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Empowering the IT Workforce: AI-driven Solutions for
Identifying the Skills G ap in the Information Technology (IT)

Sector

Abstract: This research paper investigates the intersection of artificial intelligence (AI) and skill
gap identification in the information technology (IT) industry, offering insights into how AI-driven
solutions can address the pressing challenges of workforce development. Through a comprehensive
analysis of current trends, best practices, and case studies, the study examines the demographic
profile of 234 IT professionals in India, confirming the reliability of the research instrument through
Cronbach’s alpha values. Factor analysis reveals five distinct factors contributing to skill gap
identification, AI challenges, need assessment, innovation, and AI effectiveness, collectively
explaining 77.785% of the total variance. Drawing on examples from industry leaders like LinkedIn,
IBM, and Adobe, the paper explores AI-driven solutions in recruitment, talent acquisition, training,
skill development, and performance management, showcasing their practical applications in
enhancing workforce development processes. The study concludes with strategic recommendations
for organizations to leverage AI effectively in bridging the skills gap, fostering innovation, and
driving digital transformation in the IT industry.

Keywords: AI-driven solutions, IT workforce, Skills gap, Digital transformation, Machine learning,
Natural language processing, Talent acquisition, Workforce productivity, Resilient workforce

Introduction

In the ever-changing world of technology, there
is an increasing need for qualified IT specialists.
But the supply of capable people frequently finds
it difficult to keep up, resulting in what is known
as the “skills gap.” The discrepancy between the
competencies demanded by businesses and the
abilities held by job seekers presents a
noteworthy obstacle for the technology industry.
An extremely competent IT workforce is more
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important than ever as companies depend more
and more on cutting edge advancements like
artificial intelligence (AI) to boost productivity
and competitiveness.Innovative strategies that
leverage emerging technologies themselves are
needed to close the skills gap in the technology
industry. AI-driven solutions present a viable way
to close this gap and empower IT professionals.
Organizations may transform the way they find,
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develop, and retain talent by utilizing AI’s
capabilities, which will ultimately result in a
workforce that is more flexible and dynamic.

This study examines the relationship between AI
and identification of skill gap in the information
technology industry, examining the different
issues raised by the skills gap and the potentially
revolutionary effects of AI-driven solutions. By
doing a thorough examination of current trends,
best practices, and case studies, our goal is to

offer organizations valuable insights into how
they may use AI to develop a workforce of highly
competent and resilient IT professionals. AI’s
potential is changing the nature of employment
in the technology industry, from intelligent talent
management systems to tailored learning
experiences.

These are the key components of AI-driven
solutions for bridging the skills gap, including:

AI- Driven Solutions

• Recruitment and Talent Acquisition:

AI-powered technologies have completely
changed the hiring process by allowing
businesses to sort through a vast number of
resumes, evaluate individuals’ qualifications, and
pinpoint exceptional candidates quickly and
effectively. Using AI-based applicant tracking
systems (ATS), which automatically check
resumes for suitable experience and skills, is one
well-known example. Recruiters can concentrate
on interacting with the most promising applicants
by using these technologies, which can
drastically cut down on the time and effort
needed to find qualified prospects.Additionally,
by anonymizing applicant data or examining
linguistic patterns to identify potential biases in
job descriptions, AI systems can assist reduce
unconscious prejudice in the recruiting process.

Source: Author(s) own work

By guaranteeing that candidates are assessed
on the basis of their qualifications and merits
rather than irrelevant criteria, this supports efforts
to promote diversity and inclusion.

As an example, LinkedIn’s Talent Solutions uses
AI algorithms to match job seekers with positions
according to their preferences, experience, and
skill set. LinkedIn’s technology analyses job
posts and user profiles to deliver recruiters and
job seekers tailored recommendations, making
talent acquisition procedures more successful
and efficient.

• Training and Skill Development:

In order to provide specialized and adaptable
learning experiences that accommodate different
learning preferences and styles, artificial
intelligence (AI) is essential. Learning platforms



Srusti Management Review  Special Issue, 2024, PP |125123-141

with AI capabilities can analyse performance data,
student preferences, and progress to dynamically
modify course materials and delivery strategies.
This improves learning outcomes and retention
rates by allowing workers to pick up new skills
and knowledge at their own speed.AI-driven
training systems can also pinpoint knowledge
gaps and provide specialized learning modules
to strengthen particular areas of weakness.
Organizations can maximize the efficacy and
efficiency of their training programs by providing
customized learning experiences, which
guarantees that staff members gain the
competencies required to succeed in their
positions.

For instance, IBM’s Watson Talent Development
leverages AI to provide workers with
individualized learning opportunities. To suggest
appropriate training programs and materials, the
platform evaluates learning preferences,
organizational goals, and employee performance
data. Through the utilization of AI-driven
insights, IBM facilitates employees’ ongoing skill
development and keeps them up to date with
developing trends within their respective sectors.

