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ABSTRACT: Female students in real life have varying interests and hobbies and sometimes they are much different than
males in terms of hobbies and behaviors. One of the main differences is their branch of study and undertaken course.
Mostly male students are interested in engineering courses or branches, whereas females are interested in nursing,
medicine or arts courses.

Female students are in minority in most of technical institutions in India and many infrastructural facilities and services
are not targeted to them. For example, computer centers and some of laboratories are open till 12 midnight. Female
students may not be able to use them because of their hostel rules; they are expected to be back in their rooms before 8PM
due to security issues. To minimize difficulties arising out of such situations, institutions provide some computing and
Internet facilities in their hostels, and in general these facilities are limited. Even though Internet facilitates minimizing
geographical, social and cultural barriers, there are no brief studies on any significant impacts of these facilities on
professional, social and personal pursuits of female students.

Since, Internet provides an online life environment for users; we attempt to explore special behaviors of female students on
Internet and the affects of these behaviors on their personal and professional life. This investigation is a deep study of female students’
and faculty members’/professors’ Internet usage behaviors in different periods of a semester. We attempt to analyze different affects of
these behaviors on their personal, social and professional behaviors with the help of analyzing proxy server’s access log files, which were
collected for the period of 30 months, of an engineering college in India.
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1. Introduction

World Wide Web (WWW) contains huge amounts of data (Web documents/pages) with different contents and structure.
Users connect to the Internet based on varying needs/requirements/interests and visit various Web pages. Female students
are in minority in most of the technical environments in India and most of the Asian countries. Therefore, no special
infrastructural facilities or services are provided to them due to social and cultural barriers. In [1], Jonathan Dutch analyzed
American female users’ Internet usages and mentioned that, Internet facilitates removal of geographical, social and cultural
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barriers; it does not seem to have any significant impact on academic pursuit of female students. Since there are not many
serious investigations have been conducted to study the usage patterns of Internet by female students and its impacts on
their academic and social activities, we attempted to explore different aspects of Internet usages of female students and
faculty members/professors during different days and periods and events in an engineering college. Our analysis would be
helpful to proposing some techniques for providing better support and service to different groups of female’s in universities
based on their variety of Internet usage behaviors.

Websites are categorized under different categories [2, 3]. Our analysis is based on Website classification scheme, presented
in [4], which is a content and structure based categorization scheme. In this classification scheme, authors categorized
Websites into two main categories. These are Academic (AC) and Non-Academic (NAC) categories.

- AC Websites: includes all sub-categories which are related to academics such as journals and E-books or e-learning
Websites, etc.

- NAC Websites: includes all sub-categories which are not directly related to academics such as Social networks, Personal
Websites, Portals, etc.

Currently one of the main challenges in social networks analysis is analyzing affects of different categories of Websites
usages on students’ academic performance (CPI) or personal and social behaviors. Most of the parents and academic
advisors have negative opinions about students’ daily Internet usage especially NAC Websites usages and feels that this
has negative effect on their academic performances (CPI). In this paper, we attempt to clarify different aspects of Internet
usages regarding different categories of Websites visited and duration of time spent on Internet in different periods of a
semester, and finally the affects of these behaviors on their academic performances.

This paper is organized in seven sections. Section Il contains basic concepts and definitions related to this research. Section
111 presents related work. In section IV, we present data collection and pre-processing stage. Section V presents analysis of
different aspects of Internet usage behaviors of female users. In section VI, we described the relationship between female
faculty members’/professors’ Internet and professional behaviors. Section V11 concludes the paper.

2. Basic Concepts

This paper is one investigation of Web usage mining in educational environments’. In this section, we present some basic
concepts and definitions related to data mining, web mining, behavioral mining, and social networks.

2.1 Data mining
Data mining is the process of extracting knowledge and interesting patterns from data. This process is depicted in Figure 1.

It is the analysis of (often large) observational data sets to discover unsuspected relationships and help to summarize the
data in novel ways that are both understandable and useful to data owners [5, 6].
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Figure 1. Process of Data mining

12 Journal of Information Technology Review Volume 2 Number 1 February 2011




2.2 Web mining

Web mining is further appreciated as it utilizes the data mining techniques to automatically discover and extract information
from Web documents and services. Tanimoto [7] had outlined various suggestions of using this technology for educational
purposes. In [8, 9], authors classified some other applications of web mining.

