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Abstract
It is important to provide perspectives about the effects of Internet usage on students’ personal and social behaviours 
along with the impacts of these usages on their academic performances. To explore students’ Internet usage behaviors and 
predicting outliers in student’s community, we have developed Web based data mining tool named Education Data Miner 
(EDMiner), which provides user friendly interface for different stockholders of the system including professors and deans. 
This research study was conducted with a sample of 5210 students from one engineering college in India during 36 months 
continually. The primary focus of this study is to extract Internet usage pattern of students by exploring proxy server ac-
cess log files. These patterns were then used for identifying outliers in students’ community. We have applied centroid and 
density based clustering methods to identify outliers. Further, the relationship between Internet usage behaviours and 
various Academic and Non-academic activities were explored. Based on our results the majority of visited Websites, 35 
percent, belongs to Websites under Extra-Curricular category whereas for curricular Websites it is 24 percent. Further, our 
results also contradict the perception that the Internet usage adversary affects the academic performance. Moreover, our 
analysis results show higher average time spent on Internet did result into nonparticipation in other activities, which are 
very essential for the growth of these students. This nonparticipation in other activities may prove to be an indicator for 
loneliness of these individuals.

Keywords: Educational Data Mining, Internet Usage Behaviours, Academic Performance, Curricular and Co-curricular 
Activities, Web Usage Mining.

1.  Introduction

Internet and World Wide Web (WWW) technologies have 
significantly influenced daily activities and quality of life 
of individuals and organizations including academic insti-
tutions. Most of the academic institutions in India have 
made significant investment in Internet and computing 
infrastructure with an objective to make quantum jump in 
academic productivity and quality. Academic institutions 
have also opted for these technologies in a big way in their 

library services, classrooms, research labs and residential 
complexes. These computing and Internet infrastructure 
have come at significant cost and with the following expec-
tations. (1) Easy access to learning resources through 
Internet will result in improvement of quality of teach-
ing and learning. (2) Computer assisted class rooms will 
increase productivity of both students and teachers. (3) 
Virtual class rooms may be able to partially address the 
shortage of faculties in institutions. (4) Internet access in 
residential complexes will lead to self-learning. However, 
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there is a growing perception in academic community that 
these objectives are either not achieved or achieved only 
marginally. Many people believe that students use Internet 
as a stress buster and are increasingly becoming addictive 
to it, to the extent that it hurts them.

Further, students in academic communities in India in 
particular are heterogeneous group of individuals. These 
heterogeneities are due to economic, social and cultural 
environments from which they have come. Therefore their 
behavioural patterns and preferences are likely to be dif-
ferent. Classification of their behavioural pattern and 
preferences based on their Internet usage pattern may help 
to identify the dominant patterns and outliers of the com-
munity. Identification of the outliers of the community may 
help to proactively initiate measures to improve academic 
environments. We also report elsewhere a significant gen-
der gap exists in terms of Internet usage.

This research work is motivated by the desire to extract 
the Internet usage behaviours of students and determine the 
effects of Internet attitudes and behaviour on their academic 
performance, extra-curricular and co-curricular activities. 
Secondly, identifying the outliers in the students’ community, 
who are unable to cope up with academic and environmental 
stress and strain, which can enable institutions to initiate pro-
active measures, if required? Finally, to design and implement 
a Web based tool named EDMiner, which can be used by dif-
ferent stockholders including academic administrators and 
professors to control students’ Internet usage patterns along 
with their various activities in academic environments.

This paper is organized in five sections. Section 2 
explores the related works and the tools (commercial, free 
and open source) which are available in market for analy-
sis of data. In Section 3, we describe our proposed Website 
Classification scheme and its mapping to Open Directory 
Project (ODP) [11].  Section 4 describes the background 
of the study and details its methodological approach (sam-
pling, data collection and analysis and outlier detection) 
along with the architectural design and the main compo-
nents of EDMiner tool, and with the help of some GHU 
windows, we describe some of the functionalities of this 
tool. Section 5 includes discussions about this study and its 
limitations and concludes our paper.

2.  Related Works
In this section, we present the related works in the area of 
data mining and educational data mining in particular. It 
begins by reviewing the usage pattern discovery methods 

followed by a short discussion on different data/Web min-
ing tools which are accessible in both free or open source 
and commercial forms.