• Management of Performance and Retention:

Organizations may evaluate employee
performance more thoroughly and correctly
thanks to performance management solutions
driven by artificial intelligence. Artificial
intelligence (AI) algorithms can detect patterns
and trends that indicate employee performance
and possible areas for improvement by evaluating
data from a variety of sources, such as
productivity measures, project outcomes, and
performance appraisals.Additionally, AI-powered
performance management solutions can support
continuous coaching and feedback, assisting
staff members in setting objectives, monitoring
their progress, and receiving timely direction from
supervisors. This encourages staff members to
take charge of their own professional growth and
promotes a culture of continual improvement.

For an example, managers and staff can receive
real-time feedback and insights through Adobe’s
Sensei platform, which leverages AI. Through the

analysis of data from various sources, such as
project outcomes, employee surveys, and
collaboration patterns, Sensei produces practical
suggestions aimed at boosting team dynamics
and performance. This makes it possible for
businesses to develop high-achieving teams as
well as encourage worker engagement and
retention.

• Future Outlook:

With so much opportunity for growth and
innovation, AI-driven workforce development
has a bright future ahead of it. The future of work
will be greatly influenced by emerging
technologies like machine learning and natural
language processing, which will open up new
possibilities for hiring, training, and performance
management for businesses.For instance,
companies may anticipate future skill
requirements and proactively create talent
pipelines to match changing business needs
thanks to developments in machine learning
algorithms. Employees may interact with content
in a way that suits their preferences and learning
styles thanks to natural language processing
technology, which can also make learning
experiences more intuitive and participatory.

As an illustration, Google’s Cloud Talent Solution
uses machine learning to enable intelligent talent
acquisition and job search features. Google’s
technology matches candidates with suitable job
opportunities based on their skills, experience,
and preferences by evaluating job
advertisements and candidate profiles. As a
result, hiring procedures can be streamlined and
the most qualified applicants can be found for
open positions.

Basically, AI-driven solutions provide a
comprehensive strategy that includes hiring,
training, performance management, and
workforce planning for the future in order to close
the skills gap in the technology industry. By
utilizing AI technologies, businesses can stay
ahead of the curve in a market that is becoming
more competitive and dynamic, streamline their
talent acquisition and development procedures,
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and provide employees the freedom to
continuously improve their abilities.

Theoretical Foundations of AI in Skill Gap
Identification

Organizations can better grasp AI’s revolutionary
potential in closing the skills gap and fostering
innovation in the technology industry by
investigating these characteristics. By making
calculated investments in AI-powered
technologies, companies can develop a highly
trained and flexible workforce that can handle the
challenges of the digital age.

The constant advancement of digital
breakthroughs in today’s technology industry
demands workers with state-of-the-art knowledge
and abilities. But the speed at which technology
is developing frequently surpasses the ability of
conventional educational and training programs
to sufficiently equip people for the needs of the
workforce. The “skills gap” is a phenomenon
caused by this mismatch between the ability’s
employers value and the skills job seekers
possess. Businesses looking to stay competitive
in an increasingly digital environment face
substantial hurdles due to the growing gap
between supply and demand in the IT profession.

The purpose of this research study is to investigate
how AI-driven solutions may empower the IT
workforce and close the skills gap in the IT
industry. This study aims to give a thorough
understanding of how businesses may use AI to
revolutionize workforce development by
combining the best available research, examining
case studies, and assessing current developments.

The nature and extent of the skills gap in the
technology industry are explained in the first
section of the article, along with its ramifications
for employers, workers, and the overall economy.
The difficulties resulting from mismatches in the
supply and demand of skills are outlined through
a critical analysis of academic studies and
industry reports, emphasizing the necessity of
putting effective solutions into place as soon as
possible.

The study then explores the theoretical
foundations of AI-driven strategies to close
the skills gap, clarifying the fundamentals of
natural language processing, machine learning,
and other AI technologies that are pertinent to
workforce development. The potential of AI to
optimize many aspects of talent management,
including as hiring, training, and performance
review, is discussed using theoretical
frameworks and empirical data. This section
looks at specific instances of AI being used to
improve workforce development programs in
an effort to offer businesses looking to
implement similar tactics some useful advice.

The article aims to predict future trends and
possibil ities in AI-driven workforce
development in addition to analysing current
practices. This section attempts to provide
strategic recommendations for firms looking to
stay ahead of the curve in personnel
management and skill acquisition by combining
new research, technology advancements, and
industry trends.

All things considered, this study report
provides a thorough overview of the function
of AI-driven solutions in enabling the IT
workforce and closing the skills gap in the
industry.  Through the  clarification of
theoretical frameworks,  the analysis of
empirical data, and the provision of useful
insights, the purpose of this article is to arm
companies with the knowledge and resources
required to  effectively manage the
opportunities and challenges posed by the
digital era.

Objectives of the Study

i. To investigate the current state of the skills
gap within the information technology sector
and learn about the use of AI in IT sector in
India for skill gap identification.

ii. To identify the factors instrumental in
impacting the use of AI in skill gap
identification.



Srusti Management Review  Special Issue, 2024, PP |127123-141

iii. To analyse the impact of factors identified
on skill gap identification.

iv. To identify potential barriers and challenges
associated with the adoption and
implementation of AI-driven solutions in the
context of workforce development.

