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Abstract

With the rapid development of e-commerce, massive amounts of product re-
view information have emerged on the Internet. Sentiment analysis and mining
of product review texts are of significant value for researching product repu-
tation and conducting product recommendations. This paper designs product
attribute extraction and filtering algorithms and sentiment word discrimination
algorithms to analyze product review information and automatically extract
product attributes of user interest and users’ evaluative opinions on correspond-
ing attributes, further applying them to sentiment orientation analysis of prod-
uct evaluation texts. Testing on a real-world dataset achieved an accuracy of
81.08% and a recall of 88.23%.
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Abstract

With the rapid development of e-commerce, a massive amount of product re-
view information has emerged on the Internet. Sentiment analysis and mining
of product review texts hold significant value for studying product reputation
and conducting product recommendations. This paper designs algorithms for
product attribute extraction and filtering, as well as sentiment word discrimina-
tion. It analyzes product review information to automatically extract product
attributes that users focus on and users’ evaluation opinions on corresponding
attributes, further applying these to sentiment orientation analysis of product
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recall rate of 88.23%.
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1 Introduction

With the rapid development of e-commerce, an increasing amount of product
review data has been generated on the Internet. Most of this review informa-
tion contains users’ subjective sentiments, harboring substantial value awaiting
exploitation. Automated review text mining tools can save time on manual
analysis of review data and offer strong practicality in improving efficiency [1][2].
The goal of sentiment analysis and mining for product review texts is to extract
user-expressed opinions and sentiments from the text, identifying users’ focus
hotspots, which holds great practical value [3]. Manufacturers can discover prod-
uct deficiencies and consumer needs based on user review information, thereby
improving their products. Retailers can identify high-quality products and user
preferences from user reviews, enabling them to recommend quality products
to users to increase sales. Simultaneously, the extracted evaluation hotspots
can be applied to product search ranking, allowing users to discover product
strengths and weaknesses through summarized review information to find their
most desired products.

Most current text sentiment orientation analyses do not consider the topic of
the text. Document-level sentiment orientation analysis primarily focuses on
analyzing the overall positive/negative tendency of a document [4][5], while
word-level sentiment orientation analysis mainly studies the positive/negative
tendency of individual words. Document-level sentiment orientation analysis
mainly employs the following methods: (1) Dictionary-based methods, which
use existing sentiment dictionaries to determine overall sentiment orientation
based on the number of positive and negative sentiment words appearing in the
document [6]; (2) Machine learning methods such as Support Vector Machines,
Naive Bayes, Maximum Entropy, K-Nearest Neighbors algorithms, etc. [4]. Ref-
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erence [4] treats sentiment orientation analysis as text classification, training
classifiers with annotated training data and then using the classifiers to predict
new samples, achieving good results. Word-level sentiment orientation research
primarily includes the construction of sentiment dictionaries and the determina-
tion of sentiment word polarity [7][8][9]. Reference [10] provides a more detailed
classification of sentiment words from a human perspective using aspects such
as attitude, affect, and opinion. Most of this work is topic-independent and
cannot meet user needs in many cases. For example, when users want to know
which product functions consumers are most dissatisfied with, document-level
sentiment analysis cannot provide answers.

This paper proposes a method for automatically extracting product attributes
and their corresponding sentiment words, conducting sentiment orientation anal-
ysis of product reviews based on the extracted attributes and sentiment words.
Section 2 introduces the overall system architecture, Section 3 describes the
product attribute and sentiment word extraction module, Section 4 presents
the product review sentiment orientation analysis module, Section 5 discusses
experiments and result analysis, and finally, we conclude and propose directions
for future research.

2 Sentiment Analysis and Mining System for Review Texts

This paper extracts product attributes and corresponding evaluation sentiment
words from product review texts to obtain the modification relationships be-
tween attributes and sentiment words, determining the sentiment orientation
of sentiment words when modifying product attributes, which is further used
for sentiment orientation analysis. The overall system flow is shown in Figure 1
[Figure 1: see original paper]. This method does not require a seed attribute set;
it obtains product attributes and sentiment words through their co-occurrence
relationships, extracting more reliable product attribute and sentiment word in-
formation. Apart from inputting product review texts, this system requires no
domain-related knowledge and needs no modifications. As long as new domain
evaluation data is provided, it can be applied to other domains, demonstrating
good portability.

