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ABSTRACT Industrial internet of things (IIoT) and digital technologies have been evolving fast, leading
to a challenge in the availability of skills and commotion in job profiles. While existing job profiles
are changing, new job profiles are getting created. Professionals face the challenge of obsolescence and
pressure for continuous reskilling and prepare for the future of work. The fast-changing innovations in
digital technologies of IIoT like the internet of things, robotics, augmented reality, artificial intelligence,
and big data analytics trigger in-depth analysis of professionals’ learning behavior. This study extends the
individual’s ambidextrous learning theory and unified theory of acceptance and use of technology (UTAUT)
to develop a quantitative behavioral model Learning Emerging Digital Skills (LEDS). LEDSmodel describes
the antecedents of professionals’ learning behavior towards fast-changing emerging digital technologies
involved in IIoT. A nation-wide structured survey of 685 professionals across 95 firms in India across
industry sectors engaged in IIoT product and solution development in sectors like automotive, aerospace,
healthcare, and energy were undertaken. Findings from structural equation modeling are validated via a
qualitative study. Social influence and personal innovativeness, anxiety, long-term consequence, and job
relevance affect behavioral intention to learn. Professionals’ performance level and technology preference
moderate the relationship between antecedents and the intention to learn. For exceptional performers,
personal innovativeness is the key driver in the intention to learn. For average performers, social influence
and anxiety are additional significant factors towards intention to learn. Technology itself moderates the
learning behavior, which indicates professionals’ preference to learn a technology over the other based on
technology maturity and use potential. This study can help practitioners design ramp-up strategies to meet
the current and future demand of emerging digital skills to meet their IIoT strategy. Policymakers can use
antecedents of employees’ ambidextrous learning behavior to formulate policies to achieve ambidextrous
organization’s goals.

INDEX TERMS Industrial IoT (IIoT), emerging digital technology, ambidextrous learning behavior,
learning of emerging digital skills (LEDS), future of work.

I. INTRODUCTION
Industrial production is being transformed due to the inte-
gration between the physical world and the digital world.
In Germany, this was termed Industry 4.0 and as industrial
IoT (IIoT) in the USA. IIoT provides a fusion of intelligent,
interconnected systems of IoT devices to provide a higher
level of availability and scalability. In the last few years,
IIoT or Industry 4.0 has drawn interest in both academic and
industry. Studies have pointed out that this transformation
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will lead to a broad societal discourse, impacting the future
of work and the role professionals are expected to play.
The transformation will be accompanied by a social change
in staffing requirements, workload, competition for jobs,
and job security [1]. Realization of IIoT solutions include
advanced digital skills [2] like IoT, robotics, big data ana-
lytics, cybersecurity, augmented reality (AR), virtual reality
(VR), artificial intelligence (AI), and machine learning (ML).
Moreover, talent is scarce in these skills.

Several published industry reports from McKinsey Global
Institute [3], Boston Consulting Group [4], Capgemini
and LinkedIn [5], and World Economic Forum [6], [7]
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acknowledge that the skill gap exists, and the gap is growing.
As per these reports, a considerable gap exists in profession-
als’ current skills andwhat they need in future roles. New jobs
will be created, whereas there is a risk of losing current jobs.
As digital technologies evolve, an individual’s ability to learn
and acquire new skills and expand their capabilities is vital.
Hence, there is an urgent need to understand the impact of the
fast-changing era of industrial IoT and digital technology on
the labor market.

In this fast-changing technological environment, indus-
trial sectors (like industrial, manufacturing, automotive,
aerospace, energy, healthcare, oil & gas) are moving towards
IIoT products and solutions. Professionals feel a constant
threat of large-scale unemployment and professional obso-
lescence [8] due to technological advancements that could
disrupt the labor market. Professionals need to cope with
the technological advancements by continuously develop new
knowledge [9] and involve in knowledge renewal [10]. Focus
on skill development is necessary [11], which integrates mar-
ket needs and new technologies [12].

A. PROBLEM STATEMENT
Rapid technology change is handled by the organization’s
ambidextrous strategy [13]. Ambidextrous organizations
simultaneously pursue current knowledge for survival in the
current business and explore new knowledge for growth.
At the individual level, the employees’ ambidextrous learning
behavior [14] involves simultaneously exploring and learning
new skills whereas exploiting current skills used in the current
project. If employees are not aligned with the organization’s
ambidextrous strategy, then investment in skilling programs
leads to low return. As a result, no significant change in
the challenge of talent scarcity. So, the key question is, how
do we address the misalignment between an organization’s
ambidextrous strategy and employee’s non-ambidextrous
behavior? Hence, there is a need to analyze and understand
professionals’ ambidextrous learning behavior in the com-
plex and dynamic environment of IIoT and emerging digital
technologies.

Previous research received significant focus on the real-
ization of organizations’ ambidextrous strategies. Recent
research shows individual ambidexterity’s impact on individ-
ual and group performance [15], [16]. However, there is very
little scholarly focus on employees’ ambidextrous learning
intention and learning behavior in technology’s fast-changing
world. So far, none of the studies have focused on this
aspect. Hence, it is imperative to analyze professionals’ learn-
ing orientation and ambidextrous learning behavior. Under-
standing the antecedents of professionals’ learning behavior
towards fast-changing technologywill help alignHRpolicies.
With this, organizations can address the critical success fac-
tor in achieving significant results from their ambidextrous
strategy.

