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Abstract
The 21st century has seen a drastic transformational shift in the workforce. Women 

are actively participating in the workforce to have their own identity, source of income 
and career. There is no industry that women has stepped into, for instance automobiles, 
manufacturing industries, chemical industries etc. The penetration of women into white 
collared, pink collared and blue collared jobs are high compared to 19th and 20th century. Even 
though women have started to bloom in their career, they are still bounded by the traditional 
family responsibilities. Due to which women face many struggles in balancing their work 
and family. This paper discusses about the factors that hinder the survival and growth of 
women employed in underpaid and overloaded jobs. This empirical paper also narrates the 
effects of conflicts with family members, workplace conflicts, hindrance factors that make 
blue collared women to struggle to complete the related task leading to poor equilibrium 
between work and personal life.

Subject Classification:  90B50, 90B70.

Keywords: Work-life imbalance, Conflict factors, Blue-collar jobs.

1.  Introduction

Gender studies have stated that women’s participation in work and 
educational attainment have seen an exponential growth in the past four 
decades. Women have enhanced their credential than earlier but the work 
and income prospects are not notable in jobs were women are underpaid 
but overloaded. Women in business, whether they work in the corporate 
sector or run small businesses, like Asia Ghazi, Gabriella Miramontes, and 
Maria Brahme, want to be a part of society. As a result, they devote a 
significant amount of their time to finding answers while managing their 
organisations or communities. Females tend to make up two-thirds of the 
approximately 20 million labours in the low-wage workforce - although 
they only make up fewer than partial of all workforces. “women’s evolution 
in labour force during last decade has faced limited approach to excellence 
job roles and endless gender discriminations”, mentioned by ILO Deputy 
Director-General, Mary Chinery-Hesse, who is also a leader of the ILO 
delegation at the 4th World Conference on Women, that took place in 
Beijing. This paper discusses on the challenges of women employed in 
underpaid and overloaded jobs. Abele AE, Spurk D (2011) According to 
the hypotheses, the study discovered that the gender self-concept’s agentic 
component affected work hours and objective professional success, 
whereas the communal component affected motherhood. Phillips, J et.al, 
(2016) While working in rural areas, female family doctors find it difficult 
to strike a balance between their personal and professional lives.
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Women who are employed in SEZ face more financial demand in 
their family and they are not able to lead a better quality of living with the 
changes in the economy and cost of living. Al-Asfour, et al.(2017) portrayed 
that impediments as include, among others, a lack of mobility, the 
prevalence of gender stereotypes, workplace discrimination, and a lack of 
possibilities for personal development and career success. Women 
employed in underpaid jobs have less support for house hold chores and 
their job demands are high. In the Indian family context women are 
expected to take care of the household chores and take care of children. It 
was found the women sleep lesser as they have to make themselves to be 
prepared to handle both the roles. The lifestyle builds the stress and it is 
reflected on their family life . Gujirat O, Kumar N (2018) Work life balance 
refers to maintaining the balance between responsibilities at work and at 
home. Lee, H.J. & Jung, .E.H. (2021) intrapersonal reserves, which are 
psychosocial elements including social network satisfaction, self-esteem, 
and perceived health status, exhibited a stronger correlation with 
depression in middle-aged and older men than physical reserves like SES.

1.1  Need for study

Women occupy 60% of industrialised world and the rate of 
employment is growing at a faster pace. According to Organisation of 
Economic Cooperation and Development (OECD), it is inferred that 
economically- active women in the member States have grown by 24%, 
double the percentage of men. Likewise in advanced countries, a higher 
rate of females are into the labour force: Denmark and Sweden with (75%), 
Switzerland (53%), United Kingdom (59%), Germany (57%.) United States 
(60%), France (57%) and Canada (58%).

In developing countries, it is found that women contribute to 31% in 
the formal labour force. It is stated that these women come across 
discrimination in their career and rarely rely on the organizations to 
protect their rights. The financial adversities found in the developing 
countries result in fundamental adjustment programmes, pushing more 
women into the unorganized sector and overcrowded jobs, as men tend to 
miss careers in the proper organized sector (Source ILO). With respect to 
women employed in unorganised sector they have less support for house 
hold chores and their job demands are high which is considerably different 
from the well organised sector where mental health and physical health 
awareness are created and taken care. This research is carried to understand 
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the physical and emotional well-being of women employed in underpaid 
jobs in the unorganised sector.

2.  Review of Literature

2.1 Women and Career

Andal (2002) stated in their studies economically well-being women 
are developed and improved through their earning which contributed for 
their self-esteem and better house hold status and development of their 
family wellbeing. It is stated that gender gap in the proprietorship is the 
important contributor for the gender difference in the financial wellbeing, 
societal position and women empowerment’. Afrin, Islam and Ahmed 
(2010) in their study analysed those problems which are related to 
monetary management, innovative impulse, skill, self-importance, 
utilisation of family fund and involvement as the constraining factors. 
Economic necessity, new job, knowledge of business and family experience, 
employment of family members, independence, money earning, self-
confidence, technical skills, hunger for matching career and participation 
in the economic development are some of the desires women have. The 
unfavourable correlations between academics (vs. non-academics) in 
factors like perceived working conditions and employee commitment 
were shown to be moderated by the work and personal life balance of the 
employees (Fontinha et.al, 2019; Yu-Cheng Lai, 2011). Labor force 
awareness and career counselling, linkages between groups, the function 
of HR managers, self-managing work teams, rewards, flexible scheduling 
options, and a supportive and encouraging organisational culture helps 
employees to have a stress less life (Ahmad S, 2013; Manish Dhingra & 
Vaishali Dhingra, 2020). The impact of an empowerment program offered 
through home visits to low-income elderly women who live alone on 
depression and self-esteem (Lee, J.H, 2005; Promila Das, 2022).

Legal Indian Admin (2010) portrays that ‘Women in India even now 
face evident prejudice in organizations. Sexual harassment at workplaces 
is one of the challenging issues. Women working for night shifts are highly 
susceptible to such incidents. For instance, nurses deal with this issue and 
there is less support provided by hospitals to tackle this situation.

2.2 Women Employed in Non-Prestigious Jobs 

There exists difference between women who are employed in white 
collar and blue-collar jobs. It is observed that Women employed in good 
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quality jobs have quality of working environment and support for house 
hold than the women who are employed in non-prestigious jobs which are 
overloaded and underpaid. Women working force of this category face 
more challenges. Women employed in high-status jobs earn more than 
women employed in non-prestigious jobs (Talwar & Usha, 1984; Long-
Hwa Chen, et.al, 2010 ). Undoubtedly, they worked to meet their financial 
demands in family and they did face more economic pressure. The 
domestic tasks which these women had to do was different from women 
who were employed in high paid jobs. Vrinda Marwah (2021), women 
who serve as paid carers as community health volunteers (also known as 
Accredited Social Health Activists, or ASHAs), get extrinsic rewards. 
Voydanoff (1989) stated that the financial rewards and pay has significant 
influence on the positive mental wellness of working women and on the 
contrary non-working women and less paid women have poor mental 
health when analysed on the financial independence. Ibrahim, S.A. et al. 
(2001) high job strain was consistently linked to worse self-rated health in 
both models for each gender after correcting for relevant variables.

2.3 Physical and Social Well Being of Women Work Force 

Women who play the dual role face the pressure of meeting the 
expectation at the workplace and family life. The gender stereo type which 
prevails creates a societal pressure to meet the roles in the family and 
expectation in the work enhances the need to satisfy the demands at 
workplace and degree of support they receive at work place and family 
influences their social wellbeing (. Women find less time to take care of 
their health. Sudhinta (2017) in her study conducted among respondents 
of working women and house wife found that working women received 
less social support compared to the house wives. It was also inferred that 
their mental wellbeing was good but their physical wellbeing was not 
found satisfactory. 

Michel (2017) depicted that family role stressors are predictors of 
family-to-work conflict. Study stated that family-to-work conflict plays a 
facilitating role affecting work performance at job productivity and has an 
outcome on withdrawal behaviour. The study has identified that family to 
work conflict has an relationship on the family involvement.

Kandel in their studies of women employed in high paid jobs their 
mental health was good as it was an impact of stability between rewards 
and roles played as wife; mother and earner roles exhibited negative 
association between depression and working roles. Heo, S.Y. (2021) 
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Husbands and wives reported on their depressive symptoms and marital 
satisfaction.

3.  Objectives of the study

To examine the variation between obstructing and conflicting factors 
on work and personal life.

To know the preferences of SESZ women workers towards social 
factors.

4.  Research Methodology

4.1 Type of Research

The researchers have adopted empirical type of research followed by 
descriptive research design to study overworked and underpaid women 
groups.

4.2 Sample Design

Sample size for this study was 200. The responses were collected from 
women workers belonging to SEZ. Filled questionnaire were collected 
from the women workers working in underpaid jobs. Convenience 
sampling method was adopted to collect the responses.

Sample size calculation:
2

2

2

2

(1 )

Sample size,
(1 )1

Z p p
en N

Z p pN
e

∗ ∗ −

= ∗
 ∗ ∗ −

− + 
 

Where,
N = Sample size
N = Total Population (Which is 600)
Z = z-Score (95% confidence level, z-score is 1.96)
P = Sample proportion (Which is 0.5)
e = Margin of error (0.05)

(1.96)2 0.5  (1 0.5)/(0.05)2
[600 1 (1.96)2 0.5 (1- 0.5)/(0.05)2]

n × × −
=

− + × ×

Hence the sample size n = 234.48
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The researchers collected around 234 samples by distributing the well 
- structured questionnaire to the target respondents. Completely filled in 
questionnaires 200 were only used for the analysis. 

4.3 Research Instrument

 well- structured questionnaire was prepared to collect the data. The 
questionnaire was divided into part I consisting of demographic profile, 
part- II consisting of Hindrances or Challenges faced by women and part-
III –Comprises the factors pertaining to the physical & social wellbeing .

4.4 Data analysis and Procedure

Using SPSS software, ANOVA was used to evaluate the data. Anova 
was adopted to identify the significant variation between the variables. 
Weighted average method, was adopted to learn the preferences of women 
workers when it comes to social factors.

5.  Data Analysis and Interpretation

5.1 ANOVA

H1: There is a significant variation between hindering and conflict factors 
at work life balance.
H1a: There is a significant variation amongst extended working hours 
and the respondent’s responses towards there is an Imbalance among 
work and personal life.
H1b: There is a significant variation amongst issues of workplace 
annoys me at home and the respondent’s responses towards there is an 
Imbalance among work and personal life. 
H1c: There is a significant variation between miss family events because 
of work responsibilities and the respondent’s responses towards there is 
an Imbalance among work and personal life.
H1d: There is a significant variation between feeling Guilty for not 
spending enough time with family and the respondent’s responses 
towards there is an Imbalance among work and personal life.
H1e: There is a significant variation between my routine activities get 
disturbed by family conflict and the respondent’s responses towards 
there is an Imbalance among work and personal life.
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Figure 1
Descriptives table of N, mean, standard deviation, standard error & 

Confidence interval for mean.

