model, we need to establish the background knowledge first.
Taking MSC and MTB into consideration, we give background knowledge a similar formalization as follows,
B K  (N, RN )
Algorithm 1 is composed of two stages. The first stage,
from step 4 to step 11, generates all pairs of nouns and forms
the candidate set of association rules. The second stage,
from step 12 to step 18, calculates the support degree and
confidence degree of each candidate association rule in the
candidate set. Finally, the association rules, whose support
and confidence degrees are bigger than the given thresholds,
are selected as the final association rules.
Through Algorithm 1, we are able to automatically acquire
association relations between nouns/noun phrases. Through
the integration of these association relations, a semantic net-

(4)

where N is a set of nouns/noun phrases belonging to the same
domain and RN is a set of association relations on N.
The texts belonging to the same domain form the set of
domain texts which include the general knowledge of this
domain. If the number of the domain texts is large enough,
the set of domain texts could include the entire background
knowledge of this domain. The algorithm of constructing
background knowledge based on a given set of domain texts
is presented as follows.
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With the help of the background knowledge, the following work, constructing machine situational model, is able to
be carried out. It makes machines possible to have a more
comprehensible way to understand texts.
5.2 Construction of machine situational model
According to aforementioned analysis, through the interactions between the current text and background knowledge,
situational model is constructed to represent the micro world
in human mind. With this consideration, the construction of
machine situational model (MSM) should be involved with
the interactions between the current semantics (MSC and
MTB) and related background knowledge (BK).
To explain MSM more specifically, we first introduce the
formalization of MSM, which is shown as below,


M S M  N ∗ , R ∗N , N ∗ ⊆ N ∪ N, R ∗N ⊆ R N ∪ RN

Algorithm 2 is similar to Algorithm 1, which also includes
two stages, step 4-15 and step 16-22. Specially, the second stages of two algorithms are extremely similar. While
the first stages of two algorithms are different. In the first
stage of Algorithm 2, each text can be seen as a sliding window of Algorithm 1. Compared with the sliding window in
Algorithm 1, a text is much longer and may include many
nouns/noun phrases. We just use the words, which can represent the meaning of the text better, to mine the association
relations. We use the following method to select these feature words. Before mining the association relations between
nouns/noun phrases, we first calculate the values for each
noun/noun phrase and then choose the top ten (or top n) of
them. The algorithm we choose to evaluate word scores is
TF-IDF, which is proposed in [6]. Based on these selected
nouns/noun phrases, association relations that reflect the
domain knowledge/background knowledge can be obtained.
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(5)

where N ∗ is a set of nouns/noun phrases that appear both in
the current text and background knowledge, and R ∗N is a set
of association relations upon N ∗ .
Different from MSC and MTB, the aim of MSM is to provide the semantics that is not contained in the current text
but is necessary for the understanding of the text with the
help of background knowledge. For example, when reading
a book about the principle of general relativity, we’ll fail to
understand it without the background knowledge of Calculus
in mathematics.
Thus, here’s a question needing to be answered first: what
kind of knowledge is necessary for the comprehension of the
current text? In this paper, we propose a condition for identifying whether the current text needs further explanation,
which is shown as the following,



 


(∀n i ∈ N ) ∃n j ∈ N n i , n j ∈ R N ∨ n j , n i ∈ R N
(6)
This condition means that, a text needs supplementary
semantics if there has a noun/noun phrase being unable to be
connected to any others. In another words, if there is isolated
nouns/noun phrases in the current text, they possibly need to
be further explained through related background knowledge.
Based on this idea, the algorithm of constructing MSM is
proposed as follows.
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6 Evaluations
6.1 Evaluation methodology
Though it is easy for us to identify whether a set of words
or relations is suitable to describe the semantics in a text, it
becomes much harder for us to directly verify the correctness
of each text in a large scale environment. Moreover, to the
best of our knowledge, there are no direct ways to evaluate the
efficiency of a text representation model. Therefore, in this
paper, we’d like to indirectly evaluate our proposed model
through the effectiveness of clustering. The well-known clustering method, K-means [23] is selected by us and cosine
similarity is used to compute the similarities between texts,
which is shown as follows,
s 




CosineSimilarit y Ti , T j = 

f ik × f jk



k=1
s


k=1

  s

 2
f ik2 ×
f jk
k=1

(7)

