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Abstract. With the rapid growth of user-generated content on the internet, senti-
ment analysis of online reviews has become a hot research topic recently, but due 
to variety and wide range of products and services, the supervised and domain-
specific models are often not practical. As the number of reviews expands, it is  
essential to develop an efficient sentiment analysis model that is capable of ex-
tracting product aspects and determining the sentiments for aspects. In this paper, 
we propose an unsupervised model for detecting aspects in reviews. In this model, 
first a generalized method is proposed to learn multi-word aspects. Second, a set 
of heuristic rules is employed to take into account the influence of an opinion 
word on detecting the aspect. Third a new metric based on mutual information 
and aspect frequency is proposed to score aspects with a new bootstrapping itera-
tive algorithm. The presented bootstrapping algorithm works with an unsuper-
vised seed set. Finally two pruning methods based on the relations between  
aspects in reviews are presented to remove incorrect aspects. The proposed model 
does not require labeled training data and can be applicable to other languages or 
domains. We demonstrate the effectiveness of our model on a collection of prod-
uct reviews dataset, where it outperforms other techniques. 
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1 Introduction 

In the past few years, with the rapid growth of user-generated content on the internet, 
sentiment analysis (or opinion mining) has attracted a great deal of attention from 
researchers of data mining and natural language processing. Sentiment analysis is a 
type of text analysis under the broad area of text mining and computational intelli-
gence. Three fundamental problems in sentiment analysis are: aspect detection, opi-
nion word detection and sentiment orientation identification [1-2].  

Aspects are topics on which opinion are expressed. In the field of sentiment analy-
sis, other names for aspect are: features, product features or opinion targets [1-5]. 
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Aspects are important because without knowing them, the opinions expressed in a 
sentence or a review are of limited use. For example, in the review sentence “after 
using it, I found the size to be perfect for carrying in a pocket”, “size” is the aspect for 
which an opinion is expressed. Likewise aspect detection is critical to sentiment anal-
ysis, because its effectiveness dramatically affects the performance of opinion word 
detection and sentiment orientation identification. Therefore, in this study we concen-
trate on aspect detection for sentiment analysis. 

Existing aspect detection methods can broadly be classified into two major ap-
proaches: supervised and unsupervised. Supervised aspect detection approaches re-
quire a set of pre-labeled training data. Although the supervised approaches can 
achieve reasonable effectiveness, building sufficient labeled data is often expensive 
and needs much human labor. Since unlabeled data are generally publicly available, it 
is desirable to develop a model that works with unlabeled data. Additionally due to 
variety and wide range of products and services being reviewed on the internet, su-
pervised, domain-specific or language-dependent models are often not practical. 
Therefore the framework for the aspect detection must be robust and easily transfera-
ble between domains or languages. 

In this paper, we present an unsupervised model which addresses the core tasks ne-
cessary to detect aspects from review sentences in a sentiment analysis system. In the 
proposed model we use a novel bootstrapping algorithm which needs an initial seed 
set of aspects. Our model requires no labeled training data or additional information, 
not even for the seed set. The model can easily be transform between domains or 
languages. In the remainder of this paper, detailed discussions of existing works on 
aspect detection will be given in section 2.Section 3 describes the proposed aspect 
detection model for sentiment analysis, including the overall process and specific 
designs. Subsequently we describe our empirical evaluation and discuss important 
experimental results in section 4. Finally we conclude with a summary and some fu-
ture research directions in section 5. 

