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Abstract - While e-commerce has grown quickly in recent years, more and more people are used to utilize this popular 
channel to purchase products and services on the Internet. Therefore, it becomes very important for shopping sites to predict 
precisely which items their customers would buy so as to increase sales or improve customer satisfaction. Traditional algo-
rithms such as Collaborative Filtering, has been very popular in predicting users’ preferences in movie, book, or music rec-
ommendation areas, but they face the problem that rating data is very sparse or even not available in shopping domain. 
Compared to the small amount of ratings in e-commerce shopping sites, the quantity of user clicking data is abundant and 
also contains sufficient information about users’ purchase preferences. Therefore, in this paper we showcase the effective-
ness of  prediction method based on probability statistics making use of user clicking behavior data. 
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I. INTRODUCTION 
 
Due to the growing popularity of the online shopping 
market, the competition between eCommerce 
companies to attract more users has increased 
dramatically. For this reason, you need to understand 
and explain the online shopping behavior of users. It 
is reported that Amazon.com generates about 35% 
revenue through referral tools [9], which means that 
modeling and prediction. Which future users are the 
most important? Successful ecommerce, in order to 
accurately predict future user purchases, purchase 
historical items must be recorded with a clear 
response. The answer is especially clear, such as 
ratings and reviews. Many studies focus on the use of 
implied opinions of users. Hu and faculty settings [3] 
introduced the concept of confidence that non-
purchase items were reduced. Rendle et al [11] 
proposed a Bayesian Personalized Ranking (BPR) 
Each use is considered purchasing. All non-purchased 
items are considered Negative (eg, All Missing) as 
Negative Assumptions (AMAN) [10]). 
In addition, the problem of data loss due to recording. 
Purchasing is often difficult. To overcome the above 
limitation, we take advantage of the click-through 
logs of users who were overlooked by previous work 
along with the user's purchase logs. Clicking Save is 
another type of implied user. Ridiculous comments 
Implicitly, the user has the precision while not pur-
chasing. Of all clicks, the list will continue. Disclo-
sure of user interest in user groups due to selection of 
purchase options. In the list, click on the lot we ex-
pect to click. The record helped alleviate AMAN's 
assumptions when combined with a purchase record.  
Harmony between disorganized sets, which allows 
users to click along with purchase notes, purchase 
notes, and save the correct user, so we divide the list. 
Three sets of messy dresses: 1) Buy 2) Click but do 
not buy items, and 3) Do not click items and set a 
new relationship between these sets of items with the 

user. Reflecting these relationships as a guideline for 
learning in pairs demonstrates that the accuracy of 
future user acquisition predictions will increase dra-
matically. The results in the two sets of actual data 
sets show that the way we present better the most 
advanced way to predict future ecommerce purchases 
of users. 
 
II. RELATED WORK 
 
Whenever specified in the Times section in this sec-
tion, we will review studies that are directly relevant 
to us, such as the recommender system, using the 
feedback implicit package, and how to model user 
behavior. Because it is very rich compared to the 
clear recommendation, research to create a recom-
mendation system is based on user feedback, implicit-
ly enormously beneficial. Suggested user reviews 
include clicks on news sites, listening histories, beha-
vioral audits, and channel customization events. In 
particular, Hu et al. [3] and Pan et al. [10] propose 
appropriate weight for item suggestions using implied 
feedback using the discriminative confidence matrix. 
Influence of Buy (Buy) and Unclaimed Items 
Guo and Barnes propose a three-step buying decision 
process in the eCommerce context, as shown in Fig-
ure 1. The first step, perception / problem / motiva-
tions1, is gathering consumer perceptions about the 
product that may help them be able to connect. Con-
tinue The gap between the desired and actual state. 
During the second step, customers will need to ask 
for information about product performance or other 
criteria, and to evaluate alternatives based on brand 
prices and other features. 
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Figure 1- Consumer behavior and the purchasing decision in 
the e-commerce context 

