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ABSTRACT
Research on developing techniques to access user generated
content, and specifically user reviews on different products,
came in the focus of the information research community in
recent past. In particular, this paper addresses the prob-
lem of extracting the features from user comments of a par-
ticular product, taking advantage of a corpus with a semi-
structured format: pros, cons and summary.

In this paper we propose a technique to extract a set of fea-
tures based on user generated pros and cons for a particular
product. Then using this set we test a feature similarity
function to obtain new features from reviews (both from the
pros/cons and from the free text summary) of the same and
other products. Our experimental results have shown inter-
esting conclusions.

General Terms
Feature extraction, opinion mining, feature similarity func-
tion.

1. INTRODUCTION
Information can be broadly classified into two categories;
factoid and opinionated. Factoid information can be ranked
whereas the later cannot be. Opinions or reviews can be
stated as a interpretation of fact by an individual. Thus
every opinion comes with its own subjectivity.

With the explosive growth of the Web, from the last decade,
availability of user generated content increased immensly.
Personal blogs, e-forums, the Yahoo! and Google groups,
Amazon.com and CNet are some examples of this fact. The

last two sources explicitly contain user reviews on different
products. These information sources are real treasure for
companies wanting to understand the impact of their prod-
uct on the end users. These opinions may even influence
the manufacturer to re-design a product to make it more
popular.

Research in developing techniques to access such information
sources automatically and meaningfully came in the focus
of the information research community in recent past. This
area lies on the cross roads of IR and NLP research. Opin-
ion mining research mainly address sentiment classification
and information summarization in different granularity e.g
document or sentence level. Classification of a subjective
document based on its appreciation to a concept, product,
or policy is a new type of text classification problem.

The classification can be assigned at different levels. e.g.,
given a movie review, the system determines whether the
review expresses positive or negative opinion of the reviewer
towards the movie. This is treated as a document classifica-
tion problem and it could be a two-class [12] or multi-class
[10] classification task. In the next level the sentence are
analysed to identify the features of the object and whether
the reviewers have liked or disliked a particular feature of
the object. An object can be a product, a movie, an orga-
nization, a government policy, etc.

Direct comparison of one object with another of similar kind
from the user opinions is gaining popularity [9] e.g., ”which
will be suitable in my case, Intel or AMD?”. Thus qualitative
comparison between two products in a given feature space
or even sometimes ranking an object as the best or worst
among a set of similar products e.g., ”Overall performance
of the Toshiba lap-tops is the best”, is gaining popularity
among the buyers.

Several feature extraction methods are available in the liter-
ature [1, 2, 3, 5, 6, 7, 9, 13, 14]. In this paper we propose a
technique to extract a set of features from pros and cons for
a particular product. Then using this set we test a feature
similarity function to obtain new features from reviews of



the same and other products (both from pros/cons and free
text) . We initially tried SentiWordnet [4], to classify the
polarities, but by manual inspection it was found that Sen-
tiWordnet missed a considerable number of good features.
This motivates us to use word association from the Google
N-grams to populate more features. In a subsequent experi-
ment we tried to extract features from one type of consumer
electronic gadget reviews using features of another type of
similar gadget. Thus an automatic cross-product feature
extraction method is tried and evaluated in this process.

The rest of the paper is organised as follows. The next
section will describe the new corpus, while Section 3 will
focus on the feature extraction process we adopted here. The
cross-product feature extraction and evaluation is given in
the last two sections respectively.

2. CORPUS
We want to persue two long term objectives in opinion min-
ing research. First, to check the consistency between the
written reviews and the user marking process, e.g. the re-
view text may praise a lot but while giving scores the users
might be more conservative. To understand this behavior we
need a corpus with product reviews along with their scores.
Second, to generate text summaries from multiple opinions
about a particular product and to evaluate that summary
with the editor’s written one. This motivates the genera-
tion of a big corpus from online product reviews available
from the web in Format1 [8]. Later, we will supplement the
corpus with the reviews of the same products in Format2.
Format1 has some categories like pros, cons and summaries.
Since we do not intend to find the polarities in this paper,
but to try a new feature similarity function, we constructed
this corpus.

