r'.
<

UCSNMA
P.Bharathi et al, International Journal of Computer Science and Mobile Applications,
Vol.5 Issue. 8, August- 2017, pg. 9-19 ISSN: 2321-8363

Impact Factor: 4.123

USER RATING PREDICTION USING
DATA MINING TECHNIQUES IN
ONLINE PURCHASE

P.Bharathi, Dr. B. Umadevi®

'Research Scholar, P.G. & Research Department of Computer Science, Raja Doraisingam Govt. Arts College,
Sivaganga, Tamil Nadu, India
*Assistant Professor & Head, P.G. & Research Department of Computer Science, Raja Doraisingam Govt. Arts
College, Sivaganga, Tamil Nadu, India

Abstract

The growth of internet gives more opportunities for the buyers in selecting their products. They have an open forum through
which they can make their purchase by comparing the like products by various organizations. The e-commerce platform allows
the user to make the business with pos tags by the various types of visitors. The Collaborative and SVM algorithm are applied
for predicting user rating behaviour. The author collects the data from the websites of the different organizations. The product of
the different organizations is being posted as the likings and disliking as values of stars. The significance of the product may be
tagged as the comments posted by the different product users. So many people will contribute same results or feedback. The data
mining techniques classifies the similarities and dissimilarities among the tags. It predicts the repeated items and transforms it
into text and their density values are calculated for each product. Using the clustering algorithm the product features are
validated. The existing Collaborative filtering algorithm is applied to filters the user rating behavior. But it does not give
significant result. So we propose the SVM algorithm for predicting the behavior for making the better performance from the
available data set.

Keywords: CFA, SVM, Part Of Speech, Data mining.

1. Introduction

The E-commerce plays vital role in the global economy as a strong instrument for the economic development. The
operational costs of large enterprises operational costs are cut downed by the usage of internet and web based
applications. The Data mining (DM) helps many companies from the available sources of information for good as
well as weighted decision making [1]. An organization needs to invest only on the group of products which are
frequently purchased by its customers as well as price them appropriately in order to attain maximum customer
satisfaction.

Today social media has reached an unreached pinnacle due to reason that people are sharing what they are doing
with friends across various social networking platforms. Nowadays, we have a vast amount of descriptions,
comments, and ratings for local services. The point of information overload increases due to information collection
by the people through the internet [2][3]. This can be resolved only by taking the information which is more useful.
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The most of the information are shared among various people by the recommendations of others. Social networks
gather and distribute volumes of information contributed by the users around the world. This information is more
resourceful. The information collected from the internet is text, logos, pictures etc [4]. So it is essential to
recommend the users’ favorite services from crowd sourced contributed information [5].

2. Related Works

A moment ago, Qian Feng, Zhao, Mei introduced personalized recommendation combining social network
information’s like personal interest, interpersonal interest similarity and personal influence. The personal interest
will always denotes their individuality and it may also lead to improve the accuracy and personal recommendations.

Recently, another author Yang steck infered the rating by socila trus t circles data avilable in the social network .
The author salakhutdinov and A.Mninh proposoed the Probablistic matrix Factorization approach (PMF). His
model is able to generalize better for users with cery few ratings.

Subsequently, the another author Jiang, Cui, Liu , Yang , Wang , Zhu analysed CARS impelemnts different
applications and facotors which improve the performance ecommendations. Java analysed large social network in
the new form of social media called social blogging .1t studies about the close aquainatnces among users.

Previously, the another author Grazyna Suchacka, Magdalena Skolimowska-Kulig and Aneta Potempa recast online
purchase predictions as a classification problem. They used historical data from an online bookstore. The SVM
classification model was proposed and they divided the user sessions into two classes: browsing sessions and buying
sessions. The SVM classifier was used to prove the effectiveness of prediction model.

In recent times, author Xiaoyuan Su and Taghi M. Khoshgoftaar presented three main categories of CF techniques
such as memory-based, model-based, and hybrid CF algorithms (that combine CF with other recommendation
techniques). They analyzed the performance of the predictive algorithm for each category and also addressed its
challenges.