Algorithm 3 first tests if the input text needs further explanation (step 3) according to Equation (6). If it is, the algorithm
forms the set of nouns/noun phrases, N ∗ , which appears
both in the current text and background knowledge. At the
same time, all association relations related to the nouns/nouns
phrases in N ∗ are added into the set R ∗N , which is realized
by the algorithm from step 4-22.
As is shown above, the inputs of Algorithm 3 are MTB
and background knowledge while the output is the result of
the interactions between them, which we call MSM in this
paper. MSM makes it possible for machines to have a more
macro view of a text. Thus, through combining MSC, MTB
and MSM together, machines are able to understand a text in
not only a micro but a macro view, both of which lead to a
much deeper comprehension of the text. And this is what the
proposed model, TRMBK can do. Through the construction
of TRMBK, such applications as recommendation, semantic
search and e-learning can be carried out.

where f ik means the weight of the k th feature in text Ti , and
s means the total number of features. It is noteworthy that
the feature here includes two aspects: words and association
relations.
In addition, the way we use to measure the effectiveness
of clustering is F-measure, which is composed of accuracy
and recall. All of them are defined as follows,
Pr ecision = t p/(t p + f p)

(8)

Recall = t p/(t p + f n)

(9)

F−measur e = 2Pr ecision · Recall/(Pr ecision+Recall)
(10)
where tp refers to the number of true positives, i.e., the number of texts correctly assigned to the right domain; fp is the
number of false positives, i.e., the number of texts incorrectly
assigned to the right domain; fn is the number of false negatives, which means the number of texts not being assigned
to the right domain but should have been.
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Through the above measures we are able to estimate the
clustering results for each domain. Furthermore, through the
average of the above measures, it is possible for us to evaluate
the effect of our proposed model.
6.2 Data set
All the data used in this paper are the news articles from
the websites of www.reuter.com, VOA, and BBC, which are
famous portal websites. To carry out the clustering evaluations, we crawled 5000 articles from five domains, including
capital news, sports news, environment news, health news
and internet news articles. Besides, in order to construct
background knowledge for each domain, we crawled totally
50,000 news articles, including 1000 ones in each domain.
Based on the above data set, the following experiments
are carried out to show the performance of TRMBK.

Table 2 Evaluations on
different supports under the
same confidence = 0.5

Support

F-Measure

0.21

0.78609

0.22

0.78622

0.23

0.78712

0.24

0.78712

0.25

0.78802

0.26

0.78709

0.27

0.78413

0.28

0.78403

0.29

0.78403

0.30

0.78403

Bold value indicates the best
result

6.3 Parameter selection
As is discussed in Sect. 4, when association relations between
nouns/noun phrases are mined, there are several parameters
needed to be fixed first, such as, the length of the sliding
window and the step of the sliding window, etc.
According to Miller’s Law [24], it is pointed out that the
number of objects that an average human can hold in working
memory is seven, plus or minus two. So it can be deduced that
those nouns/noun phrases associated with each other have a
large possibility to stay in a limited space and the size of the
space is probably from 5 to 9.
Based on this hypothesis, the size of the sliding window
will be also considered from 5 to 9. Certainly, the actual
size is set according to experimental results. Herein, we use
the evaluations upon the second level, MTB, to show the
performances of different sizes of sliding windows.
As is shown in Table 1, it is apparent that the clustering
results obtain the best effect when the size of sliding window
Table 1 Evaluations on different sizes and different steps of sliding
windows

Sliding window step = 1

Sliding window step = 5

Bold values indicate the best result
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(Size, step)

F-measure

(5,1)

0.78622

(6,1)

0.76816

(7,1)

0.77844

(8,1)

0.77431

(9,1)

0.77395

(5,1)

0.78622

(5,2)

0.77858

(5,3)

0.72849

(5,4)

0.75434

(5,5)

0.77071

Fig. 4 Comparison among VSM, EFCM and TRMBK under the confidence of 0.5

is set as 5. This result is quite close to the point of Miller
[24] that “the span is around seven for digits, around six for
letters and around five for words”. Besides, Table 1 also gives
the results of different steps of sliding windows. The results
show that when the step is set as 1, the effect of clustering
achieves the best.
Except for the selections of size and step of sliding window, we also present experiments on the selections of the
support and confidence. Table 2 presents part of experimental results, among which, the effect will be the best when
support is set to 0.25. In the same way, 0.5 is the best choice
for confidence, which is not given here so as to avoid the
redundancy.
Based on these experiments, all the parameters for constructing MTB have been fixed. And then the upper level
MSM is able to be better constructed. According to this, the
following comparisons among VSM, EFCM and TRMBK are
carried out.