In [11], several publicly available annotated datasets which
can be a source of opinion, sentiment, and subjectivity labels
are described. The most relevant to our task is perhaps, Cus-
tomer review datasets1, where the specific product features
are labeled with an associated polarity (positive or negative
and its strength). Unfortunately this corpus is rather small,
9 products, and it has been manually labeled.

We have chosen CNet as our source of reviews, which in-
cludes user reviews for electronic products. These reviews
are in Format1. In general, the pros and cons are given in a
concise format, in many cases in the form of a list of phrases
separated by comma, or other delimiters. These phrases are
generally in the format: qualifier + product feature. The
polarity of those is implicit, it can be inferred that they are
positive opinions if they are pros, and negative opinions if
they are cons.

2.1 Corpus construction
The corpus construction can be divided into three subtasks:
first, the selection of suitable sites to crawl; second, obtain-
ing the appropriate content from the Web; and third giving
a convenient format to the collection. These tasks are de-
scribed below in further detail. We selected CNet as a source
to get the user reviews. We wanted to take advantage of

1http://www.cs.uic.edu/?.liub/FBS/CustomerReviewData.
zip

Figure 1: Corpus organization. b=brand, pr=price
range, m=model, c=camera and p=cellphone.

the structure of its reviews in Format1 [8]. We selected dig-
ital cameras and cellphones as initial products. For each
product, 186 models were selected, within these 6 brands
and 6 price categories (US$100-US$1200). Table 1 shows
a summary of the distribution of the models in the corpus
according to brands.

Camera Cellphone
Brand #Model Brand #Model
Sony 29 Samsung 46
Panasonic 15 Nokia 21
Nikon 33 Sony Ericsson 7
Kodak 15 Motorola 29
Canon 54 BlackBerry 20
Olympus 11 LG 29
Others 29 Others 34

Table 1: Distribution of models by brands.

The models with at least 10 user reviews, and with the editor
evaluation, were selected. A customized site crawler was de-
veloped for this purpose. Corpus cleaning and re-formatting
follows the crawling. Figure 1 shows the structure of the
data that was collected. One single document in xml format
for each model of camera mci, and cellphone mpj contains
the most relevant information of the product: name, specifi-
cations, editor review, rate, and user reviews, etc. A typical
document of the corpus is shown in Figure 2.

2.2 Analysis of corpus
In this section, we discuss some statistics of the CNet col-
lection, as presented in Table 2. There are almost two times
more reviews for cellphones than cameras, so we selected
the cellphone reviews as the test corpus. Both corpora keep
consistency in size, having in average almost the same num-
ber of words. All reviews have title, and very few do not
have pros or cons. Around 20% of the reviews do not have
a summary.



Figure 2: Sample markup of a review from the col-
lection.

Camera Total # Average # words
#Reviews 6480 144.3
#Titles 6480 5.6
#Pros 6345 14
#Cons 6307 12.5
#Summaries 4928 148.1
Cellphone Total # Average # words
#Reviews 13024 166.5
#Titles 13024 5.6
#Pros 12859 13.7
#Cons 12841 16.2
#Summaries 10994 155.6

Table 2: The main statistics of the collection.

3. FEATURE EXTRACTION
As we have mentioned, in this research we are studying the
problem of extracting the features that customers have ex-
pressed about a particular product, taking advantage of a
corpus with a semi-structured format, or Format1 [8]. The
feature extraction process is performed in three stages:

1. Features are first extracted from the pros and cons
fields of the camera reviews.

2. These preliminary features are used to extract new
candidate features from the summaries of the camera
reviews, selecting those which are similar to the pre-
liminary ones. This task can be seen like extraction
from free text.