Hypotheses of the Study

• Hypothesis 1

H0: Traditionally there is no impact of need
assessment on skill gaps identification.

H1: Traditionally there is significant impact of
need assessment on skill gaps identification.

• Hypothesis 2

H0: The deployment of Artificial Intelligence has
no effect on skill gap identification.

H1: The deployment of Artificial Intelligence has
effect on effect on skill gap identification

• Hypothesis 3

H0: Adoption of AI technology for skill gap
identification is not hindered by AI challenges.

H1: Adoption of AI technology for skill gap
identification is not hindered by AI challenges.

• Hypothesis 4

H0: AI Effectivenesshas no impact on skill gap
identification.

H1: AI Effectivenesshas a significant impact on
skill gap identification.

Scope of the Study

The Functional scope includes:

• Analysing and gauging the use of AI in skill
gap identification in IT sector in India;

• Determination of the factors that contribute the
use of AI in IT organizations where skills are
ever changing and skill gap identification and
bridging the same is of paramount significance.

The study is conducted between February 2024,
which is the temporal scope of the study. The
data have been collected from IT employees

working in different IT companies in different
locations in India using Google Form.

Literature Review

In the Indian context, practically every sector
reports having a significant skills gap (Okada,
2012) [14]. Numerous studies, like the National
Employer Skills Surveys, have been involved in
identifying skill gaps. By calculating the
difference between the observed and expected
skill levels, the gaps can be assessed (Sager et
al., 1998) [22].

The difference between the perceived and actual
competencies can also be used to compute the
skill gaps (Radermacher, 2012) [18]. It is the real
discrepancy that is seen between the supply of
labour that is ready to work and the demand for
employment (Holzer, 1997; Russo, 2016) [8,20].
The difference between expected and perceived
performance is known as the skill gaps
(Parasuraman et al., 1985) [15]. A discrepancy in
the abilities that employees in the labour force
now possess and the skills that employers
require. Holzer (1997) [8] said. The gap between
hiring personnel’s expectations, industry
managers’ expectations, and employees’ current
skill levels is growing (Radermacher, 2012) [18].

The difference between what companies expect
of their employees and what they actually do
when they report for duty is known as the skill
gap. If the employee’s happiness is poor in this
instance, it indicates that they are not meeting
the employer’s expectations (Blom and Saeki,
2011) [2]. The mismatch between what employers
require and the real talents that young people
possess is known as the skill gap (Okada, 2012)
[14]. According to Tesch et al. (2006) [26], the
skill gap is also defined as the difference between
the perceived and observed skill measures O < E,
where O denotes observed performance and E
denotes expected performance.

The term “skill gap” has many definitions.
According to Gingras and Roy’s (2000) [5]
research, a skill gap is characterized by a
difference between the workforce’s availability
and the organization’s benchmarks. The inability
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of the current workforce to do daily tasks due to
a lack of abilities is known as the “skill gap” (Hart
et al., 2007) [7]. The difference between an
employee’s quality and sufficiency of abilities and
what the relevant industry requires is known as
the “skill gap” (Scott et al., 2002) [24].

According to Trauth et al. (1993) [27], a skill gap is
defined as the absence of a necessary skill set.
According to Jagtiani (2013) [10], a skill gap is the
discrepancy between the level of competence that
sales personnel possess and the level of skill that
industry professionals require. “A significant gap
between an organization’s skill necessities and the
current abilities of its workforce” is how Kolding et
al. (2018) [11] define skill gap.The prevalent opinion,
as expressed by Antonucci and D’Ovidio (2012) [1],
particularly with regard to the comprehension of
the skill gap, is that while the gap should be closed,
it actually widens due to a misperception of the
abilities needed to complete the task and those that
are actually required (Saunders et al., 2005) [23].
Koripadu and Subbiah’s (2014) [12] study clarifies
that inexperienced employees are the reason behind
the skill gap. There is undoubtedly a skills scarcity
in this environment, but there is no shortage of
employees.

Numerous articles provide confirmation of the
skills gaps. According to Pittaway and Thedham
(2005) [17], it is the disparity between the
employer’s and employee’s belief systems. In such
a scenario, an employee might not view a skill as
useful, while an employer would believe that skills
are critical for business growth and that they are
essential for commercial success. According to a
number of studies on the subject, emerging
nations like India have severe skill gaps since
they have low employability (Rosenberg et al.,
2012) [19]. Consequently, it’s critical to be aware
of skill gaps, measure them, determine which
specific areas have the greatest skill gaps, and
then take corrective action to close those gaps.
There are multiple causes for the widening skill
gaps. The lack of competent individuals is the
main cause of the growing skill gap. Second, those
in the sector are unaware of the kind of skill set
needed to carry out work duties. Thirdly, a quickly
evolving workplace that is greatly impacted by

modernization, advancement, and upgrading of
technology.

Jobs are becoming redundant and unnecessary
as a result of the technology field’s rapid
breakthroughs and creativity. As a result, workers
are quitting companies because they are no
longer interested (Shipp et al., 1993) [25].