2.1  Usage Pattern  Discovering 
Several research studies [3–7, 9, 22–27, 29, 30, 32, 33, 36, 
37, 39, 42, 45 and 48] have been made to model individual 
and group behaviours and to evaluate usage patterns of dif-
ferent services. These models have used different sources of 
input data for modelling. These input data includes access 
log files [3, 4, 25, 27, 29, 30, 33 and 48], click trace [23], 
questionnaires [36 and 37], interviews [7] and other rel-
evant documents [6, 26 and 32]. In [25, 42], Web access log 
files and clicking patterns of visitors to the Website have 
been used to evaluate the usage patterns of contents of the 
visited Websites and to cluster the users based on their 
preferences for the pages from the Websites. These stud-
ies have been used to improve the Website contents and to 
eliminate those contents which are not being used. In [23], 
a similar research study has been made to predict Website 
visitors’ genders, age and their ethnicity. 

Several other studies [1, 2, 21, 28, 31, 32, 34, 36, 38 and 
40, 47] have focused on studying the usage of information 
technology at different levels of education. These studies 
have been made either to assess the impact of technology on 
extent of learning or to predict the performance of students 
in one or more courses. Some of the researchers [1, 2, 21, 
31, 34, 38 and 40] have studied the impacts of the Internet 
usages on students’ academic performances. In [38], Q.A. 
Al-Radaideh has proposed a model to predict the perfor-
mance of students in the final examination of C++ course 
based on their performance in the mid-term examination, 
their attendance and their activities on C++ course Website 
including questions and answers and the assignments. 
Similarly, in [2, 21 and 31], a model has been proposed to 
predict the performance in a Web based course based on 
users’ on line activities. In [28], Liccardi has addressed the 
role of social networks in computer science education. This 
study concluded that social networking plays a positive role 
in students’ learning experiences.

2.2  Data Mining Tools
Several data mining tools have been developed to analyze 
different kinds of data. These tools vary in terms of the 
input data which they use to analyze. The contents used 
by these tools include textual data, multi media contents 
or unstructured Web data, etc. These tools are available in 
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both free or open source (Weka [19], Orange[20], R-Miner 
[46], Rattle [16], Rapid Miner [15], Weblizer [18], etc.) 
and commercial (Statistica 8 [44], SAS Enterprise Miner 
[8, 17], IBM Intelligent Miner [12], Microsoft SQL Server 
2005 [35], Angoss Knowlwdge STUDIO [10], KXEN [13], 
Website parser tool [14], Website Scraper [14], Web extrac-
tor software [14], etc.) forms. Most of these tools have very 
interesting and useful features and are generally targeted 
to the enterprise level data sets for specific domains and 
applications such as business intelligence.

None of these tools including free and open source and 
commercial has features to help in analyzing data related to 
students ‘Internet activities. A prime motivation to design 
a data mining tool was to help academic administrators 
and teachers to extract the Internet usage behaviours of 
students, identify outliers in students communities based 
on their Internet usage behaviours, academic performance 
and to study the relationships between different groups of 
outliers.

3.  Website Classification Scheme
Web page classification is the process of assigning a Web 
page to one or more predefined category labels. In Website 
classification, categorization can be done based on Website’s 
content or structure. Most of the general purpose search 
engines and portals use the Website classification scheme of 
Open Directory Project (ODP) [11]. These search engines 
and portals include Google, Netscafe Search, AOL Search, 
Lycos, DirectHit, etc. ODP is a multilingual open content 
directory of WWW links and is constructed and main-
tained by a community of volunteer editors. ODP defines 
16 top level categories, which are 1: Arts, 2: Business, 3: 
Computers, 4: Games, 5: Health, 6: Home, 7: Kids and 
Teens, 8: News, 9: Recreation, 10: Reference, 11: Regional, 
12: Science, 13: Shopping, 14: Society, 15: Sports and 16: 
World.

Since, ODP categories to which Websites visited by stu-
dents, do not related to activities of academic environments. 
We need to have the concepts in the classification scheme 
which explicitly related to the activities of students in a res-
idential academic institution. In an academic institution, 
students’ activities are generally classified as curricular 
(includes course works, which may have lectures, tutorial 
or practical classes and other activities directly related to 
courses), co-curricular (include technical paper writing, 
paper presentations, seminars and conferences and etc.), 
extra-curricular (include sports, cultural activities (dance, 

theatre, etc.) and literary activity, hobbies (photography, 
robotic, etc) and non-curricular activities (include busi-
ness, shopping and career related activities).

It is pre-requisite to classify the Websites visited by 
students according to curricular, co-curricular, extra-cur-
ricular and non-curricular categories. We have augmented 
the ODP classification scheme with the following concept. 