3. The final task is done by using the same similarity
function and the features of a particular product (dig-
ital cameras), to extract features in other products
(cellphones).

We used the digital camera reviews as the training corpus,
and the cellphone reviews are used to test this last stage. In
the following sections, each of the mentioned aims will be
described in further detail.

3.1 Feature Extraction from Pros & Cons
Figure 3 shows the architecture of the feature extraction
process from the pros and cons. But first we need to clarify
what is meant by feature.

In previous works [6], the term feature has been used to refer
to those aspects of a product that customers have expressed
opinions on, also called opinion features. In our case, the
term feature is used to refer to those phrases which express
opinion about particular aspects of the product. In other
words, [6] calls camera features things like picture quality,
size, etc.; we call camera features, phrases like: great pic-
ture quality, perfect size, easy to use, etc. These are just
examples of what has been called explicit features[9]. We
also call features implicit descriptions like: fit into pocket,
which refers to size. We do not make the distinction between
explicit and implicit features.

In general, the content of each tag is a list of pros or cons,
respectively. These pros or cons are listed and separated by
delimiters and other enumeration marks. For example, in
Figure 2, we can see the following pros:

<pros> fast, water restistant, compact </pros>

Here we have three pros which are separated by commas. In
order to find those phrases which are probable features, a
parser is used. Once all phrases or probable features are ex-
tracted, their frequency is counted and we focused on those
which many people have provided opinions on. We consider
frequent phrases as the ones with frequency greater or equal
than three. Then, in order to keep just those which are high
quality features, a manual selection process is performed.
Additionally, we extend this initial set of features, explor-
ing the infrequent features (frequency less than three), and
searching for more instances of known features and increas-
ing their frequencies. We also extend the cons using the pros
in a negated way by adding not or no at the beginning. For
example, if easy to use is a known feature in the pros, we
will search its negation, not easy to use, in the infrequent
features.

Finally, part of speech tagging is performed with the final
list of features and their syntactic patterns are also obtained.
For example, patterns like JJ NN and JJ NN NN 2 are in-
cluded in the list of 2-grams and 3-grams respectively since
they are quite common.

3.2 SentiWordNet
We intended to use SentiWordNet3 [4], as a way to deter-
mine the polarity of the new features extracted. We tested
on the features previously extracted from the pros and cons
of digital cameras, which also were manually selected. We
assume that the features extracted from the pros must be
positive and the features from the cons must be negative.

2JJ means adjective and NN noun
3http://sentiwordnet.isti.cnr.it/



Figure 3: Feature Extraction from Pros and Cons.

Table 3 shows the results after using SentiWordNet. Please
note that a considerable percentage of the features are neu-
tral or unknown. Most of the features were not classified
as either positive nor negative, which does not give any
definite answer. Some examples are the following known
pros, which were classified as neutral: huge lcd, large dis-
play, quick startup, quick response, compact design, long
zoom.

Therefore we decided to use it just as a complementary tool,
but it does not have the last word.

Pros Size Positive Negative Neutral Unknown Mixed
1-gram 92 35.87% 9.78% 28.26% 26.09% 0%
2-gram 347 54.18% 5.76% 30.84% 6.92% 2.31%
3-gram 171 52.05% 3.51% 38.60% 4.68% 1.17%
4-gram 35 77.14% 5.71% 17.14% 0% 0%
5-gram 7 71.43% 14.29% 14.29% 0% 0%
Cons Size Positive Negative Neutral Unknown Mixed
1-gram 11 36.36% 27.27% 36.36% 0% 0%
2-gram 93 8.60% 38.71% 47.31% 5.38 0%
3-gram 93 15.05% 31.18% 48.39% 4.30% 1.08%
4-gram 20 15% 40% 40% 5% 0%
5-gram 3 0% 66.67% 33.33% 0% 0%

Table 3: Camera Feature Sentiment according to
SentiWordNet.