2 Related Work 

Several methods have been proposed, mainly in the context of product review mining 
[1-14]. The earliest attempt on aspect detection was based on the classic information 
extraction approach of using frequently occurring noun phrases presented by Hu and 
Liu [3]. Their work can be considered as the initiator work on aspect extraction from 
reviews. They use association rule mining (ARM) based on the Apriori algorithm to 
extract frequent itemsets as explicit product features, only in the form of noun phras-
es. Their approach works well in detecting aspects that are strongly associated with a 
single noun, but are less useful when aspects encompass many low-frequency terms. 
The proposed model in our study works well with low-frequency terms and uses more 
POS patterns to extract the candidates for aspect. Wei et al. [4] proposed a semantic-
based product aspect extraction (SPE) method. Their approach begins with  
preprocessing task, and then employs the association rule mining to identify candidate 
product aspects. Afterward, on the basis of the list of positive and negative opinion 
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words, the semantic-based refinement step identifies and then removes from the set of 
frequent aspects possible non-product aspects and opinion-irrelevant product aspects. 
The SPE approach relies primarily on frequency- and semantic-based extraction for 
the aspect detection, but in our study we use frequency-based and inter-connection 
information between the aspects and give more importance to multi-word aspects and 
aspects with an opinion word in the review sentence. Somprasertsri and Lalitroj-
wong’s [8] proposed a supervised model for aspect detection by combining lexical 
and syntactic features with a maximum entropy technique. They extracted the learn-
ing features from an annotated corpus. Their approach uses a maximum entropy clas-
sifier for extracting aspects and includes the postprocessing step to discover the  
remaining aspects in the reviews by matching the list of extracted aspects against each 
word in the reviews. We use Somprasertsri and Lalitrojwong’s work for a comparison 
to our proposed model, because the model in our study is completely unsupervised. 

Our work on aspect detection designed to be as unsupervised as possible, so as to 
make it transferable through different types of domains, as well as across languages. 
The motivation is to build a model to work on the characteristics of the words in re-
views and interrelation information between them, and to take into account the influ-
ence of an opinion word on detecting the aspect. 

3 Aspect Detection Model for Sentiment Analysis 

Figure 1 gives an overview of the proposed model used for detecting aspects in sen-
timent analysis. Below, we discuss each of the functions in aspect detection model in 
turn. 

Model: Aspect Detection for Sentiment Analysis
Input: Reviews Dataset 
Method: 

Extract Review Sentences 
FOR each sentence 

Use POS Tagging 
Extract POS Tag Patterns as Candidates for Aspects 

END FOR 
FOR each candidate aspect 

Use Stemming 
Select Multi-Word Aspects 
Use a Set of Heuristic Rules 

END FOR 
Make Initial Seeds for Final Aspects 
Use Iterative Bootstrapping for Detecting Final Aspects 
Aspect Pruning 

Output: Top Selected Aspects 

Fig. 1. The proposed model for aspect detection for sentiment analysis 
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3.1 Candidate Generation 

In this paper we focus on five POS (Part-Of-Speech) tags: NN, JJ, DT, NNS and 
VBG, where they are the tags for nouns, adjectives, determiners, plural nouns and 
verb gerunds respectively [15]. Additionally stemming is used to select one single 
form of a word instead of different forms [16]. Based on the observation that aspects 
are nouns, we extract combination of noun phrases and adjectives from review sen-
tences. We use several POS patterns introduced in table 1. 

Table 1. Heuristic combination POS patterns for candidate generation 

Description Patterns 
Combination of nouns Unigram to four-gram of NN and NNS 

Combination of nouns and adjectives Bigram to four-gram of JJ, NN and NNS 
Combination determiners and adjectives Bigram of DT and JJ 

Combination of nouns and verb gerunds 
(present participle) 

Bigram to trigram of DT, NN, NNS and 
VBG 

3.2 Multi-Word Aspects 

In the review sentences, some aspects that people talk about have more than one sin-
gle word, “battery life”, “signal quality” and “battery charging system” are examples. 
This step is to find useful multi-word aspects from the reviews. A multi-word aspect 
is represented by  …  where  represents a single-word contained in , 
and  is the number of words contained in . In this paper, we propose a generalized 
version of FLR method [17, 18] to rank the extracted multi-word aspects and select 
the importance ones. FLR is a word scoring method that uses internal structures and 
frequencies of candidates. The FLR for an aspect  is calculated as:                                                    (1) 