Web mining is further includes the following three sub-categories [10, 12]:

1.1.1 Web Content Mining: is concerned with the extraction of useful knowledge from the content of Web pages with the help
of data mining techniques.

1.1.2 Web Structure Mining: is a new area and is concerned with the application of data mining to the structure of the Web
graph.

1.1.3 Web Usage Mining: aims to discover users’ interesting usage patterns by analyzing Web usage data that is stored in
proxy server access log or server logs, etc. Web usage mining is mostly related to personalization. The process of Web usage
mining [15] is presented in Figure 2 and further includes the following steps:

1.1.3.1 Data Preprocessing: Preprocessing consists of converting the usage, content, and
structure information contained in various available data sources into the data
abstractions necessary for pattern discovery.

1.1.3.2 Pattern Discovery: Pattern discovery draws upon methods and algorithms developed from several fields such as
statistics, data mining, machine learning and pattern recognition [15, 16].

1.1.3.2.1 . Clustering: Clustering is a data mining (machine learning) technique used to place data elements into related
groups without advanced knowledge of the group definitions. Popular clustering techniques include k-means clustering and
expectation maximization (EM) clustering.

1.1.3.2.2 . Classification: Classification is the task of mapping a data item into one of several predefined classes [16].

1.1.3.2.3. Sequential Patterns: The technique of sequential pattern discovery attempts to find
inter-session patterns such that the presence of a set of items is followed by
another item in a time-ordered set of sessions of episodes.

1.1.3.2.4 . Dependency Modeling: Dependency modeling is another useful pattern discovery task in Web mining. The goal
here is to develop a model capable of representing significant dependencies among the various variables in the Web domain.

1.1.3.2.5. Association Rules: Association rule generation can be used to relate pages that are most often referenced together
in a single server session.

1.1.3.3 Pattern Analysis: Pattern analysis is the last step in the overall Web usage mining process. The motivation behind
pattern analysis is to filter out uninteresting rules or patterns from the set found in the pattern discovery phase.

2.3 Behavior mining

Understanding users’ behaviors on Internet can be helpful for business owners and administrators at educational environments.
In business Websites might be used for making better plans for increasing productivity, quality and marketing in future, and
in educational environments would be useful for administrators to make useful links based on users’ favorite

visited Websites.

Exploring Different Affects of Internet Usages on Female Students Academic and Personal Behaviors 5 Different applications
of behavior mining exists including the fraud detection [17] and predicting users’ future behaviors [18 ~ 23].

2.4 Social Networks
Several definitions for Social Networks exist in literature.

« Asocial network [24] is a social structure made up of individuals or organizations called nodes, which are tied (connected)
by one or more specific types of interdependency such as friendship, common interest, financial exchange, dislike, sexual
relationships, or relationships of beliefs, knowledge or prestige.

« Social networking [25] is grouping of individuals into specific groups like small rural communities or a neighborhood
subdivision.
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« Asocial network is defined as a social structure of individuals, who are directly or indirectly related to each other based on
a common relation of interest such as friendship, trust, etc [26].

3. Related Work

Several research efforts [27 ~ 29] have been directed to understand users’ behaviors by analyzing their Web access in the
context of recommender system search. The empirical study conducted by Kathrin Figl [27] focused on discovery of
relationships between university curriculum and opportunity to build a social network among students. In [28], authors
focus was to understand relationships between students’ academic performance and Web access behaviors. This
understanding may enable us to design better Curriculum and infrastructure. If needed can improve quality of academic
output.

Jo Sanders [30] presents survey of relationship between technology in education and gender. This is a detailed survey
highlighting the gender related issues in education. Kim and Chang [31] study has concluded that computer usage have
differential effects on academic performance of users from the immigrant and gender groups. It advocates adaptive design of
multimedia contents for different groups of students addressing their specific needs. In [32], the role of social networks in
students learning experiences has been studied. This study had been directed to analyze the role of social networks in
students learning experiences and concluded that social networking places a positive role in students learning experiences.