Additionally, the technology acceptance theories and
structural equation modeling technique is used in differ-
ent contexts to study acceptance behavior [17]. However,

research on the behavioral intention and actual behavior in the
context of emerging digital technologies is sparse. Moreover,
understanding this behavior is critical for developing and
deploying industrial IoT solutions.

In the context of an ambidextrous organization involved
in developing products and services involving IIoT solutions,
the answer to our key question lies in understanding three
critical aspects of professionals’ learning behavior towards
emerging digital technologies. So, we arrived at the below
questions.

RQ1: What are the determinants of intention to learn and
actual learning behavior of professionals towards emerging
digital technologies?

RQ2: What is the moderation effect of performance level,
gender, and technology on the antecedents of professionals’
intention to learn emerging digital technologies?

RQ3: In the context of emerging digital technolo-
gies, how does intention to learn impact actual learning
behavior?

B. KEY CONTRIBUTIONS
An empirical study was conducted based on a nation-wide
survey in India to analyze the learning orientation and learn-
ing behavior of professionals towards learning digital skills of
IIoT. This study’s key contribution is developing the Learning
of Emerging Digital Skills (LEDS) model. LEDS is derived
from ambidextrous learning theories [14] and technology
acceptance theories.

As per the LEDS model, social influence and personal
innovativeness, anxiety, long-term consequence, and job rel-
evance affect behavioral intention to learn. Behavioral inten-
tion influences the actual learning behavior; gender, per-
formance level, and technology preference are identified as
moderators that affect the relationship between antecedents
and the intention to learn. Female employees’ relationship
between intention to learn and actual learning behavior is
much more robust than their male colleagues. For excep-
tional performers, personal innovativeness is the key driver
in the intention to learn. For average performers, social influ-
ence and anxiety are additional significant factors towards
intention to learn. Technology itself moderates the learning
behavior, which indicates professionals’ preference to learn a
technology over the other based on technology maturity and
use potential.

Understanding professional’s learning behavior towards
emerging digital technologies would help practitioners
anticipate the challenges while ramping up large teams.
Recommended policy alignments will help meet the cur-
rent and future demand of talent for IIoT solutions involv-
ing emerging digital technologies. This study can help
practitioners design ramp-up strategies to meet the current
and future demand of emerging digital skills required to
meet their IIoT strategy. Policymakers can use antecedents
of employees’ ambidextrous learning behavior to for-
mulate policies to achieve ambidextrous organization’s
goals.
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C. STRUCTURE OF THE PAPER
This article includes sections on the literature review,
the methodology employed, data analysis, and findings.
Lastly, we highlight the contribution to theory and practice,
followed by limitations of the study and future research
scope.

II. THEORETICAL BACKGROUND
The demand for skilled professionals required for developing
IIoT products and services exceeds the supply [18]. How-
ever, none of the previous research explains professionals’
behavior in learning and using emerging digital technologies
required for IIoT. To match the fast development in emerging
digital technologies, professionalsmust continuously develop
new knowledge [9]. Our research aims to study profession-
als’ learning orientation and ambidextrous learning behav-
ior towards digital technologies of IIoT solutions. Hence,
we reviewed the literature related to digital technologies of
IIoT, ambidextrous theory, learning motivation theories, and
technology adoption models.

A. INDUSTRIAL IoT AND EMERGING DIGITAL SKILLS
The fourth industrial revolution has brought a paradigm shift
due to the integration of internet technologies with indus-
try [19]. The critical elements of the integration revolve
around an affordable communication system in the industry
setup since field devices like machines, plants, tools will all
be connected to the network. Physical devices will have a sec-
ond identity in the virtual form of data and models. As per the
systematic literature review of IIoT [20], world-wide spend
on the internet of things by 2021 is forecasted to be more
than a trillion US dollars. A larger part of this spending will
be across the US, western Europe, and Asia pacific. IIoT
application areas like M2M (machine-to-machine communi-
cation), CPS (cyber-physical systems), and wireless sensor
networks will get the highest focus.

A literature review about skill development in digital
technologies identifies skills involved in developing IIoT
solutions and digital transformation [21]. Emerging tech-
nology trends of IIoT include advanced digital technolo-
gies [2] like IoT, AI/ML, big data analytics, AR/VR, robotics,
and cybersecurity [22], [21]. These emerging digital tech-
nologies are being integrated into organizations, resulting
in various advantages. To name a few, reduced labor costs,
shorter delivery time tomarket products, productivity growth,
and higher product quality provides a safer environment to
perform dangerous tasks. Also, having access to extensive
data for analysis can help identify new products and ser-
vices across various industrial sectors [23]. Table 1 briefly
describes IIoT technology trends and their applications. Lack
of talent in emerging digital technologies lead to a challenge
in implementing IIoT solutions across industrial sectors. For
example, the lack of AI knowledge and experience leads to
a challenge in implementing AI solutions in manufacturing
(Pokorni et al., 2020).