3.3 Google-Ngrams
Two resources were constructed from the Google N-grams.
The first one is a term to term similarity matrix which is the
result of learning word associations by mining the coordina-
tion of plurals: Xs and Ys and the coordination of terms X
and Y which have similar endings like: dancing and singing,
connotation and implication, etc. The frequency of these
patterns is used to build a list of term to term similarity,
which together with Wordnet similarity gives a value to the
relation, the format of this list are comma separated values
with the frequency seen as follows:

40. hysterectomy [oophorectomy(91), mastectomy(91), chole-
cystectomy(88), ovariectomy(87), hysterotomy(78), section(43),
abortion(41), comedy(14)] 41. abraham [ibrahim(96), isaac(90),
noah(88), ishmael(87), joseph(87), jacob(86), benjamin(86),
judah(85), graham(45)] 42. isaac [ishmael(91), abraham(90),
jacob(89), benjamin(86), joseph(86), noah(86), associate(1)]

The second resource is an adjective to adjective matrix which
is the result of learning the word associations of the form as
adjective as adjective. In the same way, the frequency is used
together with the Wordnet similarity to give a value to the
relation. The format of this list is the same as the one for
the term to term file.

3.4 Similarity Matrix Construction
As we have mentioned before, in order to extract new fea-
tures, we use a similarity function that helps us to deter-
mine which candidate features are the most similar to the
known features. Figure 4 shows the architecture overview of
the building process of the similarity matrix between known
features and candidate features. The input of the process is
two lists of features with their POS tags and the output is
the similarity matrix among all these features.

Definition (similarity matrix). Let Fc = {fc1, fc2, ..., fcn}
be a set of n known features for digital cameras and let
Fpk = {fpk1, fpk2, fpkt} be a set of t candidate features for
the product pk ∈ P = {c, m}. P is the set of products,
which just contains digital cameras c, and cellphones m.

Let Aij = Sim(fpki, fcj) be a similarity matrix where 0 ≤
Aij ≤ 100, 1 ≤ i ≤ t and 1 ≤ j ≤ n.

The similarity of each candidate feature fpki with each cam-
era feature fcj is calculated with the similarity function Sim,
this function is presented in Section 3.4.1.

Before we can actually compute the similarity matrix some
requirements have to be fulfilled. There are three constraints:

1. The features must have the same number of words. 1-
grams may only be matched with other 1-grams, etc.

2. The features have the same POS. It is only possible to
match noun to noun, verb to verb, adjective to adjec-
tive, etc.

3. The features must share the same polarity or senti-
ment. This is determined with the help of SentiWord-
Net, both have to be positive, negative or neutral, etc.

3.4.1 Similarity Function
Let fi = {w1, w2, ..., wl} and fj = {v1, v2, ..., vl} be features
to compare, they both contain the same number of words
l according to the first constraint. We first construct the
matrix Sst where the similarity of each word ws ∈ fi with
vt ∈ fj is calculated.



Figure 4: Similarity Matrix Construction.

Sst =


sim(ws, vt) if POS(ws) = POS(vt)

and SEN(ws) = SEN(vt)
−∞ if POS(ws) 6= POS(vt)

or SEN(ws) 6= SEN(vt)

where 1 ≤ s, t ≤ l, 0 ≤ sim(ws, vt) ≤ 100 this value comes
from the resources described in Section 3.3. POS is the part
of speech tag of the word and SEN is the sentiment of the
word according to SentiWordNet.

Let Cl
l = {c1, c2, ..., cr} be the set of all possible ways of

matching fi and fj . Each ck is an array of size l, and each
cell contains an element t. For example, if l = 2 that would
mean that both, fi and fj are features of two words (2-
grams). Therefore C2

2 = {c1, c2} where c1 = [1, 2] and
c2 = [2, 1]. These would mean that for c1, w1 matches v1

and w2 matches v2. In the same way for c2, w1 matches v2

and w2 matches v1.

