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Abstract - Customer age and gender are very important parameters for both retailing and marketing. It is well known that 
they both play very important roles in purchasing habits. In this study, we propose a model to predict the gender of an online 
customer by analysing his/her mouse movements. To accomplish this purpose, we have developed a novel data cube model. 
The model consists of six dimensions which are customer demographic data, customer visits, mouse movements, online 
shopping cart, external data and time dimension. To detect customer gender we used artificial neural network model. Our 
results show that using the derivatives of the data cube and the model, gender of an online customer may be predicted with 
up to 80% of success rate. In the study we have also applied a data mining decision tree analysis in order to find the most 
significant parameters for detecting an online customer’s gender. Our analysis shows that time spent on the site, average 
time intervals between clicks, items clicked and order of the clicks are important and can be used to predict online user 
gender and it may be used for promotional and marketing purposes. 
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I. INTRODUCTION 
 
Data mining is to extract useful information from 
large data sets[1]. The data used for data mining may 
come from a corporate database, search engine 
queries, network traffic or communication logs, social 
media comment, customers’ online service/product 
reviews, online newspaper headlines etc. If the data 
mostly come from web sources like internet sites, 
social media and so on, the mining process is named 
as web mining[2]. No matter where the data come 
from or it is called as data mining or web mining, the 
data to be used must be restructured for a fast and 
efficient usage. This special form is data warehouse 
[3]. Creating data warehouses is one of the early steps 
of data mining process.  When data warehouse is 
created or raw data set is rendered into a data 
warehouse format, the data should be cleaned and 
reformatted [4]. For web mining data from web 
sources should be collected and rendered into a new 
format and sometimes they are blended with data 
from other sources. A data warehouse should be 
subject oriented[4]. This means web data blended 
with other data must be reformatted in accordance 
with a predetermined subject. For example, if you are 
planning to use product review entries to cluster 
customers as satisfied or unsatisfied, words and 
phrases taken from web must be collected and re 
organised accordingly. Since a data warehouse should 
carry a timestamp, time values like day, hour, minute 
or even seconds must be attached to data[5]. After 
data warehouse is ready web mining analysis may 
start. For web mining there are various models, tools 
and algorithms. For a predictive mining, classification 
model may be used with decision trees, genetic 
algorithms and artificial neural networks. Algorithms 
like K-means [6], [1], K-Medoids [7], DBSCAN[8], 
[1] and K- Nearest neighbour[9] may be used for 
clustering model. Apriori and AprioriTID[10],  

 
[9]algorithms are to be used to find out the relation 
between data items. 
In this study we performed a web mining application 
using clickstream data of online customers. For 
mining, we used both artificial neural networks and 
decision tree models to find out elements to help 
predict online customer gender. 
 
II. RELATED WORK 
 
With the increase of online shopping, customer 
behaviour has gained a lot of importance. E-
commerce firms started to be interested in examining 
online customer behaviour and find information in 
order to use it for various business purposes. There 
have been some case studies on examining online 
customer behaviour. To understand what customers 
demand, like and hate, not only demographic data[12] 
but also mouse movements of customers are used and 
analysed. This may be done with visual analysis 
using plots, diagrams, maps etc. or any other 
predictive analysis tools or techniques [11]. As it is 
well known, word-of-mouth affects way of doing 
business and making shopping decisions. In the 
course of development of Internet, the form of word-
of-mouth may be considered as electronic- word-of-
mouth or e-WOM; in this sense the channel of  e-
WOM and personality characteristics of online 
shoppers have been collected and analysed in order to 
find out what kind of customers an e-tailer encounter 
with [13] .WOM, e-WOM and web site 
characteristics affect customer loyalty in B2B 
(Business to Business) as well. There are studies on 
detecting the influence of web site characteristics 
over customer loyalty [14], [15]. To measure 
customer satisfaction and build an automated model 
to spot satisfied and unsatisfied customers, online 
firms analyse customers’ reviews with a data mining 
featured system. A robot may extract the most 
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representative words and phrases from customers’ 
reviews and analyse them to find out which customer 
is satisfied or not satisfied with the product s/he has 
bought[16]. Besides decision trees, artificial neural 
networks, parallel sequence mining algorithm [19] 
and support vector machines are also very useful for 
web mining [18].A similar study held for ‘search 
engine query entry words’ have yielded satisfying 
results [17]. Online buyers’ and window shoppers’ 
data are analysed and compared to extract the reason 
behind why and when some customers switch from 
window shopping to a real purchase transaction and 
sometimes do not [25].There are many other case 
studies and model proposals to analyse online 
customer behaviour, cluster online users, form a 
customer profile, understand the needs of customers 
shopping or just online window shopping and so 
on[20], [21], [22]. All these studies and many others 
have been performed in order to find useful patterns 
and information about customers to be used for 
marketing, management, production and so on 
[24].However, none of the studies above cover 

customers’ characteristics and features like gender, 
age or social status.  
 