3 Product Attribute and Sentiment Word Discovery

Most product review data is relatively brief, such as “The phone screen is
very large,” which evaluates only one attribute. Some review data is longer
and may contain evaluations of multiple attributes. We analyze such data to
discover product attributes and sentiment words. This paper uses the ICT-
CLAS Chinese word segmentation system for segmentation and part-of-speech
tagging. Product attributes in review data are primarily in noun form, such as
“screen,” “battery,” and “sound.” Therefore, nouns from the part-of-speech tagged
word sequence are used as candidate attribute words. Similarly, sentiment words
are generally adjectives, so extracted adjectives are used as candidate sentiment
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words. Noise data is filtered based on noun frequency and co-occurrence with
sentiment words. The candidate product attribute and sentiment word extrac-
tion algorithm is listed in Table 1 .

Table 1. Candidate Product Attribute and Sentiment Word Extrac-
tion Algorithm

Input: Review phrase collection Segments = {segl, seg2, ---, segn}, (frequency
threshold).

Output: Product attribute set F = {f1, {2, - fn}, evaluation sentiment word
set S = {sl, s2, -+, sm} corresponding to each product.

1. Initialize candidate product attribute set F as empty and candidate senti-
ment word set S as empty.

2. For each review phrase, extract noun phrases and add them to attribute
set F.

3. For each review phrase, extract adjective phrases and add them to senti-
ment word set S.

4. For each element fi in F, if its frequency in the review data is lower than

, remove it from the set.
5. For each element sj in S, if its frequency in the review data is lower than
, remove it from the set.

6. Take any pair of elements <fi, sj> from F and S; if both elements appear
simultaneously in a review phrase, these two elements form an evaluation
pair. All evaluation pairs combine to form the evaluation pair set PairSet.

7. For all elements in F, if an element does not appear in PairSet, remove it

from F.

8. For all elements in S, if an element does not appear in PairSet, remove it
from S.

9. After the above filtering, obtain product attribute set F and sentiment
word set S.

Figure 2. Example of Product Attribute and Sentiment Word Ex-
traction Results

The system input is user review information for a certain product, such as re-
views for a particular phone model on a shopping website, including the user’
s review text and the star rating given to the evaluation. The system con-
verts user review information into shorter review phrases through preprocess-
ing, sentence splitting, word segmentation, and part-of-speech tagging. Based
on part-of-speech tagging results, nouns are used as candidate product senti-
ment words, and adjectives are used as candidate sentiment words. Accord-
ing to the co-occurrence principle of product attributes and sentiment words,
product attributes and sentiment words corresponding to each attribute are ex-
tracted. Simultaneously, the positive/negative orientation of sentiment words
is obtained based on the star rating of the original review text. Partial attribute
extraction and sentiment word extraction results are shown in Figure 2 [Figure
2: see original paper|, where the left side shows extracted product attributes

chinarxiv.org/items/chinaxiv-201606.00097 Machine Translation


https://chinarxiv.org/items/chinaxiv-201606.00097

ChinaRxiv [$X]

such as phone attributes including “screen,” “battery,” “memory,” “price,”
etc., and the right side shows the sentiment words corresponding to attributes.
For example, the sentiment words extracted for the “screen” attribute include
“large,” “clear,” “sensitive,” “garbage,” etc.

» « » o«

Through the extraction of these product attributes and their corresponding sen-
timent words, a knowledge base for sentiment analysis can be established for
products. This knowledge base can be used for sentiment orientation analy-
sis of new product reviews. Establishing a correspondence between evaluation
attributes and sentiment words can solve the problem where sentiment words
have different sentiment orientations when modifying different attributes. Si-
multaneously, deep mining can be performed on this basis, such as identifying
product attributes that users pay more attention to, finding product attributes
that users are most dissatisfied with, and finding product attributes with the
most negative reviews [15].