• Large-scale unemployment: the inability to
locate suitable employment on the market.
Insufficient attention to the psycho-social
system Human Development is given little
attention.

• International Policies’ Effects: Globalization
and Western Industrialization are all having
an impact on the retail industry’s present
practices (Bu et al., 2001) [3].

• Education and Qualifications: Outmoded and
outdated, not created in accordance with
industry standards.

 According to a study on economic expansion,
there are a number of reasons why there exist skill
gaps, including openness to international trade,
technological advancement, long-term
unemployment, labour mobility, strong unions, and
the fact that skill gaps are rarely determined by an
individual’s ability or performance. Numerous
research suggests that both managers and
employees believe there is a skills gap in the field
they work in (Hurrell and Scholarios, 2011) [9].

There are hints that salesmen are the least adept
at comprehending their clients. This study also
shows how critical it is for salespeople to
comprehend their clients. There is a clear need
for qualified workers due to rising competition
and quick changes in the workplace, according
to the evidence. However, the retail industry lacks
the necessary skilled labour. In line with the skill
gaps, this caused the gaps to expand (Groot and
de Groot, 2020) [6]. According to a number of
research on skill gaps, thinking skills represent
the area with the largest skill gap according to
Bloom’s taxonomy. Conversely, communication
skills show the least amount of a competence
difference (Blom and Saeki, 2011) [2].
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The need to switch from transactional sales to
relationship-building and consultative mode
occurs due to changes in patterns. According to
a study on sales activities, skills discovered
recently and those found in earlier research do
not correspond at all (Pelham, 2006) [16]. This
demonstrates how salespeople’s roles and skill
sets are always evolving in response to new
opportunities (Dubey and Singh, 2009) [4].

Data Analysis and Interpretation

The data analysis is done by first testing the
reliability of the research instrument used for

collection of primary date from the respondents
from IT sector in India.The factors are identified
and named after using factor analysis on all the
23 items used in the questionnaire. After
identification and naming of factors ANOVA
analysis is used to test the hypotheses taken for
the study.

Demographic Profile of the respondents

The table below presents the demographic profile
of the respondents on the basis of gender, marital
status,designation, department, qualification and
experience.

Table 2: Demographic profile of the respondents (N=234)

  Frequency (%) 

Gender 
Male 174 (74.4) 

Female 60 (25.6) 

Total 234 (100) 

Age 

Below 30 years 42 (17.9) 

31-40 years 102 (43.6) 

41-50 years 90 (38.5) 

Total 234 (100) 

Marital Status 

Married 174 (74.4) 

Unmarried 54 (23.1) 

Others 6 (2.6) 

Total 234 (100) 

Years of 
experience 

Less than 5 years 54 (23.1) 

6-10 years 30 (12.8) 

11-20 years 138 (59.0) 

21 years and above 12 (5.1) 

Total 234 (100) 
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Designation 

Architect 12 (5.1) 

Assistant consultant 12 (5.1) 

Associate Software Engineer 6 (2.6) 

Cloud Architect 6 (2.6) 

DGM 6 (2.6) 

Director - HR 6 (2.6) 

Executive 6 (2.6) 

Founder 6 (2.6) 

Founder and CEO of Sugr Med 6 (2.6) 

IOS developer 6 (2.6) 

Lead Analyst 6 (2.6) 

Manager 12 (5.2) 

Principal consultant 6 (2.6) 

Principal Scientist 6 (2.6) 

Product manager 6 (2.6) 

Program manager 12 (5.2) 

QA Manager 6 (2.6) 

RF Testing Engineer 6 (2.6) 

SAP Platform Manager 12 (5.2) 

Security compliance lead 6 (2.6) 

Senior Associate Consultant 12 (5.2) 

Senior integration engineer 12 (5.2) 

Senior Manager, Engineering 6 (2.6) 

Senior Product Manager 6 (2.6) 

Senior Solution Architect 6 (2.6) 

Software associate trainee 6 (2.6) 

Software Engineer 6 (2.6) 

Solution Architect 6 (2.6) 

Staff engineer 6 (2.6) 

Tech Lead 6 (2.6) 

UI/UX 6 (2.6) 

Web developer 6 (2.6) 

Total 234 (100) 
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Department 

Advisory 6 (2.6) 

Ai/ML 6 (2.6) 

Architect 6 (2.6) 

Business Analysis 6 (2.6) 

Computer science and 
engineering 

6 (2.6) 

Data Engineer 12 (5.2) 

Engineering R&D 6 (2.6) 

Finance & Application 6 (2.6) 

Industrial IOT 6 (2.6) 

Information Technology 78 (33.4) 

IT and Health tech 6 (2.6) 

Mineral Processing 6 (2.6) 

Mobile Networks 12 (5.2) 

Oracle 6 (2.6) 

Quality & Operations 6 (2.6) 

RF 6 (2.6) 

R&D 6 (2.6) 

SAP 6 (2.6) 

SAP Data management 6 (2.6) 