Attributes N Mean Std. 
Devia-

tion

Std. 
Error
Lower 
Bound

95% Confi-
dence Inter-
val for Mean

Mini-
mum

Maxi-
mum

Upper 
Bound

Pro-
longed 
working 
hours

Strongly
agree 58 2.11 1.383 .127 1.86 2.36 1 5

Agree 98 1.52 .990 .071 1.38 1.65 1 5
Neutral 23 2.76 1.283 .156 2.45 3.08 1 5
Disagree 17 2.67 1.379 .166 2.34 3.00 1 5
Strongly 
disagree 4 1.73 1.162 .168 1.39 2.07 1 5

Total 200 2.01 1.298 .058 1.89 2.12 1 5

Issues 
of work 
place 
annoys 
me at 
home

Strongly 
agree 58 3.74 1.004 .092 3.56 3.92 1 5

Agree 98 3.56 .988 .071 3.42 3.70 1 5
Neutral 23 2.85 1.149 .139 2.57 3.13 1 5
Disagree 17 3.54 1.008 .121 3.29 3.78 1 5
Strongly 
disagree 4 3.98 .601 .087 3.80 4.15 1 5

Total 200 3.54 1.031 .046 3.45 3.63 1 5

I miss 
family 
events
because 
of work 
responsi-
bilities

Strongly 
agree 58 4.03 .858 .079 3.87 4.18 1 5

Agree 98 3.63 .816 .058 3.51 3.74 1 5
Neutral 23 3.09 .910 .110 2.87 3.31 1 5
Disagree 17 3.70 .960 .116 3.47 3.93 1 5
Strongly 
disagree 4 4.56 .848 .122 4.32 4.81 2 5

Total 200 3.75 .941 .042 3.67 3.83 1 5
I feel 
Guilty for 
not 
devoting 
enough 
time 
with 
my fam-
ily

Strongly
agree 58 4.50 .919 .084 4.33 4.66 1 5

Agree 98 3.75 .682 .049 3.65 3.85 1 5
Neutral 23 3.10 1.053 .128 2.85 3.36 1 5
Disagree 17 3.80 .833 .100 3.60 4.00 1 5
Strongly 
disagree 4 3.92 .767 .111 3.69 4.14 1 5

Total 200 3.86 .928 .041 3.78 3.94 1 5
Contd...
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My 
routine 
activities
get 
disturbed 
by family 
conflict

Strongly
agree 58 2.93 1.382 .127 2.68 3.18 1 5

Agree 98 3.71 .824 .059 3.59 3.83 1 5
Neutral 23 3.19 1.026 .124 2.94 3.44 1 5
Disagree 17 3.78 .921 .111 3.56 4.00 1 5
Strongly 
disagree 4 4.48 .743 .107 4.26 4.70 2 5

Total 200 3.54 1.111 .050 3.44 3.64 1 5

Figure 2
ANOVA table of sum of squares, Mean square, df and significant value

Attributes Sum of 
Squares

df Mean 
Square

F Sig.

Prolonged working 
hours

Between Groups 121.400 4 30.350 20.878 .001
Within Groups 119.582 195 1.454
Total 240.982 199

Issues of work place 
infuriates me  at home

Between Groups 46.143 4 11.536 11.799 .000

Within Groups 283.975 195 .978
Total 330.118 199

I miss family events 
because of work 
responsibilities

Between Groups 73.621 4 18.405 24.715 .006

Within Groups 168.627 195 .745

Total 242.248 199

I feel Guilty for not 
devoting enough time 
with my family

Between Groups 49.875 4 22.469 32.750 .000
Within Groups 289.603 195 .686
Total 329.478 199

Family issues bothers 
me at work

Between Groups 104.159 4 26.040 25.169 .000
Within Groups 212.119 195 1.035
Total 316.278 199

From Figure 1, it infers that the highest mean value for the first 
attribute is 2.76, which shows that respondents are neutral with their 
opinion that prolonged working hours causes less balance between work 
and home life. The lowest mean value 1.52 was inferred for the statement 
that prolonged working hours causes less balance between personal and 
work life. The second attribute- issues of work place infuriates me at home 
has the highest mean value of 3.98, with respect to being neutral was 
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analysed with lowest mean of 2.8.The third factor Missing family events 
due to roles at work has the highest mean value of 4.56 ,which exhibits that 
work responsibilities creates less balance between personal and work life. 
The minimum value of the third attribute is 3.09, which exhibits neutral 
opinion towards the statement I miss family events due to work 
responsibilities which creates less balance between personal and work life. 
The fourth attribute I feel guilty for not devoting enough time with family 
has a maximum value of 4.50.

The fifth attribute- Family issues bother me at work has the highest 
mean value of 4.48, inferring that family issues bothers them at work that 
causes less balance between personal and work life. The maximum mean 
value of the attribute- my routine activities get disturbed due to family 
conflict, is 4.02, which states that respondents strongly disagree with the 
statement that my routine activities get disturbed due to family conflict 
creating less balance between personal and work life. 

From Figure 2, it is inferred that there exhibits a significant variation 
between obstructing and conflict factors on work and personal life Balance. 
Since the corresponding significance value is lesser that 0.05. Accept 
alternative hypothesis, H1a, H1b , H1c, H1d & H1e. Therefore, from the 
table it is inferred that there is a significant variation between obstructing 
and conflict factors on work life balance.

5.2 Weighted Average Method

Figure 3
Coefficient of Variations

Social Fac-
tors

Complet-
ing

Dead-
lines

Helping 
col-

leagues
at work

Helping 
col-

leagues 
in their 

personal 
problem

Team 
work

Motivat-
ing

co-work-
ers

to achieve 
targets

Inter-
per-

sonal 
rela-
tion-
ship

Coun-
sel-

ling to 
friends

N
Valid 200 200 200 200 200 200 200
Missing 0 0 0 0 0 0 0

Mean 6.94 6.86 8.64 9.94 10.7 9.42 8.30
Std. 
Deviation 4.39 4.64 4.39 4.22 5.34 4.98 4.00

Coefficient of 
variation % 63.3 67.6 50.8 42.4 49.9 52.8 48.1
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Figure 4
Ranking of Social Factors

Ranking
Factors

1 2 3 4 5 6 7 Weighted 
Avg

Ranks

Completing
Deadlines

56 90 13 25 15 0 1 40.8 1

Helping colleagues at work 16 80 65 20 10 5 4 37.17 2
Helping colleagues in their 
personal problem

13 15 26 96 37 6 7 29.4 5

Team work 7 28 8 17 95 27 18 16.6 7
Motivating colleagues to achieve 
targets

58 38 12 70 8 6 8 33.2 4

Interpersonal relationship 20 19 32 25 65 5 34 36.3 3
Counselling to friends 17 68 17 17 15 23 43 29 6

From the Figure 3 it infers that there is a greater coefficient variation 
(67.6%) for their responses towards helping colleagues at work and there 
is a lesser coefficient variation (42.4%) for the teamwork. The second 
greater coefficient of variation (63.3%) was accomplishing targets. It also 
reveals that most of the respondents gave the same kind of response 
towards the attribute teamwork when compared to helping colleagues at 
work.

Figure 4, infers that the majority of the respondents prefers to 
concentrate on accomplishing targets, help colleagues at work, 
interpersonal relationship and motivating colleagues at work. The 
respondents would not prefer activities such as team work and counselling 
friends.

6.  Findings

The analysis of variation is used to find the variation between the 
variables. Hence, through this the researcher have inferred that extended 
working hours and conflicting factors related to issues in workplace 
affecting their personal life and issues in family bother me at work, guilt of 
not devoting enough time at home

Using the Weighted -Average method, inferred that most of the 
respondents prefer social factors such as to concentrate on accomplishing 
targets, help colleagues at work, interpersonal relationship and motivating 
colleagues at work. The respondents would least prefer activities such as 
teamwork and counselling friends.
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7.  Conclusion

Transformation in the HR policies to support WLB has been source of 
boon to women in white collar jobs but the policies to support work life 
balance of women in blue collar jobs who are underpaid but overloaded 
need to be considered by the organization. Working women believe the 
biggest support they can get is from family. Awareness to be given to the 
family members, hence, the family members could take initiatives to share 
the family responsibilities and help the women workers to balance the 
work and personal life roles by avoiding the traditional societal belief that 
women must only look after family responsibilities.
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ABSTRACT: Network security is intrinsically compromised by wireless networking. A range of 
attack techniques, such as jamming, spoofing, and man-in-the-middle eavesdropping, can be 
employed to target users of wireless networks. In order to create barriers against intrusions, modern 
wireless data networks employ a range of cryptographic techniques, including authentication and 
encryption. Unfortunately, a large number of widely implemented security measures are 
appallingly insufficient. Strong safety measures became necessary as the usage of wireless 
infrastructure networks for business purposes increased steadily. This paper describes the security 
flaws in the WEP (Wired Equivalent Privacy) protocol, which is used to protect wireless networks, 
as well as the different types of attacks that could compromise the protocol's security objectives of 
integrity, confidentiality, and authentication. 
KEY WORDS: Wireless network, WEP, Cryptographic, Protocol and Security goals. 
  
INTRODUCTION 
The popularity of wireless networks is steadily increasing in our modern world. Big corporations 
are finding more and more benefits in using these networks. Local wireless networks have 
numerous advantages, including user mobility, easy and quick installation, flexibility, scalability, 
and affordability. With a Wireless Local Area Network (WLAN), users can access resources from 
anywhere they are located. By using mobile computers, users can connect to the network and 
access resources no matter where they are physically located. Wireless technologies allow devices 
to communicate without physical connections or the need for network cables. They utilize radio 
frequency transmissions to transmit data, while wired technologies rely on cables. Wireless 
technologies range from more complicated systems like WLAN and cell phones to simple devices 
like wireless headphones and microphones that do not store or process information. 
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Fig 1 : Wireless Technology 

 
Importance of Network Security for an Organization/Country  
It is impossible to dispute the network's significance for any organization. In addition, businesses 
risk losing their assets, money, and reputation if they neglect network security. Network security 
guarantees that a nation or organization can access trustworthy and secure information. Thus, 
network security breaches have the potential to cost nations and organizations a significant amount 
of money. Information dependability is crucial for maintaining network security. Thus, any data 
on the network is regarded as a corporate asset. Businesses that provide services to satisfy the 
demands and specifications of their clients or end users are obliged to safeguard their network. 
Therefore, an organization's response and preparation can be divided into three main categories: 
• Network protection: The entire network is set up and connected in the most efficient 
manner.  
• Threat detection: An organization is ready to identify any threat at the highest level to the 
network or system.  
• Reaction to any threat: It is crucial for any organization to respond appropriately when a 
threat is discovered. The response needs to be prompt and proactive.  
 
WIRELESS NETWORKS 
Wireless networks act as the means of communication between devices and traditional wired 
networks (such as enterprise networks and the Internet). These networks can be categorized into 
three groups based on their coverage range: Wireless Wide Area Networks (WWAN), Wireless 
Local Area Networks (WLAN), and Wireless Personal Area Networks (WPAN). WWAN includes 
technologies like 2G cellular, Cellular Digital Packet Data (CDPD), Global System for Mobile 
Communications (GSM), and Mobitex, which offer wide coverage areas. WLAN includes 
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technologies like 802.11, Hyper LAN, and others, which are used for local area networks. WPAN 
includes technologies like Bluetooth and Infra-Red (IR), which are used for personal area 
networks. All of these technologies are considered "tetherless" as they transmit and receive 
information through electromagnetic waves. The wavelengths used in wireless technologies range 
from radio frequency (RF) to above the IR band. The RF band covers a significant portion of the 
electromagnetic radiation spectrum, ranging from 9 kilohertz to thousands of gigahertz. 
Frequencies beyond the RF spectrum offer additional benefits such as higher data transfer rates. 
EM (Electromagnetic energy) travels into the infrared and then the visible spectrums as 
frequencies are raised beyond the radio frequency range. Devices connected to wireless networks 
can move around with different degrees of freedom while still staying in communication with one 
another. They also provide more flexibility than cabled networks, cut down on the time and 
resources required to set up new networks, and make it simple to build, modify, and dismantle ad 
hoc networks. Wireless networks come in various varieties. Taking into account the relative 
complexity and range of each kind of network is one method of classifying wireless networks. 
WIRELESS PERSONAL AREA NETWORK (WPAN)  
A tiny wireless network with a limited operating range and minimal infrastructure requirements. 
Instead of using cables to connect the devices, a few WPANs are usually used in a single room. 
Examples include printing services and connecting a wireless keyboard and mouse to a computer.  
WIRELESS LOCAL AREA NETWORKS (WLAN)  
These are collections of radio-capable wireless networking nodes located in a constrained 
geographical area, like a campus or office building. WLANs are typically added as extensions to 
already-existing wired local area networks in order to improve user mobility.  
WIRELESS METROPOLITAN AREA NETWORKS - (WMAN)  
Users spread across several locations, usually a few miles apart, can receive connectivity from us. 
Wireless broadband access is made available to consumers in urban areas through numerous 
WMAN implementations.  
WIRELESS WIDE AREA NETWORKS - (WWAN) 
Connect individual devices over large geographic areas. WWAN are typically used for mobile 
voice and data communications, for well as satellite communications. 