3. Methodology

3.1. Evaluating the Recommender Model

The evaluation of the accuracy of the recommender model is an important step in the recommender system design
process. It helps designers to choose models and check the accuracy of the model before applying into [5] practice.
The evaluation will be conducted in two steps:

(a) Preparing the data to evaluate the models

In order to evaluate the quality of a predictive model. The experimental datasets have divided into two parts: one for
modeling and the rest for testing [6][7]. Therefore, the first step is to prepare the data; in this step the experimental
dataset is divided into two subsets: training dataset and testing dataset. Currently, many methods are being used to
split datasets for evaluating recommender models such as:

Splitting: It is the initial method to build a training set and test set by cutting experimental dataset into 2 parts. For

this method, the model designer should decide the percentage for the training set and test set. For example, the
training set accounts for 80 percent and the test set account for the remaining 20 percent [8].
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Bootstrap sampling: It is a method used to build a training set and test set by cutting the experimental dataset into 2
parts. However, this approach is done randomly and repeatedly in order that a user may be a member of the training
set in this cutting time [10] but is a member of test set in the next cutting time. This can overcome the disadvantages
of heterogeneity of the experimental dataset and increase optimization for small-sized dataset.

K-fold cross-validation: It is a method used to build a training set and test set by cutting the experimental dataset
into k subsets with the same size (called k-fold). After that, the model is evaluated k times. Every evaluation uses
one subset for the test set and the k-1 subsets are used as the training set. The evaluation results of this method are
average value of k evaluations [11]. This approach ensures that all users have appeared at least one time in the test
set. Therefore, it is the most accurate of the three methods. However, it is costly for the calculation compared with
the remaining two methods.

(b) Evaluate recommender model

There are two methods for evaluating recommender model: evaluation based on the ratings and recommendations.
The first method evaluates the ratings generated by the model. The remaining method evaluates directly on the
recommendations of the model [12].

Evaluation based on the ratings: a method evaluates the accuracy of the model by comparing the predicted rating
value with the real value. More precisely, this method is to find out the average error value based on three indicators
RMSE, MSE and MAE. A model is evaluated good if these indicators show low value.

Evaluation based on the recommendations: a method evaluates the accuracy of the model by comparing the
model's recommendations to purchase choice of the users. This approach uses confusion matrix which is given in the
Table 1 to calculate the value of five indicators: Precision, Sensitivity or Recall, Specificity, F-measure and error
rate. The model is evaluated good if these indices gain high value.

Table 1: Confusion Matrix

User Recommendations
Choices of the model
Recommend Not
Recommend
Purchase TP FN
Not
Purchase FP ™

3.2. Predicting User Rating Behaviour

The goal of this study is to improve the effectiveness of the proposed methodology to predict the user rating
behaviour. The existing and proposed algorithm in predicting the rating performance will be described in the next
section.

3.2.1. Collaborative Filtering Algorithm

Collaborative filtering (CF) is a technique used by recommender systems. Collaborative filtering has two senses, a
narrow one and a more general one. In the newer, narrower sense, collaborative filtering is a method of making

©2017, IJICSMA All Rights Reserved, www.ijcsma.com 11



r'.
<

UCSNMA
P.Bharathi et al, International Journal of Computer Science and Mobile Applications,
Vol.5 Issue. 8, August- 2017, pg. 9-19 ISSN: 2321-8363

Impact Factor: 4.123

automatic predictions (filtering) about the interests of a user by collecting preferences or taste information
from many users (collaborating). The underlying assumption of the collaborative filtering approach is that if a
person A has the same opinion as a person B on an issue, A is more likely to have B's opinion on a different issue
than that of a randomly chosen person [13].

In the more general sense, collaborative filtering is the process of filtering for information or patterns using
techniques involving collaboration among multiple agents, viewpoints, data sources, etc. Applications of
collaborative filtering typically involve very large data sets. Collaborative filtering methods have been applied to
many different kinds of data including: sensing and monitoring data, such as in mineral exploration, environmental
sensing over large areas or multiple sensors; financial data, such as financial service institutions that integrate many
financial sources; or in electronic commerce and web applications where the focus is on user data.

3.2.2. Support Vector Machine

Support vector machines (SVM) is a supervised learning models with associated learning algorithms that analyze
data used for classification and regression analysis. The set of training examples each marked as belonging to one or
the other of two categories. The SVM training algorithm builds a model that assigns new examples to one category
or the other, making it a non-probabilistic binary linear classifier, while methods such as Platt scaling exist to use
SVM in a probabilistic classification setting. The SVM model is a representation of the examples as points in space,
mapped so that the examples of the separate categories are divided by a clear gap that is as wide as possible
[14][15]. New examples are then mapped into that same space and predicted to belong to a category based on which
side of the gap they fall.