III. DATA CUBE MODEL 
 
For any kind of web mining (or a clickstream data 
mining as it is in this study) a special data warehouse 
is needed. The data warehouse which we introduce 
here is a novel one for e-commerce web sites or 
online marketing firms. We suggest a six dimensional 
data warehouse for a clickstream analysis. Our model 
is a cube-shapeddata warehouse which may be used 
for information extraction or data mining.  

The dimensions of the data cube are 
1. Customer demographic data dimension. 
2. Customer visits dimension. 
3. Online market basket dimension. 
4. Time dimension. 
5. Customer mouse movements dimension. 
6. External data dimension. 

Remember that contents, data fields and 
other details of each dimension may differ from one 
application to another. Fig. 1 shows the data cube. 

 

 
Fig.1. Data cube model for a clickstream data analysis. 

 
Now let’s take a look at each data dimension briefly.  
Customer demographic data may be extracted from 
the firms’ customer databases. Today, almost all 
online firms collect this kind of data. In this 
dimension, several fields may be employed. Some of 
them are age, neighbourhood, marital status, number 
of children, job, tenure etc. These items partly depend 
on the aim of analysis and partly on data available. 
Customer visits dimension may include last visit 
time, average visit duration, total payment, number of 
items bought so far and so on. Online market basket 
dimension may consist of product sex, colour, type, 
size of the product, number of items, cost of items, 
discounted or promoted items and so on. Time 
dimension may have hour, day, month, season and 
duration of shopping etc.  Mouse movements data 

dimension must be extracted from client side 
browsers. These data may include items such as type 
of item clicked, colour of item clicked, pages visited, 
order of each click, mouse idle time etc. External data 
dimension includes outside data that affect online 
shopping and customer behaviour. Outside 
temperature, GPS location that customers connect, 
type of the device they use (i.e tablet, PC, Laptop), 
operating system may be some of them. 
 
IV. ANALYSIS 
 
4.1. Data 
In this study we used a derivation of the data cube 
introduced above. The data set which has been used 
comes from an e-commerce company. The company 
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sells consumer products online and has more than 15 
pieces of sales on average every day. With the 
permission of the company we installed a program on 
the server and also used ‘client side java scripts’ to 
collect clickstream data of online shoppers. For 280 
days, data were collected on a server side database. 
Total records collected and organised are 20.000. 
Within 280 days there were more than 20.000 visits 
paid to the site. However, majority of the users were 
women, so we deliberately and randomly selected 
10.000 visit records from men and another 10.000 
visits made by women. Thus, our man/woman ratio 
was one to one in the datawarehouse. 
The data dimensions and fields used in the analysis 
are as follows: 
For Time Dimension, fields collected and used are 
total time spent on the site, first item add time (if 
there is one), period of the day (as morning, 
afternoon, evening hours or late at night), day of the 
week. 
Mouse Movements Dimension consists of  count of 
all clicks made, order of clicks (as 1st, 2nd, 3rd etc.), 
category of clicks (three categories: dress- jacket-
sweater, shoes-boots-sandals or underwear) and 
average time spent between clicks and time spent 
before each click (as seconds). 
Visits Dimension has got two data fields; they are 
search (indicates if user has  conducted a product 
search) and category of search. 
Market Basket Dimension is made up of product sex 
category in basket (as child-boy, child-girl, unisex, 
woman, man), number of items in basket, discounted 
item in basket (whether there is one or not). 
For the study External Data Dimension has not been 
used. 

For Demographic Data Dimension we used only 
gender field which is the class variable at the same 
time. 
 
4.2. Method and Tools 
For the analysis KNIME data mining program 
[23]has been used. KNIME is an open source, Eclipse 
based program designed for data mining and machine 
learning applications. The program has various 
clustering and classification algorithms. Since other 
open source programs can be embedded and used 
inside KNIME,  it is quite useful. For the analysis and 
prediction we used artificial neural networks and 
decision tree algorithms.   
For decision tree analysis we used C4.5 algorithm 
[24]. The algorithm uses entropy function, as it is in 
Equation 1, in order to find the best fields to create 
branches, when constructing the tree.   

)1())/1log(( )p..., ,p ,p( n21 ii ppH 
  

For artificial neural network analysis we used Multi-
layer Perceptron predictor. The artificial neural 
network is made up of ten hidden layers which 
consist of ten nodes. Throughout the network sigmoid 
activation function has been used. For both decision 
tree and artificial neural network analysis we divided 
the data in two parts with a 70%/30% ratio. Namely, 
70% of data, 14.000 records have been used for 
decision tree and multi-layer perceptron learning; 
30% of data, 6.000 records have been used for 
prediction. The success of the predictions have been 
measured and assessed in a confusion matrix. The 
model for analysis is depicted in Fig.2. 