Where  is the frequency of aspect , or in the other words it is number of the 
sentences in the corpus which  is appeared, and  is  score of aspect  which 
is defined as a geometric mean of the scores of subset single words as: …                                           (2) 

The left score  of each word  of a target aspect is defined as the number of 
types of words appearing to the left of , and the right score   is defined in the 
same manner. An LR score for single word  is defined as:                                                      (3) 

The proposed generalization of the FLR method is on the definition of two parame-
ters:  and . We change the definitions to give more importance to the  
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aspects with more containing words. In the new definition, in addition to the frequen-
cy we consider position of  in aspect . For the score  of each word  of a 
target aspect, we not only consider a single word on the left of , but we consider if 
there is more than one word on the left. We assign a weight for each position, that this 
weight is equal to one for the first word on the left, is two for the second word and so 
on. We define the score  in the same manner. In addition, we apply the add-one 
smoothing to both of them to avoid the score being zero when  has no connected 
words. 

3.3 Heuristic Rules 

With finding the candidates, we need to move to the next level, aspect identification. 
For this matter we start with heuristic and experimentally extracted rules. Below, we 
present Rule #1 and Rule #2 for the aspect detection model. 

Rule #1: Remove aspects which there are no opinion words with in a sentence. 
Rule #2: Remove aspects that contain stop words. 

3.4 Unsupervised Initial Seed Set 

In this function we focus on selecting some aspects from the candidates as seed set 
information. We introduce a new metric named A-Score, which selects the seed set in 
an unsupervised manner. This metric is employed to learn a small list of top aspects 
with a complete precision. 

3.5 A-Score Metric 

Here we introduce a new metric, named A-score which uses inter-relation information 
between words to score them. We score each candidate aspect with A-score metric 
defined as:  ∑ log , 1                             (4) 

Where  is the current aspect,  is the number of the sentences in the corpus 
which  is appeared, ,  is the frequency of co-occurrence of aspect  and in 
each sentence.  is th aspect in the list of seed aspects, and  is number of sentences 
in the corpus. The A-Score metric is based on mutual information between an aspect 
and a list of aspects, in addition it considers frequency of each aspect. We apply the 
add-one smoothing to the metric, so all co-frequencies be non-zero. This metric helps 
to extract more informative aspects and more co-related ones. 

3.6 Iterative Bootstrapping Algorithm for Detecting Aspects 

Iterative bootstrapping algorithm focuses on to learn final list of aspects from a small 
number of unsupervised seed set information. Bootstrapping can be viewed as an 



 An Unsupervised Aspect Detection Model for Sentiment Analysis of Reviews 145 

 

iterative clustering technique which in each iteration, the most interesting and valua-
ble candidate is chosen to adjust the current seed set. This technique continues until 
satisfying a stopping criterion like a predefined number of outputs. The important part 
in an iterative bootstrapping algorithm is how to measure the value score of each can-
didate in each iteration. The proposed iterative bootstrapping algorithm for detecting 
aspects is shown in figure 2. In this algorithm we use A-score metric to measure the 
value score of each candidate in each iteration. 

Algorithm: Iterative Bootstrapping for Detecting Aspects
Input: Seed Aspects, Candidate Aspects 
Method: 

FOR each candidate aspect 
Calculate A-Score 
Add the Aspect with Maximum A-Score to the Seed Aspects 

END FOR 
Copy Seed Aspects to Final Aspects 

Output: Final Aspects 

Fig. 2. The proposed iterative bootstrapping algorithm for detecting aspects 

From figure 2, the task of the proposed iterative bootstrapping algorithm is to en-
large the initial seed set into a final list of aspects. In each iteration, the current ver-
sion of the seed set and the list of candidate aspects are used to find the value score of 
A-Score metric for each candidate, resulting one more aspect for the seed set. Finally, 
the augmented seed set is the final aspect list and the output of the algorithm. 