•	 Curricular, Co-Curricular, Extra-Curricular, Non-
Curricular, Media, General, Professional, Undesirable, 
Adult, Webcam, Free SMS, Sharing Websites, Special 
Communities, Terrorism and Criminals.

Among the categories given above, Curricular, Co- 
Curricular, Extra-Curricular, Non-Curricular are the 
higher or top level categories.

These concepts have been introduced as either general-
ization or specialization of ODP concepts. Super and Sub 
categories for the above concepts are given below.

•	 Curricular category is generalization of Science, Computer 
and Reference categories.

•	 Media is a specialization of Art and generalization of 
TV, Radio, Music, Movie, Video and Animation.

•	 Social and communication networking is generaliza-
tion of Social Networking. Webcam, free SMS, Special 
Community, Resource Sharing Websites are specializa-
tion of Social Networking (SN).

•	 Undesirable is specialization of Recreation with Adult, 
Terrorism and Criminals its generalization along with 
Drugs.

These categories have been introduced based on analysis of 
contents of the popular Websites visited by students. From 
our analysis, Website contents, which are related to aca-
demic courses, were mostly under Science, Computers and 
Reference categories.

All the above categories, we have considered either based 
on related activity or usage. The Undesirable category is 
introduced to capture social acceptable norms. Terrorism, 
Criminal and Drugs related Websites are undesirable in 
most of the societies. However, the Adult Websites may 
not be in the same category. In the context of Asian and 
Middle-East societies including Indian society, we con-
sidered these to include under Undesirable category. It is 
evident from our analysis, that majority of visited Websites 
(35%) belong to Extra-Curricular and Subcategory of Social 
Network Websites (27%) and not to curricular Websites 
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(24%). It is heartening to note that, there is only small per-
centage (lesser than 1%) who visited drug related Websites. 
Further, there is a small percentage (10%) of students, both 
male and female, who visit Adult Websites.

4.  Methodology 
In this section, we start our approach first by mapping the 
categorization scheme according to ODP. We then give the 
outlier detection followed by the design and implementa-
tion details of EDMiner tool. Finally, we provide the results 
with the help of GUI windows.

4.1  Mapping Categorization of Websites
In order to meet our requirements of Website classification 
according to Curricular, Co-Curricular, Extra-Curricular 
and Non-Curricular categories, we have mapped our scheme 
to ODP classification scheme. For example, in Curricular 
category of our classification scheme, we have mapped 
the ‘Top/Computers’, ‘Top/Reference’ and ‘Top/Science’ 
from ODP classification as Computers, Reference and 
Science under Curricular category. We have further classi-
fied Reference as General and Professional sub-categories. 
Professional has a sub-category of other, which maps ODP’s 
Top/Reference category except Education sub-category. A 
complete list of these mappings is given in Appendix A.

ODP data is available as RDF dumps in compressed 
format and is encoded in UTF-8. These latest RDF dumps 
can be downloaded from http://dmoz.org/about.html. One 
dump file is structure.rdf.u8.gz, which provides the category 
hierarchy information. In this classification scheme, each 
category and the sub-categories within that category are 
available as a hierarchical structure. For example, category 
Top/Computers has sub-categories of Internet, Software, 
hardware, Security, etc.  Another one file is content.rdf.u8.gz,  
which provides the links within each category. Each cat-
egory of Website is defined by the community editors. For 
example, one of the categories of google.com is Computers: 
Internet: Searching: Search Engines: Google.

We have downloaded the contents dump latest by 
September 6, 2012. We have used Apache Jena [49] frame-
work to load this RDF [50] dump in to TDB database and 
queried (SPARQL) [51] the RDF data for finding the cat-
egory. This dump file has been pre-processed to correct 
the errors or warnings that are occurred while loading the 
dumps into the database. The errors or warnings handled 
while pre-processing the dump includes correcting the RDF 

namespace declaration, removing empty namespace, add-
ing namespace prefix and changing id to about.

After making the above changes to the content RDF 
rump, we have converted the dump from RDF/XML into 
n3 format using Jena’s command line tool ‘rdfcat’ to load 
into TDB database.

We have developed a two step process to find the cat-
egory of each visited Webpage by querying the RDF data in 
TDB using SPARQL query language. This two step process 
has been described below.

Step 1:
•	 For each URL visited, get the top level domain name
	 •	 �First the name of Websites will be extracted by trim-

ming the resource accessed. For example, the URL 
http://www.google.com/resources/xyz.abc.html will 
become http://www.google.com.

