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Abstract. Web users have published huge amounts of opinions about
services in blogs, Web forums and other review friendly social websites.
Consumers form their judgements to service quality according to a vari-
ety of service aspects which may be mentioned in different Web reviews.
The research challenge is how to extract service aspects from service re-
lated Web reviews for conducting automatic service quality evaluation.
To address this problem, this paper proposes four different methods to
extract service aspects. Two methods are unsupervised methods and
the other two methods are supervised methods. In the first method,
we use FP-tree to find frequent aspects. The second method is graph-
based method. We employ state-of-the-art machine learning methods
such as CRFs (Conditional Random Fields) and MLN (Markov Logic
Network) to extract service aspects. Experimental results show graph-
based method outperforms FP-tree method. We also find that MLN per-
forms well compared to other three methods.
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1 Introduction

Consumers are used to browsing online service related reviews and like to com-
pare service quality of different service providers before making purchasing de-
cisions in recent years. It is common for Web uses to publish Web reviews to
describe a variety of service aspects of services due to convenient facilities of
Web based service providers such as tripadvisor1 .

Service quality evaluation plays a very important role in traditional service
management. Service quality has five dimensions [1] : reliability, responsiveness,
assurance, empathy and tangibles. In this paper, we try to extract five dimensions
related service aspects. Each dimension has different aspects. For example, in
tangible dimension includes aspects: the appearance of physical facilities, equip-
ment, and also other tangible evidence of the care and attention to detail that
are exhibited by service providers. For instance, in the sentence “The bathroom
is great.”, “bathroom” is a service aspect.

The research challenge is how to extract service aspects from service reviews
in order to conduct automatic service quality evaluation. To address this issue,
1 http://www.tripadvisor.com
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this paper proposes four different methods to extract service aspects. The first
two methods are unsupervised methods and the last two methods are supervised
methods. In the first method, we use FP-tree [2] to find frequent aspects. The
second method is graph-based method. We employ CRFs (Conditional Ran-
dom Fields) [3] and MLN (Markov Logic Network) [4] as the third and the
fourth methods. Experimental results show graph-based method outperforms
FP-tree [2] based method. We also found MLN performed well compared to
other three methods.

There are several potential applications based on extracted service aspects.
For instance, we can find what service aspects may affect purchasing behav-
iors of customers. And what service aspects make customers feel good or bad.
We can also summarize reviews uses sentences containing the most important
aspects. It is possible to rank the helpfulness of the reviews according to the ex-
tracted aspects. In service management research field, researchers usually design
questionnaires or surveys to find the gap between customer expectations and
perceptions. However, how to design proper questionnaires or surveys becomes
a big challenge, because the designer needs to know what service aspects are
important for most of customers. Efficient service aspect extraction methods are
promising for survey design.

2 Related Work

Few publications focus on service aspect extraction. However, there are extensive
research work focusing on product feature extraction. Hu and Liu’s work [5] is
early effort to summarize product opinions through association mining. Liu [6]
proposed an opinion mining system to do feature-based opinion mining. In [5]
and [6], nouns and noun phrases were used as product features. There are also
some research focusing on implicit feature extraction, such as [7]. However, our
work focuses on explicit service aspects only. Popescu et al. [8] introduced an
unsupervised information extraction system, namely OPINE which parses the
reviews and applies a simple pronoun-resolution module to the parsed data. It is
not clear whether OPINE can been applied to service aspect extraction or other
languages. Since our work only adopts shallow language processing techniques,
the proposed methods are quite general and can be applied to other languages
easily.

3 Service Aspect Extraction

Service aspect extraction is the first step toward further service opinion mining
in our work. In this section, we show four methods to extract service aspects
respectively. The first two methods are unsupervised methods, and the last two
methods are supervised methods using CRFs and MLN to extract service as-
pects. In this work, service aspects are nouns and noun unit (consecutive nouns)
that are related service quality evaluation. For example hotel, room, breakfast,
staff, location, etc. are all service aspects. We judge whether nouns or noun units
are service aspects by humans.
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3.1 Association Mining Based Aspect Extraction

Hu and Liu’s work [5] is the early effort for feature-based product opinion min-
ing using association mining algorithm Apriori [9]. Hu and Liu [5] believed when
people comment on product features, the words that they use converge. Be-
cause most of service aspects are nouns or noun phrase, intuitively Hu and Liu’s
approach [5] can also be applied to our data set. In this paper, we take hotel
industry as an example to extract service aspects. However, a sentence can have
opinions about several service aspects and not every aspect is explicit. An aspect
is explicit, if the service aspect words or phrases appear in the sentence. In this
work, we only consider to extracting explicit service aspects.