3.7 Aspect Pruning 

After finalizing the list of aspects, there may exist redundant selected ones. For in-
stances, “Suite” or “Free Speakerphone” are both redundant aspects, while “PC Suite” 
and “Speakerphone” are meaningful ones. Aspect pruning aims to remove these kinds 
of redundant aspects. For aspect pruning, we propose two kinds of pruning methods: 
Subset-Support Pruning and Superset-Support Pruning. We extracted these methods 
based on the experiment studies in our research. 

Subset-Support Pruning 
As we can see from table 1, two of the POS patterns are “JJ NN” and “JJ NN NN”. 
These patterns extract some useful and important aspects like “remote control” or 
“optical zoom”, but there are some redundant and meaningless aspects regarding to 
these patterns. Aspects like “free speakerphone” or “rental dvd player” are examples, 
while subset of them “speakerphone” or “dvd player” are useful aspects. This step 
checks multi-word aspects that start with an adjective (JJ POS pattern), and removes 
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those that are likely to be meaningless. In this step we remove the adjective part for 
aspects and then check a threshold if the second part is meaningful. 

Superset-Support Pruning 
In this step we remove redundant single word aspects. We filter single-word aspects 
which there is a superset ones of them. “Suite” or “life” are both examples of these 
redundant aspects which “PC Suite” or “battery life” are superset meaningful ones.  

4 Experimental Results 

In this section we discuss the experimental results for the proposed model and pre-
sented algorithms. We employed datasets of customer reviews for five products for 
our evaluation purpose (available at http://www.cs.uic.edu/~liub/FBS/sentiment-
analysis.html#datasets). This dataset focus on electronic products: Apex AD2600 
Progressive-scan DVD player, Canon G3, Creative Labs Nomad Jukebox Zen Xtra 40 
GB, Nikon Coolpix 4300, and Nokia 6610. Table 2 shows the number of manually 
tagged product aspects and the number of reviews for each product in the dataset. 

Table 2. Summary of customer review dataset 

Dataset Number of reviews 
No. of  

manual aspects 

Canon 45 100 

Nikon 34 74 

Nokia 41 109 

Creative 95 180 

Apex 99 110 

4.1 Comparative Study 

In our evaluation, after preprocessing and extracting the candidates, we score each 
multi-word aspect with the generalized FLR method and select those with the score 
higher than the average, and then we merge single-word and multi-word aspects in a 
list. Heuristic rules are then employed for the whole list of single and multi-word 
aspects to take into account the influence of an opinion word on detecting the aspect 
and remove useless aspects. 

Finding an appropriate number of good seeds for bootstrapping algorithm is an im-
portant step. In our experiments we used A-score metric to extract automatically the 
seed set. We have experimented with different numbers of seeds (i.e., 5, 10, 15 and 
20) for iterative bootstrapping, and found that the best number of the seeds is about 10 
to 15. Therefore seeds were automatically chosen for iterative bootstrapping  
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algorithm, and the stopping criterion is defined when about 70 to 120 aspects have 
been learned. For the subset-support pruning method we set the threshold 0.5. In su-
perset-support pruning step if an aspect has a frequency lower than three and its ratio 
to the superset aspect is less than experimentally threshold set one, it is pruned. Table 
3 shows the experimental results of our model at three main steps described in section 
3, Multi-word aspects and heuristic rules, Iterative bootstrapping with A-Score and 
Aspect pruning steps.  