	 •	 �Extract the top level domain name from the URL 
extracted. For example, the formatted URL from the 
above step http://www.google.com will be become 
google.com

				   Note: �For all sub-domains, this process produces 
the same top level domain. For example, for 
different Websites visited including http://
www.google.com, https://mail.google.com/
mail/, https://plus.google.com/, google.
com will be the resultant extracted top level 
domain.

•	 �After retrieving the top level domain name, this domain 
name will be searched in ‘Content Database’ for find-
ing the different categories that the extracted top level 
domain has been listed. 

For example, the search results obtained for Websites 
google.com and facebook.com are 2417 category matches 
for google.com and 249 category matches for facebook.com.

Step 2:
	 •	 �In this step, for each unique top level domain names 

extracted from step 1, we have mapped the catego-
ries to our proposed Website’s classification scheme.

	 •	 �For example, for twitter.com, one category we got 
from ODP is Computers: Internet: On the Web: 
Online Communities: Social Networking: Twitter. 
From our mapping it can be categorized under 
Extra-Curricular → Society → Social Network → 
Social Communication category.
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Note: Not all Websites have been listed in ODP. For those 
that are not listed in ODP, we have visited the Websites 
manually and identified the categories by looking at the 
contents. For example, for tvunetworks.com, we mapped 
the category for this Website under Non-Curricular → 
Other.

4.2  Outliers
Several definitions or descriptions of outliers [39, 41, 43 and 
45] are defined in the literature. In the context of our study, 
we defined outliers as individuals whose Internet activities, 
academic performance, features, extent of engagement to 
academic activities are different from the majority of the 
members of the community to which s/he may be belong 
to. Outliers may belong to bad or good categories. We used 
centroid and density based clustering methods to identify 
outliers based on average time spent on Internet per day, 
academic performance (CPI), co-curricular and extra- 
curricular activities and relationship between different 
groups of outliers. We used Rapid-Miner and Weka for 
examining the results of clustering made by our tool.

We have identified the following outliers:
•	 Students having CPI<= 2.7 or CPI >= 9.7
•	 Students daily average time spent on Internet >= 457 

minutes or less than 5 minutes

4.2.1  Outliers vs. Various activities
Internet usage behaviors of students who participated in 
co-curricular activities (IEEE conferences) shows:
•	 20% of female and 14% of male participants of co- 

curricular activities were in outliers based on academic 
performance with CPI > 9.7.

•	 None of the female or male participants were outliers 
based on average time spent on Internet.

Exploring the category of visited Websites by students who 
participated in co-curricular activities (IEEE conferences, 
etc.) shows:

•	 There is no gender based differences either in the cat-
egory of visited Websites or percentage of average time 
spent on these category of Websites. Further, both 
female and male students spent relatively more time on 
Websites belonging to curricular activities.

Examples of Extra-Curricular activities are cultural activi-
ties and sports. It is important to note that, there is no 
single female or male students, who is outliers with CPI 

< 2.5 and participated in these activities, whereas 2 female 
(out of 60) and 3 male (out of 160) regular students had 
CPI >= 9.7.

One significant difference between students who partic-
ipated in co-curricular activities are these group of students 
spent more time on Websites belonging to co-curricular and 
extra-curricular activities. By analyzing gender based aca-
demic performance of all participants of extra-curricular  
activities including sport and cultural events along with 
their average time spent, we can conclude that outliers with 
respect to the average time spent on Internet more than 
457 minutes (both genders) participate minimally in these 
activities. In the other words, higher average time spent on 
Internet did result into nonparticipation in other activities 
which are very essential for the growth of these participant 
students. This nonparticipation in these group activities 
may prove to be an indicator for loneliness of these indi-
viduals. Further, it is interesting to note that 70% of these 
participants belong to first year students.

4.3  EDMiner Tool
This section describes some of the functionalities of 
EDMiner tool. EDMiner has the following major objec-
tives:
•	 To discover the distribution of visitors during differ-

ent hours of a day in a semester continually including 
examination periods.

•	 To identify the category of visited Websites and average 
time spent.

•	 To identify outliers based on academic performance 
and average time spent.

•	 To establish relationships between different groups of 
outliers.

The tool provides user friendly interface for the following 
stakeholders:
•	 System and Network Administrators
•	 Course coordinators and Professors
•	 Dean (Academic Affairs/ Students Welfare)
The input for this tool:
•	 Proxy server access log files.
•	 A text file containing students’ data with fields: 

Registration-Number, Full-Name, Program, Branch, 
Semester, Gender, CPI.