SAP EDI 12 (5.2) 

Security 6 (2.6) 

Service Automation 6 (2.6) 

Software, Consulting 6 (2.6) 

Talent Acquisition 6 (2.6) 

Total 234 (100) 

Education level 

B.E / B.Tech. 132 (56.4) 

B.E./ B.Tech. with MBA 12 (5.1) 

M.E. / M. Tech. 18 (7.7) 

MBA 6 (2.6) 

MCA 60 (25.6) 

Others 6 (2.6) 

Total 234 (100) 

Source: Survey Data

The demographic summary of the study
conducted in the IT sector provides a
comprehensive insight into the composition of
the participant pool which is 234. In terms of
gender distribution, the majority of respondents

were male, constituting 74.4% of the sample, while
females accounted for 25.6%. Regarding age
groups, the distribution was fairly balanced, with
17.9% of participants being below 30 years old,
43.6% falling within the 31-40 years bracket, and
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38.5% aged between 41-50 years. Concerning
marital status, a significant portion of
respondents were married, comprising 74.4% of
the total, whereas unmarried individuals
constituted 23.1%, with a minor fraction falling
under the category of ‘Others’ at 2.6%. Years of
experience exhibited a varied distribution, with
the majority (59.0%) having 11-20 years of
experience, followed by 23.1% with less than 5
years, 12.8% with 6-10 years, and 5.1% with 21
years and above. Designation-wise, there was a
diverse range of roles represented, including
Architect, Manager, Engineer, Consultant, and
various other specialized positions, each
contributing to the richness of the dataset.
Additionally, the distribution across departments
reflected the multifaceted nature of the IT sector,
with departments such as Information

Table 2: Descriptive Statistics(Mean & SD) and reliability analysis (N=234)

Technology, Data Engineering, Mobile
Networks, and SAP among others, showcasing
the breadth of expertise encompassed within the
study. Education levels varied, with a significant
proportion (56.4%) holding a B.E/B.Tech degree,
followed by 25.6% with an MCA qualification,
and smaller percentages with M.E./M.Tech,
MBA, and other educational backgrounds. This
summary provides a foundational understanding
of the participant characteristics, offering valuable
insights for the research study within the IT
sector. (Refer Table-1)

Reliability Analysis

This study uses Cronbach’s alpha to test the
reliability of the instruments used. The
Cronbach’s alpha values of each variable are
illustrated in Table-2.

Items Mean 
Std. 

Deviation 

Cronbach's 
Alpha (item 

wise) 

Cronbach's 
Alpha 

(combined) 
No of Items 

Q1 3.79 0.97 0.937 

0.937 23 

Q2 4.10 0.81 0.937 
Q3 4.00 0.75 0.936 
Q4 4.26 0.74 0.939 
Q5 4.08 0.86 0.937 
Q6 3.72 0.93 0.940 
Q7 3.90 0.96 0.934 
Q8 3.87 0.85 0.933 
Q9 3.77 0.89 0.933 
Q10 3.92 0.97 0.932 
Q11 3.90 0.81 0.932 
Q12 4.15 0.87 0.934 
Q13 3.85 1.03 0.932 
Q14 4.08 0.73 0.933 
Q15 3.97 0.86 0.933 
Q16 3.87 0.88 0.934 
Q17 3.31 1.18 0.932 
Q18 3.51 0.99 0.934 
Q19 3.05 1.13 0.932 
Q20 3.13 1.14 0.933 
Q21 2.87 1.16 0.933 
Q22 3.08 1.23 0.932 
Q23 3.44 1.13 0.931 

Source: Survey Data
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Cronbach’s alpha is utilized in this study to
evaluate the instrument reliability. Table 2 above
shows the Cronbach’s alpha values for each
variable. The Cronbach’s alpha for the
constructive variables utilized in the data
collection process is 0.937, as Table -2
demonstrates. Reliabilities below 0.6 are
considered bad, those between 0.70 and 0.80 are
considered fair, and those above 0.80 are
considered good, according to Sekaran (2003).
All of the variables’ alpha values, as indicated in

the table, range above 0.80, which is regarded as
good.
Factor Analysis
In spite of the large number of items, which
indicated that the variable was a multiple
construct, the factor analysis was performed on
23 variables. Factor analysis is a dependable
method for analysing the 23 variables, as
evidenced by its KMO value of 0.751.
Additionally, the significance value is
approaching 0.000, which is also related.

Table 3: Factor Analysis

KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 0.751 

Bartlett's Test of Sphericity 

Approx. Chi-Square 6448.403 

df 253 

Sig. 0.000 

According to Kaiser (1974), values above 0.5
should be considered acceptable; values below
this should prompt additional data collection or
reconsider the variable that should be included.
Additionally, values falling within the range of
0.5 to 0.7 are mediocre, those falling within the

Source: Survey Data

range of 0.7 to 0.8 are good, those falling within
the range of 0.8 to 0.9 are excellent, and values
exceeding 0.9 are outstanding. The value for these
data is 0.751, falling within the good range. Thus,
factor analysis makes sense for these data, and
we should feel confident using it.