 
Recommended system technology is widely recog-
nized by e-commerce websites. It offers only the best 
advice to users. It also provides a huge profit for the 
service provider. However, we believe that traditional 
recommendation algorithms can not effectively pre-
dict buying behavior in an eCommerce context for 
three reasons: 
(1) recommender system [12, 17, 32, 33]. Attention to 
customers by taking advantage. Product rating by 
other customers with similar taste. [Joint Filtration 
(CF)] or by using past product ratings by target cus-
tomers. However, the rating system by the candidate's 
product recommendation system implies the impres-
sion that the customer is likely to have a product that 
is, expecting the signal to be similar. This is a distant 
cause of the goal. To predict buying behavior. Based 
on our own experiments, the use of CF alone in pre-
dicting customer buying behavior resulted in poor 
performance. [28] A note that consumers often make 
a purchase decision depends on the net utility of the 
product. edge Consumers have a reason to choose to 
purchase the product that maximizes net results. 
2) Many contributions to the recommender system 
focus on the user matrix and use tensor power factor 
calculations. However, these studies consider only the 
relationship between users and goods, and ignore the 
properties of the product. We think that side-by-side 
information plays an important role in the second 
stage of the purchasing decision process shown (3) 
The recommender system is often not in the first 
stage of the buying decision process as shown in Fig-
ure 1. However, the recommender system only identi-
fies the components of the second stage of the buying 
decision process. In addition, some recommended 
systems aim to increase product awareness [4] and to 
consider refreshing and novelty in product introduc-
tion. [18] Such systems are not available to carry out 
predictive tasks. 
 
III. EXISTING SYSTEM 
 
Existing system uses data provided by Ali Mobile 
Recommendation Competition held in 2015 which 
consisted of the behavior logs of items from mobile 
users in one month from Nov. 18, 2014 to Dec.18, 
2014 [28]. 
 
A. User Click Behavior Analysis 
In order to create useful and effective classification 
features, we need to study the relationship between 
user click behavior and purchase behavior by examin-
ing some statistical data. All actions performed by the 
same user on the same item are sessions specified by 
the user's counterpart. First, we examine the features 
involved in the data set and observe what the user is 
doing when making a purchase. We found that users 
are more likely to have click behavior when they 

want to buy more than they do not have an interest in 
the item or item is not satisfactory. In 73.3% of the 
total purchase, the number of click behavior of the 
user is greater than 5. Once, but for non-purchased 
sessions, only 7.7% had the same click behavior 
number. It indicates that it is effective to predict a 
user's purchase by using their click behavior num-
bers. Before making a purchase, the user will click on 
the item several times in the Tianchi data set. The 
user will click an average of 9 times before buying. 
This history records how users interact with the sys-
tem and makes purchases, while the previous filtering 
algorithm is not available. 
We found that if a person wanted to buy something 
on an ecommerce site, they could spend more time. 
Therefore, the total number of clicks and session pe-
riods of a session can serve as an indication of the 
user's general attitude toward online shopping. We 
also found some features about users, including how 
often users purchase, the number of times users click 
on the average item to buy, and more. 
 
B. Feature Extraction 
Based on the observations above and previous work, 
we have created our features from the following is-
sues: 
 
1) For users, we define features that reflect purchase 
behavior, liking, and style, such as adding to a basket 
before buying or clicking more than 9 times before 
buying. 
2) For feature lists, these are the features that describe 
the inherent properties of each item, such as the num-
ber of visitors, the number of click behavior, and the 
number of purchase behaviors occurring. 
3) For sessions, we focus on the user's recent beha-
vior on this list, which is their intent to purchase, such 
as how many times a user browses the list of times a 
user has added an item to the list. His favorite and 
shopping cart; 
4) At the time, we designed features such as the num-
ber of clicks that occurred each hour for the first time. 
(Including the month, day, and time), and the last 
time a user clicked on counts for different time pe-
riods. The user clicks on the average number of clicks 
for each time period, and the average time interval 
between adjacent two periods. 
In previous work for classification problems, both the 
Binary and Real-valued models were widely used. In 
feature form with a binary value, the attribute value is 
1 or 0 indicates whether a particular phenomenon 
appears in the session. This feature often refers to a 
frequency that is defined as the number of times a 
click behavior occurs in a session. 
 