Table 2. Recall and precision at three main steps of the proposed model 

Dataset 
Multi-word aspects and 

heuristic rules 

Iterative boot-
strapping with A-

Score

Aspect 
pruning 

Precision    
Canon 26.7 75.0 83.1 
Nikon 28.4 69.8 87.5 
Nokia 23.9 73.5 79.0 

Creative 14.8 79.2 88.9 
Apex 19.3 78.8 82.0 

    
Recall    
Canon 85.7 74.0 70.1 
Nikon 82.4 72.5 68.6 
Nokia 84.1 72.5 71.0 

Creative 78.9 59.2 56.3 
Apex 74.6 65.1 65.1 

Table 3 gives all the precision and recall results at the main steps of the proposed 
model. In this table, column 1 lists each product. Each column gives the precision and 
recall for each product. Column 2 uses extracted single-word aspects and selected 
multi-word aspects based on generalized FLR approach and employing heuristic rules 
for each product. The results indicate that extracted aspects contain a lot of errors. 
Using this step alone gives poor results in precision. Column 3 shows the correspond-
ing results after employing Iterative bootstrapping algorithm with A-Score metric. We 
can see that the precision is improved significantly by this step but the recall drops. 
Column 4 gives the results after pruning methods are performed. The results demon-
strate the effectiveness of the pruning methods. The precision is improved dramatical-
ly, but the recall drops a few percent. 

We evaluate the effectiveness of the proposed model compared with the ben-
chmarked results by [4]. Wei et al. proposed a semantic-based product aspect extrac-
tion (SPE) method and compared the results of the SPE with the association rule  
mining approach (ARM) given in [3]. The SPE technique exploits a list of positive 
and negative adjectives defined in the General Inquirer to recognize opinion words 
semantically and subsequently extract product aspects expressed in customer reviews. 
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Table 3. Experiment results of comparative study 

 ARM SPE Proposed model 
Product Precision Recall Precision Recall Precision Recall 

Canon 51.1 63.0 48.7 75.0 83.1 70.1 
Nikon 51.0 67.6 47.4 75.7 87.5 68.6 
Nokia 49.5 57.8 56.5 72.5 79.0 71.0 

Creative 37.0 56.1 44.0 65.0 88.9 56.3 
Apex 51.0 60.0 52.4 70.0 82.0 65.1 

Macro avg. 47.9 60.9 49.8 71.6 84.1 66.2 

Micro avg. 46.1 59.9 48.6 70.5 83.6 66.2 

 
Table 4 shows the experimental results of our model in comparison with SPE and 

ARM techniques (the values in this Table for ARM and SPE come from the results in 
[4]). Both the ARM and SPE techniques employ a minimum support threshold set at 
1% in the frequent aspect identification step for finding aspects according to the asso-
ciation rule mining. 

From Table 4, the macro-averaged precision and recall of the existing ARM tech-
nique are 47.9% and 60.9% respectively, whereas the macro-averaged for precision 
and recall of the SPE technique are 49.8% and 71.6% respectively. Thus the effec-
tiveness of SPE is better than that of the ARM technique, recording improvements in 
macro-averaged precision and recall. However, our proposed model outperforms both 
benchmark techniques in precision, achieving a macro-averaged precision of 84.1%. 
Specifically, macro-averaged precision obtained by the proposed model is34.3% and 
36.2% higher than those reached by the existing ARM technique and SPE, respective-
ly. The proposed model reaches to a macro-averaged recall at 66.2%, where improves 
the ARM by 5.3%, but it is about 5.4% less than SPE approach. When considering the 
micro average measures, we observe similar results to those we obtained by using 
macro average measures. 

It is notable that we observe a more substantial improvement in precision that in 
recall with our proposed model and techniques. Observing from Table 4, our model 
makes significant improvements over others in all the datasets in precision, but in 
recall SPE has better performance. For example, our model records 36.2% and 34.3% 
improvements in terms of macro-averaged precision over the ARM and SPE tech-
niques respectively, and 37.5% and 35% improvements in terms of micro-averaged 
precision. However, the proposed model achieves an averagely higher recall than the 
ARM technique but a slightly lower recall than the SPE technique. One reason is that 
for the iterative bootstrapping algorithm we limit number of output aspects between 
70 and 120 aspects, therefore the precision for the output will be better than the recall, 
another reason for low recall is that of our model only works in detecting explicit 
aspects from review sentences. 