Sim(fi, fj) =
max

(∑
1<k<r
1<s<l

Sst t = ck[s]
)

l

For each combination ck, the sum of the similarities term
to term Sst is calculated. The Sim(fi, fj) is then deter-
mined as the combination ck which maximizes the sum of
the similarities Sst, this value is then divided by the size of
the features l.

3.4.2 Sentiment Computation
We determine sentiment in two different levels: first, the sen-
timent or polarity at the word level, and second, the overall
sentiment of a phrase or feature level. SentiWordNet is used
in both cases. The input is the term or phrase with the
corresponding part of speech tags.

In order to determine the polarity of a term, there is an
issue we have to consider; for a single word SentiWordNet
might have associated many part of speech tags, and many
senses. Because of this we look for all senses of the given
term with the given part of speech. If there are any, we
count how many of these senses are positive, negative and
neutral. There are several cases:

• majority is positive then the term is called positive,

• majority is negative then the term is called negative,

• majority is neutral then the term is called neutral,

• same number of positives and negatives, the term is
called neutral,

• same number of positives and neutrals, the term is
called positive,

• same number of negatives and neutrals, the term is
called negative,

• same number of positives, negatives and neutrals, the
term is called neutral.

• unknown, if SentiWordNet does not contain it.

There are three cases to determine the overall sentiment of a
phrase: first, the polarity of the adjective will be the overall
sentiment of the phrase. If “no” or “not” come before the
adjective, the polarity is inverted, if it was positive, it will
become negative, if it was negative it will become positive,
neutral stays the same. Second, if there is no adjective,
the polarity of the adverb will be the overall sentiment of
the phrase. Finally, if there is no adjective nor adverb, the
polarity of a phrase will be given by its individual terms.
At least the ones which are contained in SentiWordNet. We
count how many positive, negative and neutral there are and
we will have several cases:

• majority is positive then the phrase is called positive,

• majority is negative then the phrase is called negative,

• majority is neutral then the phrase is called neutral,

• mixed if none is outstanding,

• unknown, if SentiWordNet does not contain any.

3.5 POS Tagging
The tagger used in this work is TreeTagger4 [15]. Using this
tagger we parse the content of each field (pros or cons), di-
viding it into sentences and yielding the part of speech tag
for each word together with its base form. TreeTagger also
includes a chunker which identifies groups, like noun chunks
or verb chunks. The output of the TreeTagger chunker looks
like this:

<NC> long JJ battery NN life NN </NC> . SENT

It gives a tag for each word, and the chunks are pointed out
using XML tags, in the example above we are seeing a noun
chunk.

4http://www.ims.uni-stuttgart.de/projekte/corplex/TreeTagger/



Figure 5: Feature extraction from summaries.

3.6 Summary Feature Extraction
Figure 5 shows the process of extracting new features from
the summary fields. The input of this process is the reviews
downloaded for a product, the format of which is shown
in Figure 2. The output is the list of new extracted fea-
tures. Given the input, the first step is to extract the xml
tags that refers to the summaries of all reviews in the train-
ing dataset. These summaries are then passed through a
parser/chunker to extract the sentences, and determine their
syntactic structure, based on the list of syntactic patterns
previously collected for cameras similar to the phrases with
a known syntactic pattern are selected as new candidate fea-
tures. The matching is done in size decreasing order, first
5-gram, then 4-gram and so on. The candidate features list
is reduced, taking into account the polarity of the features.
If it is the case that we are looking for pros, the features
that have a negative sentiment are not taken into account,
and the analogous step is done for cons. Using the similarity
function described in section 3.4, the similarity between the
candidate new features and the known features is computed.
Finally a threshold is set, and just the features which are
over the threshold will be accepted as definite new features.