Table 4: Total Variance Explained 

Compone
nt 

Initial Eigenvalues 
Extraction Sums of Squared 

Loadings 
Rotation Sums of Squared 

Loadings 

Total 
% of 

Varian
ce 

Cumulati
ve % 

Total 
% of 

Varian
ce 

Cumulati
ve % 

Tota
l 

% of 
Varian

ce 

Cumulati
ve % 

1 
10.17

8 
44.254 44.254 

10.17
8 

44.254 44.254 
5.78

0 
25.130 25.130 

2 2.712 11.791 56.044 2.712 11.791 56.044 
5.56

7 
24.205 49.335 

3 2.499 10.863 66.908 2.499 10.863 66.908 
2.98

5 
12.980 62.315 

4 1.444 6.279 73.187 1.444 6.279 73.187 
2.05

7 
8.944 71.259 

5 1.058 4.598 77.785 1.058 4.598 77.785 
1.50

1 
6.526 77.785 

6 0.929 4.039 81.824 
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7 0.825 3.588 85.412 

      
8 0.671 2.916 88.328 

      
9 0.476 2.071 90.399 

      
10 0.407 1.769 92.168 

      
11 0.381 1.658 93.826 

      
12 0.301 1.310 95.136 

      
13 0.282 1.226 96.362 

      
14 0.234 1.017 97.379 

      
15 0.151 0.658 98.037 

      
16 0.129 0.562 98.599 

      
17 0.075 0.327 98.926 

      
18 0.068 0.298 99.224 

      
19 0.053 0.232 99.455 

      
20 0.045 0.194 99.649 

      
21 0.034 0.150 99.799 

      
22 0.028 0.121 99.920 

      
23 0.018 0.080 100.000             

Extraction Method: Principal Component Analysis 
 

Source: Survey Data

The factor analysis was done for all the 23
variables. All these variables have reduced to 5
different factors which explained around 77.785
% of the total variance. The first factor with their
loading pattern indicates that a general factor is
running through out all the items explaining about

25.130 % per cent of the variance and the second
factor explains about 24.205%, third factor
explains 12.980%, 4th factor explains 8.944% and
5th factor explains 6.526% of the total variance.
The entire two factors explain about 77.785% of
the total Variance.

Table 5: Rotated Component Matrix 

  
Component 

1 2 3 4 5 

Q1     0.791     

Q2 
  

0.857 
  

Q3 
  

0.841 
  

Q4 
   

0.890 
 

Q5 
   

0.690 
 

Q6 
    

0.516 

Q7 
    

0.646 

Q8 0.607 
    

Q9 0.790 
    

Q10 0.582 
    

Q11 0.882 
    

Q12 0.933 
    

Q13 0.549 
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Q14 0.577 

    
Q15 0.845 

    
Q16 0.766 

    
Q17 

 
0.662 

   
Q18 

 
0.672 

   
Q19 

 
0.889 

   
Q20 

 
0.827 

   
Q21 

 
0.881 

   
Q22 

 
0.912 

   
Q23   0.676       

Extraction Method: Principal Component Analysis Rotation Method: Varimax with Kaiser
Normalization.
a. Rotation converged in 6 iterations.

 Source: Survey Data
Table 6: New factors Extracted

Factors Statements New name 

Factor 1 8, 9, 10, 11, 12, 13, 14, 15 & 16 
Skill Gap Identification (Role of AI in 
Skill Gap Identification) 

Factor 2 17, 18, 19, 20, 21, 22 & 23 AI Challenges 

Factor 3 1, 2& 3 
Need Assessment (Need Assessment 
Process Before AI) 

Factor 4 4 & 5 Innovation and Work Performance 

Factor 5 6 & 7 AI Effectiveness  

  Source: Survey Data

All the 23 variables are reduced to 5 factors.
Extraction of the factors is done through varimax
method and through principal component
analysis where the eigen value should be greater
than 1. Variable 8, 9, 10, 11, 12, 13, 14, 15 & 16
defined as factor 1 with new name as ‘Skill Gap
Identification’, Variable17, 18, 19, 20, 21, 22 & 23
is defined as factor 2 with new name as ‘AI
Challenges’, Variable 1, 2 & 3 is defined as factor

3 with new name as ‘Need Assessment’, Variable
4 & 5 is defined as factor 4 with new name as
‘Innovation and Work Performance’ and Variable
6 & 7 is defined as factor 5 with new name as ‘AI
Effectiveness’.
Hypothesis Testing using ANOVA
Here for hypothesis testing ANOVA is used to
determine theimpact of independent factors on
the dependent factor i.e. skill gap identification.

Table 7: Model Summary

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 0.723 .723 .712 .17288 

a. Predictors: (Constant), Gap Identification, AI Challenges, Need Assessment, Innovation and Work
Performance, AI Effectiveness

 Source: Survey Data

123-141



Srusti Management Review  Special Issue, 2024, PP |136

Table-8:ANOVAa

Model 
Sum of 
Squares 

df 
Mean 

Square 
F Sig. 