B. LEARNING MOTIVATION THEORIES
Learning motivation is the most critical factor among the
psychological characteristics that induce learners’ learning
activities [24]. There are internal and external conditions
for the learners to prepare or participate in learning ses-
sions. Learning motivation is an internal state or process
that generates individual learning behaviors. It determines
the direction and intensity of behaviors [25]. Contempo-
rary learning motivation theories acknowledge that human
cognition and individual interaction with socio-environment
context are the key controls of learning motivation [26].
In expectance-value theory, motivation to learn is a function
of perceived usefulness (value) and the degree to which the
individual will be successful (expectance). Attribution theory
is extended from the expectance-value theory to explain the
why of the antecedents of expectance and value. Humans
tend to establish a cause-effect relationship for events like
learning a skill, which they try to attribute to a reason. If the
result is positive, then the learner is content. When the result
is negative, they attribute it to environmental characteristics
(like social norms, social influence) or personal character-
istics (like health, mood). In SCT (social cognitive theory)
[27], self-efficacy, or the people’s belief about their capa-
bilities, results in successful learning and goal achievement.
As per self-determination theory [28], actions can be due to
intrinsic or extrinsic motivation. Curiosity is intrinsic, while
earning a reward or avoiding anxiety is extrinsic.

Intrinsic motivation is essential, but most activities by peo-
ple are extrinsically motivated. Goal-orientation theory [29]
focuses on the why and how of the learning. Learners tend
to have performance goals from a fixed growth mindset like
mastering content or doing better than others or avoiding
failure. ARCS (attention, relevance, confidence, satisfaction)
is a four-step model [30] that covers the learning process’s
motivators.

C. AMBIDEXTROUS BEHAVIOR
Exploitation involves extending existing skills, knowledge,
and technology; exploration involves acquiring new skills,
knowledge, and technologies. In the context of learning,
ambidextrous behavior involves exploitation, exploration,
and pursuing both simultaneously [13]. In the last couple of
decades, focus on ambidextrous organization strategy [31],
ambidextrous managers [32], and ambidextrous leaders [33]
has drawn extensive interest among researchers. Prior studies
have discussed how the role of quality management [34]
and human resource management [35] enable ambidextrous
learning behavior in professionals. Empirical studies of past
research indicate that a higher level of exploration and
exploitation at the individual level leads to a higher level of
innovative performance [36] and impacts individual, group,
and firm performance [16].

Individual ambidexterity [15] involve exploring new prod-
uct ideas, processes, business models, skills, and technolo-
gies [13]. Self-efficacy and leadership are identified as
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TABLE 1. IIoT and emerging digital technologies.

the traits that predict professionals’ ambidextrous learn-
ing behavior [14]. However, learning behavior towards
fast-changing technologies has received little focus.

D. TECHNOLOGY ADOPTION THEORIES
It is critical to learn and adopt essential digital skills in the
work environment. However, learning advanced and emerg-
ing digital capabilities is vital for professionals to develop
digital solutions and stay relevant in their job [37]. Our study
analyzes the factors that influence professionals’ learning
behavior towards emerging digital technologies to develop
industrial IoT solutions. Hence, we analyzed the technology
adoption theories and the constructs used in each that influ-
ence the intention to use a new system.

Information systems (IS) literature emphasizes the key
factors influencing users’ acceptance of a new system. The
purpose of the new systems under study vary that help
users’ ease their day to day activities. New systems provide
mechanisms to improve productivity or performance [38]
or ease the learning process via learning from e-learning

systems [39], [40] or YouTube [41], [42] or mobile learning
systems [44], [50], [51].

Behavioral intention of using technology is explained by
most commonly used technology acceptance models [46]
and technology adoption theories [47]: TRA (theory of rea-
soned action) [48], TAM (technology acceptance model)[49],
TAM2 [50], TAM3 [51], MM (motivational model), TPB
(theory of planned behavior) [52], IDT (innovation diffusion
theory) [53] and SCT [27]. Earlier research also shows that
some of these theories are combined to predict behavioral
intention and the use behavior. The Combined-TPB-TAM
model combines TPB and TAM. UTAUT (unified theory of
acceptance and use of technology)[54] and UTAUT2 [55]
combines eight theories: TRA, TAM, TPB, MM, IDT,
C-TPB-TAM, SCT, and MPCU (model of PC utilization)
[56]. As per theory of task-technology-fit (TTF), if the capa-
bilities of information technology match the task, technology
is more likely to have a positive impact on individual per-
formance [57], [58]. Over decades of study and empirical
research, most of these theories have identified antecedents
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that predict the behavioral intention and the use behavior of
technology.

Key antecedents that predict behavioral intention are per-
ceived ease of use, usefulness, and behavioral control. Some
of these antecedents are further predicted by personal and
socio-environmental factors. Some of the key personal fac-
tors are attitude, image, anxiety, and personal innovative-
ness. Socio-environmental factors are job relevance, relative
advantage, subjective norm, and facilitating condition. Focus
is on various user groups like students, professionals, and
general users [59]. Further, UTAUT introduced the mod-
eration effect of age, experience, gender voluntariness on
the relationship between the antecedents and the behavioral
intention.