4. CROSS TRAINING PRODUCT FEATURES
The goal of this investigation is to understand the relation
between features of crossproducts, i.e. using features from
one product to find features in other products. In particular,
we are using the features of digital cameras, to extract cell-
phone features. In this paper, we only focus on extracting
the cellphone features from the pros and cons fields. The use
of the summary fields will be discussed in a future paper.

4.1 Extracting Cellphone Pros and Cons
Figure 6 shows the cellphone feature extraction process which
is done in several steps. The process is quite similar to the
summary feature extraction. The input is the cellphone re-

Figure 6: Feature extraction from cellphone pros
and cons.

Pros Features Size Cons Features Size
1-gram 92 7 kb 1-gram 11 1 kb
2-gram 347 50 kb 2-gram 93 9 kb
3-gram 171 30 kb 3-gram 93 8 kb
4-gram 35 3 kb 4-gram 20 2 kb
5-gram 7 1 kb 5-gram 3 1 kb
6-gram 2 1 kb 6-gram 1 1 kb

Table 4: Initial set of features for digital cameras.

views crawled from the CNet site, which follows the same
format that the one shown in Figure 2. The outputs are the
lists of extracted features (pros and cons). The first step
is, given the input, to extract the xml tags that refers to
the pros and cons fields of all cellphone reviews in the test
dataset. From now on, the process is exactly the same as
the summary feature extraction.

5. EVALUATION
Table 4 shows the number of extracted features from the
pros and cons of digital cameras. The top most selected
camera features can be seen in Table 5.

Unigrams Bigrams Trigrams Fourgrams
Most Frequent Pros

good image stabilization easy to use very easy to use
great great picture ease of use easy to use menu
small small size long battery life very good picture quality
light manual control great picture quality easy to use control
fast great camera lot of feature build like a tank
compact good picture great image quality lot of manual control
thin movie mode great battery life easy to navigate menu
easy lcd screen excellent picture quality easy to use software

Most Frequent Cons
slow low light no image stabilization noise at high iso
big too small no optical zoom only 3x optical zoom
noise shutter lag a little slow noisy at high iso
expensive manual focus short battery life grainy in low light
blurry weak flash no battery meter no battery life indicator
heavy small lcd no manual control no optical view finder
bulky manual control no optical viewfinder poor low light performance

Table 5: Top most frequent features for digital cam-
eras.



5.1 Quality of summary-derived Features
After the similarity matrix is built, an acceptance criterion
or threshold needs to be set to assure the quality of the
features extracted. Table 6 shows how the new features
extracted are distributed when different thresholds are set.
It can be seen that there are big jumps from interval to
interval, which does not tell us anything meaningful about
which threshold we should pick.

Pros Similarity >50 Similarity >60 Similarity >70 Similarity > 80 Similarity > 90
1-gram 339 243 124 55 11
2-gram 1688 1336 945 506 155
3-gram 2698 1537 718 356 100
4-gram 366 256 150 53 19
5-gram 35 25 15 5 4
6-gram 1 1 0 0 0
Cons Similarity >50 Similarity >60 Similarity >70 Similarity > 80 Similarity > 90
1-gram 0 0 1 0 0
2-gram 611 428 291 148 34
3-gram 556 250 47 29 6
4-gram 35 31 23 5 1
5-gram 1 1 1 0 0
6-gram 0 0 0 0 0

Table 6: Summary Feature Distribution according
to Similarity.

To evaluate the quality of the automatically selected features
a manual inspection is performed. Taking into account that
most of the features are concentrated in the 2-grams and 3-
grams, the evaluation was done in just these last two groups.
But first some further filters were applied. SentiWordNet
was used to reduce the number of retrieved features; if we
are looking for pros, just the features explicitly qualified as
positive are accepted, the same for cons, just the features
qualified as negative are accepted. After manually evaluat-
ing it was noticed that most of the eliminated features had
a small frequency, such as the syntactic patterns shown in
Table 7.