 
Table 1: Comparison of Wireless Network Types 

WIRELESS LAN 
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WLANs are more portable and flexible than conventional wired local area networks (LANs). A 
WLAN uses an access point device to connect computers and other components to the network, as 
opposed to a traditional LAN, which needs a wire to connect a user's computer to the network. An 
RJ-45 port on an access point allows it to be connected to a wired Ethernet LAN and is used for 
communication with devices that have wireless network adapters. Generally speaking, access point 
devices can cover up to 300 feet, or roughly 100 meters. A cell or range is the name given to this 
coverage area. Within the cell, users are free to move about with their laptops or other network 
devices. Through interconnection, access point cells enable users to roam freely both inside and 
outside of buildings. 

 
Fig 2: Working model of a wireless Network System 

LAYERED SECURITY FOR WIRELESS NETWORKS 
A layered approach to wireless security can provide a high degree of protection and Leverage 
existing network security investments. The layered approach consists of the following four levels. 
• Wireless deployment and policy 
• Wireless access control 
• Perimeter security 
• Application security 
The layered approach, when implemented as will be covered below, can centralize points of access, 
implement manageable security at the device level, and use firewalls to control internal access, 
making a WLAN more secure than a typical wired network. Professionals in policy and security 
often refer to the "work factor," which is a crucial idea to understand when implementing layered 
security. While a network with a low work factor is more easily compromised, one with a high 
work factor is more difficult to breach. Hackers will quickly move on to networks with lower 
levels of security if they discover that the network has a high work factor, which is a feature of the 
layered approach.  
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. It is harder to breach a network with a high work factor than it is to compromise one with a low 
work factor. Hackers will quickly advance to less secure networks if they ascertain that the one 
with a high work factor—a feature inherent in the layered approach—has it. 

 
Fig 3: Wireless Security Architecture 

 
LEVEL -1   WIRELESS DEPLOYMENT AND POLICY 
Best practices for wireless deployment and policy are deploying the minimum number of WAP 
needed for adequate Coverage. Set WAP broadcast power to the lowest practical level. 
• Verify broadcast coverage in and around facility. 
• Maintain policies for 
• Installation of WAP 
• NIC (network interface card) operational mode 
• WLAN (Wireless LAN) user-group access, including employees, visitors and Contractors. 
A secure environment is built from the ground up using the physical placement of the wireless 
networking equipment. It is a basic rule of thumb to avoid over-designing a wireless network. 
Avoiding broadcasting when it is not required is the aim. Using common sense when designing 
the network is also beneficial. You should take into account that is accessing the WLAN, where 
they are located, and what the minimal coverage requirements are. For instance, it is not advisable 
to install four WAP in locations where one would be sufficient or in places like the waiting area at 
building entrances that do not require network access. It's not always better to have more. A 
wireless network interface card (NIC) has two operational modes: infrastructure mode, which 
restricts communication between the NIC and a WAP, and ad hoc mode, which permits 
communication with any wireless device, including other NICs. There should be a rule mandating 
that NIC only run in infrastructure mode. Hackers can easily take advantage of devices operating 
in ad hoc mode. 
 
LEVEL – 2WIRELESS ACCESS CONTROL 
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Best practices for wireless access control include 
• Configure the WEP for the highest level of encryption. 
• Change the SSID (service set identifier) regularly, where practical. 
• Do not broadcast the SSID. 
• Verify the media access control (MAC) address upon device connection. 
• Maintain and enforce access policies for unauthorized/unrecognized devices. 
Device access control and user authentication (Personnel access control) are the two main 
components of access control in actuality. Device access is the focus of level two, and user 
authentication is the subject of level three, perimeter security. The configuration and management 
of the built-in security features of wireless network devices, such as SSID and WEP, is essential. 
The SSID needs to be changed on a regular basis, if at all possible, and the WAP needs to be set 
up so that it is not broadcast. Furthermore, the WEP should be set to the highest encryption level 
(usually 128- or 256-bit encryption), and the passphrase should be changed on a regular basis. 
Depending on the size of the network, this may or may not be feasible. 
LEVEL - 3 PERIMETER SECURITIES 
Best practices for perimeter security include 
• Install an intrusion prevention system (IPS) and wireless firewall on LAN 
• Encrypt WLAN traffic using a virtual private network (VPN). 
• Direct all traffic through the VPN server and configure clients appropriately. 
• Maintain and enforce VPN routing and access policies. 
• Maintain and enforce access policies for user authentication (i.e, username/password). 
VPN technology offers a way to secure data transfers over trusted network segments, like WLANs 
and the Internet. In essence, a VPN is an addition to the private network that includes connections 
that are authenticated, encrypted, and encapsulated. VPN encryption algorithms are sophisticated 
and very challenging to break. All WLAN traffic ought to require a VPN connection. Setting up a 
VPN server on the network and configuring all WLAN clients to communicate through a VPN 
tunnel terminated on this server are the prerequisites for implementing VPN for a wireless network 
LEVEL - 4 APPLICATION SECURITIES 
Best practices for application security include 
• Implement an application-level user authentication system. 
• Maintain and enforce permissions and password policies. 
• Install vendor patches as they become available. 
Implementing fundamental security measures at the application level in the network is highly 
recommended as a best practice, regardless of whether the connection is wired or wireless. 
Safeguarding network applications, including Windows NT, PeopleSoft, and other enterprise 
systems, through strict password policies and permissions adds an additional obstacle for hackers 
to overcome in order to access proprietary information. It is crucial to promptly install application 
patches upon release, as they often address identified security vulnerabilities. Exploiting these 
vulnerabilities is a common method for network breaches, making the signature-based intrusion 
prevention system (IPS) an essential component of a comprehensive network security program. 
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• The Wired Equivalent Privacy (WEP): The first wireless security protocol ever created is 
called Wired Equivalent Privacy, or WEP. It was created in 1997, but it's still in use today. In any 
case, it is regarded as the most unreliable and unsafe wireless security protocol. 
• The Wi-Fi Protected Access (WPA): The WEP comes after this wireless security protocol. 
As a result, it is made to address the issues with the WEP protocol. Notably, it encrypts using a 
variety of techniques, including pre-shared key (PSK) and the Temporal Key Integrity Protocol 
(TKIP). 
• The Wi-Fi Protected Access 2 (WPA 2): WPA 2 is the replacement for WPA and has more 
features and encryption power. For example, WPA 2 replaces TKIP with the Counter Mode Cipher 
Block Chaining Message Authentication Code Protocol (CCMP). It is well known that this 
replacement feature encrypts data effectively. WPA 2 is therefore regarded as the top wireless 
security Protocol.. 

 
Table2: Comparison of WEP,WPA and WPA2 

THREATS IN WIRELESS NETWORK  
This implied that potential attacker threats could now affect the wireless network. In order to 
undermine network security as unauthorized, attackers in the active attack type modify information 
content and fabricate false information on the network. Attacks classified as Active include: 
Replay, Denial of Service (DoS), Access, Active Eavesdropping, Man-in-the-Middle (MITM), and 
Session Hijacking. Without making any changes, the attacker uses a passive attack, which involves 
passively listening to network traffic, gathering information from packets, and analyzing traffic. 
The detection of such attacks is difficult.  
Unauthorized access 
There are multiple ways in which unauthorized individuals can gain access to the Company's wired 
and wireless networks, with differing intentions. One such method is commonly referred to as 
"Accidental Union". This occurs when a user turns on their computer and unintentionally connects 
to a nearby company's overlay network through a wireless access point. The user may be unaware 
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that this has happened, but it poses a security breach as it exposes the Company's confidential 
information to malicious users. 
Denial of Service (DOS)  
Denial of service (DoS), also known as a "spoiler," is a concept that everyone familiar with 
network security is aware of. Given that it just needs a small amount of service access, this might 
be one of the best network attacks. In order to slow down or stop wireless services, which allows 
attackers to take control of resources, view unauthorized information disclosure, and install 
backdoors into systems, this will be accomplished by installing virus or worm programs on your 
network or by sending massive volumes of traffic to a specific target. A multitude of techniques 
are employed to intercept signals in wireless networks Interference can occur in wireless LANs 
operating on the 2.4 GHz band, such as from microwaves or other access points on the same 
channel. This is because the 2.4 GHz band in the US only has three non-overlapping channels. An 
attacker can disrupt the service by interfering with these channels. This can be done in conjunction 
with an unauthorized access point by setting it to a channel not used by a legitimate access point. 
The attacker can then launch a denial of service attack on a channel currently in use, forcing 
connected devices to reconnect on the channel being utilized by the rogue access point. An attack 
known as a denial of service (DoS) happens when a hacker bombards a target AP (access point) 
or network repeatedly with false requests, early success connection messages, fault messages, 
and/or other commands. The reason is that legitimate Users can't get on the network and could 
even make it hold. Extensible Authentication Protocol (EAP) abuse is one of the protocols that 
facilitate these attacks. 
 
Malicious Companion  
The term "malicious associations" refers to environments where hackers can actively set up 
wireless devices to connect to the company network using your laptop as opposed to the corporate 
access point (AP). Referred to as a "soft AP," this type of laptop arises when an intruder installs 
software that imitates a legitimate access point on the user's wireless network card. When the 
cracker gets close, it can plant Trojans, initiate attacks on wired networks, or steal the password 
As a result, wireless networks operate at the layer 2 level, meaning that layer 3 security measures 
such as network authentication and virtual private networks (VPNs) do not provide any barriers. 
Although 802.1 x wireless authentication enhances security, it remains susceptible to being 
cracked. The essence of this attack is that the user does not need to go through a VPN or other 
security protocols. Perhaps, the cookie at layer 2 aims to manipulate the client to a certain extent. 
 
Ad-hoc networks 
Ad-hoc networks could be dangerous for your security. Peer-to-peer networks without an 
intermediary access point between wireless computers are known as ad hoc networks. Despite the 
lack of security on this type of network, encryption techniques are widely used and offer security. 
Non-traditional networks  
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Non-traditional networks, such as Bluetooth personal network devices, will be regarded as a 
security risk since they don't appear to be resistant to hacking. Insurance is required for wireless 
printers, copiers, portable PDAs, and barcode scanners as well.  

 
Fig 4: Different types of Security attacks 

Session Hijacking   
Session hijacking is similar to the Man in the Middle (MITM) attack in that the attacker intercepts 
the victim's session and takes control of it. The victim believes that their session ended for any 
reason and that the attacker now has control over it, allowing him to use it as he pleases. In order 
to send a MAC separation message to the victim, the attacker must first obtain the victim's MAC 
address and the AP's address. The victim ends his session on the network, but his session access 
point remains open.  
Man-in-the-middle attacks 
  An extremely dangerous attack known as "Man in the Middle" occurs when an attacker 
eavesdrops on a conversation and alters it before sending it. Despite the organization's 
implementation of VPN, SSH, and IP sec security measures, these defences against an MITM 
attack are revolutionary because they are limited to knowledge privacy attacks. In this way, all 
user data is more developed for the attacker to access point, and the attacker can easily alter web 
content settings in addition to being able to sniff and modify information by executing viruses in 
downloaded files. Methods that won't trick the user. Furthermore, encryption has no security 
function in between the access points.  
     