•	 A text file containing User-Id, Full-Name and depart-
ment name.

•	 A text file, which includes Registration-Number, Full-
Name, Program, Activity-ID.
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4.3.1  System Architecture
In this section, we give a high level architecture overview of 
EDMiner system and describe the major components of the 
tool. Figure 1 depicts the system architecture of EDMiner. 
This figure depicts the system architecture in terms of high 
level view of components. 
The three major components of the EDMiner are: 
•	 Data resources are responsible for collecting data from 

various data sources for inputting to the Pre-processing 
component. 

•	 Pre-processing component is responsible for data selec-
tion, cleaning and integration. Data selection extracts 
user id, time of access and URL of visited Website fields 
from the log files. Data cleaning removes records with 
inconsistent or missing values and data integration 
combines data.

•	 Data Mining & Pattern Discovery component is respon-
sible for transforming the data into knowledge. This 
component extracts each user’s daily average time spent 
(minutes) and the total number of visited WebPages. 
Moreover, with the help of data mining techniques, 
Internet usage pattern for each user is extracted and with 
the help of k-means and density based algorithms, outli-
ers based on time-spent per day and number of visited 
WebPages and CPI has been extracted. With the help of 
visualization techniques, we have visualized our analysis 
results in tabular and pictorial representation for mak-
ing more understandable reports for academic people.

4.3.2  EDMiner Modules
From the usage point of view, EDMiner has four functional 
modules including pre-processing, database, Internet usage 
patterns extractor and outlier detection modules.

4.3.2.1  Pre-processing Module
Data pre-processing is a data mining process deals with 
the preparation and transformation of the initial data. This 

module involves extracting the fields and records from log 
files by cleaning data. Data cleaning removing records with 
inconsistent or missing values. The fields which are extracted 
for the analysis is User_ID: id to access the Internet through 
proxy server authentication, Website-URL: URL of the vis-
ited Webpage and Time-of-Connection: Timestamp of the 
Webpage visit. The other data files are students academic 
details from Dean Academics which includes registration, 
CPI related information, data from Computer Centre (CC), 
which includes Internet access details, students other activ-
ities reports. These data files are also cleaned and loaded 
into the database for further analysis.

4.3.2.2  Database Module
During the analysis various database tables are populated 
with the analysis data. The database module is responsible 
for managing the populated data, processing query, etc. 
The identified database tables are users, day-history, ses-
sion, website, category, etc. Some of the major tables are 
given below with the field information.

User: This table is populated with the data obtained 
from Dean (Academic Affairs) which includes the follow-
ing fields for further analysis: User-ID, Program, Branch, 
Semester, Gender and CPI.

Session: This table contains the analysis data which includes 
session details. Session time is the amount of time which a 
user spent on Internet continuously. If the amount of time 
between two consecutive hits for a user is greater than the 
pre-defined (here 15 minutes) session time then a new ses-
sion is created. This table includes the fields: Session_Id, 
User_ Id, Day_ History_ Id: reference to Day-history-table, 
Start_ Time, End_ Time and Session_ Duration.

Day-History: This table contains the records of day  
history for each user. The fields included for this  
table are: Day_History_Id, User_Id, No_of_Sessions, 
Average_Session_Duration, Minimum_Session_Duration, 
Maximum_Session_Duration.

Further, this module also populates and handles data for 
Website, Category, Session-Website, and Website-Category 
tables.

4.3.2.3  Internet Usage Patterns Extractor Module
Identifying Internet usage patterns can be useful for study-
ing the behaviours of students. These patterns include the 
amount of time spent on Internet, the frequency of visiting 
Websites, the category of visited Websites, etc. Figure 1.  EDMiner System Architecture.
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During analysis, the Session and Day-History tables are 
populated with the records of visited Websites. This mod-
ule uses these tables to compute daily average time spent on 
Internet and also number of visited WebPages (hits count) per 
day by each individual user. It also computes the support value 
for each visited Website and prepares a database for the Website 
having support value greater than or equal to 50. These support 
values are computed on the basis of different duration in terms 
of continues days such as 5, 10, 15, 20, etc., days. These support 
values along with their duration of computation are stored in 
the database for further observation. Further, this module 
classifies the Internet users into Regular (users who connect to 
the Internet frequently), Non-Regular (users who do not con-
nect to the Internet frequently) and Internet-Absentees (users 
who never connected to the Internet).