Pros Cons
3-grams NN IN NN 3-grams DT NN NN

NN TO VB DT JJ NN
2-grams NN NN 2-grams NN NN

JJ NN DT NN

Table 7: Most common syntactic patterns of elimi-
nated features.

The lists of candidate features (with strict and weak Sen-
tiWordNet) were filtered, those which had any of the given
patterns as a structure and a frequency equal to 1, were
eliminated from the lists. The results of this process are
shown in Figures [7, 8, 9, 10].

Figure 7: 2-grams: pro features from camera sum-
maries. a)Sim+Weak SWN, b)Sim+Strict SWN,
c)Sim+Weak SWN+Manual Evaluation, d) Sim+
Strict SWN+Manual Evaluation. The X-axis are
sim values, Y-axis are number of features.

Figure 8: 2-grams: con features from camera sum-
maries. a)Sim+Weak SWN, b)Sim+Strict SWN,
c)Sim+Weak SWN+Manual Evaluation, d) Sim+
Strict SWN+Manual Evaluation. The X-axis are
sim values, Y-axis are number of features.

Figure 9: 3-grams: pro features from camera sum-
maries. a)Sim+Weak SWN, b)Sim+Strict SWN,
c)Sim+Weak SWN+Manual Evaluation, d) Sim+
Strict SWN+Manual Evaluation. The X-axis are
sim values, Y-axis are number of features.

Figure 10: 3-grams: con features from camera sum-
maries. a)Sim+Weak SWN, b)Sim+Strict SWN,
c)Sim+Weak SWN+Manual Evaluation, d) Sim+
Strict SWN+Manual Evaluation. The X-axis are
sim values, Y-axis are number of features.

The figures show that in all cases the column b and d are al-
ways below c, meaning that SentiWordNet eliminates many
of the good features that were already obtained by the simi-
larity function. It also shows the method Similarity + Strict
SentiWordNet still has some noise. Both methods Similar-
ity + Strict SentiWordNet and Similarity + Weak Senti-
WordNet with the threshold set to 60% have an accuracy
around 75%. There is a considerable portion of noisy fea-
tures, therefore noise analysis needs to be performed to un-
derstand where the noise is coming from and if it can be
avoided.

5.1.1 Cross-product Feature Coverage



To evaluate the quality of the automatically extracted fea-
tures from the pros and cons of cellphones, these are com-
pared with the list of manually selected features (which
comes from the list of frequent features in pros and cons).
Since the features are mainly concentrated in the 2-grams
and 3-grams, the evaluation was done just in these last two
groups. For the automatically extracted features we use
the ones with similarity greater than 70. Table 8 shows
the results of comparing the clean frequent features with
the automatically extracted ones. In the top of the table
together with the headers pros and cons we can find the
sizes of the set of clean features (pros and cons for bigrams
and trigrams). In the table we can see pairs of numbers.
The first is the number of features in the set of automati-
cally extracted features, the second number in parenthesis
means the number of features that both sets (automatically
extracted and clean) share.

Bigrams Trigrams
Pros(671) Cons(233) Pros(315) Cons (181)

>70 1300(295) 284(35) 1052(94) 146(24)
>80 750(192) 131(21) 521(59) 68(9)
>90 214(70) 36(4) 120(16) 18(5)

Table 8: Cross-product feature intersection

In this experiment a low accuracy is also shown. The next
step would be to perform a noise analysis to detect where
the noisy features are coming from and give

6. CONCLUSION
In this work, we have explored a novel feature similarity
method, between the features extracted from user opinions
on electronic gadgets. A corpus was developed to evaluate
our method. We found that using SentiWordNet in a strict
way gives good quality features but with a very small set
of features. The manual evaluation (bar number c) showed
that we have missed a considerable number of good features
using SentiWordNet strictly. We found that using Senti-
WordNet relaxly helps to grasp more good pictures than
using it strictly although it introduces some noise.
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