SECURING WIRELESS TRANSMISSIONS  
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Despite the numerous shortcomings of the WEP algorithm, users can still secure their individual 
wireless networks. The following strategies are advised to lower the security risks associated with 
wireless networks in order to address the security threats listed above. 
Exploring proper knowledge to user Informing users about the network's security is the first step 
in wireless network security. It is frequently noted that end users leave many gaps for attackers to 
exploit because they are unaware of how to implement security. If users are knowledgeable about 
wireless tool settings, adjustments, and the security of their individual networks, security risks can 
be reduced to a minimum. One effective method for securing a wireless network is wireless 
network auditing. To learn about network activity, the user should scan their work using a network 
scanner. You can find a number of free network scanning programs online, such as Kismet and 
Net Stumbler. 
Change the router's default password. The default username and password are set by each 
manufacturer of wireless routers and access points. It is strongly advised that you simply must first 
change the username, for example, to the default username and password. If the user doesn't 
change it, it's a really sweet cake for the attacker because the attacker simply scans the access point 
and accesses it through their default username and password. 
Change SSID Every access point has a default ID, which the attacker can use to locate the access 
point with ease. Every device connected to a wireless network has the same SSID. It's equivalent 
to leaving the default password in place if the user doesn't modify the default SSID. 
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Table 3: Various attacks and security protocols 

CONCLUSION 
Increased productivity and cost savings are possible with wireless networks in many situations. 
Furthermore, a corporation's computer security risk profile is altered. Therefore, it is impossible 
to totally eradicate all risks associated with wireless technology; instead, a feasible level of general 
security can be attained by implementing the network Systematic approach to risk assessment and 
management. Thus, the three fundamental technology components—authentication, 
confidentiality, and integrity—as well as their associated risks and vulnerabilities were covered in 
this survey. Lastly, the survey also includes a description of the wireless network, including the 
client, access point, and transmission medium, as well as a number of widely used risk-reduction 
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techniques. Furthermore, by protecting the network information from anonymous users, this work 
teaches network users to stress the value of mentoring and educating users on secure wireless 
networks..  
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ABSTRACT 

The main goal of governments is to guarantee that every individual worldwide, regardless 

of disability, have access to education. However, learners with disabilities exhibit higher rates of 

school and college dropouts than regular students. The main goal of contemporary research is to 

anticipate such drop-outs slightly earlier and offer recommendations and alternative pathways for 

their career enhancement by utilizing a novel approach LSOWL-CNN method. Initially, the 

dataset is pre-processed to increase the classification performance. Following that, the features are 

extracted and by employing ENT-QDA, the features are reduced. Rules based on fuzzy data will 

be created based on the features. A classification method called Linear Scaling Owl Optimal 

control Method with CNN (LSOWL-CNN) is employed to train the system using the created rules 

and testing the data the final results are classified. Results of the experiments showed that the 

suggested model attained an Accuracy of 96.817% which outperforms the existing models which 

is implementing in a python tool. 

Keywords: Dropout prediction, EDM, Fuzzy rule, QDA, CNN, OWL, Linear Scaling. 

 



1. INTRODUCTION 

Globally, administrators of secondary and postsecondary education struggle with important 

problems like keeping participation rates high and preventing student dropouts. Students with 

disabilities still confront many challenges in their educational journey, even in the face of 

government initiatives to meet their needs. According to studies, students with disabilities have a 

twofold higher dropout rate when compared to their classmates without disabilities. Children have 

different learning challenges, which makes it difficult for them to learn and apply abilities. 

Disabled children can, nevertheless, meet high academic levels and learn coping mechanisms to 

get around their limitations with the right help. Higher dropout rates and less opportunities for 

independent living or work result from students with disabilities not making as much progress in 

their higher education as their non-disabled peers. 

Over 1.2 million students complete their high school education each year, yet the 

percentage of dropouts both among students with and without disabilities continues to increase 

dangerously. Learning difficulties are associated with a greater dropout rate among students with 

disabilities than other forms of disabilities. Dropout has a detrimental effect on organizations since 

it lowers enrollment and makes it more difficult to accomplish goals. Therefore, continued 

education depends on efficient dropout prediction and prevention. Researchers that employ data 

analysis in education are increasingly interested in determining the reasons behind student dropout 

and putting preventative measures in place. 

Two domains used in higher education and other educational settings for information 

extraction and application are educational data mining (EDM) and learning analytics (LA). When 

it comes to understanding student academic data trends in the digital learning environment, 

educators and educational administrators are finding that EDM is a useful tool. It entails utilizing 



data mining techniques to forecast pupils' academic behavior, respond to inquiries utilizing 

educational data, and assist individuals who encounter difficulties. Even while the application of 

data mining techniques in education has advanced significantly, there are still numerous 

unexplored areas and a lack of a cohesive approach. In an effort to assist both dropout and non-

dropout students, this study suggests an LSOWL-CNN methodology along with a fuzzy rule for 

predicting school dropouts. The contribution of this paper is described below: 

 The dataset is pre-processed by data cleaning the by which the irrelevant attribute values are 

eliminated. 

 Utilizing the extracted features, the feature reduction is done by ENT-QOA algorithm. 

 The reduced features are aligned by fuzzy based rule generation and generated values are 

classified by LSOWL-CNN method. 

The structure of the paper is as follows. The review of literature is provided in Section 2, The 

proposed method is described in Section 3, the results and discussions are explained in Section 4, 

and Section 5 concludes the paper. 

2. LITERATURE REVIEW 

“Some of the recent research works related hearing-impaired student’s educational dropout 

prediction were reviewed in this section” 

Fernandes, et.al. [16] presented a detailed Predictive analysis of academic performance of 

public-school students in the capital of Brazil. A descriptive statistical analysis to gain insight from 

data. Subsequently, two datasets were obtained. The Classification models based on the Gradient 

Boosting Machine (GBM) were created to predict academic outcomes of student performance at 

the end of the school year for each dataset. 



Ahmad, et.al. [17] proposed a machine learning-based strategy for measuring student 

achievement in educational data mining. contrasting ANN and RF machine learning designs for 

forecasting students' achievement considering their evaluation and demographic data. The models 

were assessed after functionality methods and an analysis of OULAD. 

Singer, et.al. [18] suggested using tree structure to predict the effects of intellectual 

difficulties and accommodation facilities on the stabilisation of engineering degree students' 

school tasks. When the LD and lodging factors are taken into account, the designs perform much 

better at forecasting the stabilisation classification for a particular student. Depending on the 

student pattern, various accommodation actions have different impacts on the stabilisation of 

school tasks. 

Bhat, et.al. [19] proposed a Smartphone-Based Real-Time CNN Based Especially With 

regard for Hard Of listening Audiences. The Speaking Enhancement (SE) technique uses a multi-

objective learning CNN to augment how well speakers are understood by those wearing hearing 

aids. An implementation that needs to perform real-time SE is used to enforce the suggested 

method on a mobile phone. Technology for HA is provided by this agreement. Using a mapping-

based CNN model, a speech signals frequency band is cleaned up using a multi-objective learning 

structure with both primary and secondary characteristics. 

Gil et.al [20] familiarised with a technique for predicting drop - outs hazard maps utilising 

data mining techniques. Data screening came first in the procedure. The norms for data were then 

checked to see if they were aligned and to reduce the impact of forecast errors during in the 

modelling process. Additionally, the parents' earnings variable's values were filled in with their 

median using the inferred value method to minimize bias inside the set of data. According to the 

outcomes, the accuracy level utilising C4.5 was 98.9474%, whereas the accuracy level utilising 

http://et.al/


Naive Bayes was 97.8947%. As a result, it has been demonstrated that the C4.5 woman's precision 

in determining student drop - outs cases based on the data gathering is superior. Key limitations of 

this study include the fact that its elements were a single test with a small student sample. 

Lee and Chung [21] patterned a method to enhance the effectiveness of a drop - outs early 

detection method (a) by attempting to address this same imbalanced class problem utilising 

synthesised minority up sampling techniques (SMOTE) and the evolutionary algorithms in 

computer vision; and (b) by assessing the qualified classifier with both recipients able to operate 

characteristic and highly precise (PR) bends. As a consequence of just using machine learning's 

SMOTE and ensemble techniques to address the problem of class imbalance experimental findings 

revealed that this prototype maximised the likelihood of continuing to support the effective 

studying of every student and minimised the cost of interference. The original learning access to 

the NEIS dataset was restricted, which posed a number of challenges. It was unable to access a 

variety of characteristics in the NEIS dataset, like teachers' evaluations of students, when we first 

met, analyzation, despite the fact that it involves the key risk factors for drop - outs estimation in 

this assessment. 

Suresh et.al [22] proposed a method for utilizing a Unexperienced Bayesian classification 

model to identify drop - outs. The information was gathered using questionnaire form. The 

information was initially gathered using questionnaire form. Pre-survey and comment were the 

two survey forms that were created. Pre-survey work was done at the time of students admitted. 

The comment was finished in the course's medium term. The pre / post data on students were 

collected in textual form. In a dataset, this message was transformed into ones and zeros. After 

that, the dataset's missing hypotheses were removed. Following the division, the the updated values 

for nulls used information from others with similar values. A Naive Bayesian classifier was then 



employed to determine which individuals are most such as to be decreased. This method wo not, 

however, assess predictions of pupil dropout rates. 

Meedech et.al [23] expanded the use of the conceptual approach for predicting student 

dropout. The aim set of data was initially created by combining several various types of 

information. To prevent bias and mistakes discovered in the data, the phase of the data order to 

prepare used conventional methods for filling in null values and normalisation. In order to classify 

data and make it easily decipherable, various rule-based models were investigated. Due to its 

simplicity and effectiveness, an IF-THEN principle was a traditional method for formulating 

decisions. The experimental studies using classification methods and the information 

redistribution method produced outcomes that showed a classifiers with a more hopeful precision 

than some other designs. On the other hand, a broad range of volatility in the prediction 

consequence had been caused by the product's disparity in learning. 

Lottering et.al [24] depicted a machine learning strategy to find participants who were in 

danger of quitting school. The set of data used in this original study determination of the at-risk 

classmates was applied with the Extracting Knowledge in Databases (KDD) strategy. The KDD 

method involved pre-processing the chosen data, which included removing anomalies and imputed 

values for incomplete data. The dataset was then transformed or subjected to dimensionality 

reduction techniques to lower the actual number of variables. The set of data was then run through 

a variety of algorithms in an effort to find patterns. In order to learn more, the mining process 

pattern was construed. The outcomes suggested that the advanced model showed better 

performance than other cutting-edge approaches. On the other hand, it applied to the smaller group 

of students who had a narrower range of degrees. Additionally, because the data came from a 

particular school of technology, the result could not be generalised. 



Azizan, et.al. [25] presented an Individual Promote Value The assignment and justify in 

Malaysian Polytechnics for Students with Profound Hearing loss, Gratification and Adjustment's 

Mediator in the relationship Impacts. Academic success was related positively to both the 

personality-major fit and a need fit. This connection was discovered to be mediated by the 

adaptation. Around each other, these findings suggest that the user constructs influence the 

academic success of students with hearing loss and that adaptation plays a key role in illuminating 

this connection. 

Song et.al [26] focused on the feature tables and machine learning models utilized to make 

reliable predictions while discussing dropout prediction for university students. The research, 

which examined a dataset from a Korean institution, discovers that, in contrast to the presumption 

that they are concentrated in the first year, student dropouts are uniformly dispersed throughout 

academic years. In addition to comparing the effectiveness of six machine learning models, the 

paper offered a number of feature table creation techniques. The model based on the gradient 

boosting technique and the mean value-based feature table perform the best, according to the 

results. The study also emphasized how crucial it is to take into account variables other than 

academic standing, such financial concerns, when attempting to forecast student dropout rates. 

Christou et.al [27] explained the issue of college student dropout and the significance of 

preventing this issue. It emphasized the value of student assessment programs and the application 

of machine learning and educational data mining techniques to raise student achievement. Using 

the FSC4RBF algorithm, the suggested study presented a novel method for forecasting the 

performance of university students. The article demonstrated the efficacy of the algorithm in 

forecasting study duration and grades with sections on relevant work, the FSC4RBF algorithm, 

simulation results, discussion, and conclusion. The overall goal of the research offered insightful 



information to support proactive strategies for lowering student dropout rates and raising 

educational standards. 

Phan et.al [28] examined the importance of controlling student dropout in higher education 

and suggests a hybrid approach for decision support that combines textual data-based student 

segmentation with predictive modeling. The authors showed how their approach performs better 

than benchmarks by analyzing an actual dataset from a French higher education institution. 

Additionally, they compared various approaches to text representation and emphasized the need 

of using student textual feedback data to manage and anticipate dropout rates. The study 

provided decision-makers with useful insights and highlighted the significance of using 

unstructured textual data for student dropout prediction.  

Kim et.al [29] used data-driven algorithms to forecast student dropout rates and 

preprocesses data using techniques including oversampling, under sampling, and combination 

approaches to correct for imbalances. Two models are used by the system to increase recall and 

precision in dropout prediction: XG Boost and Cat Boost. An experiment with student records 

from a South Korean institution produced better outcomes than other approaches that were 

currently in use. Furthermore, the system categorized dropouts according to their reasons for 

leaving, which helps counselors and academic administrators provide at-risk kids the 

individualized support they need.  