In addition to performing linear classification, SVMs can efficiently perform a non-linear classification using
the kernel trick, implicitly mapping their inputs into high-dimensional feature spaces.

The Figure 1 explains the workflow of the proposed model. In this model there are five main stages. The stages are
Data collection, Data Preprocessing, Data Transformation, Data Mining and Prediction. The Data collection is
gathering from AMAZON web site. During pre-processing stage, removal of unwanted words, stop word removal,
stemming, Part of Speech Tagging (POS) and also calculate score using sentiword net. Eventually, attributes
selection, dimensionality reduction, and data partitioning are applied to get better prediction and is transformed for
analysis. Whereas, Data Mining algorithms are used for the classification of data. Normally, at these stage
algorithms is executed with different variables and compared to select algorithm which produce best results. Finally,
in interpretation stage models obtained from previous stage are analyzed to predict user rating behaviour analysis.
The steps of the algorithm are shown below:

Algorithm Steps:
Step 1: Input : Review the Dataset
Step 2: Preprocess the data by the following steps.
(@ Remove unwanted punctuation
(b) Stopword removal
(c) Stemming
(d) Part Of Speech Tagging(POS)
(e) Calculate Score using Sentiwordnet.
Step 3: Apply Classification Algorithms
Step 4: Output : Evaluate the results from the Confusion matrix.
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Data Set
(Amazon)

Data Preprocessing:
Remove unwanted Punctuation,
Stop Word Removal,
Stemming,

Part Of Speech Tagging,
Calculate Score using SentiWordnet

Data Transformation
(Pre-processed
Dataset for analysis)

Data Mining
(Apply CFA, SVM)

¥

Prediction
(Result Evaluation)

Figure 1: Workflow of the proposed model
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4. Experiment results

The dataset has been collected from the Amazon for the two items such Apple Iphone and Samsung Galaxy. The
items from the various user rating and comments are recorded as a text file and are randomly selected. The data is
preprocessed and the features are extracted for the analysis. During the preprocess the stop word removal and Part of
Speech Tagging (POS) in shown in Figure 2 and Figure 3. The Collaborative filtering Algorithm (CFA) and Support
Vector Machine (SVM) algorithms are employed for the dataset. The K-Fold Cross-Validation Matrix (k=10) is
evaluated for the above said two algorithms for the 100 test samples 100 and 10 k fold value to identify the positive
and negative ratings of the users comment.

The results of the two algorithms are compared by the statistical measurement metrics such as Precision, Sensitivity
or Recall, Specificity, F-measure and error rate for the two items. The outcomes of Apple Iphone data for SVM and
CFA is given in Table 2, Table 3. The comparison between the two algorithms for AppleiPhone is given in Figure
4. Similarly, the results of Samsung Galaxy is shown in Table 4 and Table 5. And the results of comparison is
shown in Figure 5. The overall accuracy of the CFA and SVM is also analysed and is shown in Table 6 and Figure
6. The research results which clearly express very much better accuracy by Support Vector Algorithm (SVM) rather
than Collaborative Filtering Algorithm (CFA).

phone battery lower smartphone . . . . . . . &
samsung j7 supports 3g 4g lic 4g

video quality sound awful . . . . . . . .
s

galaxy s5 power phone nice feature

verry prob storage

"i galaxy note s5 size 5""+ bad bad bad . _ "
cin
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o

display bit . . . restok . .
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Figure 2 : Process of Stop Word Removal
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POS Tagging

Tagging i)

ilFW admitVBP [, the/DT great/JJ majority/NN offiN films/NNS released/VBN before/IN say/VBP 1933/CD are/VBP just/RB not/RB for/lIN me/PRP [ ofIN the/DT dozen/™N orfCC so/RB I major/J “F silents/NNS i/fFW have/VBP viewed/VBN /, one,
VMNICD 0_0ICD /. btfNN

this/DT movie/NN must/MD be/VB re-releasediJJ / a/DT wholelJJ generation/NN offIN comedy/NN fans/NNS is/VBZ missing/VBG out/RP on/IN one/CD offiN the/DT classicl)J comedies/NNS offiN all/DT time/NM [ ifiN you/PRP have/VBP never/R
VIMHICD 100_0/CD /. bd/iNN
ilFW saw/VBD this/DT a/DT couple/NN offiN times/NNS in/N the/DT late/J] seventi 1. my/PRPS p: had/VBD just/RB subscribed/VBN to/TO this/DT new/lJ seice/NN calledVBN cable/NN twNM ./, and/CC low/JJ and/CC beholdf;