1 

Regression 55.861 5 11.172 49.961 .000b 

Residual 50.985 228 .224     

Total 106.846 233       

a. Dependent Variable: SkillGAP
b. Predictors: (Constant), Gap Identification, AI Challenges, Need Assessment, Innovation and
Work Performance, AI Effectiveness

 Source: Survey Data
Table 9: Coefficients
Table 9: Coefficients 

Model 

Unstandardized 
Coefficients 

Standardized 
Coefficients 

t Sig. 
B 

Std. 
Error 

Beta 

1 

(Constant) 3.808 0.031   123.173 .000 
Skill Gap Identification (Role of AI in 
Skill Gap Identification) 

0.243 0.031 0.359 7.853 .000 

AI Challenges 0.202 0.031 0.299 6.535 .000 

Need Assessment  0.328 0.031 0.484 10.580 .000 

Innovation and Work Performance 0.169 0.035 0.249 5.443 .000 

AI Effectiveness  0.161 0.032 0.090 1.972 .020 

a. Dependent Variable: SkillGAP 
 

 Source: Survey Data

It can be observed from Table -9 that skill gap
identification is impacted by need assessment
methods and techniques used as it having the
highest B value i.e. 0.328 thus, the hypothesis
on traditionally there is significant impact of need
assessment on skill gaps identification is
accepted. After that the skill gap identification
using AI is impacted by AI challenges and from
literature review as well it is evident that in Indian
scenario even the IT companies are yet to work
on the challenges posed by AI usage, thus the
hypothesis on adoption of AI technology for
skill gap identification is not hindered by AI

challenges is rejected. After that the skill gap
identification by traditional method is impacted
by Skill gap identification using AI and we can
also see AI effectiveness and Innovation and
work performance of employees also impact the
skill gap identification process having B
values0.161 and 0.169 respectively. Hence the
hypothesis on deployment of Artificial
Intelligence has effect on effect on skill gap
identification and AI Effectivenesshas a
significant impact on skill gap identification are
accepted. The summary of hypothesis testing
is as follows:
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Table 10: Summary of Hypotheses Testing

Hypothesis Statement Remarks 

H1. 
H1: Traditionally there is significant impact of need 
assessment on skill gaps identification. 

Accepted 

 

H2. 

 

H1: The deployment of Artificial Intelligence has effect on 
skill gap identification, 

Accepted 

 

H3. 

 

H1: Adoption of AI technology for skill gap identification is 
not hindered by AI challenges. 

Rejected  

H4. 
H1: AI Effectivenesshas a significant impact on skill gap 
identification. 

Accepted 

 

Suggestions and Recommendations

The suggestions made visible an in-depth
strategy for utilizing AI technology to overcome
the skills gap and stimulate innovation in India’s
IT industry. The aforementioned initiatives
comprise of focused training programs that are
customized to meet the unique requirements and
preferences of various demographic groups,
artificial intelligence (AI)-driven talent acquisition
procedures that aim to enhance diversity and
reduce biases, AI-enabled platforms for
personalized skill development in continuous
learning initiatives, and performance management
systems that employ AI algorithms for continuous
feedback and direction.Furthermore, promoting
teamwork in the workplace and funding AI
education initiatives would improve staff
members’ capacity to use AI tools efficiently. The
success and sustainability of these initiatives will
be ensured by addressing issues with algorithmic
bias and data privacy and by putting in place
strong monitoring and evaluation mechanisms.
This will ultimately result in a highly skilled and
competitive workforce that is well-positioned for
success in the quickly changing technology
landscape.

The recommendations made for further study in
the area of AI-driven workforce development

 Source: Survey Data

offer a comprehensive strategy for
comprehending how AI may close the skills gap
and improve organizational performance. Cross-
industry comparisons offer insightful viewpoints
on best practices and applicable lessons, while
longitudinal research shed light on the long-term
efficacy of AI solutions. While investigating
collaborative learning environments and
customized training interventions reveals creative
approaches to skill development, investigating
the influence of AI on employee well-being and
ethical considerations assures responsible
deployment of these technologies.In the future,
research directions include talent mobility
facilitation, ethical AI integration, and AI’s role
in lifelong learning could help us better
comprehend the changing dynamics of workforce
development in the AI era. Through investigating
these domains, scholars may augment empirical
approaches that foster equitable, efficient, and
morally sound AI-guided workforce development
methodologies.

Case Studies

Companies from all sectors are utilizing AI to
boost productivity, stimulate creativity, and
provide better consumer experiences. In light of
this, it’s instructive to look at how market giants
such as Adobe, IBM, and LinkedIn are using AI-
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driven solutions to take on a variety of difficulties
and take advantage of possibilities in their
respective fields. The following table gives a
thorough rundown of the AI-powered projects

that these businesses have put in place and offers
insightful information on the uses and
implications of AI in the fast-paced business
world of today.

Table 11: Case Studies from IT Sector

Company AI-driven Solution Description 

LinkedIn AI-Powered Candidate 
Matching 

Utilizes AI algorithms to match job postings with suitable 
candidates based on their skills, experience, and preferences, 
enhancing the efficiency of recruiting processes. 