3.2 Aspect Extraction Based on Conditional Random Fields

Conditional Random Fields (CRFs) [3] is used widely in sequence labeling. It
is a framework for building probabilistic models to segment and label sequence
data based on undirected graphical models. CRFs are also been applied in open
information extraction [10] as well as POS tagging and phrase chunking. Suppose
input data sequence is X and the label sequence is Y , then the joint distribution
of Y given X is

p(y|x) ∝ exp(
∑

e∈E,k

λkfk(e, y|e, x) +
∑

v∈V,k

μkgk(e, y|v, x)), (1)

where, x is a data sequence, y a label sequence. Function fk and gk are feature
functions which can acquire from training data, and y|S is the set of components
of y associated with the vertices in subgraph S. To obtain labeled data for CRFs,
in this method, the beginning noun of a noun phrase is labeled as B-A, other
sequential nouns are labeled as B-I . A training example for CRFs is as Fig. 1
shown.

Fig. 1. A label sequence example for CRFs

3.3 Graph-Based Service Aspect Extraction

We use terms of sentences to construct directed graph. In order to simplify the
process, we adopt a simple arc generation rule to generate graphs for service
review. The rule is simple:

Arc Generation Rule. If two terms in a sentence, for example term A and
term B are consecutive, term A is term B’s left neighbor, and if there is no arc
from term A to term B, then an arc is generated from term A to term B.

All service reviews in the data set will generate a directed graph, namely
term-tag graph. Nodes in such a directed graph are terms which are extracted



Extracting Service Aspects from Web Reviews 323

according to POS (Part-of-Speech) tags of sentences, and a tag is a attribute of
a node. Each node is corresponding with one distinct term. It is obvious that
even for the same term, it is possible that the term can have different POS
tags due to the characteristics of natural languages. In this method, a node in
a generated graph can have one tag attribute. If a term has more than one
kind of tag, the tag with the most frequency will become the tag attribute of
the node. For instance, the word good may have different POS tags in terms of
different context. In the sentence “He is a good man”, the word good is labeled
as ADJ . However, in the sentence “I knew it was no good to say anything”, the
word good is a noun and should be labeled as NN . In our data set, because the
frequency of tag ADJ is much bigger than the frequency of tag NN for the term
good, the tag attribute of the term node of good is ADJ . In the opinion mining
field, nouns and noun phrases are often used as candidate features or aspects.
Intuitively, a major service aspect may be mentioned in different reviews and
may have more in-links from other nodes or out-links to other nodes. Based on
this observation, we use PageRank algorithm PageRank [11] on our constructed
term-tag graph to rank all the terms. We then select noun or noun phrase terms
as extracted service aspects according to their rankings. We consider the service
aspect ranking problem as finding the top K most influential nodes in a term-tag
graph. Let G be directed term-tag graph. The term ranking process is a random
surfer process. Matrix A is the adjacency matrix or stochastic transition matrix
of G which has n nodes. Let P is a n-dimensional column vector of aspect-opinion
rank values:

P = (p1, p2, ..., pn)T (2)

Matrix A is the adjacency matrix with

Aij =
{

1
Oi

if(i, j) ∈ E,

0 otherwise
(3)

where Oi is the out-degree of node i. Node i can be a term. We can iterate to
obtain rank values of all nodes them using

P = (1 − d)e + dAT P (4)

where d ∈ (0, 1), d is a damping factor, and e is a column vector of all 1’s. In
our experiments, d is 0.85. For a random surfer in the graph, it has d probability
to follow an out-link of the node and (1 − d) probability to jump to a random
node. Fig. 2 is a term-tag example graph.

3.4 Aspect Extraction Base on MLN (Markov Logic Network)

Markov Logic Network (MLN) [4] combines first-order logic and probabilistic
graphical models. A MLN can be viewed as a template for constructing Markov
Random Fields,

P (X = x) =
1
Z

exp〈
∑

i

wini(x)〉 =
1
Z

∏

i

φi(xi)ni(x), (5)



324 J. Hao, S. Li, and Z. Chen

Fig. 2. A term-tag example

where ni(x) is the number of true groundings of Fi in X , xi is the state (true
values) of atoms appearing in Fi. In this method, a term is classified into two
classes: aspect class and non-aspect class using MLN.