E. UNIFIED THEORY OF ACCEPTANCE AND USE OF
TECHNOLOGY
UTAUT [54] is used to assess the likelihood of suc-
cess in introducing new technology. By understanding the
drivers of acceptance, practitioners can plan interventions
to increase the acceptance by the population who are not
inclined to adopt the new technology. Original article [54]
has been widely cited in the context of technologies like
websites, mobile technologies [45], and various information
systems [60].

Researchers have extensively used technology adoption
theories to study learning behavior using technology
like mobile learning systems [50], [51]; learning from
YouTube [41], [42]. Further, previous research shows the use
of UTAUT in the adoption of e-learning systems [39], [40];
and mobile learning systems [43]. Self-efficacy and leader-
ship are identified as psychological traits and antecedents that
predict professionals’ ambidextrous learning behavior [14].
However, the study of learning behavior towards fast-
changing emerging technologies to develop digital solutions
is sparse.

III. THEORY BUILDING AND RESEARCH MODEL
For managers who need to introduce new technologies and
evaluate the likelihood of their success, UTAUT [54] is a
useful tool. One can identify primary factors for technology
acceptance and plan interventions specific to a population
that is averse to adopting and using new systems. There are
two key reasons for its popularity [59]. First, it identified the
antecedents of the core constructs behavioral intention and
actual use behavior, and second, it introduced the moderator
effect between antecedents and the behavioral intention.

Researchers have extended technology acceptance theories
to study learning orientation and ambidextrous learning
behavior. Self-efficacy from SCT [61] predicts profession-
als’ ambidextrous behavior [14]. However, it does not
cover all the factors that may influence professionals’
learning behavior towards fast-changing emerging digital
technologies to develop digital solutions. Moreover, the stud-
ies related to learning have not determined all essen-
tial factors that could play an important role in learning

behavior towards fast-emerging digital technologies. There-
fore, this study attempts to fill this gap by integrating UTAUT
with factors triggered by the fast-changing digital technolo-
gies used to develop digital solutions for the industrial IoT
environment.

Technology acceptance models are chosen to analyze the
antecedents of intention to learn and the actual learning
behavior towards fast-changing emerging digital technolo-
gies. Explanation below captures how they are related.

First, Technology acceptance models capture users’ inten-
tion to use and use behavior of technology in various tech-
nological contexts. In our study, we intended to analyze
professionals’ behavior towards emerging digital technology.
Professionals need the emerging digital skills to develop
digital products and services for IIoT solutions. Professionals
need to learn the technology before using it to develop digital
solutions. For example, professionals learn emerging digital
technologies like AI/ML, AR/VR, or cloud technologies to
develop industrial IoT solutions. Hence, the emphasis is to
study the learning behavior in terms of intention to learn and
actual learning behavior of emerging digital technologies.

Second, based on the authors [62], we have found that
intention to learn does not always result in actual learning
behavior. Hence, we wanted to choose a theoretical model
that helps analysis of both ‘‘intention’’ and ‘‘actual’’ behavior
and not ‘‘just’’ the actual learning behavior. Since technology
acceptance models address both ‘‘intention’’ and ‘‘actual’’
behavior, we have used technology acceptancemodels for our
study.

Third, researchers [14] have established that self-efficacy
and leadership influence learning orientation and individual
ambidextrous behavior. However, this theory has not consid-
ered various personal and socio-environmental antecedents
that impact ‘‘intention’’ and ‘‘actual’’ behavior. Ambidex-
trous learning behavior is extremely critical to cope with the
fast-changing development in emerging digital technologies.
Hence, we analyzed the personal and socio-environmental
factors to understand the professional’s intention to learn and
actual learning behavior.

Fourth, since our study involves studying professionals’
learning behavior, one option was to use learning moti-
vation theories. Since technology acceptance theories use
antecedents from learning motivation theories, it was appro-
priate to use the technology acceptance theories to analyze
the intention and actual learning behavior.

Finally, we chose to study the intention to learn and actual
learning behavior rather than intention to use and actual use
behavior of the emerging digital technology. This is because,
professionals learn with an intent to use the technology.
Hence, analyzing ‘‘intention to learn and actual learning
behavior’’ was more important compared to ‘‘analyzing the
intention to use and use behavior of emerging digital tech-
nologies’’.

This study has proposed the Learning Emerging Digital
Skills (LEDS) behavioral model, as shown in Fig. 1. Like
the individual ambidextrous learning theory [14], learning
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intention and learning behavior is adapted from the UTAUT
framework. Constructs from technology adoption mod-
els [63] are used as antecedents that predict the behavioral
intention to learn emerging digital technology that impacts
their role in the future of work. Professional’s intention to
learn predicts the actual learning behavior towards emerg-
ing digital technologies. Further, we have studied the con-
structs that result in the moderation effect on the relation-
ship between the antecedents and the behavioral intention
to learn emerging digital technologies. In summary, in the
context of emerging digital technologies, the antecedents,
behavioral intention to learn, and actual learning behavior
produce LEDS behavioral model. Additionally, the LEDS
model also includes themoderators that affect the relationship
between antecedents and behavioral intention to learn.

