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ABSTRACT

Internet is the trend word of past 3 decades aadgtwer of internet has open wide angles for varimarkets.
One such booming market is E-Commerce. The biggese faced by data scientists is to create valdenzake decisions
based on the enormous amount of data that flowsény day. Click stream data is the data that ieggted as and when a
user clicks on the web page. This data helps toodstrate the behavioral pattern of a user and nmohe vital
information. In this paper, the data visualizatiminclick stream data for an e-commerce websiteeim@hstrated using

SAP lumira. Various techniques to perform dataafigation are also discussed.
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INTRODUCTION

The evolution of high speed internet and the ireeda the number of internet users every day hasdtne way
to the boom of e-commerce platforms. E-commergeégerred over brick and mortar retails due tovéist availability of
products, convenience and fast transactions [9h e increase in the number of e-commerce portalses the increase
in the competition among the e-commerce firms anfliow of data by the users. Competitive edge cdagddachieved only
when the firm could make meaningful insights frame thumungous amount of data that flows in every ttowever,
obtaining knowledge from this data is not an eask.t The data includes structured and unstructdiata from different
environments. Marketing managers strive hard tonfbehavioral patterns of users visiting their wissievery day to
cater to their change in needs, choices and changeeferences by using various data mining teatiek [6]. Data
mining is the process that uses statistical, magiieal, artificial intelligence and machine-leamitechniques to extract
and identify useful information and subsequent Kedge from large databases [1]. When data minindpise on web

streaming through documents, http logs, has tagssarver logs, it is called as web mining [9].
*  Web Mining

When a customer visits a site to look for informoafi browse through catalogs of products or checksaad
makes a transaction, the customer leaves behiitgl dfadata as the source for web data mining. Hais could be used to
identify the customer’s behavioral patterns, thmieference, needs and wants. Another source of idatiae product
information present in the website such as prisesudurability etc., which are presented to thetacuers. The structure
in which they are placed could also serve as a fdatanalysis. Web data mining could be broadlssiféed into three

categories:
* Web Content Mining

e Web Structure Mining
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 Web Usage Mining
 Web Content Mining

As the name implies, web content mining is the psscof obtaining potential, viable, valuable knalgle or
model from the web contents present in the catdisgription, information which details about a protl search results
on the web page etc., In short, web content misng combination of text and multi-media mining.[5Yeb content
mining is used to determine knowledge from the eohpresent in the web from the exact locatios placed and bring

out hidden link or relationship between the data.

e Web Structure Mining

Web structure mining includes hyperlink mining, URlining and internal mining. In an e-commerce wehsi
the useful information can not only be retrievednirthe content present in it but also from the wlay website is
structured and how each hyperlink navigates throegth other. If a hyperlink is pointed more thatewf then the

structure of the webpage could be re-structuraddke the hyperlink more visible and easy to naeigéL
* Web Usage Mining

Web usage mining could be personalized servicemathining or general access pattern mining. TWyieghen
a customer navigates into an e-commerce webség,gbnerate a pattern in which they either navitzatee webpage like
through a promotional advertisement in a searchinengr third party website or through directly tygiin the URL bar.
When the customer enters the webpage, they eittoavsie through it generally or make a specific pasgh This is

recorded as the customer behavioral pattern bysaitwethe app server logs, web logs, the searchdtug
DATA PRE-PROCESSING

Once the data is collected pre-processing, patliscovery and pattern analysis is carried out. Magialgorithms
are carried out to execute the processing of ditadoing this, we could eliminate the unwanted dagglundant data,
missing data etc. The data is later grouped in&w ssssion with the help of URL suffix; cookie eto.that clustering of

data is possible [8].
e Pattern Discovery

Once the data is pre-possessed and grouped, pdiseovery could be done. The most common techsigiie

pattern discovery for web transactions are:

* Path Analysis: It is the simplest technique with which the graplhrepresentation of a website with the webpage

as nodes and hypertext as links form a path imglgpage. The most travelled path, the entry andpexit, the

duration of a session using the web log data istified using this technique.

» Association Rule: Association rule is typically used for market bhsmalysis to associate products that are

brought together by which the user behavioral bgypatterns could be formulated. This could help in

formulating effective market strategies.

e Sequential Patterns:By obtaining sequential patterns, one could idgritie sequence of items viewed over a

particular time stamp and helps in targeting adsied aimed at users or user groups.
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e Clustering: Clustering is done mainly to group an item setdobhon nodal information, such as the ease of data
retrieval is achieved in a much faster pace.
CLICKSTREAM ANALYSIS

A clickstream is the recording of the parts of Hueeen a computer user clicks on while web browsingsing
another software application. As the user clickgadrere in the webpage or application, the actidogdged on a client or
inside the web server, as well as possibly the lwelwser, router, proxy server or ad server. By gisiickstream analysis

we could derive data from various parameters sach a
*  Visit Duration: the duration of time a customer spend during @ssien
« Time Stamp: the time and date variables of an active sessiandustomer
e |IP Address: the IP address from which the customer viewedublepage
» Session Detailsthe number of links clicked and navigated, thexgeviewed, transactions made if any etc.,
* Product Details: The sequence of the products viewed and the nuailvepetition of the products viewed etc.