4.3.2.4  Outliers Detector Module
This module clusters students based on their CPI, daily 
average time spent on Internet. This module uses k-means, 
Density-Based Spatial Clustering of Applications with Noise 
(DBSCAN) clustering methods to create these clusters. This 
module is also responsible for identifying outliers based on 
the thresholds provided by users and relationship between 
these outliers. It also analyzes the relationships of outliers 
with curricular, co-curricular, extra-curricular activities.

4.4  EDMiner User Interface
EDMiner provides functionalities for different stakeholders 
of the system through various user interface windows.  Each 
user of the system has given one or more roles. These roles 
and responsibilities of each user have been described in below 
section.

4.4.1  The Academic and System Administrators
The Academic and System Administrators are authorized 
to upload log files, files containing personal information 
and academic records of students. In addition to uploading, 
the user interface also allows to add or edit the individual 
records. 

These Administrators can also query the system to get 
the following information:
•	 Distribution of Internet users on hourly basis for a day.
•	 Hourly distribution of number of WebPages visited dur-

ing a day.
•	 For a specific period, total number of users who con-

nected to Internet, list of popular visited Websites and 
their categories. 

•	 Further, they can query daily based Internet usages of 
students and compare usages on different days or for a 
selected period.

These search results can be used to identify the popular 
visited Websites by different users and the time in which 
the users connect to the Internet. These results can be used 
improve the quality of Internet or for a particular category 
of Website during a period. 

Figure 2 shows the distribution of Internet users 
on hourly basis for a selected day (September 06, 2011). 
From this window, we can observe that 483 different users 
are connected to Internet during 12:00 to 01:00Am Also 
observe that the number of users connected to the Internet 
during the period 01:00 to 02:00PM is 54.

4.4.2  Course Coordinators and Professors
Course Coordinators and Professors can query the system 
for:
•	 Total number of registered students for a selected course 

and their gender-wise distribution.
•	 Classification of students registered for a course based 

on group (regular, non-regular and Internet-absenters)
•	 The Internet absentees from the course along with their 

CPI and whether they are outliers with respect to their 
CPI

•	 Outliers within regular users based on CPI, and average 
time spent.

•	 All Regular users’ Internet usage patterns and the cat-
egory of visited Websites.

One of the functionalities provided by this system to 
the course coordinators is finding the outliers.  Figure 3 
shows the population of outliers of the selected course (for 
example #134). Here average time spent (>457min) is the 
measure to find the outliers.

Figure 2.  Distribution of Internet users on hourly basis for 
a selected day.
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4.4.3  Dean (Academic Affairs and Student 
Welfare)
These are the highest privileged users and can query the fol-
lowing details regarding an individual student:

•	 Group to which a user belongs (Regular, Non-Regular 
or Internet-Absentees).

•	 Daily Average time spent on Internet
•	 Daily Average number of visited Web pages
•	 The category of visited Websites 
•	 CPI
•	 Is s/he belongs to group of outliers (time-based or CPI)
Following details can be queried on the basis of branch, 
semester and course.
•	 Gender wise and course wise total number of students
•	 Number of regular, non-regular users of Internet and 

Internet absenters’ based on gender and program.
•	 Internet usage patterns based average time spent on 

Internet, average number of visited Web pages and the 
category of visited Websites of each regular user.

•	 CPI basis Internet usage pattern
•	 Distribution of Internet users per hour for a favorite 

day
•	 Hourly distribution of number of Web pages visited 

during a favorite day
•	 Internet usage pattern of outliers based on CPI 

(CPI<=2.5 or CPI<=9.7) including the category of vis-
ited Websites these outliers.

•	 Internet usage pattern of participants on co-curricular 
or extra-curricular activities

One of the features which will be available for the Deans 
is to find the users who connected to the Internet for a 
particular day based on their CPI. The window in Figure 
4 shows users’ connectivity report for a day (September 6, 
2011) for the selected CPI (< 5.0). The query results include  

registration number, name, CPI, gender, Web pages visited 
and the time spent.

5.  Discussions and Conclusion
In main goal of this investigation was to explore positive 
or negative effects of Internet usage on students’ academic 
and nonacademic activities. We attempted to extract 
Internet usage behaviours of students during a semester 
by analyzing log files for a period of 36 continues months. 
Our main focus is to extract the outliers of students’ com-
munities based on their academic performance and the 
relationship between their Internet usage behaviours and 
comparison of behaviours of students of outliers with oth-
ers. To visualize the Internet usage behaviours and outliers, 
we have implemented a Web based tool named EDMiner 
using Java, which can be accessed by different stakeholders 
including administrators and professors. This tool is able 
to extract individual students’ usage pattern or history of 
connection along with the name of visited Website and the 
category of the Website for a selected period. We have used 
k-means and DBSCAN methods for clustering students 
and for identifying the outliers.