IV. PROPOSED SYSTEM 
 
Current recommendation systems exhibits certain 
limitations such as intelligence, adaptability, flexibili-
ty, limited accuracy. These disadvantages can be 
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overcome by implementing a hybrid architecture that 
integrates product information with user’s access log 
data and then generates a set of recommendations for 
that particular user. This system handles most of the 
drawbacks and gives more efficient and more accu-
rate result than previous systems. 
 
Recommendation Systems can utilize data mining 
strategies for making suggestions utilizing learning 
gained from the activity and qualities of the clients. 
The architecture of an online web prediction system 
based on web usage mining basically consists of three 
phases : Data Preprocessing, Pattern detection i.e. 
user click analysis and generating predictions. Data 
preprocessing and Pattern detection phases are per-
formed and the recommendations are generated on-
line. Data preprocessing involves transforming the 
web access logs and user profiles into format appro-
priate for the system. Pattern detection involves using 
data mining techniques like association rule mining. 
Lastly the detected patterns are used to generate rec-
ommendations which provide customized links or 
data to the user. 
 
4.1 Preprocessing Phase 
This process consists of two main modules: data 
processing and knowledge base of pre-processing 
products. In the process, I started with pre-processing 
basics. Web-Access-Log This includes splitting the 
client session and entering important data in the data-
base. 
1) Data Processing: At this stage, the source files are 
formatted to find the Web access range. Web server 
logs are generated throughout the user's web server 
access. There are different types of web logs based on 
different server parameters. These records include 
information such as URLs, IP addresses, clients, etc. 
Pre-processing features, such as session cleanup data, 
are performed prior to using Web mining algorithms 
on web server logs. Grouping is also carried out in 
the process. Here k refers to the clustering algorithm 
used. In the k-guide system, means can be used in the 
pre-processing process for identifying groups of users 
appears to be similar. Used to collect user profiles. 
 

 
Figure 2 Data Pre Processing & Processed Web Logs 

 
2) Knowledge base: After the data processing, prod-
uct data information is merged with the user session 
data extracted from the record. These features include 
brand prices, user details, and transactions. It per-
forms in a table in an advanced database system. 
 

4.2 Prediction Phase 
In this session, when the user logs on to the server, 
the instructions are controlled with the knowledge 
base for the above transaction with the user. A list of 
recommended products is created based on the user's 
previous history and the type of group the user is a 
member of. 
1) Creating Suggestions: An important system utili-
ty is to create recommendations using some refining 
parameters such as brand valuation and other custo-
mizable parameters to get a certain set of support 
values defined elements of the database. 

 
Figure 3 Proposed Architecture 

 
We gather basic details of user such as user's loca-
tion, age and gender during registration process. Our 
proposed system will utilize a standard dataset equiv-
alent to Ali Mobile Dataset with relevant attributes so 
as to compare the efficiency of the system with exist-
ing work. We will be generating historical logs to 
generate metadata about user's session and identify 
purchase history (if any). Historical logs will also 
allow us to identify the location of user, the kind of 
products that user is looking for, adding to cart or 
wish list. Such information is termed as meta data and 
is quite useful for system to overcome cold start prob-
lem. Based on purchase history and historical logs i.e. 
session logs, we will classify user's session and pro-
ceed towards recommendation using following clas-
sifiers: 