MCD 1071_0/CD f. bd/NN

FW saw/VBD this/DT movie/NN asiN a/DT motel/NN movie/NN shortly/RB after/iN ver/NN "s/POS became/VBD affordableVpopularil) /. <br =MNNP <br f=/INNP ilFW thoughtVBD itPRP was/VBD very/RB funny/JJ andiCC would/MD love/VB to/TO 5
VYI/CD 102_0/CD . btNN

I/FW agree/VBP totally/RB WIthIN the/DT others/NNS 1. fire/NN sale/NN is/VBZ one/CD ofIN the/DT funniestlJJS comedies/NNS ever/RB made/VBN .J. <br &~NNP <br /~MNNP fFW have/VBP not/RB read/VB maltin/NN 's/POS review/NN ./ butCC i
P/CD 103_0/CD 1. btNN

alan/JJ arkin/NN ./, rob/NM reiner/NIN i, vincent/JJ gardenia/NM ./, alexiNN roccoNN i, kay/NN medford/NN ./, sidlJ caeser/NN andiCC a/DT 7/CD foot/NN tallilJ black/lJ teenager/NN named/VBN captain/NN 7SYM VISYM @/SYM %/MNN iniN the/T]
PIICD 104_0/CD /. tiNN

rob/NN reiner/NN is/VBZ hilariousiJ L. ilFW have/VBP n'tRB seen/VBM the/DT movie/NN infiN a/DT longhlJ time/NN andiCC trouble/NN finding/VBG itPRP @/RB .. some/DT offiN the/DT humor/MN is/VBZ ethnickl /, but/CC t
AMHICD 105_0/CD 1. NN

this/DT film/NN isAVBZ about/IN 30/CD yearsiNNS old/J) £ lFW know/VB offiN nofDT conversions/NNS to/TO tapeiNN orfGC dvd/NN £ itPRP had/VBD a/DT theatricallJJ run/NN ofiN about/IN two/CD weeks/MNNS partially/RB dueJJ to/TO a/DT ba
AMHICD 106_0/CD 1. NN

the/DT movie/NN is/VBZ a/DT bit/NN sloppy/JJ fromiIN a/DT technical/dJ standpoint/NN /, but/CC i/PRP remains/VBZ the/DT only/JJ movie/NN to/TO make/VB me/PRP literally/RB laugh/NN mysellfPRP sickiJJ /. the/DT farrelly/JJ brothers/NNS o
VM*ICD 107_0/CD /. bt/NN

IIFW 'MIVBP anotherDT one/NN whoWP is/VBZ waiting/VBG for/IN the/DT day/NN this/DT movie/NN comes/VBZ out/RP on/iN video/NN 1. /FW also/RB laughed/VBD from/IN stariNN to/TO finish/VB ./, especially/RE when/WRB alan/JJ arkin/NN d
VYI/CD 108_0/CD 1. NN

four/CD stars/NNS ?/. : give/VB me/PRP a/DT break/NN Ui, <br /~INNP <br /=/NNP i/FW was/VBD thrilled/VBN and/CC amused/VBN when/WRE i/FW saw/VBD this/DT as/iN a/DT kid/NN - so/RB many/JJ unconventionallJ] scenes/NNS ./, so/RB
VPIICD 109_0/CD /. btiNN

finally/RB /, ilFW got'VBD to/TO seelVB this/DT legendary/JJ masterpiece/NN on/IN tv/NM .. when/WRB i/FW firstRB heard/VBN thalN there/EX was/VBD an/DT arabian/JJ movie/NN featuring/VBG the/DT western/JJ icon/MN ™/ hopalonghlJ cas:
FAHICD 10_0/CD 1. betNN

after/IN reading/VBG the/DT positive/)J comments/NNS here/RB and/CC seeing/VBG the/DT 1/CD star/NN rating/NN on/lN my/PRPS digitalilJ cable/NN guide/NN /, IFW decidedVBD 1ofTO giveiVB iUPRP afDT chance/NN LRB-LRB- plusiCC /,
MHCD 110_0/CD 1. btiNN

whiledIN /FW preferVBP groucho/NN 's/POS humorNN the/DT mostRBS amongstIN allDT three/CD mandNN brothersiNNS |, iPRP 'sIVBZ justRB not/RB the/DT same/JJ withoutIN chico/NN andiCC harpo/NN forliN groucho/NN to/TO play/VE]
VICD 111_0/CD /. bt/NN

the/DT eyebrow-waggingilJ lionel/NN qNN deverauxNN -LRB--LRB- grouchol)] mans/NN -RRB--RRE- 1s/VBZ tired/JJ offiN dragaing/VBG down/RP the/DT offiN hisPRPS & Jf, carmen/NNS novarrofN -LRB--LRB- carmen]
VYI/CD 112_0/CD . btNN