Table 1 contains all predicates that are used by MLN. For instance,
isSeqNV A(x, y) means term x and term y are in a subsequence of a tag sequence
of a sentences. The tag sequence is < NP, V P, ADJP >. After we construct
MLN, we can answer probabilistic queries such as isAspect(x) which means the
probability of x is a service aspect. In this work, if we get p(isAspect(x)) > 0.5,
then we deem that x is a service aspect.

Table 1. Predicates and Their Descriptions

Rule Description

isAdj(x) X is an adjective.

isNon(x) X is a noun.

isModifier(x,y) X is a modifier of y.

isSeqNVA(x,y) X and y are in the sequence of < NP, V P, ADJP >.

isInNPPhrase(x) X is in NP phrase.

MLN needs to employ some logic formulas to work. These formulas are shown
as follows.

∀x(isNon(x) ∧ isAdj(y) ∧ isModifier(x, y)) → isAspect(x)
∀x(isNon(x) ∧ isAdj(y) ∧ isSeqNBA(x, y)) → isApsect(x)

∀x(isNon(x) ∧ ¬isInNPPhrase(x) → ¬isAspect(x)
∀x(isNon(x)) → ¬isAdj(x)

∀x(isAdj(x)) → ¬isAspect(x)

4 Experiments

4.1 Experiments with Aspect Extraction

Our data set contains 500 reviews that are uniformly randomly sampled from
the global data set without replacement. The global data set contain about 25
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Table 2. Data Set Description

Method Precision Recall F-Score

Pure Noun 0.4174 0.9024 0.5708

NP Noun 0.6172 0.4059 0.4898

thousands reviews crawled from Triadvisor2 . The labeled data set contains 500
reviews and it has been segmented into 4545 sentences. The number of distinct
labeled aspects is 1706 and they are distributed in 3421 sentences. These aspects
are judged by humans. The work of labeling service aspect is labor intensive and
time consuming. We also use OpenNLP3 to get all the Part-of-Speech tags for
the sentences. Noun and noun phrase can be used as features [5]. Table 2 shows
some results of using Pure Noun and NP Noun as service aspects. Pure Noun
means we only consider nouns only. NP Noun means we use nouns in noun
phrases only. We can see if we use pure noun as service aspects, the precision is
only 0.4174. NP Noun has higher precision but lower recall.

Because the graph-based method and FP-tree method are unsupervised meth-
ods, and the CRFs method and MLN method are supervised methods, in order
to make comparison, graph-based method and FP-tree method only use test data
set to extract service aspects in our experiments. The same as [5], this work uses
support value 0.01 to extract product features. For instance, in Fig. 3a, when
training fraction is 0.2, graph-based method only extracts aspects from the test
data set with fraction of 0.8. In our experiments, we adopt 0.01 as our support
value for FP-tree. For the graph-based method, we first use FP-tree on test data
set with support 0.01 to get the number of extracted aspect, namely K, than we
select K ranked aspects generated from graph-based method. However, CRFs
method and MLN method are supervised machine learning methods and need
training data set to work. We adopt CRF++4 for labeling sequential data.

Fig. 3a shows the precision distributions of different methods. Graph-based
method performs best. However, CRFs method performs worst. With the in-
crease of training fraction, the precision also increases except for MLN method.
Fig. 3b illustrates distributions of recall of four methods. We can see CRFs based
method perform better than MLN method. MLN method has good performance
when the training fraction less than 0.6. Fig. 4 shows distributions of f-score
of our methods. In this case, FP-tree has the worst performance when training
fraction greater than 0.4. F-score of CRFs based method increases with the in-
crease of training fraction. When the training data fraction is less than 0.7, MLN
method has the best performance.

2 http://www.tripadvisor.com
3 http://www.opennlp.org
4 http://crfpp.sourceforge.net/
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Fig. 3. Precision and recall distributions
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Fig. 4. F-Score distributions

5 Conclusions and Future Work

This work focuses on service aspect extraction. We propose four methods to con-
duct service aspect extraction. In the first method, we use FP-tree to find frequent
aspects. The second method is graph-based method. We employ CRFs (Condi-
tional Random Fields) and MLN (Markov Logic Network) as the third and the
fourth methods. For measuring extraction precision, experimental results show
graph-based method outperforms FP-tree based and other two methods in almost
all cases. MLN method performs well in measuring extraction recall. In measuring
F-score of service aspect extraction, We also find MLN outperforms other three
methods when the fraction of training data set is less than 0.7. In the future, we
will continue our research work toward automatic service quality evaluation based
on extracted service aspects.
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