1. C 4.5 
2. Naive Bayes 

 
C45 Algorithm 
J48 or C4.5 is an algorithm used to generate a deci-
sion tree developed by Ross Quinlan. C4.5 is an ex-
tension of Quinlan's earlier ID3 algorithm. The deci-
sion trees generated by C4.5 can be used for classifi-
cation, and for this reason, C4.5 is often referred to as 
a statistical classifier. 
C4.5 creates few decision trees from the set of train-
ing data and it is likely to create in the same way as 
ID3, using the eventual concept of Entropy of infor-
mation. The training data is a set of samples already 
classified. Each sample Consists of a p-dimensional 
vector, where they represent attributes or characteris-
tics of the sample, as well as the class in which it 
falls. 
At each node of the tree, C4.5 chooses the data 
attribute that most effectively divides its set of sam-
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ples into enriched subsets in one class or the other. 
The splitting criterion is the gain of standardized in-
formation (difference of entropy). The attribute with 
the highest standardized information gain is chosen to 
make the decision. The algorithm C4.5 then returns to 
the smaller sublists. 
This algorithm has some basic cases. 
 All samples in the list belong to the same class. 

When this happens, it simply creates a leaf node 
for the decision tree by saying to choose this 
class. 

 None of the features provide information gain. In 
this case, C4.5 creates a higher decision node in 
the tree using the expected value of the class. 

 Previously invisible class instance encountered. 
Again, C4.5 creates a decision node higher in the 
tree using the expected value. The C5.0 algo-
rithm is an extension of the C4.5 algorithm 
which is also the extension of ID3. This is the 
classification algorithm that applies in the large 
dataset. It's better than C4.5 on speed, memory 
and efficiency. Model C5.0 works by dividing 
the sample according to the field that provides 
the maximum information gain. C4.5 easily han-
dles the multi-value attribute and the missing 
attribute of the dataset [13]. 

Rule sets: An important feature of is to generate clas-
sifiers called rule sets that consist of unordered col-
lections of (relatively) simple if-then rules. The Rule 
sets option causes classifiers to be expressed as rule 
sets rather than decision trees. 
 
Naive Bayes Classifier 
Naive Bayes is a probabilistic classifier, which means 
that for a document d, all classes c ∈ C the classifier 
returns the class c which has the posterior maximum 
probability given the document. The Naive Bayes 
classifier is a simple probabilistic classifier that is 
based on the Bayes theorem with strong and naive 
assumptions of independence. Even though it is often 
surpassed by other techniques such as boosted trees, 
random forests, Max Entropy, Support Vector Ma-
chines etc., Naive Bayes classifier is very effective as 
it is less costly in computing (both CPU and memory 
) And it requires a small amount of training data. In 
addition, the training time with Naive Bayes is much 
lower as opposed to the alternative methods. 
The Naive Bayes classifier is superior in terms of 
CPU and memory consumption as shown by Huang, 
J. (2003), and in many cases its performance is very 
similar to more complicated and slower techniques. 
This assumption does not significantly affect the ac-
curacy of the text classification, but makes the classi-
fication algorithms very fast applicable to the prob-
lem. In our case, the probability of maximum likelih-
ood of a word belonging to a given class is given by 
the expression: 
 

푃
푥
푐 =

퐶표푢푛푡 표푓 푝푟표푑푢푐푡 푥 푖푛 푐푙푎푠푠 퐶
푇표푡푎푙 푛푢푚푏푒푟 표푓 푝푟표푑푢푐푡푠 푖푛 푐푙푎푠푠 퐶 

 
Here, the xi s are the individual words of the post 
tweet. The classifier delivers the class with the maxi-
mum a posteriori probability. We also remove dupli-
cate words from tweets, they do not add any addition-
al information; This type of Naive Bayes algorithm is 
called Bernoulli Naïve Bayes. The inclusion of the 
presence of a word instead of the count has been 
found to improve performance marginally, when there 
are a large number of training examples. 
 