Clickstream analysis is useful for web activity lgses. A customer may visit a website just for bsiwg over
products or specific product purchase. Knowinged#dht user behavior patterns helps conduct madgrmentations in
order to develop marketing strategies, or enhamesopalized shopping experience. In practice, hewelearning the
various user behavior patterns is nontrivial [Ije most striking questions to enhance sales asimer retention in an
e-commerce website would be,

* What are the most frequent user behavior patterns?
* What are the demographics of the users who follepexific behavior pattern?
» How do the behavior patterns correlate with thégrarance of the online service?

To sum them up in a single image,

Web Site Content

Original Weblogs Click Flow data pre-process statistics of pattern and Interesting patterns
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Pre-process data pattern discovery pattern analysis

SourceRetrieved from application study from web-minimge-commerce [5].

Figure 1
VISUALIZATION OF CLICKSTREAM DATA

Clickstream Data could be clustered and mappedvired levels using algorithms like Self-organizingps [10],
accelerated ants algorithm [3] etc. But real timalgtics of live data require handling volumes atalto give a visual

output. Visualization of data is very importantiresent day scenario as it helps to improve uraieilgig, maintain focus,
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to tackle the growing volume of data and to imprtwe decision making ability. Click stream datalddue visualized by
assigning shapes and colors to each user sesgiendiag on the parameters present in it. The ptigpoof the shape or
color could vary based on the frequency of thegpattThese symbols could be placed on a plotting toaarrive on a
pattern. However, the overlapping of the symbolddde a major problem to be sought out. This @aping of symbols
could be eradicated by the use of algorithms ssdiimeans algorithm, SOM with Markov chain model et

Let us consider the real world example of dataaligation with click stream data using IBM lumirppdication.

The workspace area of IBM lumira consist of dimensiand measures on the left panel with filterstanright and

workspace in the middle as shown in figure 2a. Bondnstrate the visualization of clickstream datajasaset of

e-commerce web site is loaded into the system. Wighslice and dice options, we have narrowed diwrsales revenue
and gross margin or number of short sleeve shittsia Dallas
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Figure 2(b): The Data is Filtered with the Quantity of Short-sleeve Shirts Sold in Dallas against thgales
Revenue and Gross Margin for Each Day Indicated byarious Legend Colors
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Figure 2(c): The Data is Further Sliced to a Partialar Date by Selecting
the Portion and Clicking on the Filter Option
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Figure 2(d): The Selected Portion is further Filteed to find the Quantity of Short
Sleeve Shirts sold on a Particular Day in Dallas, 8A

Future we could prepare, visualize and composertepdth the available click stream data.

DATA VISUALIZATION TECHNIQUES

Scatter plots, scatter plot matrices, grand touw data tour, bar charts, funnel charts, pie-chdrt®p map,
geographic charts etc., are a few visualizatiorhods to align or display a large set of data [With these visualization
tools, various techniques could be used to rampndihve data and narrow on particular criteria. Féwhose techniques

are:

Funnel Analysis: In funnel analysis, we determine the entry and paint and take a set of user sessions data.
When demonstrated in a funnel map, the analysiddvshwow how many users have completed through itieeesession
and how many have dropped down on particular stdfjgs when we set entry and checkout as the amigyexit criteria

for a funnel analysis, we could determine how masgrs have made a purchase and how many have droppef it [2].

Path Analysis: This again sets two points as entry and exit goanid takes data sets of user sessions. This
analysis helps to determine different paths taka lger to reach the exit point from the entry patiis helps in finding
the most favored user path [2].

Decision Trees:Decision trees are used to subset data till ninvéursubset could be reached. This is one of the
most efficient methods used for predictive analy3i Decision trees could be visualized with aiteto eliminate

unwanted information and narrow down on customgmemnts to target on marketing campaigns.
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CONCLUSIONS

Pictures speak volumes. Data visualization is dacéfe tool for managers to make important decisiData
visualization helps both in predictive and desévptanalysis by providing insights on data whickiegi a meaningful
perspective of a scenario. Data visualization isennew technology. But the correct usage of téitoany industry with
the right data is crucial. In markets such as E+oence which counts on volumes of data every daglyais of it is
necessary to stay and succeed in business. Thés gaes a brief introduction of data visualizatiand is restricted in
reviewing to only one tool, SAP lumira with clicksam data. It could further be extended to varimther tools in market

and analyze the performance of each tool in diffeidustries with different data.
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