Niu et.al [30] examined the problem of high dropout rates in Massive Open Online Courses 

(MOOCs) and introduces CNNAE-LSTM, a new neural dimension-reduced dropout prediction 

model. The model tackled the challenge of understanding the nonlinear relationship between high-

dimensional time series data and processing them. In order to compress learning characteristics 

into a low-dimensional latent space for reconstruction, it combines a long short-term memory 



neural network (LSTM) and a convolutional neural network autoencoder (CNNAE). Experiments 

on real-world datasets reveals that the proposed model outperforms state-of-the-art baseline 

techniques in terms of prediction performance. 

3. PROPOSED FRAMEWORK  

The pandemic of student dropouts is among the most severe and enduring issues the 

education system has to deal with. The term "dropout" refers to an individual who left a school, 

college, or other academic establishment before finishing a registration course. The majority of the 

pupils in this has disorders. Therefore, it is essential to make an early prediction of student dropout 

by looking at their academic performance, learning styles, personal information, health issues, etc. 

A novel approach is suggested for early prediction of student dropouts by gathering survey 

information from as set of students. For students who dropped out of school or had poor academic 

performance, alternative suggestions are also given. The training and testing phases of this 

suggested model are comprised of educational datasets. To predict the dropout behaviour of 

students, initially the data is collected. The data is pre-processed and it undergoes feature extraction 

and reduction by ENT-QOA algorithm and the reduced features are aligned by fuzzy based rule 

generation and generated values are classified by LSOWL-CNN method. Figure 1 shows the 

Structure of proposed model. 

 



 

 Figure 1: Proposed Model 

3.1. TRAINING PHASE 

 Using the dataset, the following phases are done in this phase. The detailed explanation 

of each phase is as follows. 

3.1.1. Data Cleaning 

Data cleaning is then done to improve accuracy of classification and shorten training 

schedules. It is done by Irrelevant attribute removal and Numeralization. 

3.1.1.1. Irrelevant attribute removal 

 The dataset's unimportant data may cause the classification performance to suffer, which 

lowers the system's quality. The information that is not required for the forecasting of drop- outs 

is referred to as irrelevant attributes. For example, the suggested drop-outs prognostication process 

does not require the dataset's ascribe date stamp. Therefore, in order to increase the system's 

accuracy rate, these characteristics have been removed from the data.  

 



3.1.1.2. Numeralization 

It involves transforming all of the dataset's quasi data into a numeric form for the further 

categorization. Sexual identity, dept, and other non-numerical data in the set of data can't be 

directly controlled by the classification model. Numeralization, which converts any integer number 

between 1 and distinct value systems based on the type of data, is done to add value to such data. 

Each of the data in the set of data are converted to numbers at the conclusion of this procedure, 

which are then utilised additional analysis. 

3.1.2. Feature Extraction 

To achieve accurate categorization, the features are extracted. It is described as the process 

of identifying the set of characteristics that will represent the information required for analysis and 

categorization effectively. Additionally, it lowers the resources required to explain the vast 

amounts of data. Starting with a base set of measurement values, extraction of features creates 

integral approach that are meant to be insightful and non-redundant. In order to complete the 

desired action using this reduced representation rather than the full initial data, it is expected that 

the extracted features will encompass the pertinent data from the input data. Here, characteristics 

like name, age, sex, and other characteristics are extracted before being further lowered to lessen 

the dimensions. 

 The gleaned characteristics  ix  who are depicted as, 

 ni xxxx ,,, 21                (1) 

 Where, n  determines the number of extracted features. 

3.1.3. Feature Reduction 

The definition of dimension reduction is the removal of some characteristics from the 

derived set of features without sacrificing any significant data. The scheme becomes more 



effective by cutting down the number of features because this reduces the computational burden. 

Electron density Quadratic Linear discriminate Assessment is used to reduce the characteristics in 

the suggested technique (ENT-QDA). To ascertain the function that distinguishes among 2 or more 

characteristics, the dimension reduction technique is known as quadratic discriminant analysis 

(QDA) is used. Assuming that the metrics are uniformly distributed, QDA is tightly linked to linear 

regression techniques. In contrast to LDA, QDA does not assume that the multicollinearity of each 

characteristic is the same. The variable of each feature must be determined by calculating for 

dimensionality reduction utilising QDA, though. Such a co-variance computation is extremely 

difficult and yields unreliable results for dimensionality reduction. In addition to making this tool 

to facilitate for dimension reduction, the co-variance computation is supplanted with entropy 

computation (ENT). ENT-QDA stands for the ENT substitute in the QDA prototype. Listed below 

are the ENT-QDA stages: 

Stage 1: Think about a group of extracted features  ix , whose dimensionality must be 

minimised. Let the likelihoods of these characteristics be  ixp . Next, a random sample is chosen 

in a way that  NYYYY ,,, 21   and displays the variety of groups. Following is a definition of the 

Bayesian Discriminant principle: 
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Stage 2: In order to estimate the multivariate Gaussian distribution system and the 

Gaussian probability density function which are the foundations of the QDA, 
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Where i  represents the mean value of the characteristics and is the entropy value i . You can 

compute the mean and entropy as,   
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Stage 3: The QDA formula can be obtained by using the log transformation of (3) which 

is given as follows, 
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Where, 
N

k i 1 . Finding the ordinary classifier co - efficient after calculating the mean and 

fractal dimension values allows for the identification of the process's most beneficial 

characteristics. As a result, equation includes the lowered characteristics  jy  (7),  

 mj yyyy ,,, 21                   (7) 

 The overall number of decreases in the supply is shown here. The system for generating 

fuzzy rules is then fed these characteristics. 

3.1.4. Fuzzy based Rule generation 

By taking into account the students' grades, the fuzzy-based rules from figure 2 will be 

produced from the collection of decrease in the supply. In order to control the classification, fuzzy 

based rule generators use a set of specifications and IF-THEN circumstances on the input data. 

Modelling inputs into fuzzy sets with components that have a level of affiliation calculated 

utilising a member status function is the procedure of "fuzzification." 

 



 

Figure 2: Block diagram of Fuzzy based Rule Generation 

 An element's likelihood of being classed grammatically is expressed by the membership value. 

Since linguistic terms are used as both their antecedent factors and implications, the system 

with fuzzy rules is the most helpful in simulating some complicated systems that may be 

viewed by people. If is and is, then is, where is the variables as well as did mention the input 

features, is how the regulations in this fuzzy rule-based system can be depicted. 

 The rule's consequence in this layout can take any workable format, though quadratic formats 

are the most prevalent. We construct a fuzzy regulation scheme by forming an amount of 

fuzzification and incorporating them into a set of IF-THEN circumstances and findings. 

According to the suggested system, a set of rules are created based on the student's grades, 

other educational activities, and an establish of decrease in the supply. The fuzzy sets produced 

by the proposed methodology are listed as, 

 If the learners decide their grade level (6th, 9th, 11th, or 12th) and their record variety is 

superior to 90% or superior to 80%. They also actively participate in extracurriculars, they are 

considered to be "Excellent Students both in Research and Extracurricular activities Actions." 



The student is an "Absolutely brilliant Scholar in Studies but must Take part in Extracurricular 

Actions" if they choose their benchmark (6th, 9th, 11th, or 12th), and their mark variety is larger 

than 90% points or larger than 80% and they’re not actively participate in the extracurriculars.  

In this manner, the education rates of a set of guidelines are calculated using fuzzy-based rule 

generator sets. This same classifier categorises the child's individual background and drop - outs 

information based on such rules. The system's collection of fuzzification establishes how many 

rules the fuzzy system produces and is modelled as,   

Mk zzzz ,,, 21                                (8) 

3.1.5. Classification 

Following the creation of fuzzy rules, classification is carried out using the generated rules 

by the Sequential Scaling Owl Optimization Technique with CNN (LSOWL-CNN). Dropouts and 

non-dropouts are the two classes into which the classification algorithm divides the outcome. 

Prospective recommendations will be made based on this categorization for both non-dropout and 

drop-outs students, helping the former to enhance their level of study, and helping the latter to 

decrease the number of classmates who intend to discontinue their research. There are three layers 

in CNN: input, hidden, and output. The concealed layer contains the convolution layer, which 

carry out the aligned with the mission, which is a dot product of a convolution layers kernel and 

the layers' input matrix. By trying to apply a variable of biases and weights each neuron in the 

CNN computes outcome. To obtain a more accurate classifier performance, these weights must be 

modified in each know prior on the loss function. CNN learning persists in the event that the least 

error function occurs. The Linear Scalability Owl Optimization Algorithm is used to keep updating 

the weighting factors, however, if the error function is high (LSOWL). LSOWL-CNN is the term 



used to describe the merged use of the LSOWL optimization algorithm in the basic CNN. Figure 

3 below illustrates the structural layout of a traditional CNN. 

 

Figure 3: Building design for CNN 

 The list of ambiguous regulations  𝑧𝑘 = 𝑧1, 𝑧2, . . , 𝑧𝑀 are entered into the CNN's input 

nodes. The weight and bias morals of each neuron are multiplied 
kz in the input layer. In 

mathematics, the outcome of the input layer  
qI  is depicted as,  

 qiqi

k

q bwzrI                                            (9) 

 Here,  r signifies the ReLU activation function, qiqi bw & illustrates the input layer weight 

bias values and the LSOWL technique were used to update the vector, in both Qq ,,2,1  defines 

the number of layers in the CNN. Then, this output is fed into the convolutional layer. The ReLU 

activation function   Zr , Where qiqi

k bwzZ   can be modelled as, 

   ZZr ,0max                                 (10) 



 The convolution operation combines the insight before sending the outcome to the 

following layer. It has a 5*5 filter that is used for specifically designed to support. You can specify 

the convolution layers layer's  
qC  outcome by,  

 f

k

q wzrC                                  (11) 

 As shown in the equation above, fw  represents the revised weight vector linking the input. 

kz  making use of the convolutional layer Ff ,2,1  is the convolution operator and displays 

how many filters there are in the   convolutional layer.  

 The pooling coat is applied following the convolution layers. Down-sampling is the main 

principle of accumulation, which is used to lessen the sophistication of extra layers. As a result, 

less computing power is needed to process the information. By incorporating the neuron output 

data from one stack into a nerve cell in the following layer, it lessens the aspect of the data input. 

The data is transferred to the completely connected layer after dimension reduction in the pooling 

layer. Evey neuron inside one layer is linked to every other gradient neuron through the completely 

linked coating. To generate the categorisation performance, the data is passed through the 

completely connected layer. The role of the output nodes is as follows: 

 qoqqo

k

q bOwzrO  1                    (12) 

 Where, 1, qq OO  brings up the layer's output q and 1q , qow  outlines the revised set of 

weights, qob  shows the bias vector. 

Then there is the means square error  em  is calculated as follows, 
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Here,  ka  is the outcome that CNN has acquired and reflects its approximate outcome. The 

LSOWL optimization technique, which is covered in more detail, is used to keep updating the 

weighting factors if highest losses occur in the network. 

Therefore, the discriminator generates the categorization outcome as dropout and non-dropout. 

Based on academic tiers and extra curriculars, the non-dropout level will also be divided into 

Excellent, Good, Average, and Low categories. In this, the graduates are organised according to 

their semester grades. Both dropout and non-dropout students will receive study advice and 

educational recommendations in order to enhance their schooling and reduce the likelihood of 

dropping out. The following criteria are used to categorise the drop - outs. 

i). Students who don't perform better academically or in extracurricular activities. 

ii). Students who perform well academically but poorly in extracurriculars. 

Then, based on their level of studies and activities, recommendations are given to the dropout 

students. 

3.1.5.1. Weight updating by LSOWL 

The meta-heuristic algorithm known as OWL is based on how owls hunt. As opposed to 

just using one ‘s eyes, owls chase at night utilising their having heard abilities. The central nervous 

system of the owl creates an aural map whenever the prey tends to make an audio and the noise 

reaches it. The place of the prey can be determined by owls using this map, which includes details 

on intertemporal moment and severity. The starting view of the owls, which is chosen at random 

from a set of possible positions, results in the optimal local solution and slows integration. The 

position of the owls is normalised using the Linear Scaling (LS) technique in order to increase the 

optimum solutions and get a better convergence rate. LSOWL is the name for this type of LS 

integration into the OWL. The following describes the LSOWL procedure. 