4 Sentiment Orientation Analysis of Product Reviews

4.1 Benchmark Sentiment Word Extraction and Orientation Deter-
mination from Review Data

“

Through analysis of evaluation data, many sentiment words such as “not
bad,” “very good,” “very poor,” and “not good” are found to appear frequently
with clear sentiment orientation. Such sentiment words are extracted here
for use as benchmark sentiment words. Since the sentiment orientation of
extracted product evaluation data can be determined based on the evaluation
star rating, we utilize the sentiment orientation of existing evaluation data to
determine the sentiment orientation of sentiment words. The chi-square test
(CHI) method is used to calculate the degree of association between sentiment
words and positive/negative categories. A larger chi-square estimate indicates
more reliable sentiment orientation of the sentiment word. CHI values are
calculated separately for each sentiment word of each product attribute. The
CHI value of a sentiment word in a category is calculated as in Formula 1.

N x (AxD—BxC)?
(A+C)x (B+D)x (A+B)x (C+ D)

2(t,c) = (Formula 1)

where N is the total number of documents in the training corpus, c is a certain
category, t is a sentiment word, A is the number of documents belonging to
category ¢ and containing sentiment word ¢, B is the number of documents not
belonging to category ¢ but containing sentiment word ¢, C' is the number of
documents belonging to category ¢ but not containing sentiment word ¢, and
D is the number of documents not belonging to category ¢ and not containing
sentiment word ¢t. The association degree between sentiment word ¢ and both
positive and negative categories is calculated separately, and the category with
the larger association degree is taken as the sentiment orientation of sentiment
word ¢.
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For each product attribute, the corresponding sentiment words are extracted
and sorted by frequency. Sentiment words with frequency and CHI values
greater than the thresholds are extracted as benchmark sentiment words. Here,
the frequency threshold is 0.1 and the CHI threshold is 0.9. The extraction of
benchmark sentiment words emphasizes accuracy; using the extracted bench-
mark sentiment word set for further expansion will improve recall.

4.2 Sentiment Orientation Determination of Evaluation Phrases

The extracted benchmark sentiment word set is used to further expand the scale
of the sentiment word collection. The PMI-IR algorithm [17] is primarily used
to calculate the distance between sentiment words and benchmark sentiment
words. The PMI-IR algorithm calculation formula is shown in Formula 2.

P(word, &words)
(word,) x P(word,)

PMI(word,, word,) = log, P (Formula 2)

where P(word; &word,) represents the probability of word; and word, appear-
ing simultaneously, and P(word,) represents the probability of word, appearing.

When calculating the sentiment orientation of a sentiment word, the distance be-
tween the word and all words in the positive and negative benchmark sentiment
word tables can be calculated [17], as shown in Formula (3).

SO(word) = Z PM I(word, pword)— Z PMI(word,nword) (Formula 3)

pwordePset nworde N set

where word is the new word whose sentiment orientation is to be calculated,
Pset is the positive sentiment word set of benchmark sentiment words, and
Nset is the negative sentiment word set of benchmark sentiment words.

This method can be used to calculate the sentiment orientation of sentiment
words with clear sentiment orientation in specific domains. However, the same
sentiment word may exhibit opposite sentiment orientations when modifying
different product attributes. For example: “The phone screen is very large”
and “The phone noise is very large.” Here, “large” serves as a sentiment word
for both “screen” and “noise” attributes. When used as a sentiment word
modifying “screen,” it is a positive sentiment word; when used as a sentiment
word modifying “noise,” it is a negative sentiment word. If “large” is calculated
as a single sentiment word for distance to benchmark words, the result will
be inaccurate regardless of the calculation outcome. Here, the PMI method is
improved by no longer calculating only the distance between sentiment words,
but instead calculating the distance between the <attribute, sentiment word>
pair and benchmark sentiment words to obtain the sentiment orientation of the
sentiment word within the <attribute, sentiment word> pair. In the above
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example, instead of calculating the PMI value between “large” and benchmark
sentiment words, the PMI value between the evaluation phrase <screen, large>
and the benchmark sentiment word set is calculated. The improved method is
shown in Formula (4).

SO(feature, word) = Z PMI(< feature,word >, pword)— Z PMI(< feature, word >, nwor

pwordePset nwordeN set

This calculates the sentiment orientation of word when used as a sentiment word
modifying the feature attribute. Pset and Nset have the same meaning as in
Formula (3).