Cluster Comput (2016) 19:1475–1487
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Fig. 5 The prototype news search engine: KNOWLE. a The graphical interface. b The textual interface

6.4 Comparisons among VSM, EFCM and TRMBK
With respect to the rapid growth of web environment, we
would like to compare the proposed model TRMBK with
the models that can be constructed automatically in this section. In other words, the models like LDA, PLSI, and OWL,
that have a high computational complexity or acquire a lot
of human annotations, will not be applied to comparisons.
Therefore, in this section, we only compare our proposed
model, TRMBK, with vector space model (VSM) and element
fuzzy cognitive map (EFCM).

Based on MTB and background knowledge established
before, MSM for each text can be constructed. Then with the
combination of the three: MSC, MTB and MSM, TRMBK is
able to be obtained.
In this experiment, VSM, EFCM and TRMBK are repeated
on the same dataset. F-measure is use to evaluate the performance of each model. F-measure, as is defined in equation
(10), is a comprehensive evaluation parameter which considers both precision and recall. The experiment on each model
is repeated on different support degrees. In fact, we select 10
different support degrees, which are 0.21, 0.22, 0.23, 0.24,
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Table 3 The description of
KNOWLE database
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Index layer

Webpage layer

Documents #

4,600

9,213,749

Background knowledge Semantic relation #

2,003,876

132,135,421

MTB—word# (average)

50

20

MTB—semantic relation# (average)

96

41

0.25, 0.26, 0.27, 0.28, 0.29 and 0.30. We can not only get the
F-measures on each support but also observe the changing
trend when the support changes.
Figure 4 illustrates the comparisons among TRMBK, VSM
and EFCM under the confidence of 0.5. It is obvious from
Fig. 4 that, the performances of EFCM and VSM are much
closer to each other. When support is set bigger than 0.26, the
lines of EFCM and VSM tend to match together. It is because
when setting support bigger than 0.26, there are hardly is
any association relations in EFCM, in other words, EFCM
has regressed to VSM at this time. And this why they match
together after support is bigger than 0.26. However, with
the help of background knowledge, the performances can
be largely improved as Fig. 4 shows, our proposed model,
TRMBK, which contains background knowledge, performs
much better than EFCM and VSM.
As a result, it can be seen that TRMBK has a good ability in acquiring semantics in texts, especially being used for
clustering. In addition, to some extent, it also proves that
background knowledge is actually important to text comprehension.

7 Applications
From the above analysis, it is evident that TRMBK works
better than VSM and EFCM in representing a document,
which can be used as the foundation of various applications
on documents, such as recommendation, semantic search
and e-learning, etc. In this section, we will test the actual
effectiveness of TRMBK by applying it to a semantic search
system, KNOWLE, which will first introduced in Sect. 7.1.
7.1 KNOWLE
KNOWLE, which is shown in Fig. 5, is a semantic search
engine on news [25,26,28]. KNOWLE is also a modularized
experimental system, which is composed of entire modules
of typical semantic search engines, such as crawl module,
document representation module, semantic index module,
semantic service module, user profile module, and different
service interfaces. In Fig. 5a and b are two different service
interfaces (a) is the graphical interface and (b) is the textual
interface. Specially, KNOWLE is an open system and each
module of KNOWLE can be replaced with a new one freely.
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Topic layer

KNOWLE has gathered, since 2009, popular news webpages of China from the major news websites every day, and
organized these news webpages according to news topics.
The dataset has about nine million news webpages under
some 46,000 news topics, and the description of the dataset
is shown in Table 3.
KNOWLE has a specific multi-level semantic index structure [25,26], shown in Fig. 6, which is three-layered semantic
link network including three semantic granularities (the
terms layer, the webpages layer and the news topics layer)
two semantic dimensions (the associated semantic relation
and the similar semantic relation). In each semantic layer,
the indexed items are organized in semantic link network.
KNOWLE employ Association Link Network (ALN) [27]
and Similar Link Network to organize the semantic relations
of each layer The mappings from the news topics layer to the
webpages layer can be gotten when webpages are clustered
to news topics The mappings from webpages to terms can be
gotten when the keywords are extracted from webpages.