A. LONG-TERM CONSEQUENCE
In the model of PC utilization, the long-term consequence is
introduced [56]. It explains the result of working in a specific
technology in terms of payoff in the future. It could be an
outcome in terms of increasing opportunity, job flexibility,
and a meaningful career. The motivation to adopt may arise
to future-proof oneself rather than just meeting a current
need. In the fast-changing digital technologies for developing
industrial IoT solutions, the long-term consequence is the
antecedent that predicts behavioral intention to learn. If the
long-term consequence is positive, it will positively impact
the behavioral intention to learn. Therefore, we state our first
hypothesis.

H1: The impact of long-term consequence (LTC) on behav-
ioral intention to learn emerging digital technology is posi-
tive.

B. ANXIETY
SCT [27] and TAM3 [51] show anxiety in using new tech-
nology is a key antecedent of behavioral intention to learn.
Learning comes with two types of anxiety: ‘‘learning anxi-
ety’’ and ‘‘survival anxiety.’’ The first is the fear that some-
thing new will be too difficult and will lead to a loss of self-
esteem. The second arises from knowing that change is nec-
essary for survival – this may lead potential learners to start
learning eventually. Learning is triggered when survival anxi-
ety exceeds learning anxiety [64]. Technology anxiety [65] is
a result of technological advancements that could lead to skill
obsolescence [66], professional obsolescence [8], and fear of
unemployment [67].

New jobs are being created in the fast-changing digital
technologies for developing industrial IoT solutions while
existing jobs are getting obsolete [8], [67]. So, anxiety for
survival due to technology advancements is identified as one
of the antecedents that predict behavioral intention to learn.
The higher the anxiety, the higher would be the behavioral
intention to learn. Hence, we state the second hypothesis.

H2: The impact of anxiety (ANX) on behavioral intention
to learn emerging digital technology is positive.

C. SOCIAL INFLUENCE
The intention is expected to be directly affected by social
influence [54]. The perception that family, friends, and
peers believe they should learn emerging digital technolo-
gies define social influence. Social influence is one of the
antecedents that predict behavioral intention to learn emerg-
ing digital technologies. If the social influence to learn a
technology is high, it will positively impact the behavioral
intention to learn. Consequently, we state the third hypothe-
sis.

H3: Social influence (SI) positively impacts behavioral
intention to learn emerging digital technologies.

D. JOB RELEVANCE
Employees are motivated to learn when they can see that the
learned skill helps them pursue their aspirations and goals.
The extent of an individual’s conviction that the emerging
digital technology would be helping to follow their career
aspiration defines relevance. Applicability of the technology
to the job is also defined as job relevance in TAM2 [50]. In the
fast-changing digital technologies for developing industrial
IoT solutions, the job relevance related to a technology pre-
dicts behavioral intention to learn. If the technology’s job
relevance is positive, it will positively impact the behavioral
intention to learn. So, we formulate the fourth hypothesis.

H4: The impact of job relevance (REL) on behavioral
intention to learn emerging digital technology is positive.

E. PERSONAL INNOVATIVENESS
Highly innovative individuals search for information actively
regarding new concepts. Such individuals can cope with
uncertainties involvedwith new ideas and optimists in accept-
ing them. Personal innovativeness is the inclination towards
exploring new technology. This variable is introduced in the
modified TAM model [68], which suggests that personal
innovativeness affects intention and actual behavior. The
innovativeness of professionals predicts behavioral intention
to learn emerging digital technologies. If the professional’s
innovativeness is high, it will positively impact the behavioral
intention to learn. So, we formulate the fifth hypothesis:

H5: The impact of personal innovativeness (PIN) on behav-
ioral intention to learn emerging digital technology is posi-
tive.

F. BEHAVIORAL INTENTION TO LEARN AND ACTUAL
LEARNING BEHAVIOR
Behavioral intention is one of the key predictors of actual
behavior [52], [54], [55]. We use behavioral intention to
learn (BIL) and actual learning behavior (ALB) to measure
the intention to learn and actual learning behavior of emerg-
ing digital technology. Accordingly, we propose that profes-
sionals’ actual learning behavior could be predicted by their
willingness to learn emerging digital technologies. Therefore,
we state the sixth hypothesis.
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FIGURE 1. Learning of emerging digital skills (LEDS) behavior model showing professionals behavior in learning emerging digital technologies.

H6: Behavioral intention to learn (BIL) emerging digi-
tal technologies positively impact actual learning behavior
(ALB).

G. MODERATORS
Professional’s gender (male or female) influences the predic-
tion pattern on learning intention towards emerging digital
technologies.

Companies following a bell curve technique use the perfor-
mance rating scale to rate each employee’s performance level.
A typical bell curve contains five ratings - exceptional perfor-
mance, exceeds expectation, meets expectation, improvement
needed, and unsatisfactory. Professionals’ performance rating
plays a considerable role in learning and influencing the rela-
tionship between the antecedents and the behavioral intention
to learn.

Further, depending on the maturity and potential usage of
technology, professionals’ behavioral intention to learn the
technology could differ. As per the ‘‘association for com-
puting machinery computing classification system (ACM
CCS)’’, technology maturity is influenced by the maturity
of computing methods, networking capabilities, information
systems, and functionality related to security and privacy.
The key digital technologies in IIoT that could influence
the behavioral intention are IoT, AI/ML, big data analytics,
AR/VR, robotics, and cybersecurity.