4.3 Sentiment Orientation Analysis of Product Reviews

The extracted product attributes and sentiment words corresponding to each
attribute can be used as a knowledge base for sentiment orientation analysis
to conduct sentiment orientation analysis of product reviews [18]. For example,
by extracting information from phone reviews, we can obtain phone product
attributes, evaluation sentiment words corresponding to each attribute, and the
sentiment orientation when using these sentiment words to evaluate attributes.
The processing method when encountering a review text in the same domain is
shown in Figure 3 [Figure 3: see original paper].

Figure 3. Sentiment Orientation Analysis of Product Reviews

For each evaluation phrase, evaluation attributes are extracted based on the
knowledge base. For example, if the knowledge base already contains extracted
attributes such as “screen,” “battery,” and “system,” and the attribute word
“screen” appears in the evaluation phrase, then “screen”is taken as the extracted
attribute word.

For each evaluation phrase, evaluation sentiment words are extracted based on
the knowledge base. The sentiment orientation of the evaluation phrase is de-
termined according to the sentiment orientation of the combination of product
attributes and evaluation sentiment words in the knowledge base. The senti-
ment orientations of all evaluation phrases are aggregated to derive the overall
evaluation orientation.

Product attribute review opinion summarization: Based on the extracted prod-
uct attributes and their corresponding evaluation sentiment words, user evalu-
ations for a particular product can be summarized. For example, evaluations
corresponding to price include “affordable,” “cheap,” “expensive,” “appropri-
ate,” “reasonable,” “not bad,” etc. Through the discovered product attributes
and corresponding sentiment words, evaluation opinions for each attribute can
be obtained. Analyzing the frequency of various evaluation opinions can reveal
user evaluation hotspots for attributes.

» o«
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5 Experiments and Result Analysis
5.1 Experimental Data

The experimental data in this paper was obtained by crawling review data
for some popular mobile phone products from the e-commerce website JD.com
(www.jd.com). The user review data on the website includes review text infor-
mation for products and star ratings given by users to product evaluations. The
distribution of star ratings from 1 (low) to 5 (high) is shown in Table 2 .

Table 2. Distribution of Review Star Ratings in Experimental Data

5.2 Evaluation Metrics

This paper adopts accuracy, recall, and F-value as evaluation metrics. Accuracy
is shown in Formula (5).

t
p=_"7
tp+ fp

(Formula 5)

where tp is the number of correct analysis results, and fp is the number of
incorrect analysis results. For example, when evaluating the accuracy of product
attribute extraction, ¢p represents the number of correctly extracted product
attributes, and fp represents the number of items that the system extraction
results consider as product attributes but are actually not product attributes.

Recall is shown in Formula (6).

tp

R = o n (Formula 6)

where tp is the number of correct analysis results, and fn is the number of
correct items that were not identified. For example, when evaluating the recall
of product attribute extraction, tp represents the number of extracted product
attributes that are indeed product attributes, and fn represents the number of
product attributes that appear in reviews but were not extracted.

Harmonic mean (F-value) is shown in Formula (7).

2x PxR
= ;T}(% (Formula 7)
5.3 Analysis of Product Attribute and Evaluation Phrase Extraction
Results

In the experimental data, user-focused attributes are mainly concentrated in
aspects such as “quality,” “screen,” “battery,” “price,” etc. Some extracted
product attributes and evaluation phrases from the experiment are shown in
Table 3 .
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Table 3. Examples of Extracted Attributes and Evaluation Phrases

Positive Evaluation Phrases Negative Evaluation Phrases

Screen large, screen clear, screen Screen small, screen dark, screen

delicate, screen not bad, screen garbage:--

sensitive--

Quality very good, quality reassuring, Quality too poor, quality not good,

quality not bad, quality reliable-- quality no good--

Battery durable, battery sufficient, Battery heating, battery not good,

battery awesome, battery not bad-- battery no good, battery very poor,
battery not durable--

Price cheap, price affordable, price Price expensive, price slightly high---

cost-effective, price reasonable---
System old, system slow:

For three products, each with 100 product review data entries, product at-
tributes were extracted and manually evaluated. Using different thresholds
in the algorithm from Table (1), experimental results are represented using re-
call, accuracy, and harmonic mean, with results shown in Figure 4 [Figure 4:
see original paper]. For three products, each with 100 product review data
entries, evaluation phrases were extracted and manually evaluated. Using dif-
ferent thresholds in the algorithm from Table (1), experimental results are
represented using recall, accuracy, and harmonic mean, with results shown in
Figure 5 [Figure 5: see original paper].