Stage1: Initially, the first inhabitants (weight values)  
Pp wwww ,,, 21   includes owls, 

each of which is depicted below by a dimensional array. 

Pdpppr wwww ,,, 21                              (14) 

 Here, prw mentions the thr  dimension of thp owl. 

Stage 2: Using linear contractual capacity, each owl's initial location in the forest is then 

determined.      lulp wwww        (15) 

 In the calculation above (15), 
lw  establishes the lower limit of thp  owl, 

uw  depicts the 

upper limit of thp  owl and   designs the below-given linear scaling normalisation, 

lu

u

ww

ww






 
       (16) 

Stage 3: The concentration of prey helps to communicate by each owl while in its present role is 

then calculated on the basis on its best fitness, which is determined by the owl's position. The 

strength and conditioning computation come from, 

 
prp wff                                      (17) 

 Where,  
prwf  represents the health of every personal owl. 

Stage 4: The great owl  bestw  is decided by the fitness value is based on the owl that hears the 

noise and the bads owl  worstw  is the 1 who hears the least noise. the data on normalised intensity 

follows  
p  of thp  The following equation (18) can be used to calculate the owl. 

worstbest

worstp

p
ww

wf




        (18) 

 In the calculation above,  
pworst fw min  and  

pbest fw max . 



Stage 5: Following that, Euclidean range is used to determine how far apart each owl is from its 

prey  
p . Equation illustrates it. (19), 

 



P

p

P

pp Lw
1

2

             (19) 

 In the calculation above, 
pL  establishes where the fittest owl's feast was caught  best

p wL 

.Stage 6: The owl detects changes in sound intensity  
pdS  as it approaches the prey and calculates 

them Following is 


2

p

p

p
E

S
dS            (20) 

 Where, pS  gives the owl's starting perception of the noise intensity and  describes the 

random noise that influences that sound intensity.  

Stage 7: In this stage, the owls locate being updated   1twp  because of the prey's movement, 

  
   

   









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5.0

5.0
1

twLdStw

twLdStw
tw

pppp

pppp

p




    (21) 

 In equation (21), indicates the likelihood of a feast moving,  ,  is a steady from 1.9 to 0 

that decreases linearly and has a random number with a uniform distribution in the range [0, 0.5]. 

This approach results in the best owl positions being selected as the best solution (optimized weight 

values of CNN). Figure 4 illustrates the LSOWL's pseudocode. 



 

Figure 4: LSOWL proposed pseudocode 

3.2. TESTING PHASE 

 Using the dataset, the following phases are done in this phase. The detailed explanation of 

each phase is as follows, 

3.2.1. Data cleaning 

 Pre-processing is completed following the collection of student information. The 

replacement of missing values and feature encoding occur during pre-processing. For the purpose 

of making the collected data useful for additional analysis, data cleaning is done. The data that was 

gathered lacks certain information that the students failed to fill in. Not all students will respond 

to all of the application's questions. The students leave out some information on the form when it 

doesn't match their educational and personal information. Such incomplete form questions will 



decrease the classification accuracy and result in errors throughout the overall process. The 

suggested technique will therefore substitute zero for any missing form information in order to 

address these problems. 

3.2.2. Feature encoding 

To increase accuracy of classification, all of the checking data's attributes are then encoded 

with numerical data. A group has different is converted into a variable and used for further 

processing through the process of feature encoding. Figure 5 depicts the upcoming encoding 

prototype. 

 

Figure 5: Feature encoding as a model 

The process of extracting features, feature extraction, fuzzy-based guidelines, and 

classification are carried in the same manner as during the training stage after the data has been 

cleaned. In the end, the classifier assigns the students to groups according to the data they supplied 

on the form. 

 

4. RESULTS AND DISCUSSIONS 

By contrasting the results of the suggested protocol with those of the currently used 

methodologies, the suggested drop - outs estimation framework is examined. Some performance 

metrics are used to make the comparison. The suggested model's set of data was compiled using 



the survey strategy. The following is a discussion of the suggested new framework specific 

supremacy measure. 

4.1. Dataset description 

This dataset includes information from a higher education establishment about a range of 

undergraduate student’s characteristics, such as academic performance, social-economic status, 

and demographics, in order to examine the effects of these characteristics on academic success and 

student dropout rates [31]. 

4.2. Performance evaluation of the suggested model 

Using metrics such as Accuracy, Recall, Precision, F-measure, Sensitivity, Specificity, 

FPR, FNR, MCC, FRR and NPV the effectiveness of the Proposed method is computed by 

comparing the existing models like CNN, ANN, RNN and DNN. The evaluation results and the 

graphical representation of metrics are provided in this section. Table 1 provides the numerical 

results of the models.  

Table 1: Numerical Results of the proposed and Existing models 

Metric CNN ANN RNN DNN Proposed 

Accuracy 94.4105 91.7162 88.2044 85.3719 96.8176 

Precision 92.1415 88.0522 87.4834 83.0622 94.6501 

Recall 95.4255 92.3462 90.3584 89.1552 97.4687 

F-measure 93.19112 90.19112 87.34007 84.39142 95.71357 

Sensitivity 95.4255 92.3462 90.3584 89.1552 97.4687 

Specificity 91.3958 88.6115 84.7415 83.0451 92.8338 

FPR 0.18401 0.21259 0.49962 0.61539 0.02137 

FNR 0.10747 0.25168 0.29289 0.48128 0.01584 



FRR 0.10747 0.25168 0.32124 0.50412 0.01584 

 

4.2.1. Graphical representation of the Suggested and Existing models 

 The Performance metrics of the models are evaluated and the graphical representation of 

all the metrics are provided in the below figures. 

4.2.1.1. Accuracy and Precision 

 

Figure 6: Compariosns of model in terms of Accuracy and Precison 

The proposed and current techniques are compared with regard to Accuracy and Precision 

is shown in Figure 6. The suggested model attained an Accuracy and Precision of 96.8176% and 

94.6501%. whereas the existing models obtained an Accuracy of 91.7162% for ANN, 88.2044% 

for RNN, 94.4105% for CNN and 87.3179 for DNN. The Precision values are 92.1415% for CNN, 

88.0522% for ANN, 87.4834% for RNN and 83.0622% for DNN. Thus, it is evident from the 

findings that the suggested classifier outperforms the current methods in terms of the Accuracy 

and Precsion. 

 

 



4.2.1.2. Recall, F-measure, Sensitivity, Specificity 

 

Figure 7: Compariosns of model in terms of Recall, F-measure, Sensitivity, Specificity 

The proposed and current techniques are compared with regard to Recall, F-measure, 

Sensitivity, Specificity is shown in Figure 7. The suggested model attained a Recall of 97.4687%, 

F-measure of 95.7135%, Sensitivity of 97.4687%, Specificity of 92.8338% whereas the existing 

models CNN, ANN, RNN and DNN obtained a lower value which are provided in the Table 1. 

Thus, it is seen that t the suggested model results in better performance in comparisons to the other 

models. 

4.2.1.3. FPR, FNR and FRR 

 

Figure 8: Compariosns of model in terms of FPR, FNR, FRR 



Figure 8 shows the performance of FPR, FNR and FRR. The suggested model attained a 

lower FPR of 0.02137%, FNR of 0.01584% and FRR of 0.01584% whereas the existing models 

attained a higher FPR, FNR and FNR values which is seen from the graphical representation and 

the numerical results of FPR, FNR and FRR are provided in the Table 1. Thus, the suggested model 

is proven to be better in terms of FPR, FNR and FRR. 

4.2.1.4. Suggested system's drop-out rate 

Utilizing the suggested framework, the drop-out rate is evaluated and provided in Table 2 

and its graphical representation is provided in Figure 9. The results shows that the drop-out rate is 

reduced by 28% per 100 students. This is due to the suggested work's early identification of 

students who intend to discontinue their studies and the subsequent provision of the appropriate 

suggestions to those students to change their original plan. This results that the suggested system 

is superior in predicting the drop-out rates.                 

Table 2: Results of drop-out rate for proposed model 

Drop-out (%) 28 

Non- Dropout (%) 72 

 

 

Figure 9:  A visual representation of the suggested system's drop - out rate 



5. CONCLUSION 

 It is still imperative that major issues surrounding early student dropout be addressed in 

both high school and college systems worldwide. This work offers a new approach to predict 

dropout rate using LSOWL-CNN. The dataset is first pre-processed by data cleaning, which 

removes any irrelevant attribute values. After that, the features are extracted, and the features are 

reduced using ENT-QDA. The characteristics will be used to develop fuzzy data-based rules. 

Using the developed rules, the system is trained and a classification technique known as Linear 

Scaling Owl Optimal control Method with CNN (LSOWL-CNN) predicts the results. The 

proposed model attained Accuracy and Precision of 96.8176% and 94.6501%, Recall of 97.4687%, 

F-measure of 95.7135%, Sensitivity of 97.4687%, Specificity of 92.8338%, FPR of 0.02137%, 

FNR of 0.01584% and FRR of 0.01584%. Thus, from the results, it is seen that the proposed model 

results in better performance in comparisons to the other models. Further the drop-out rate can be 

precited more accurately in future works by using a different novel approach on various datasets. 
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Abstract: 

Making learning easier and more pleasurable for students is the clear and basic goal of teaching. 

Assuming something about what and how a student learns is called "teaching." To teach properly, one 

must have knowledge about "student mentality." Numerous studies have demonstrated that employee 

actions fluctuate depending on the level of commitment to the firm. (Kurdi, 2020). With the assistance 

of a questionnaire developed by Allen and Meyer et al., 400 respondents who work in engineering 

institutions at Bangalore make up the study's sample. ANOVA, correlation, and percentage analysis 

are used to examine the gathered data. SPSS is used to help derive the statistical data. The study has 

so concentrated on the dedication of instructors to their work. In general, the research is done with the 

engineering institutes in Bangalore.. 

Keywords: Normative commitment, affective commitment, continuity commitment, engineering 

professors, organizational commitment. 

 

INTRODUCTION: 

              Since education researchers and academics have been examining and researching the issue 

for a long time, teaching is recognized to be a complex activity. (Ali A M ., 2020) Finding 

effective teaching strategies is still a difficult, demanding, and complex undertaking. Because it is 

advancing with time and technological advancements and is dependent on the national environment, 

quality teaching appears dramatic. Meyer and Allen, 1996 Everyone agrees that a teacher's 

instructional regimen is crucial to students' academic success. (Allen & Meyer, 1996) 

           It is well acknowledged that a teacher's instructional routine has a significant impact on pupils' 

academic progress and learning. The previous few decades have seen a dearth of research on the 

characteristics of Indian teachers that influence engineering education. (Luedech Girdwichai, 2020) 

While there aren't many Indian scholars, Native American academics have discovered that the 

integration of teachers' cultural backgrounds and dedication to the area of education has been the 

primary cause of the major teaching issues in engineering education. 

The term "organizational commitments" describes an employee's psychological bond with 

their place of employment. It encompasses all working groups inside an organization, as well as the 

person, their objectives, and their collective behaviors. Commitment in Organization can be 

influenced by a number of elements, which implies that commitment can be changed by action. 

(Wong Ngo & Wong, 2002) According to other theories, the degree of team commitment is 

positively impacted by a commitment to external issues. Professionals' actions inside the team also 

have an effect on the organization's level of commitment. In . (Sherbini, 2021.) Given that having 

several responsibilities plays a big part in predicting and interpreting workplace actions as well as 

expected results. 

 

SIGNIFICANCE OF THE STUDY 

The primary goal of the research study is to investigate the commitment of professionals 

employed by engineering institutions. (Angle & Perry, 1981) The normative commitment, 

continuation commitment, and Affective commitment are the organizational commitment factors 

according to "Organisational commitment (Allen Meyer et al.)" that have been taken into consideration 

to assess instructors' dedication to their jobs. (Andy Soenanta, 2020.) . As a result, the study has 

concentrated on professionals' dedication to their jobs. The study is typically conducted in 

collaboration with Banglore’s engineering colleges. 
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OBJECTIVES OF THE STUDY 

 To find the organisational commitment of teachers working in engineering colleges. 

 To analyze the organizational commitment of the teachers towards their work. 

 

RESEARCH METHOLOGY 

The study aims to evaluate the dedication of engineering faculty. The study's consideration 

period is eighteen months. For this study, 400 respondents who were employed at engineering colleges 

made up the sample size. 