 Automated Job 
Recommendations 

Analyses users' profiles and interactions to suggest relevant 
job openings, improving the job search experience by 
providing personalized recommendations. 

 Content Personalization Utilizes AI to personalize users' news feeds by 
recommending relevant articles, job postings, and 
connections based on their interests and activity, enhancing 
user engagement and retention. 

IBM Watson AI Offers AI solutions across industries, such as healthcare and 
finance. For instance, Watson for Oncology analyses 
medical records to assist oncologists in developing 
personalized cancer treatment plans, improving patient 
outcomes. 

 AI-Powered Chatbots Develops AI-powered chatbots for customer service and 
internal support, utilizing NLP and machine learning to 
understand and respond to user queries effectively, 
enhancing customer experience and reducing support costs. 

 Predictive Maintenance Enables predictive maintenance for industrial equipment by 
analysing sensor data to detect potential failures before they 
occur, reducing downtime and maintenance costs, and 
optimizing asset performance. 

Adobe Adobe Sensei Powers various features across Adobe's products, enhancing 
image editing in Photoshop by automating tasks like object 
selection and background removal, improving user 
productivity and creativity. 

 Personalized Marketing Analyses customer data to deliver personalized content and 
recommendations across channels, improving engagement 
and conversion rates, and driving marketing effectiveness. 

 Intelligent Document 
Processing 

Automates document processing tasks such as data 
extraction and form filling, streamlining workflows and 
improving productivity in areas like contract analysis and 
paperwork management. 

 
Source: Author(s) own work
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The above table provides a concise overview of
how these companies leverage AI-driven
solutions to address various challenges and
opportunities across industries such as
recruitment, healthcare, customer service,
marketing, and productivity.

Limitations

It is a significant accomplishment to build a
machine that can mimic human intellect. It can be
very expensive and takes a lot of effort and time.
Keeping up with the current standards and being
updated requires AI to run on the newest
technology and software, which adds to its
expense. The inability of AI to think creatively is
one of its main drawbacks. AI cannot be
innovative in its approach, but it can learn over
time using pre-fed facts and past experiences.
The bot Quill, which is capable of writing Forbes
earning reports, is a prime example. These reports
only include information that has previously been
sent to the bot. While the fact that a bot can
compose an essay by itself is impressive, it lacks
the personal touch found in other Forbes articles.

It can be challenging to include morals and ethics,
two crucial human traits, into an AI. The speed at
which artificial intelligence is developing has
sparked worries that humans may eventually
become exterminated by AI. We call this point in
time the AI singularity. Humans have been
educated since early childhood that neither other
devices nor computers are sentient. Teams are
how humans work, and goal achievement
depends on effective team management. While it
is true that human connections—the cornerstone
of teams—cannot be substituted by computers,
there is also no disputing that, when operating
efficiently, robots outperform humans. Since
artificial intelligence is a technology built on pre-
loaded knowledge and experience, humans are
unable to generate it. AI is good at doing the
same task again and over again, but we must
manually change the codes if we want any

changes or enhancements. While AI can retain a
limitless amount of data, it cannot be accessed or
used in the same ways as human intellect. Only
jobs for which they have been designed or
programmed may be completed by machines; any
other task will usually end in failure or ineffective
output, which can have serious adverse
consequences. We cannot make anything
conventional as a result.

Conclusion

In conclusion, this paper has delved into the
pressing issue of the skills gap within the
information technology sector and has shed light
on the transformative potential of artificial
intelligence (AI) in mitigating these challenges.
Through a thorough investigation, we have
highlighted the profound impact of skill shortages
on organizational performance and innovation,
underscoring the critical need for effective
solutions.Moreo1ver, we have explored the
diverse applications of AI technologies in
addressing skill gaps and enhancing talent
acquisition processes. From predictive analytics
to personalized learning platforms, AI offers a
myriad of tools and strategies to identify, develop,
and retain a skilled IT workforce. Despite the
potential benefits, we have also identified several
barriers and challenges associated with the
adoption of AI-driven solutions in workforce
development. These include concerns regarding
data privacy, algorithmic bias, and the need for
upskilling existing staff to effectively utilize AI
technologies. However, amidst these challenges
lies immense opportunity. By embracing AI-driven
solutions and implementing them strategically,
organizations can not only bridge the skills gap
but also cultivate a workforce that is not just
skilled but also adaptable and capable of driving
digital transformation initiatives. To this end, we
provide actionable recommendations and
guidelines for organizations to navigate the
complexities of AI implementation in workforce
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development. By fostering a culture of
continuous learning, investing in AI education
and training programs, and prioritizing diversity
and inclusion, organizations can harness the full
potential of AI to build a resilient and agile IT
workforce for the future. In essence, while the
skills gap presents a formidable challenge, it also
represents an opportunity for innovation and
growth. Through collaboration, innovation, and
a commitment to lifelong learning, we can unlock
the transformative power of AI and build a future
where every individual has the opportunity to
thrive in the digital economy.
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