During analysis, we found that 22% of the students 
never connected to the Internet. We further tried to 
identify the reasons for this large percentage of Internet 
absentee. One of the reasons is that the students who do 
not reside in the institute campus may not have access to 
institute Internet infrastructure from outside the campus 
and they may not be able to use during regular working 
hours due to lectures or practical classes. We found that 
this is specifically true for MBA, MCA and M.Sc degree 
programs. However, it does not explain the Internet absen-
tees from B.Tech students as most of them resides with 
in campus and have access to Internet from hostels. Our 
further investigation of IP addresses revealed that a small 
number of students impersonated their teacher and used 

Figure 3.  Outliers based on average time spent (>457min) 
for the selected Course #134.

Figure 4.  Internet Usage Pattern of Users with CPI<5.
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their Ids to access Internet. Further, 41% of total female 
students falling under category of Internet absentees and 
should be a matter of concern for administrators. One of 
the dominant reasons for these absentees might be that the 
Internet infrastructure and accessibility to female students 
in the hostels is limited. Further, there might be a restric-
tion on the hours of accessibility in the institute. Another 
reason might be due to personal inhibitions or resistance 
to adapt to technology due to cultural, social or religious 
beliefs and traditions. We have found that the CPI of stu-
dents from Internet absentees is very low and is tempting 
to hypothesis that this is one of the reasons for the poor 
academic performance.

A large number of students from some of the post 
graduate programs such as MBA and M.Sc. either did 
not use Internet or used very infrequently. This may be 
due to different orientation of their academic programs 
or evaluation scheme. The curriculum contents may not 
be compelling these students to use the Internet. All the 
observations made in this research work are based on anal-
ysis of data from one of the technical institutions in India. 
It may be inappropriate to generalize these observations to 
other students’ communities in different institutions. At 
best, these results may be applicable to other institutions, 
which have similar infrastructure and student population. 
Therefore, it is important to validate these observations for 
other data from other heterogeneous group of institutions 
with different population mix in terms of gender and dif-
ferent academic programs. Despite these limitations, this 
study addressed a major gender based gap in Internet usage 
behaviors of students which mostly confirm to the results 
of study done by Butakov [42].

One of the prime motives for undertaking this study 
was to identify outliers in the students’ community, who are 
unable to cope up with academic and environmental stress 
and strain. For this purpose, one needs to identify more 
input about students’ activities in addition to their Internet 
related activities. The additional input could be network of 
friends and their Internet and mobile usage patterns or vis-
its of outside the campus for different personal needs, etc. 
It is desirable to have a comprehensive catalog of activities 
and to collect data about them so that proactive detection 
of outliers can be performed. Table 1 presents the distribu-
tion of students who are falling in the outliers groups.

Students who are in outliers based on CPI and average 
time spent have used limited use of Internet and the popular 
category of Websites visited by those belongs to curricular 
activities. Further, it is evident from our results that outliers 

from different groups used Internet dominantly for extra-
curricular activities and most popular Websites visited 
by them are Sports and Social Networking. It is interest-
ing to note that some of them in the outliers have visited 
adult Websites, which are not permitted socially as well as 
legally.

It is interesting to note that majority of outliers based on 
CPI are those who either do not connect to Internet or con-
nect very in-frequently. Further, there is no single student 
who never connected to Internet in the group of outliers 
having CPI >= 9.7. From these details, it is tempting to 
conclude that those who either do not connect to Internet 
or connect infrequently were not performing well in their 
academic programs. This also contradicts the perception 
that the Internet usage adversary affects the academic per-
formance.

Further, exploring the relationships between outliers 
based on CPI and average time spent revealed:
•	 58% of outliers with CPI >=9.7 are also outliers in terms 

of average time spent on Internet with threshold of 457 
minutes per day. In other words, majority of academic 
outliers with excellent performance use Internet exten-
sively.