7.2 Apply TRMBK into KNOWLE
To validate the effectiveness of the proposed TRMBK we construct TRMBK-based modules according to the requirement
of KNOWLE and replace the old ones in KNOWLE As a result
we got a new version of KNOWLE equipped with TRMBK
Here we first introduce how to equip TRMBK on KNOWLE
to replace its two modules.
Obviously the second layer in Fig. 6 the webpages layer
consists of webpages Each webpage is a text and can be
presented by TRMBK In fact each topic in the news topics
layer is the set of webpages and can be seen as a ‘big/long’
text which can be also presented by TRMBK.
In the “old” KNOWLE these two layers have already
been represented in EFCM and VSM Here based on the
above considerations we construct the new representation
modules of webpage layer and topic layer using TRMBK
and replace the old ones of KNOWLE with them Totally
KNOWLE has three different document representation modules which are TRMBK-based webpage/topic representation
VSM-based webpage/topic representation and EFCM-based
webpage/topic representation When KNOWLE works on
the basis of the three document representation modules

Cluster Comput (2016) 19:1475–1487
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Fig. 6 The Multi-level
Semantic Index Structure of
KNOWLE [25]

8 Conclusions

Fig. 7 Search Precision Comparison among VSM, EFCM and TRMBK
based on KNOWLE

respectively the effectiveness of search can be recorded and
compared among the three representation modules.
To compare the effectiveness of VSM, EFCM and TRMBK,
we select 10 search tasks randomly and do the search tasks on
KNOWLE equipped with VSM, EFCM and TRMBK respectively. All the results are shown in Fig. 7, which shows that
the TRMBK is better than VSM and EFCM. Obviously VSM
is the worst one because it does not have any semantic relations The EFCM works better than VSM because EFCM has
the semantic relations mined from the text The TRMBK does
the best because TRMBK imports semantic from the background knowledge besides the semantic relation minded from
the text.

In order to make machines understand the semantics in texts
better, this paper proposes a three-level text representation
model, called TRMBK, based on human cognitive process.
The components of TRMBK include machine surface code,
machine text base and machine situational model. Experiments on these three levels have been presented and the
results show a better performance of our proposed model.
Based on this fundamental work TRMBK, a lot of upper level
applications can be carried out, for example, recommendation semantic search and e-learning etc.
For our future study, we’ll spare more efforts in relation
mining and the interactions between background knowledge
and the current semantics. Certainly, we’ll also pay more
attention to the construction of background knowledge so as
to provide more accurate semantics for the current textual
understanding.
Acknowledgments Research work reported in this paper was partly
supported by the Science Foundation of Shanghai under Grant No.
16ZR1435500 and by the National Science Foundation of China under
Grant No. 61562020.

References
1. Li, Q., Wang, J., Chen, Y.P., Lin, Z.: User comments for news
recommendation in forum-based social media. Inf. Sci. 180(24),
4929–4939 (2010)
2. Li, Y., Wang, Y., Huang, X.: A relation-based search engine in
semantic web. IEEE Trans. Knowl. Data Eng. 19(2), 273–282
(2007)