SOURCE OF DATA 

The primary data serves as the basis for the study. Data from the engineering teachers has been 

gathered using a structured questionnaire. The questionnaire has undergone the necessary 

modifications in light of the pilot study's reliability and validity findings. The pertinent secondary data 

was gathered from online and offline reports, journals, websites, published and unpublished books, 

and books. 

DESIGN OF THE STUDY: 

TOOLS: The instruments used in the study 

• “Organisational commitment (Allen Meyer et al...)” 

STATISTICAL TECHNIQUES: 

• Percentage analysis 

• ANOVA 

• Correlation analysis 

RESULTS OF THE ENGINEERING TEACHERS PERSONAL PROFILES 

According to the study's straightforward percentage, 26% of respondents were women and 73% 

of respondents were men. In addition to being self-financing, 76% of the colleges held NAAC 

accreditation. The majority of them make between Rs. 20001 and Rs. 40000 (39%) in salary. 

Assistant professors made up 42% of the respondents, with associate professors making up the 

remaining 26%. The respondents' age group was defined as follows: 38% of them were in the 36–45 

age range. Since the study included all categories of experienced faculty, the findings showed that 26% 

had between 11 and 15 years of experience, 22% had between 6 and 10 years, and 16% had between 

16 and 20 years. 14% had between 21 and 25 years' experience. 

According to the classification of experience under the current HOD, 40% of them had worked 

for four to six years. The majority of them (78%) said that their workload was manageable. 

Organizational commitment: 

The various components of organizational commitment were examined for any potential noteworthy 

variations between the cohorts of particular commitment- and personality-related variables. In 

(Hirschi, 2020) The ratings provided by the respondents were added to create the scores for each factor 

and each respondent. The scores will show how committed each factor is to its respective level. Each 

factor underwent a separate statistical analysis, and conclusions were made. 

TABLE: 1 (ANOVA for Affective commitment by personal factors) 

Ho: The Affective commitment scores do not differ significantly among the group of Personal 

variables 
  Affective commitment 

Type of management  Sum of 

Squares 
df Mean Sq F Sig. 

Between Groups 6.593 2 3.297 
.111 Ns 

Within Groups 11760.884 197 29.624 

Total 11767.477 199  

Designation Between Groups 573.288 2 286.644 
10.166 S** 

Within Groups 11194.190 197 28.197 

Total 11767.477 199  

Age Between Groups 594.789 3 198.263 7.027 S** 
Within Groups 11172.689 196 28.214 
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 Total 11767.478 199    

Experience under 

present HOD 

Between Groups 368.080 3 122.693 
4.262 S** 

Within Groups 11399.397 196 28.786 

Total 11767.477 199  

** Significant at 5% level (95% Possibility) 
* Significant at 1% level (99% Possibility) 

The following table shows the significant levels for the ANOVA test of the above hypothesis 

and the corresponding table values: 1. The table above illustrates how the affective commitment scores 

varied greatly depending on personal factors like age, experience under the current HOD, and 

designation. At a 5% level, the results are significant. Furthermore, the management type factor is not 

important. 

TABLE: 2 (ANOVA for Continuance commitment by personal factors) 

Ho: The continuance commitment scores do not differ significantly among the group of Personal 

variables 

  Continuance commitment 

Type of management  Sum of Sq df Mean Sq F Sig. 

Between Groups 13.150 2 6.575 
.454 Ns 

Within Groups 5753.288 197 14.492 

Total 5766.438 199  

Designation Between Groups 249.962 2 124.981 
8.994 ** 

Within Groups 5516.476 197 13.895 

Total 5766.437 199  

Age Between Groups 261.267 3 87.089 
6.265 ** 

Within Groups 5505.171 196 13.902 

Total 5766.437 199  

Experience under 

present HOD 

Between Groups 64.130 3 21.377 
1.485 Ns 

Within Groups 5702.308 196 14.400 

Total 5766.437 199  

** Significant at 5% level (95% Possibility) 
* Significant at 1% level (99% Possibility) 

The following table shows the significant levels for the ANOVA test of the above hypothesis 

and the corresponding table values: 3. The aforementioned table shows that there were notable 

differences in the Continuance commitment scores between the age and designated groups. At a 5% 

level, the results are significant. The other variables, such as management style and prior experience 

under the current HOD, are not important. 

TABLE: 3 (ANOVA for Normative commitment by personal factors) 

Ho: The normative commitment scores do not differ significantly among the group of Personal 

variables 

  Normative commitment 

Type of management  Sum of sq df Mean Sq F Sig. 

Between Groups 27.955 2 13.977 
1.135 Ns 

Within Groups 4886.843 197 12.309 

Total 4914.797 199  

Designation Between Groups 110.867 2 55.433 
4.581 * 

Within Groups 4803.931 197 12.101 

Total 4914.798 199  

Age Between Groups 140.950 3 46.983 
3.897 ** 

Within Groups 4773.847 196 12.055 

Total 4914.797 199  
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Experience under 

present HOD 

Between Groups 68.557 3 22.852 
1.867 Ns 

Within Groups 4846.241 196 12.238 

Total 4914.798 199  

** Significant at 5% level (95% Possibility) 
* Significant at 1% level (99% Possibility) 

The following table displays the significant levels for the ANOVA test of the above hypothesis and 

the corresponding table values: 4. The above table shows that there were significant differences in the 

CC scores between the age and designated groups. The findings hold significance at either the 5% or 

1% level. The remaining elements, such as management style and experience under the current HOD. 

Correlation of Organisational commitment: 

Correlation between the factors of Organisational commitment was found out and the results 

are given below. 

Table:4 Correlation between factors of organisational commitment. 

 Affective 

Commitment 

Continuance 

Commitment 

Normative 

Commitment 

Affective Commitment 1 .776** .618** 

Continuance Commitment  1 .540** 

Normative Commitment   1 

**. Correlation significant at the 1% level 

The correlation table illustrates how closely each organizational commitment component is 

related to the others. The stronger the correlation, the closer the two variables are related. The 

aforementioned table shows that there is a positive correlation between each of the factors. Affective 

commitment and continuance commitment have the highest correlation (r=0.776). When compared to 

other commitments, the correlation between normative and continuance commitment is lower 

(r=0.540). At the 1% level, every correlation is significant. (Brunetto & Beattie, 2020) 

 

CONCLUSION 

The study finds that there is a stronger correlation between the different commitment factors 

and the commitment concepts. Given that the study was conducted among engineering colleges, there 

are more male respondents overall. According to the study, if there are more female respondents, then 

things might change. Considering the complexity of predicting employee withholding and the 

difficulties that modern organizations face in keeping their workforce, this study made the case that 

organizational commitment can be compared to the other factors with much more investigation and 

analysis. The commitment of employees is more influenced by work behavior and leadership than by 

other researchers. 
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Abstract: 

This study explores the influence of emotional intelligence on investment decision making particular 

on working women. Emotional intelligence is being exposed by this research and found that 

diversified decisions are taken by women in investments. Factors that affect the influence of working 

women are certain affection, cause of information, risk, quality of life and independent decisions 

play a large role in determining investment opportunities. Here in this study there has been 

insufficient research on computing the level of Investment decision of women specially among 

working women, in terms of married or unmarried women investors that is mainly affecting their 

emotions. It is mainly to know the influence of emotional intelligence and investment decisions of 

working women investors. Here Emotional intelligence is based on Psychographic Profile, Risk 

perception, Irrational Investment decision, Herding Factors, Knowledge about portfolio-

management. It is to known the relationship between whether emotional intelligence influencing the 

investment behavior of working women investors. The statistical tool used in this study is multiple 

regressions to know the effect of variables. 

Keywords: Emotional intelligence, investment decision making, working women, Risk perception, 

Irrational Investment decision. 

 

Introduction 

Emotional intelligence is the ability to manage your individual emotions and recognize the emotions 

around you. Emotional intelligence is connected with self-awareness, self-regulation, motivation. 

According to a 2019 study by Indian financial firm Direct support professionals Investor Pulse, only 

one-third of women make their own investment decisions. This speaks to how few women are 

exposed to the investment world. Surprisingly, even though many women are financially 

independent, the idea of investing in stocks, bonds and even real estate is still often associated with 

the men in the family. The concept of positive investment continues to be absent from the lives of 

many working women. They prefer to save in bank accounts for the future and invest in gems such 

as gold. In times of skyrocketing inflation and unexpected recessions, a well-planned and calculated 

investment strategy is essential for everyone. By making the right investments, you can secure not 

only your own future, but also the future of your loved ones. Investment options such as real estate, 

equities, bonds and ULIPs give you greater financial flexibility. This ensures that you are not 

dependent on others for your financial needs.  The main research of the study is to know why 

salaried women are lacking behind in investment decision making, is emotional intelligence is really 

effecting women investor in investing. 

This research covered the emotional intelligence of investors and consideration of 

emotions in their decision makings. The researcher explored emotional intelligence during 

investment process. This research explored the basic common emotions investors have during 

decision makings and differences due to that their decision is affected. 

 

Review of literature 

1. Neela Jamal Rushdie (2014), In their article titled “Impact of psychological influence on 

investment behaviour of salaried investors in India” The objective of the study to measure the 

psychological traits of the salaried investors in India using Big Five Personality Theory and to 

determine the preferred investment behavior of investors based on their psychological & 

demographical factors. It is found that the Openness to Experience and Emotional Stability were 
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found to be negatively associated with Investment Attitude, meaning that individuals scoring low on 

Openness and Emotional Stability more likely to be positive. 

2. Muhammad Tanvir and Muhammad Sufyan (2016), the study is directed to the title” 

Investor’s Emotional Intelligence and Impact on Investment Decision” In this study Emotion 

intelligence is being explored by this research and found in decisions of investments. Emotion 

intelligence was revealed by taking sample from Karachi, Lahore and Islamabad stock exchanges 

investors were analyzed. Majority of investors in study are male while they are having experience 

more than 1 year and investors are well educated. It is found that This research is important for 

investor, firms listed on stock market and new entrants while more significant to researcher to 

explore the investor behavior in different context in future. 

3. Yadav and Kiran (2016), the study is titled as” Impact of psychological factors on Individual 

investment decisions a study of women investors” the main objective of the study is on various types 

of psychological factors of women investors influencing decision making in Indian Stock Market and 

to examine the interrelationship between different psychological biases. The researcher here 

analyzed based on descriptive analysis seeks to answer questions such as "what," "where," and 

"how" way a phenomenon is explained. It was suggested that Women investors need to devote more 

time and effort to improving their financial and investment expertise. So, they will overcome the 

irrational investment decision due to psychological errors. 

4. Fazal Hadi (2017), this research titled as “Effect of Emotional Intelligence on Investment 

Decision Making with a Moderating Role of Financial Literacy” the study explores the impact of 

emotional intelligence on investment decision making with moderating role of financial literacy, data 

was collected using convenient sampling technique. It is found that a positive and significant 

relationship between emotional intelligence and investment decision making and the same between 

financial literacy and investment decision. The results and suggest that to make suitable investment 

decisions, investors should have control on their emotions. 

5. Kamboj and Samriti (2017), this research titled as” A study of financial literacy and its 

impact on investment behavior” The main objective of the study is to measure the impact of financial 

literacy on investment behavior. The researcher has analyzed based on average of the scores of 

respondents on the aspects of financial literacy, financial knowledge, financial attitude, financial 

behaviour and investment behavior. It suggested that More efforts should be employed to improve 

the attitude of the people towards finance. The main reason for low level of financial literacy was 

found to be the lack of positive attitude towards savings and long term planning. 

6. Pankajam A (2017) the study on “Influence of Behavioural Factors on Investment Decision 

Making Behaviour of Individual Investors” to identify the factors influencing the investment 

decision making behaviour of individuals.  It is concluded that 60 to 70 % fit in order to analyses the 

multivariate analysis for the factors Locus of control, emotional Intelligence, Risk attitude and the 

irrational factors. Based on the study the suggestion given to the individual were they have to 

conduct self-analysis before an investment planning to get maximum returns. 