Several researches efforts [33 ~ 35] have been directed to understand users’ behaviors from different aspects. Many researchers
explored educational environments different sources of data for analyzing students’ behaviors and predicting final examination
results, especially their attention were on recognizing at risk students before exam and notify to their teachers. Eytan Adar
and D.S.Weld [33] focused on aggregation and comparison of users’ behaviors and predict future usage patterns with the
help of past history. Alaa El-Halees [34] developedn methods for extracting knowledge for describing students’ behaviors,
K.R.Suneetha, K.R.Krishnamoorthy [35] used Web mining techniques for mining log files for NASA Website, for finding
users’ visiting pages and common errors that users faced. Some researches focused on social networks analysis from
different aspects [36 ~ 39], or social networks usage affects in educational area and students’ performance [37]. Most of
researches in educational data mining 6 Exploring Different Affects of Internet Usages on Female Students Academic and
Personal Behaviors attempted to make prediction methods for future academic performance of students using different data
[39~42].

Our study is focused on analyzing different aspects of Internet usage behaviors of female users
and the effects of different behaviors on their personal and professional activities.

4. Data Collection and Pre-Processing

Our analysis for this paper is based on collected access log files from proxy server of Motilal Nehru National Institute of
Technology, Allahabad, India, which are collected for a period of 30 months including five academic semesters. This period
includes five final examination weeks’ data in addition to mid-terms and test examination weeks. We are given permission to
use access files for preprocessing and filtering contents for our research purpose. During preprocessing step, for preserving
users’ privacy, the actual identity of students’ is hidden and replaced with a unique virtual id generated automatically.

Computer center provided all users’ information including user_id, full name, and department name in the format of text files.
Other data including students’ academic information were collected at Dean (Academic Affairs) office for five semesters of
three academic years, separately, in excel files. Fields included in a record are:

registration no, full name, program, branch, semester, gender, CPI, and Email

Because each day’s log file had capacity of more than 500MB in size, the first attempt is concerned on reducing the size of
access log files by removing unnecessary fields. Original file contains 11 fields per each record in its original file. For our
analysis the following three fields are selected.

user_id, visited Website’s URL, Time of Connection

Now, for our analysis, we have selected the following fields.

virtual_ld, program, semester, department, average_time_spent (per a day), average page hits (per a day), nhumber of
visited Websites (per a day), CPI (of before semester if exist).
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An algorithm is developed to compute the time spent by users on different categories of Websites and the total time spent
per a day by each user. Minute is used as a unit of time duration to measure the time spent by a user on a Website during a
day. This unit of measurement implies that all durations less than a minute has been rounded to one minute. This algorithm
computes the average time spent by each user per a day and also average time spent by him/her on different category of
visited Websites. All pre-processed data are transferred in excel files and various records with inconsistent values including
missing value are removed.

5. Analyzing Female Students’ Behaviors from Various Aspects

Female students are in minority in India and most of the Asian countries. Current population of female students in Motilal
Nehru National Institute of Technology, one of National Institution of Technology in India, is approximately 14% of all
enrolled students. All students are provided a user ID for Internet and E- mail access.

Gender based students’ populations in different programs which are based on data collected from Dean (Academic Affairs)
office are presented in Figure 3.
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In Figure 3, the horizontal axis shows the percentage of students’ populations and the vertical axis shows different programs.
This figure revealed that, there are brief differences within female and male students’ populations almost in all of the
programs. Majority of female students’ are undertaken MCA program and minority of female students belongs to MTech and
BTech programs.

In the first point of our analysis, we extracted the population of continual users, i.e., minimum of one time they had connected
to Internet every day, even for a few minutes, during 30 months of our analysis data. Figure 4 presents continual female users’
percentages in different undertaken programs.

In Figure 4, the horizontal axis represents different programs and vertical axis represents percentage of continual female
users. From this figure, majority of female continual users belongs to Btech program’s students and minority belongs to
MBA. Different analysis have been shown that the MBA students are continual Internet users. We made different discussions
with MBA students about the reasons for their less usage of Internet resources. Results based on these reports were shown
that this is because of their subjects of study or lack of sufficient computer or Internet usage knowledge.

Our next observation is related to academic performance (CPI) of users. Figure 5 shows that on average female users are
having 7.75 CPI in the scale of 0 to 10. This implies most of them are academically good students.