123

1486
3. Gu, X.J., Li, Q., Diao, R.J.: Research of E-learning intelligent
affective model based on BDI agent with learning materials. Adv.
Comput. Sci. Intell. Syst. Environ. 104, 99–104 (2011)
4. Wu, C.J., Chung, J.M., Lu, C.Y., Lee, H.M., Ho, J.M.: Using webmining for academic measurement and scholar recommendation
in expert finding system. IEEE/WIC/ International Conference on
Web Intelligence and Intelligent Agent Technology, pp. 288–291
(2011)
5. Lécué, F., Mehandjiev, N.: Seeking quality of web service composition in a semantic dimension. IEEE Trans. Knowl. Data Eng.
23(6), 942–959 (2011)
6. Salton, G., Wong, A., Yang, C.S.: A vector space model for automatic indexing. Commun. ACM 18(11), 613–620 (1975)
7. Deerwester, S., Dumais, S.T., Furnas, G.W., Landauer, T.K., Harshman, R.: Indexing by latent semantic analysis. J. Am. Soc. Inf. Sci.
41(6), 391–407 (1990)
8. Luo, X., Wei, X., Zhang, J.: Guided game-based learning using
fuzzy cognitive maps. IEEE Trans. Learn. Technol. 3(4), 344–357
(2010)
9. Luo, X., Cai, C., Hu, Q.: Text knowledge representation model
based on human concept learning. IEEE International Conference
on Cognitive Informatics, pp. 383–390 (2010)
10. Hofmann, T.: Probabilistic latent semantic indexing. International
ACM SIGIR Conference on Research and Development in Information Retrieval, pp. 56–73 (1999)
11. Blei, D.M., Ng, A.Y., Jordan, M.I.: Latent dirichlet allocation. J.
Mach. Learn. Res. 3, 993–1022 (2003)
12. Mccallum, A., Wang, X., Corrada-Emmanuel, A.: Topic and role
discovery in social networks with experiments on enron and academic email. J. Artif. Intell. Res. 30(1), 249–272 (2007)
13. Fikes, R., McGuinness, D.L.: An axiomatic semantics for RDF,
RDF schema, and DAML-ONT. Technical Report Knowledge Systems Laboratory, Stanford University, Stanford, CA (2000)
14. http://www.w3.org/TR/owl-features/
15. http://www.cs.umd.edu/projects/plus/SHOE/
16. Waugh, N.C., Norman, D.A.: Primary memory. Psychol. Rev.
72(2), 89–104 (1965)
17. Anderson, J.R., Bothell, D., Byrne, M.D., Douglass, S., Lebiere,
C., Qin, Y.: An integrated theory of the mind. Psychol. Rev. 111(4),
1036–1060 (2004)
18. Snaider, J., Mccall, R., Franklin, S.: The LIDA framework as a
general tool for AGI. International Conference on Artificial General
Intelligence, pp. 793–807 (2011)
19. Atkinson, R.C., Shiffrin, R.M.: Human memory: a proposed system
and its control processes. Psychol. Learn. Motiv. 2, 89–195 (1968)
20. Baddeley, A.: Working memory: looking back and looking forward.
Nat. Rev. Neurosci. 4(10), 829–839 (2003)
21. Kintsch, W., Van Dijk, T.A.: Toward a model of text comprehension
and production. Psychol. Rev. 85(5), 363 (1978)
22. Agrawal, R., Srikant, R.: Fast algorithms for mining association
rules. In: Proceedings of the 20th International Conference on Very
Large Data Bases, pp. 487–499 (1994)
23. Hartigan, J.A.: Clustering Algorithms. Wiley, New York (1975)
24. Miller, G.A.: The magical number seven, plus or minus two: some
limits on our capacity for processing information. Psychol Rev
63(2), 81–97 (1956)
25. Wei, X., Luo, X., Li, Q., Zhang, J.: ExNa: an efficient search pattern
for search engines. International Conference on Web-Age Information Management, pp. 699–702 (2014)
26. Wei, X., Zeng, D.D.: ExNa: an efficient search pattern for semantic
search engines. Concurr. Comput.: Pract. Exp. doi:10.1002/cpe.
3818 (2016)
27. Luo, X., Xu, Z., Yu, J., Chen, X.: Building association link network
for semantic link on web resources. IEEE Trans. Autom. Sci. Eng.
8(3), 482–494 (2011)

123

Cluster Comput (2016) 19:1475–1487
28. Xu, Z., Wei, X., Luo, X., Liu, Y., Mei, L., Hu, C., et al.: Knowle:
a semantic link network based system for organizing large scale
online news events. Futur. Gener. Comput. Syst. 43–44, 40–50
(2015)
29. Xu, Z., Luo, X., Mei, L., Hu, C.: Measuring the semantic discrimination capability of association relations. Concurr. Comput. Pract.
Exp. 26(2), 380–395 (2014)
30. Xu, Z., Liu, Y., Mei, L., Hu, C., Chen, L.: Semantic based representing and organizing surveillance big data using video structural
description technology. J. Syst. Softw. 102, 217–225 (2015)
31. Xu, Z., et al.: Mining temporal explicit and implicit semantic relations between entities using web search engines. Futur. Gener.
Comput. Syst. 37, 468–477 (2014)
32. Kim, S.H., Chung, K.: Emergency situation monitoring service
using context motion tracking of chronic disease patients. Clust.
Comput. 18(2), 747–759 (2015)
Xiao Wei received the BS degree
from the Shandong University
China and the Ph.D. degree from
Shanghai University China all
in computer science. He is currently an Associate Professor
with the Shanghai Institute of
Technology Shanghai China and
the Postdoctoral Researcher with
the Institute of Automation Chinese Academy of Sciences Beijing China. His research interests include web content analysis
semantic search and e-learning.

Jun Zhang received the bachelor degree in 2008 from Shanghai University where he is
currently working towards the
Ph.D. degree in the School of
Computers Currently he is a
research assistant in City University of Hong Kong. His main
research interests include online
word relation discovery knowledge representation topic detection and tracking.

Daniel Dajun Zeng received
his Ph.D. from Carnegie Mellon University. He is a researcher
in the Institution of Automation
Chinese Academy of Sciences.
His main research interests are
web computing agent modelling
and security informatics.

Cluster Comput (2016) 19:1475–1487

1487

Qing Li is a Professor at the
Department of Computer Science City University of Hong
Kong. His current research interests are multimedia and mobile
information retrieval and management dynamic object modeling distributed databases and
data warehousing/mining and
workflow management and web
services.

123