Based on the above three moderating variables, we formu-
late the below three hypotheses.

H7a: Professional’s gender impacts the pattern of predic-
tion of behavioral intention to learn.

H7b: Professional’s performance level impacts the pattern
of prediction of behavioral intention to learn.

H7c: The technology of interest that the professionals
aspire to learn impacts the pattern of prediction of behavioral
intention to learn.

H. LEDS BEHAVIORAL MODEL
The hypotheses H1 to H7, drawn up within this study, are rep-
resented as the Learning of Emerging Digital Skills (LEDS)
behavior model, as in Fig. 1.

LEDS model contains the dependent constructs - behav-
ioral intention to learn and learning behavior, which are
derived from UTAUT [54]. In the context of IIoT and the
future of work, antecedents of the behavioral intention to
learn emerging digital technologies include personal and
socio-environmental factors. Personal factor personal inno-
vativeness is derived from modified TAM [68], and anx-
iety from TAM3 [51], and social cognitive theory [27].
Socio-environmental factor long-term consequence is derived
from MPCU [56], job relevance from TAM2 [50], and
social influence from UTAUT [54]. Moderator age is used
from UTAUT [54]. Further, we have introduced two addi-
tional moderators that affect the relationship between the
antecedents and the behavioral intention to learn. One is the
professional’s performance level. The other is the technol-
ogy of interest, which moderates the relationship between
antecedents and behavioral intention to learn.

IV. RESEARCH METHODOLOGY
We have performed a quantitative analysis followed by a
qualitative study to validate the quantitative analysis findings.
This section explains the survey instrument, the data sampling
strategy, and respondents’ profiles.
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A. SURVEY INSTRUMENT
For validating the proposed LEDSmodel, a questionnaire was
developed for the survey. The questionnaire was prepared
to collect responses across two dependent variables: behav-
ioral intention to learn, learning behavior; five independent
variables: long-term consequence, personal innovativeness;
job relevance; anxiety; and three control variables to check
moderation effect: age, performance rating, and technology
of interest.

The constructs intention to learn, learning behavior, and
social influence derive items from UTAUT [54], long-term
consequence fromMPCU [56], personal innovativeness from
modified TAM [68]; job relevance from TAM2 [50], and
ARCS motivation theory [30], anxiety from TAM3 [51] and
social cognitive theory [27]. To fit the items into the context
of the current study, minor changes were made. Table 13 in
APPENDIX covers the details of each item.

The literature review was the basis of identifying these
variables, followed by expert reviews and the pilot survey.
Expert review was done with 30 experts, followed by a
pilot survey with 55 experienced professionals from selected
companies. Few constructs and items were dropped, and few
were refined based on the expert inputs. Further, based on the
pilot phase, reliability was enhanced based on Cronbach’s α,
as shown in Table 7. We arrived at 39 questions across five
sections for the full-scale survey.

The questionnaire was designed to have five sections.
Sections 1 and 2 had 19 questions about the respondent’s
demographic and employer information. Section 3 consisted
of questions on respondent’s interest and competency level
across various emerging digital technologies of IIoT like IoT,
AI/ML, big data, blockchain, AR/VR, robotics, and cyberse-
curity. Sections 4 and 5 consisted of 20 items related to 7 con-
structs. Within each construct, items were grouped to ensure
that the respondents followed a logical flow. Such a grouping
format is recommended for predicting user behavior [69].

The personal variables included in the analysis were
gender [70], performance level [71], and the respondent’s
technology preference to learn. All control variables were
converted into dummy nominal variables. To see any dif-
ference in the learning behavior related to various technolo-
gies, technology preference to learn is captured as a control
variable among the technologies like IoT, AI/ML, big data,
blockchain, AR/VR, robotics, and cybersecurity.

B. DATA COLLECTION
Data sampling strategy and profile of respondents is captured
in this section.

1) SAMPLING STRATEGY
We performed a national level survey among professionals
who worked in India’s engineering R&D services firms and
engaged in designing and developing IIoT products and solu-
tions. The respondents work on IIoT projects across indus-
try sectors like telecommunication, industrial, automotive,

aerospace, energy & utilities, healthcare, consumer devices,
home & building automation, and oil & gas. The sampling
method was random across the north, south, eastern, and
western zones of India. The list of organizations approached
for initiating this survey was based on their listing in NASS-
COM (National Association of Software and Service Com-
panies), India.

A formal letter of authorization was shared with the par-
ticipating organizations to allow the employees to participate
and respond to the survey, ensuring anonymity. Data were
collected from 95 firms in India on print copies and were
entered into a database for further analysis. Data collection
happened from June 2019 to Mar 2020. 55% response rate
was achieved, with 685 responses, which is in line with the
preferred sample size of 1:4 to 1:10, based on the number
of items [72]. ‘‘A five-point Likert scale with values ranging
from ‘strongly disagree’ to ‘strongly agree’ ’’ was used to
measure all the items under each construct. Positive coding
was used for most of the items.

The demography of self-reported collected data is val-
idated from the digital source [73] like the respondents’
LinkedIn profile in a non-intrusive manner. Further, from the
95 participating organizations, the participating employees’
data within the internal systems were used for performance
indicators and actual learning of courses undertaken in spe-
cific technologies. Thus, this study combines self-reported
surveys as well as internal enterprise systems data for the final
analysis.