7. Hemrajani and Pragati (2018), the study is focused on “Impact of Psychological Constructs 

on Individual Investor S Financial Risk Tolerance” the main objective of the study is to organize and 

analyze the theoretical framework of psychological constructs influencing individual investors 

financial risk tolerance. The research was based on Descriptive analysis on survey technique was 

employed to study the conceptual framework. It focused on mainly on for the purpose of study, 

individual investors from Uttar Pradesh, India were selected as respondents. It concluded that the 

minor role played by Regulation of Emotions could point to the difference that the trait is especially 

important for the quality of social relationships but apparently did not contribute much to the 

financial decision making behaviour, the research intended to measure. 

 

Research Gap 

There are many researches done in this topic but I hereby would like to concentrate on salaried 

women investors and their emotional intelligence and is there any reasons that emotional intelligence 

effects investment behavior particularly on working women investors.  
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Objectives: 

1. To understand the financial behavior of working women investors. 

2. To study the impact of emotional intelligence on investment decision patterns particularly on 

working women. 

3. To analyze the investors' demographic factors influence investment behavior. 

 

Hypothesis 

On the basis of the above objectives, the following hypotheses have been framed and are 

tested: 

H0. There is no relation between emotional intelligence and investment decisions of 

investors. 

H1. There is relation between emotional intelligence and investment decisions of 

investors. 

In this study, emotional intelligence is Independent variable and investment decision is dependent 

variable.  The dimensions of emotional intelligence are coded as Psychographic Profile of investor, 

Herding Factors, Knowledge about portfolio-management, Risk perception and Irrational Investment 

decision; Investment decision are coded as investment behavior. 

 

Research methodology: 

The study is based on primary data and secondary data. 

Primary data: - Primary data were collected through a structured questionnaire from selected 

respondents. Respondents were selected by simple random sampling. 

Secondary Data: - Secondary data is collected from published and unpublished sources. In addition, 

websites are also used for some secondary data. 

 Sampling Size: - Questionnaire, 110 respondents study was made on 126 Respondents 

 

Limitation of the Study:  

This study is limited to salaried women investors and their emotional intelligence and what is the 

reasons behind not investing in different avenues of investment, especially in Bengaluru city. 

 

Data Analysis 

Objective1 

 To understand the financial behavior of working women investors. 

 
From the above pie chart it is shown that 31% of respondents own savings Account/Fixed deposits, 

30% of respondents own Self-Occupied Residential house, 26% of respondents own Gold, Silver, 

other precious metals, diamonds, etc.., 5% of respondents own Equity shares and Commodity/ other 

30%

26%

31%

5%
3%

5%

(Responses)Do you own any of the following 
assets? Self-Occupied Residential House

 Gold, Silver, other precious
metals, diamonds, etc

Savings Account/ Fixed deposits

Equity Shares

Employee Provident Fund
Account/ Provident Fund

Commodity / Other types of
Mutual Funds
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types of mutual funds, 3% of respondents own Employee Provident Fund Account/ Provident 

Account. According to the analysis the majority of women working investors own in savings 

Account/Fixed deposits and Self-Occupied Residential house. 

Objective 2 

To study the impact of emotional intelligence on investment decision patterns particularly on 

working women. 

This section represents the relationship among the investors’ emotional intelligence, 

investment decisions. It analysis the relation between the dimensions of the emotional intelligence 

and the investment decisions of the investors using Multiple regression techniques were applied to 

test the relationship between these variables. 

Multiple Regression: 

Model Fit Measures  
Overall Model Test 

Model R R²  Adjusted 

R² 

AIC BIC RMSE F df1 df2 p 

1 
 

0.625 
 

0.391 
 

0.366 
 

237 
 

257 
 

0.591 
 

15.3 
 

5 
 

119 
 

< .001 
 

  

Model Coefficients - A1 

Predictor Estimate SE t p Stand. 

Estimate 

Intercept 
 

0.9823 
 

0.2459 
 

3.996 
 

< .001 
 

  
 

A (Psychographic Profile) 
 

0.2173 
 

0.0908 
 

2.394 
 

0.018 
 

0.2204 
 

B (Risk perception ) 
 

0.0597 
 

0.0804 
 

0.743 
 

0.459 
 

0.0719 
 

C (Irrational Investment decision) 
 

0.2241 
 

0.0846 
 

2.650 
 

0.009 
 

0.2600 
 

D (Herding Factors) 
 

0.1371 
 

0.0874 
 

1.569 
 

0.119 
 

0.1628 
 

E (Knowledge about portfolio-

management) 

 
0.0540 

 
0.0863 

 
0.626 

 
0.533 

 
0.0623 

 

Assumption Checks 

Collinearity Statistics 

  VIF Tolerance 

A (Psychographic Profile) 
 

1.66 
 

0.604 
 

B (Risk perception ) 
 

1.83 
 

0.545 
 

C (Irrational Investment decision) 
 

1.88 
 

0.532 
 

D (Herding Factors) 
 

2.11 
 

0.475 
 

E (Knowledge about portfolio-management) 
 

1.94 
 

0.517 
 

According to the analysis A is coded as Psychographic Profile, B is coded as Risk 

perception influence, C is coded as Irrational Investment decision, D is coded as Herding Factors and 

E is coded as Knowledge about portfolio-management. 

Relation between emotional intelligence and investment decisions of investors 

The following hypotheses are framed: 

A) H1: Psychographic Profile influence the investment behavior 

     H0: Psychographic Profile does not influence the investment behavior 

B) H1:  Risk perception influence the investment behavior 

     H0: Risk perception does not influence the investment behavior 

C) H1: Irrational Investment decision influence the investment behavior 

     H0: Irrational Investment decision does not influence the investment behavior 

D) H1: Herding Factors influence the investment behavior 

     H0: Herding Factors does not influence the investment behavior 

E) H1: Knowledge about portfolio-management influence the investment behavior 

     Ho: Knowledge about portfolio-management does not influence the investment behavior 
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Table shows that the fitted model is quantifiably vital at p < 0.05. The model decides an 

estimated level at 0.625 or 62.5%. It shows that there is a connection between the conduct 

inclinations and the venture choices of the financial specialists. It shows that how precisely a model 

of relapse will anticipate the future results. The R2 chooses 0.391 or 39.1% explains the variability 

of the speculation choices. The assessment used ANOVA to become familiar with the significance of 

the model in Table. The table shows that the factors are critical at F is 15.3, p < 0.05, which shows 

that the model is a solid match for the information. 

In this manner, it shows that for the t-test the factors A (Psychographic Profile) and C (Irrational 

Investment decision)at 0.05 level are critical and accepts null hypothesis and rejects alternative 

hypothesis.   

The intercept of the regression equation is 0.625. The coefficients of the 

variables, which are significant are 0.018 Psychographic Profile (A), 0.459 Risk perception  (B), 

0.009 Irrational Investment decision (C), 0.119 Herding Factors (D) and 0.533 Knowledge about 

portfolio-management (E) 

Therefore, there is a significant relationship between emotional intelligence and the investment 

decisions of the investors. The investors who score high on emotional intelligence invest more in the 

stock market. It predicts the investment decisions of investors. 

Objective 3 

To analyze the investors' demographic factors influence investment behavior. 

ANOVA  

 Investment behavior 

 Sum of 

Squares 

df Mean Square F p 

Age 4.26 2 2.130 3.85 0.024 

Residuals 67.53 122 0.55   

Gender 0.283 1 0.283 0.487 0.487 

Residuals 70.383 121 0.582   

Current 

Marital status 

1.51 1 1.210 2.62 0.108 

Residuals 70.18 122 0.575   

Highest level 

of schooling / 

formal 

education 

completed? 

0.993 3 0.331 0.566 0.639 

Residuals 70.794 121 0.585   

Employment 

Status 

0.154 1 0.154 0.266 0.607 

Residuals 67.585 117 0.578   

Current 

monthly 

income 

(Gross) 

5.90 4 1.474 2.72 0.033 

Residuals 61.15 113 0.541   

From the above table it is analyzed that the level demographic variable age had significant impact on 

investment behavior, F (2) = 3.85, p=0.024. Therefore, p value is less than 0.05, Age will effect on 

investment decision of each individual investor. 

• Demographic variable Gender is not having a significant value on investment behavior 

because F (1) = 0.487, p=0.487 here p value is more than 0.05 so it is not having any impact between 

gender and investment. 
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• Demographic variable Current Marital status is not having a significant value on investment 

behavior because F (1) = 2.62, p=0.108 here p value is more than 0.05 so it is not having any effect 

between Current Marital status and investment. 

• Demographic variable Highest level of schooling / formal education completed? is not having 

a significant value on investment behavior because F (3) = 0.566, p=0.639 here p value is more than 

0.05 so it is not having any impact between Highest level of schooling / formal education completed 

and investment. 

• Demographic variable Employment Status is not having a significant value on investment 

behavior because F (1) = 0.266, p= 0.607 here p value is more than 0.05 so it is not having any 

impact between Employment Status and investment. 

• Demographic variable Current monthly income (Gross) is not having a significant value on 

investment behavior because F (4) = 2.72, p= 0.033 here p value is less than 0.05 so it is having any 

impact between Current monthly income (Gross) and investment. 

According to the study Age and Monthly income is only important aspect for investment, others 

factors do not effect in investment of working women investor. Demographic factor does not impact 

investment behavior of working women investors. 

 

Findings: 

• The investigation found that the positive connection between the conduct predispositions of 

the financial specialists and venture choices of the speculators and positive connection 

between enthusiastic insight of the financial specialists and their venture choices.  

• It is found that majority of working women invest on Fixed deposits and Self-Occupied 

Residential house. 

• It is proved that emotional intelligence such as Psychographic Profile of investor, Herding 

Factors, Knowledge about portfolio-management, Risk perception and Irrational Investment decision 

have influence on investment decision of working women investor. 

• It is initiated that women investors are not ready take risk. 

• Working women investors are not aware of investment options and that is one of the main 

reason why women are not investing. 

• Psychographic Profile influence the investment behavior of working women investors 

• Yes according to the study risk perception also a key factor to influence  the investment 

behavior of women investors 

• Irrational Investment decision influence the investment behavior of working women 

investors. 

• Herding Factors and Knowledge about portfolio-management influence the investment 

behavior of every individual working women investors. 

 

Suggestions: 

When it comes to investing, women have historically been left behind. Despite making up half of the 

population, women are significantly under-represented in the world of finance. The common belief is 

that women tend to know little about investments. Moreover, many women also lack confidence in 

their financial capabilities. Women should be given proper awareness or the patterns of investment 

avenues. Investing in stocks can be lucrative, but it can be difficult for women who don't understand 

how the market works and how they should invest. Investing in mutual funds is the easiest way to 

invest in the stock market. According it is found that only 5% opt for mutual funds. For women’s one 

of the best investment savings are mutual funds. Mutual funds are managed by experienced fund 

managers with extensive knowledge of equity investments. Investing based on emotions and market 

movements can lead to erroneous investment decisions. A simple and effective investment strategy 

to avoid this is to invest according to specific goals. Setting clear goals, setting time frames, and 

choosing the right investment products can minimize the need to constantly monitor the market. This 

goal-oriented approach helps you stay focused and avoid making emotional investment decisions. 



 

International Journal of Cultural Studies and Social Sciences 

Vol-20, Issue-1, No.25, January - June: 2024 :: ISSN: 2347-4777 (UGC CARE Journal)              59 

To minimize portfolio risk, it is important to diversify your investments across different asset classes 

such as stocks and bonds. This allows you to benefit from investment growth during bull markets 

while providing a safety net to mitigate losses during bear periods. Proper division of equity and 

liability based on risk tolerance is critical. Finally, seek regular advice from a trusted financial 

advisor. It can actually prove worthwhile and rewarding. 

 

Conclusion: 

This study focuses on working women investors in Bangalore, looking at their emotional intelligence 

and the factors that influence them in investment. According to the study, people can learn more 

about their own biases and financial decision, which can lead to poor investment decisions. The 

survey also highlights a lack of awareness among women. The results of this study may help 

financial educators develop personalized financial education programs. By understanding their 

investment decision-making process, financial advisors can better serve their clients. Investment 

decisions are influenced by the individual psychological variables investigated in this study. As this 

study shows, female investors tend to lack objectivity. The study examines psychological impact on 

investment decisions. As a result, it contributes significantly to the current state of knowledge.  
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