Figure 3 shows the F-score measures of different approaches using different  
product datasets. In all five datasets, our model achieves the highest F-score. This  
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indicates our unsupervised model is effective in extracting correct aspects. We can 
thus draw the conclusion that our model is superior to the existing techniques, and can 
be used in practical settings, in particular those where high precision is required. 

 

Fig. 3. F-scores of ARM, SPE, and the Proposed model for each dataset 

This comparative evaluation suggests that the proposed model, which involves fre-
quency-based and inter-connection information between the aspects and gives more 
importance to multi-word aspects and uses the influence of an opinion word in the 
review sentence, attains better effectiveness for product aspect extraction. The exist-
ing ARM technique depends on the frequencies of nouns or noun phrases for the as-
pect extraction, and SPE relies primarily on frequency- and semantic-based extraction 
of noun phrases for the aspect detection. For Example, our model is effective in de-
tecting aspects such as “digital camera” or “battery charging system”, which both 
ARM and SPE are failed on extraction of these non-noun phrases. Additionally, we 
can tune the parameters in our model to extracts aspects with less or more words, for 
example aspect “canon power shot g3” can be finding by the model. Finally, the re-
sults show using a completely unsupervised approach for aspect detection in senti-
ment analysis could achieve promising performances. 

As mentioned before, the proposed model is an unsupervised domain-independent 
model. We therefore empirically investigate the performance of using a supervised 
technique for aspect detection in comparison to the proposed model. We employ re-
sults of a supervised technique from Somprasertsri and Lalitrojwong’s work [8]. They 
proposed an approach for aspect detection by combining lexical and syntactic features 
with a maximum entropy model. Their approach uses the same data set collection of 
product reviews we experimented on. They extract the learning features from the 
annotated corpus of Canon G3 and Creative Labs Nomad Jukebox Zen Xtra 40 GB 
from customer review dataset. In their work, the set of data was split into a training 
set of 80% and a testing set of 20%. They employed the Maxent version 2.4.0 as the 
classification tool. Table 5 shows the micro-averaged precision, micro-averaged recall 
and micro-averaged F-score of their system output in comparison to our proposed 
model for the Canon and Creative datasets. 
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Table 4. Micro-averaged precision, recall and F-score for supervised maximum entropy and 
our unsupervised model 

 Precision Recall F-score 

Maximum entropy model 71.6 69.1 70.3 
Proposed model 85.5 63.5 72.9 

 
Table 5 shows that for the proposed model, the precision is improved dramatically 

by 13.9%, the recall is decreased by 5.6% and the F-score is increased by 2.6%. 
Therefore our proposed model and presented algorithms outperforms the Sompra-
sertsri and Lalitrojwong’s model. The significant difference between our model and 
theirs is that they use a fully supervised structure for aspect detection, but our pro-
posed model is completely unsupervised and domain independent. Although in most 
applications the supervised techniques can achieve reasonable effectiveness, but pre-
paring training dataset is time consuming and the effectiveness of the supervised 
techniques greatly depends on the representativeness of the training data. In contrast, 
unsupervised models automatically extract product aspects from customer reviews 
without involving training data. Moreover, the unsupervised models seem to be more 
flexible than the supervised ones for environments in which various and frequently 
expanding products get discussed in customer reviews. 

5 Conclusions 

This paper proposed a model for the task of identifying aspects in reviews. This mod-
el is able to deal with two major bottlenecks, domain dependency and the need for 
labeled data. We proposed a number of techniques for mining aspects from reviews. 
We used the inter-relation information between words in a review and the influence of 
an opinion word on detecting an aspect. Our experimental results indicate that our 
model is quite effective in performing the task. In our future work, we plan to further 
improve and refine our model. We plan to employ clustering methods in conjunction 
with the model to extract implicit and explicit aspects together to summarize output 
based on the opinions that have been expressed on them.  
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