In most of colleges in India, students based on their CPI are categorized under 5 classes:

-8.5d” CPI d” 10 named as academically excellent students
- 7d” CPI < 8.5 named as academically very good students
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Figure 4. % of Continual Female Users with their Undertaken Program
- 6 d” CPI < 7 named as academically good students
- 5d” CPI < 6 named as academically medium students
- 0 d” CPI< 5 named as academically weak (at risk or failed) students

Relationship between CPI and average time spent on Internet per a day in Internet by female users is shown in Figure 6. Based
on this figure, most time spent belongs to students which had (5<=CP1<6) or academically medium students, but maximum
number of visited pages (hits#) belongs to students with (6<=CP1<8) or academically good students.
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Figure 5. CPI of Female vs. Male

It is interesting to observe that minimum time spent on Internet per a day and minimum number of visited pages (hits#)
belongs to students with (CP1<5) or academically weak students. This means that the weak students had less activity and
usage from Internet in comparison to other students. Therefore this will be so interesting to look at this group of Exploring
Different Affects of Internet Usages on Female Students Academic and Personal Behaviors 9 students’ (weak students’)
usage patterns and compare their usage behaviors and patterns with good or excellent students’ usage patterns and extracting
all similarities and dissimilarities.

5.1 Analyzing Usage pattern’s From Different Aspects

1) Relationship between Internet Usages and Undertaken Program

One of the basic questions related to Internet usages are concerned on finding relationship between Internet usage behavior
and users undertaken programs during examination week. In Figure 7, the horizontal axis shows hours per a day (24 hours)
and vertical axis shows the percentage of users which belongs to different programs. In this part, just 3 programs, BTech,
Mtech and MCA are presented.
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Figure 7. Internet Usage vs. Users Undertaken Programs

From Figure 7, we can observe that at 11AM all branches are having similar behaviors and that is minimum users had
connection to Internet.

- Majority of users during final examination week belongs to BTech program
- Minority of users belongs to MCA program

- In some hours, there are similar behaviors within the same undertaken program. For example, at 4, 5, 6, 7 AM there is a
matching on MCA and Mtech users’ behaviors and percentage of usages.

2) Relationship between Semester and Internet Usage Patterns
The other analysis understands the relationship between different semesters and students Internet usage behaviors. Figure
8 presents semester wise comparisons between users’ Internet usages during final examination weeks.

3) Number of Visited Pages (Hit#) in different Periods of a Semester

Figure 9 differentiates average number of hits (number of visited pages) per a day by users in different periods of a semester
including during semester, final examination days and during sectionals examination (mid-term examination) weeks. The
horizontal axis represents 24 hours a day and vertical axis represents the average number of visited pages (hits#) by users.
From this figure, it is clear that, majority of visited Web pages belong to final examination weeks and minority of visited Web
pages belong to during the semester. Other results from this figure shows that there is no increase in time spent on Internet
during examination weeks. The reason for majority number of visited Web pages during examination weeks might be increase
in speed of search during examinations by female users or increasing number of requests for different Web pages during
these periods.
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4) Different factors effecting on Female Users Usage Behaviors

4.1 AC & NAC Usages during a Semester

Average number of visited unique Websites in different hours of a day, based on content and structure of Websites (based
on Website categorization mentioned in [4]) is presented in Figure 10. In this figure, the horizontal axis shows 24 hours a day
and vertical axis shows the number of visited unique websites.

This figure shows the number of unique visited websites in AC and NAC category. From this figure, during a semester:

- Maximum number of visited websites by female students belongs to NAC
- Minimum number of visited websites belongs to 0-5 and 11AM and 5PM each day
- Maximum number of visited Websites belongs to 9AM and 11PM

4.2 Various Internet Usage Behaviors in Different Periods
Our analysis shows that there are brief differences on usage patterns on AC and NAC Websites during different periods of
a semester and are shows in Figure 11.
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Figure 11. AC and NAC Usage in Different Periods

Horizontal axis in both cases shown in Figure 11, represents 24 hours a day and vertical axis represents the number of visited
unique websites for AC and NAC category.

Some of the important observations from this figure are:
- Usage of NAC Websites during a day before examination and during examination weeks was increased.
- Maximum number of visited NAC Websites was 280 at 7PM and during a day before final examination weeks.
- Usage of AC Websites during final examination weeks and a day before examination week was increased.
- Maximum number of visited AC Websites was 122 at PM and during final examination weeks.