2) PROFILE OF RESPONDENTS
Respondents were chosen from companies engaged in devel-
oping IIoT products and solutions using emerging digital
technology. Respondents were chosen from various large,
medium, small, and micro size companies like TCS, Tech
Mahindra, Infosys, Happiest Minds, Altran, Oracle, Siemens,
Tejas Networks, Ericsson, GE, LGE, Keysight across 14 loca-
tions spanning across north, east, south, and west zone of
India. Most of the respondents work on IIoT projects across
industry sectors like telecommunication, industrial, auto-
motive, aerospace, energy & utilities, healthcare, consumer
devices, home & building automation, and oil & gas. Out
of 685 datasets, 669 datasets were considered after removing
outliers, as discussed in the structural equation modeling
analysis section. Table 2 presents the demographic informa-
tion of 669 respondents.

97% of the respondents fall in the age group of 24 to
53 years. Only 2% of the respondents were less than the age
of 23 and 1% above the age of 53. The gender ratio of the
respondents was 82% male and 18% female.

V. ANALYSIS AND FINDINGS
A. NORMALITY
For each variable, normality was tested using the approach
of skewness-kurtosis [74]. Data is considered normal when
skewness and kurtosis fall within their acceptable limits
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TABLE 2. Respondents demographic and other related information.

(−2 to+2 for skewness,−7 to+7 for kurtosis). UsingAMOS
20.0, we found that skewness and kurtosis were within corre-
sponding limits, as shown in Table 3.

Mahalanobis d-squared is ‘‘distributed as a central chi-
square statistic with degrees of freedom equal to the number
of variables’’ [75], [76]. Typically for a multivariate outlier,
the value of Mahalanobis d-squared is significantly different
from other data points. Table 14 in APPENDIX shows some
outliers having significant (p1 <0.05) records with Maha-
lanobis d-squared value. These records are removed from the
data set before doing the analysis.

B. STRUCTURAL EQUATION MODELING ANALYSIS
Data collected from the survey is analyzed using the structural
equation model (SEM) technique was used. Further, we used
SEM to validate the hypotheses and validate the LEDS

TABLE 3. Assessment of data quality.

TABLE 4. Results of measurement model.

conceptual model. This versatile statistical modeling tool was
used in two stages (i) evaluation of the measurement model,
(ii) estimation of the structural model.

1) EVALUATION OF MEASUREMENT MODEL
For evaluating the measurement model, confirmatory factor
analysis (CFA) was performed to assess model fitness, con-
struct validity test, and construct reliability test.

a: MODEL FITNESS
Table 4 shows the value of CFA fit indices from the initial
measurement model of 685 datasets and a modified measure-
ment model of 669 datasets after removing outliers based on
the Mahalanobis d-squared values captured in Table 14 in
APPENDIX.

b: VALIDITY TEST
As part of the validity test, we conducted content, convergent,
and discriminant tests.
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Content validity test is done to inspect if the items describe
the context of the construct. We ensured content validity
through literature review and expert opinion. Construct valid-
ity test is a two-step process, which involves the inspection
of convergent and discriminant validity. Convergent validity
examines if the item of a construct is less correlated with the
item of another construct compared to the correlation with
one another within the same construct [77]. For convergent
validity, composite reliability (CR) is expected to be higher
than 0.70. AVE should be greater than 0.50, and CR should
be higher than AVE [78]. Table 5 shows that CR is more than
0.7, AVE is more than 0.5, and CR is more than AVE for all
constructs. This result demonstrates convergent validity.

TABLE 5. Convergent validity related statistics.

The discriminant validity test verifies that the items of
one construct with convergent validity are not significantly
correlated with items of any other construct [79]. Table 6
shows that all constructs have AVE>MSV and AVE>ASV,
demonstrating discriminant validity.

TABLE 6. Discriminant validity related statistics.

c: RELIABILITY TEST
For an acceptable level of scale reliability of all constructs,
Cronbach’s α is expected to be higher than 0.70 (Nunnally,
1978), and composite reliability (CR) should be below 0.70.
The average variance extracted (AVE) should be greater than
0.50 [74]. As captured in Table 7, for all latent constructs,
statistical results showed that the value of Cronbach’s α is
above 0.70. Further, CR for all latent constructs was below
0.70. Similarly, AVE’s value is above 0.50, which is recom-
mended for all latent constructs [74]. This result indicates that
the reliability of the constructs is adequate.

d: COMMON METHOD BIAS
The survey was designed by placing items of dependent vari-
ables to follow the items of independent variables and not the
vice-versa to avoid commonmethod bias. Additionally, it was

TABLE 7. Constructs reliability.

verified that the correlation coefficient between constructs
is not very high and within 0.60. Overall, it demonstrates
that common method bias is not observed. Similarly, socially
desirable response or response bias is checked and was found
to be within acceptable limits.