INAN newrJJ York/NIN CityNIN /, lionel/NN q./NN devereaux/NN -LRE--LRB- groucho/JJ maniNN -RRB--RRE- and/CC his/PRPS fiancée/NN carmen/NNS novarro/NN -LRB--LRB- carmen/NNS miranda/NN -RRB--RRB- areVBP unsuccessfully/R
PICD 113_0/CD . btiNN

groucho/NN are/VBP carmen/MNNS m are/VBP manvooolu i} I whatWP a/DT greattJJ combination/NN andiCC beauty/NN andiCC the/DT beastiNN /. the/DT movie/NN hasVBZ itPRP alliRB [, cheesey/NN musicals)
VPIICD 114_0/CD /. btiNN

before/iN john/NN candyNN was/VBD really/RB famous/lJ J, hefPRP stared/VBD inIN this/DT rather/RB sillylJJ canadian/NN movie/NN about/IN a/DT series/MNN offlN kidnappings/NNS L. helPRP plays/VBZ police/MN officer/NN kopek/NN |/, invely

=R a1 T [63))

Figure 3: Part Of Speech Tagging

Table 2 : Confusion Matrix for
Apple-Iphone using SVM

No.Of SVM- SVM-
Samples = | Predicted: Predicted: TOTAL
100 DISLIKES LIKES

Actual :
DISLIKES

Actual :
LIKES

TN=5 FP=6 11

FN

1]
w

TP =86 89

TOTAL 8 92
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Apple-iPhone using CFA

No.Of CFA CFA
Samples Predicted: | Predicted:

=100 DISLIKES LIKES
Actual : _ _

DISLIKES TN=8 FP=9

Actual : _ _
LIKES FN=4 TP =79
TOTAL 12 88

Table 4 : Confusion Matrix for
Samsung Galaxy using SVM

No.Of SVM- SVM-
Samples = | Predicted: Predicted:
100 DISLIKES LIKES
Actual : _ _
DISLIKES TN =10 FP =14
Actual : _ _
LIKES FN=5 TP=71
TOTAL 15 85
Table 5 : Confusion Matrix for
Samsung Galaxy using CFA
No.Of CFA CFA
Samples | Predicted: | Predicted:
=100 DISLIKES LIKES
Actual : _ _
DISLIKES TN=8 FP=18
Actual : _ _
LIKES FN=9 TP =65
TOTAL 17 83
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Figure 4. Comparison of CFA Vs SVM - Apple iPhone
Samsung Galaxy
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8
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Figure 5: Comparison of CFA Vs SVM - Samsung Galaxy
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Table 6: Comparison of Apple-iPhone and Samsung-Galaxy

Algorithm Apple - Samsung-
Accuracy iPhone Galaxy
CFA 87.00% 73.00%
SVM 91.00% 81.00%
Accuracy - Comparison
100.00%
90.00% -
80.00% -
) 70.00% -
& 60.00% -
§ 50.00% -
S 40.00% - = CFA
O 30.00% -
20.00% - " SVM
10.00% -
0.00% -
Apple-iPhone Samsung-Galaxy
Item Name

Figure 6: Comparison of Apple-iPhone and Samsung-Galaxy

5. Conclusion

The commercial or business promoters need lot of in formations for promoting their products. The promotions are
based upon the satisfaction from the customer. But the business sectors wants details about level of expectation and
the product ratings. Our Research highlights the likings of the user rating. The data mining algorithm is applied over
through the two data set for the products Apple-iPhone and Samsung-Galaxy. The algorithm went through well with
parameters for predicting the interest shown by the customer towards both products. The SVM gives better result in
accuracy by 91% and CFA by 87% for Apple-iPhone and similarly for Samsung-Galaxy 81% for SVM and 73%
for CFA. The overall research results produce best liking for Apple-iPhone rather than for Samsung-Galaxy. This
makes a better understanding for the promoters to enhance their product to bring buyers into the competitive market.
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