As can be seen from Figures 4 and 5, when the threshold is small, more re-
dundant data exists, resulting in lower accuracy and higher recall. When the
threshold is large, redundant data is reduced, but some correct results are
also filtered out, leading to lower recall and higher accuracy. Good results are
achieved when the threshold value is 3. Through observation, it can be found
that recall is relatively high because the same attribute information appears in
many reviews. Although attributes in some reviews are not extracted, they can
be compensated by extraction from other reviews, so the overall recall is rela-
tively high. Accuracy is somewhat lower than recall, and further improvements
to the algorithm can enhance accuracy.

5.4 Sentiment Orientation Analysis of Product Reviews

After extracting product attributes and sentiment words corresponding to each
attribute, the extracted information can be used for sentiment orientation anal-
ysis. The analysis result for each review data is: which product attribute this
review information evaluates and whether the sentiment orientation toward that
attribute is positive or negative. Here, 1700 product review data entries are used
to extract product attributes and sentiment words, determining the sentiment
orientation of sentiment words when modifying product attributes. Then this
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knowledge base is used for sentiment orientation analysis. Experiments were
conducted on review data for three products, with 100 reviews for each prod-
uct undergoing sentiment orientation analysis. Manual evaluation results of the
analysis are listed in Table 4 .

Table 4. Results of Sentiment Orientation Analysis of Product Re-
views

Product Accuracy Recall  F-value

Phone Product 1  85.18% 79.31% 82.14%
Phone Product 2 85.71% 80.00% 82.76%
Phone Product 3  88.23% 81.08%  84.50%

As can be seen from the experimental results, the F-values of sentiment orienta-
tion analysis for different products are all above 80%, indicating that using this
method for sentiment orientation analysis of product reviews is feasible. After
conducting sentiment orientation analysis, different evaluation opinions are an-
alyzed according to various product attributes, as shown in Figures 6 [Figure 6:
see original paper], 7 [Figure 7: see original paper], and 8 [Figure 8: see original
paper].

Phone 1 is a traditional Nokia feature phone. From the above, it can be seen that
user evaluation hotspots reflect the product’ s characteristics: the phone quality
is very good, the price is cheap, the battery is sufficient, the screen is relatively
small, functions are relatively few, and the system is relatively old. Users are
very satisfied with quality and price, relatively satisfied with the battery, and
not very satisfied with the screen, functions, and system.

Phone 2 is an entry-level smartphone. From the analysis results, it can be seen
that users are very satisfied with price and functions, basically satisfied with
quality and screen, and dissatisfied with battery and memory. Such analysis
results basically reflect the characteristics of this phone.

Phone 3 is a large-screen smartphone. From the analysis results, it can be seen
that users most frequently report that the screen is very good and the operating
speed is very satisfactory; users provide the most feedback on these two aspects.
Meanwhile, users point out that the battery and phone sound are not good. The
analysis results well reflect the relative characteristics of each phone model and
provide good reference value for users, merchants, and manufacturers.

6 Conclusion

This paper has implemented automated extraction of product attributes and
evaluation sentiment words, achieving sentiment orientation analysis of product
reviews with performance reaching over 80%. Experimental results demonstrate
that the method achieves relatively high accuracy and recall. However, some
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aspects still require further improvement and refinement. Certain evaluation
attributes and evaluation opinions are similar and need further clustering. For
example, “price appropriate” and “price reasonable” should be merged into one.
Through the work in this paper, comment mining regarding product attributes
in product reviews has been completed, extracting review attributes and deter-
mining their positive/negative orientation. Future work can apply the sentiment
orientation analysis results to recommend quality products to users and other
applications.
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