 

Fig.2 The model used for analysis. 
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TABLE 1 CONFUSION MATRIXES FOR SCORER NODES 

 
4.3. Findings  
Decision tree data mining performance has given 
more than twenty-five patterns. Patterns consist of 
nodes between two and five. That means in some 
cases two pieces of data or click information may 
give an idea about the gender of the user. For this, 
maximum number is five,however, in most of the 

cases click numbers are as high as twenty-three, 
namely the system has to wait the 23rdclick to 
decide about the gender of user. 
Our findings show that using the proposed model 
and a proper data mining model or algorithm, one 
could predict the gender of online users up to 80% 
probability.

Table 1 shows confusion matrix of both decision 
tree and artificial neural network nodes (see Fig.2). 
Table 1 shows some statistics related to artificial 
neural network and decision tree predictions. The 
table suggeststhat both models may be used for 
predictions with a minimum 0.640 F value. Indeed, 
accuracy statistics are all over 75.6% and overall 
error is 19.98% for artificial neural networks 
prediction and 22.77% for that of decision tree. 
Some of the patterns which are produced by decision 
tree algorithm are as follows: 
Rule 1:  
If 3rd click is dress, jacket or sweater,  
8th click is shoes, boots or sandals, 
23rd click is click is dress, jacket or sweater 

then 
Gender prediction is man, (confidence 80%, lift 3.4). 
Rule 2:  
 
If 2nd click is underwear, 
8th click is underwear, 
16th click is dress, jacket or sweater, 
23rd click is click is dress, jacket or sweater, 
 
 
Search is True (customer searched a certain category 
or product), 

Then 

Gender prediction is man, (confidence 73.2%, lift 
2.5). 
Rule 3:  
If 4th click is shoes, boots or sandals, 
5th click is shoes, boots or sandals, 
6th click is shoes, boots or sandals, 
Time interval before 7th click is >100 seconds 

 Then 
Gender prediction is woman, (confidence 70.4%, lift 
4.5). 
Rule 4:  
If 3rd click is underwear, 
4th click is underwear, 
10th click is underwear, 
Average time interval between clicks <150 seconds 

Then 
Gender prediction is man, (confidence 75.3%, lift 
3.5). 
Rule 5:  
If day is Friday, 
1st click is underwear, 
3rd click is underwear, 
Average time interval between clicks < 200 seconds 

Then 
Gender prediction is man, (confidence 82.0%, lift 
2.6). 
Rule 6: 
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If 20th click is underwear, 
21st click is underwear, 
23rd click is underwear, 
25th click is underwear, 
Average time interval between clicks < 40 seconds 

Then 
Gender prediction is woman, (confidence 87.0%, lift 
4.1). 
Rule 7: 
If day is Thursday, 
Clicks from 1st to 5th are shoes, boots or sandals, 

 Then 
Gender prediction is woman, (confidence 86.0%, lift 
4.2). 
Rule 8: 
If total time spent > 1700 seconds, 
Average time spent < 90 seconds, 
6th click is skirt, jeans, shorts, 

Then 
Gender prediction is man, (confidence 75.0%, lift 
3.7). 
Rule 9: 
If average time spent > 85 seconds, 
Average time spent < 170 seconds, 
First 7 clicks are skirt, jeans, shorts, 

Then 
Gender prediction is man, (confidence 78.4%, lift 
3.5). 
Rule 10: 
If there is a discounted item in the basket, 
First item add time is < 100, 
Day is Sunday, 
First 5 clicks are shoes, boots or sandals, 

Then 
Gender prediction is woman, (confidence 88.1%, lift 
5.5). 
 
CONCLUSION 
 
In this study we have introduced a novel data cube 
model. The data cube model which is a data 
warehouse (or data mart) is to be used for clickstream 
data mining. In the study we realised the data cube 
model by collecting data from an e-commerce firm 
which operates as an on-line retailer. In the study the 
data cube model has been used to predict the gender 
of online users while they are shopping, surfing on 
the site or just window shopping. For predictions, 
artificial neural networks (ANN) and decision tree 
(DT) algorithms have been used. After the learning 
processes (ANN and DT) and predictions, a scoring 
node has been used to measure the accuracy and 
reliability of predictions. The tests suggest that 
predictions are accurate enough to be used for 
business purposes such as marketing, production or 
general management.  
As it can be seen from the patterns, the most 
important elements to decide the gender of users are: 

 Average time spent before making 
a categorized click. 

 Total time spent on the site. 
 Average time spent between clicks. 
 Item clicked i.e. shoes, pants, 

underwear etc. 
 Order of the item clicked i.e. 1st, 

2nd, 3rd etc. 
 Day of the visit 
 Existence of a discounted item in 

the basket. 
However it must be stressed that the patterns and 
results found through this study is valid only for this 
data and the period the study was held. What we 
introduce here is to reliability, accuracy and 
feasibility of predicting online customer gender via 
proper data mining models and a decent data cube. 
The study may be repeated with similar data 
warehouses to predict not only genders but also, ages, 
social statuses, income levels or any other features of 
online customers. 
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