The noticeable results concerned on increasing the number of NAC Websites which are visited by users during examination
weeks. Our hypothesis assumes that female users, due to tensions, most of them less visit NAC Websites, but as per log files
analysis results shows, totally reverse of our hypothesis. The reason may be related to their limitations for going out of
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hostel after 8PM, lack of social connection with classmates and of tension for various reasons [4].

Based on Figure 6, most of users belong to academically good students; this seems a strong Internet resources’ access has
positive effects on female users’ activities and cope of different stresses during examination periods.

Figure 12. AC and NAC Sub-Categories Usages in Different Period

4.3 Comparing Female Students popular Unique (AC & NAC) Visited Sub-Category Websites
Whenever we discuss about AC and NAC categories, the obvious question raised would be what is the majority of usage
category and belong to which sub-categories?

Figure 12 presents both AC and NAC sub-categories usage percentages in different periods of a semester.

In Figure 12, the horizontal axis shows different sub-categories of AC and NAC Websites, the vertical axis shows the
percentage of usages in different periods of a semester. These periods include during final examination weeks, a day before
examination, during semester and during test-examination week.

From Figure 12, the following observations can be made:

- The most interesting and visited AC Websites belongs to Software downloading including anti-virues and other tools
- Maximum usages of search engines and open sources belongs to examination weeks

- Majority of NAC Websites sub-categories belongs to EN, Adult, and SN.

- Adult Websites’ maximum usage during a semester belongs to examination weeks and a day before examination

- SN Websites” maximum usage belongs to a day before examination weeks and examination week

- EN Websites maximum usage belongs to mid-term and final semester examiantion weeks and minimum usage belongs to a
day before examination weeks

Regarding this results our hypothesis is approved, which is, during examiantion weeks, Internet resources are most useful for
students sice their usage results declares that maximum usages of search engines belongs to examination weeks.

4.4 EN Vs. SN Usages Time on Different Periods of a Semester

A comparison between SN and EN usages in different periods of a semester is presented in Figure 13.

From Figure 13, the horizontal axis shows 24 hours a day and vertical axis shows the time spent by users in minutes in these
categories (SN and EN) in different periods of a semister and include during a semester, during final examination weeks and
a day before examintion.

Some of interesting results from Figure 13 are:
- Maximum time spent are on SN Websites during different periods of a semester
- Maximum time spent on SN was during a semester and minimum belongs to a day before examination weeks
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- Female users’ spent time on EN Website less than SN Websites
- Minimum time spent on EN Websites belongs to a day before examination weeks
- Maximum time spent on EN Websites belongs to during semester

- Some intereting points regarding equal usage time in different periods are dedicated. For example, at 3, 4AM, time spent on
SN is equal to time spent on EN Websites during a semester which is 200 minutes.

- During a day before examination, minimum usage of EN Websites is dedicated, time spent in this category of Websites at 1,
6,7, 8, 9AM isempty.

- Similar usage time is extracted for before examiantion weeks and examination week at 0 to 5 and 10AM in EN Websites usage.
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6. Female Faculty Members/Professors Internet Usage Behaviors Relationship with Their Professional Life

Figure 14 shows the percentage of faculty members/professors from various departments which had continual usage of
Internet resources. In this figure, the horizontal axis shows the names of different departments and the vertical axis shows the
percentage of continual users from each department.

From Figure 14, majority of Internet usage belongs to computer science department and minority belongs to mathematics and
physics departments’.Maximum time spent on Internet by female faculty members/professors belongs to Computer science
department and minimum time spent belongs to mathematics department.
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7. Conclusion

In this investigation, we have analyzed female users’ Internet usage behaviors from various aspects. Based on our results,
different behaviors and Internet usage patterns in different category of Websites of female students are observed based on
their undertaken branch, and semester and time spent in different hours of a day. Similarly, differences in Internet usage
behaviors are detected in female faculty members’/professors’ usage patterns and behaviors from different departments.

From our observation, we found approximately 65% of students’ Internet usage belongs to NAC and 35% belongs to AC
category of Websites and during examination weeks NAC Websites usage is more than AC Websites. During examination
weeks, majority of Internet usage belong to SN and undesirable Websites including adult Websites, etc. Since, average CPI
of users is in the range (6<=CPI1<8), and they were academically good students, therefore, to cope with stress and tension
during examination periods female students are accessing NAC Websites.
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