•	 Only 22% of outliers with average time spent on Internet 
more than 457 minutes have CPI>=9.7. It implies that 

Table 1.  Distribution of Outliers (from Different 
Aspects)

Dimension Threshold Female Male Total

CPI Total 
Users

CPI<=2.5

CPI<=9.5

10

10

51

20

61

30

Regular 
Users

CPI<=2.5

CPI<=9.5

2

9

10

15

12(20%)

24(80%)

Time-Spent
Regular 
Users

Time<5 min

Time>=457 min

8

31

42

125

50

156

 
Distribution of websites visited by students 
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we cannot generalize that more time spent on Internet 
lead to better academic performance.

•	 70% of female and 50% of male outliers with CPI>=9.7 
were outliers with time-spent>=475.

In the other words, higher average time spent on Internet 
did result into nonparticipation in other activities, which 
are very essential for the growth of the students. This non-
participation in other activities may prove to be an indicator 
for loneliness.
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Appendix 
ODP Hierarchy
Top

|-- (01) Arts
|-- (02) Business
|-- (03) Computers
|-- (04) Games
|-- (05) Health
|-- (06) Home
|-- (07) Kids and Teens
|-- (08) News
|-- (09) Recreation
|-- (10) Reference
|-- (11) Regional
|-- (12) Science
|-- (13) Shopping
|-- (14) Society
|-- (15) Sports
|-- (16) World

Mapping ODP to our Websites classification scheme

Website 
|
|-- Curricular
|	 |
|	 |-- Computers (03) {‘Top/Computers’}
|	 |-- Reference (10) {‘Top/Reference’}
|	 |        |
|	 |        |-- General
|	 |        |	      |
|	 |        |	      |-- E-learning {‘Top/Reference/Education/Distance Learning/Online Teaching and Learning’}
|	 |        |	      |-- �Distance Learning {‘Top/Reference/Education/Distance Learning/’ except ‘Online Teaching and 

Learning’}
|	 |        |	      |-- Education {‘Top/Reference/Education’ except ‘Distance Learning’}
|	 |        |
|	 |        |-- Professional
|	 |        |        |
|	 |        |        |-- Other (‘Top/Reference/’ except ‘Education’)
|	 |        
|	 |-- Science (12) {‘Top/Science’}
|
|-- Co-Curricular
|	 |
|	 |-- Health (05) {‘Top/Health’}
|	 |-- World (16) {‘Top/World’}
|	 |-- News (08) {‘Top/News’}
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|	 |-- Arts (01) {‘Top/Arts’}
|	 |        |
|	 |        |-- Media
|	 |        |	      | 
|	 |        |	      |-- Television {‘Top/Arts/Television’}
|	 |        |	      |-- Radio {‘Top/Arts/Radio’}
|	 |        |	      |-- Music {‘Top/Arts/Music’}
|	 |        |	      |-- Movies {‘Top/Arts/Movies’}
|	 |        |	      |-- Video {‘Top/Arts/Video’}
|	 |        |	      |-- Theatre {‘Top/Arts/Performing Arts/Theatre’}
|	 |        |     
|	 |        |-- Other {All other under Arts except the above 6}
|
|-- Extra-Curricular
|	 |
|	 |-- Sports (15) {‘Top/Sports’}
|	 |-- Games (04) {‘Top/Games’}
|	 |-- Society (14) {‘Top/Society’}
|	 |        |
|	 |        |-- Social Network
|	 |        |	 |
|	 |        |	 |-- �Social Communication {‘Top/Computers/Internet/On the Web/Online Communities/Social 

Networking’}
|	 |        |		  |-- �Professional Communication {‘Top/Computers/Internet/On the Web/Online Communities/’ 

except Social Networking}
|	 |        |		  |-- Webcam {‘Top/Computers/Internet/On the Web/Webcams’}
|	 |        |		  |-- file Sharing Computers/Internet/File Sharing’}
|	 |        |		  |-- Blog {‘Top/Computers/Internet/On the Web/Weblogs’}
|	 |        |
|	 |        |-- Other (14)
|
|-- Non-Curricular
|	 |
|	 |-- Recreation (09) {‘Top/Recreation’}
|	 |        |
|	 |        |-- Undesirable
|	 |        |	      |
|	 |        |	      |-- Drugs {‘Top/Recreation/Drugs’}
|	 |        |	      |-- Adult {‘Top/Society/Sexuality’}
|	 |        |	      |-- Terrorism {‘Top/Society/Issues/Terrorism’}
|	 |        |	      |-- Crime {‘Top/Society/Crime’}
|	 |        |       
|	 |        |-- Other (Except Drugs in Recreation)
|	 |     
|	 |-- Other (02, 06, 07, 11, 13)

|