V. EXPERIMENTAL SETUP 
 
Data Set 
In our experiments, we test our approach for user 
purchase prediction on a real-world data set. This 
dataset was constructed by YOOCHOOSE GmbH to 
support participants in the RecSys Challenge 2015. 
The YOOCHOOSE data set consists of a series of 
sessions from the reseller each session. 
Encapsulating User click event in session Some ses-
sions also offer purchase activity. This means that the 
session ends when a user purchases a product from 
the Web Store. The data was collected over several 
months in 2014, reflecting the clicks and purchases 
made by European online retailer users. To protect 
end user privacy, including resellers, all numbers are 
fixed. 
File yoochoose-clicks.dat Includes user clicks on 
items. 
Each line / record in the file has the following fields / 
formats: Session ID, Timestamp, Item ID, Category 
Session ID - Session ID In a single session, there are 
one or more clicks. Can be expressed as an integer. 
-Timestamp - Time of Click Formats of YYYY-MM-
DDThh: mm: ss.SSSZ 
- Item ID - The unique identifier of the item that was 
clicked. Can be expressed as an integer. 
- Type - The context of the click. The value "S" refers 
to the offer. "0" indicates the missing value. A num-
ber between 1 and 12 refers to the type identifier. 
Other numbers indicate the brand, for example. If an 
item gets clicked in the context of a promotion or 
offer, then the value will be "S". If the context is 
branded, such as BOSCH, 
Then the value will be 8-10 digits. If an item is 
clicked under a regular category such as Sports, the 
value is a number between 1 and 12. 
Yoochoose-buys.dat file Includes user purchase activ-
ity on items. 
Each record / line in a file has the following fields: 
Session ID, Timest amp, Item ID, Price, Quantity 
 
Session ID - Session ID In one session there are one 
or several purchase events. Can be expressed as an 
integer. 
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-Timestamp - Buy time occurs. Format of YYYY-
MM-DDThh: mm: ss.SSSZ 
Identity Code - Specific IDs of purchased goods. Can 
be expressed as an integer. 
- price - price Can be expressed as an integer. 
-quantity - volume on this purchase Can be expressed 
as an integer. 
File yoochoose-test.dat Includes only clicks of users 
who have items. This file is a test file in RecSys chal-
lenge 2015. 
 

 True False 

True 119  (True Posi-
tive) 

89  (True Nega-
tive) 

False 5      ( False Posi-
tive) 

3    (False Nega-
tive) 

Table 1 Confusion Matrix of Obtained Result 
 

Approach Precision Recall F measure 
User-based 

collaborative 
filtering 

0.099% 0.186% 0 .00129 

Bayes Ap-
proach with 

data set 1 
13.4% 78.5% 0.229 

Bayes Ap-
proach with 

data set 2 
85.9% 78.6% 0.821 

IRSM 96.96 97.54 91.08 
Table 2 Comparison with Existing Results 

 

 
Figure 4 Comparison graph 

 
It shows that the overall testing results on these two 
data sets with users’ click behavior features. It can be 
seen that the classification performance of our ap-
proach are better than the User-based collaborative 
filtering. 
 
One reason would be that User-based collaborative 
filtering can’t do well with the sparse data. And us-
ers’ click behavior indeed reflect users’ preference to 
the item and their shopping habits. We also notice 
that, when the amounts of the purchased and non-
purchased sessions, the classification performance is 
greatly improved, leading to a great improvement of 
our proposed approach. 
 

CONCLUSION 
 
In this paper, we presented a Improvised Prediction 
and classification approach for users’ purchase pre-
diction using clicking behavior features. In contrast to 
the conventional e-commerce user purchase predic-
tion methods, it doesn’t need additional data and 
avoid the problem of sparse data faced by the Colla-
borative Filtering algorithm. To apply the user click-
ing behavior features for classification, we adopt the 
bernoulli bayesian and C 4.5  rule for its simplicity 
and speediness. We evaluate our method's classifica-
tion performance on a real-world benchmark, com-
pared with User-based Filtering algorithm as men-
tioned in base paper. Results demonstrate the effec-
tiveness of the proposed approach and further indi-
cate its wide potential  applications in ecommerce 
purchase prediction. 
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