2) ESTIMATION OF THE STRUCTURAL MODEL
In this stage of the structural equation model, the LEDS
model’s fitness was tested. The research hypotheses were
validated using path analysis.

a: HYPOTHESES TEST RESULT
The structural model’s goodness of fit is established by
inspecting the model fit indices. It is found that Chi-square is
significant (Chi-square = 443.018,DF = 153,P = 0.000).
CMIN/DF value is 2.896, which is less than 3.0. Results of
the fitness indices (GFI = 0.938,AGFI = 0.915,NFI =
0.963,RFI = 0.954, IFI = 0.975,TLI = 0.969,CFI =
0.975,RMSEA = 0.053), indicate that the goodness of fit of
the structural model with the observed data is adequate [74].

The research hypotheses were tested by performing path
coefficient analysis. Table 8 captures the standardized regres-
sion weights.

TABLE 8. Results of hypotheses testing.

b: Sample ComparisonS (Gender)
Multiple group analysis was performed to verify if gender
impacts the intention to learn. As seen in Table 9, the model
result shows that the impact of predictors of intention to learn
is slightly different across female and male respondents.

c: SAMPLE COMPARISONS (Performance Rating)
Multiple group analysis was conducted in the model result to
compare the behavior based on the employee’s performance
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TABLE 9. Comparison of the path coefficient results between male and
female.

TABLE 10. Comparison of the path coefficient results across performance
ratings.

rating. As shown in Table 10, it shows that the respon-
dent’s performance rating moderates the predictor’s impact
on the intention to learn. Behavior is analyzed across three
classifications: meets expectation, exceeds expectation, and
exceptional performance. For exceptional performers and
performers with exceeding performance levels, personal
innovativeness is the only predictor of behavioral intention
to learn. Whereas, for average performers (tagged as meets
expectation), anxiety, relevance, and social influence are sig-
nificant predictors of behavioral intention to learn.

d: SAMPLE COMPARISONS (TECHNOLOGY-WISE
ASPIRATION TO Learn)
Multiple group analysis was conducted to compare the
aspiration to learn across various emerging digital technolo-
gies. As seen in Table 11, the test shows the difference
in predictors’ impact on learning intention across different
technologies.

Social influence is a relatively strong factor with a regres-
sion weight of 0.419 and 0.375 in learning intention towards
AI/ML and big data related technologies compared to other
technologies. Job relevance is significant (p-value < 0.05)
across all technologies except in blockchain (p-value> 0.05).
Minor differences were observed related to the impact of
anxiety, personal innovativeness, and long-term consequence
on the intention to learn across all technologies.

C. QUALITATIVE STUDY
Findings from the SEM analysis is validated through a qual-
itative study [80]. This step of the study was performed
to understand the reason and mindset behind the survey

responses. Also, the qualitative phase helped to comprehend
the quantitative results in greater depth and validate the
findings.

1) QUALITATIVE RESEARCH METHOD
We have used the phenomenology approach [81], which is
used to explore human experience in a phenomenon [82].
The phenomenon could be an object, event, or experience.
In the current study, we wanted to understand the organiza-
tional leadership experience concerning employees’ behavior
towards learning emerging digital technologies. We chose the
phenomenonmethod over grounded theory since we intended
to validate the findings from the quantitative study from
the experience of experts [83]. In contrast, grounded theory
identifies themes from qualitative data and develops a new
theory or hypotheses from scratch [82], hence was not used.

2) DATA COLLECTION
For the data collection, an in-depth semi-structured interview
was conducted with 30 executives, including the C-level
executives and senior leaders across 20 organizations. Out of
the 95 organizations that were probed for survey during the
quantitative research phase, 20 organizations were selected
with equal coverage on size and location. The phenomeno-
logical research approach involves methodical reflection on
the lived experience of changing systems [84]. Hence, partic-
ipants were selected if they had the experience [82] of man-
aging talent development in the fast-changing environment
of emerging digital technologies. Interview requests were
sent to 40 senior executives, out of which 30 accepted the
invite. Interviews were conducted with these 30 participants
over four months from July to October 2020. One-o-one
interviews were scheduled and conducted for 30 to 45 min-
utes. Some of the respondents were interviewed multiple
times to avoid wrong interpretation and bias. Notes from
the interviews were entered and managed using Microsoft
Excel software. While responding to questions, interviewees
also referred to their organization strategy, reports from
capacity planning, resource management, talent acquisition,
learning & development and human resource development
functions.

Below are the four sets of guiding questions and few sam-
ple responses from the semi-structured interview. The first
one is a generic question, followed by questions specific to
our study.

Q1: To stay competitive and cope with the changing tech-
nological environment, what practices does the organization
follow to stay ambidextrous? What strategy do you follow
to stay competitive in the marketplace? What practices do
you follow to meet the talent demand? What kind of learning
and development practices does the organization follow to
meet the talent demand in emerging digital technologies?
Reply: Community of Practices is a standard method used for
emerging technology-related skill development programs by
learning & development (L&D) function throughout the year.
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TABLE 11. Comparison of the path coefficient results among technologies.

Q2: What makes the employees nominate to the skill
development programs to reskill or upskill in emerging
digital technologies? What makes them learn new skills?
What are the personal traits and environmental influencing
factors? Reply: Alignment between the organizational goal
and employee aspiration is a common practice. While dis-
cussing the career path, managers encourage their subordi-
nates to continuously reskill and upskill to stay relevant and
faster career growth.

Q3: Once self-nominated, do they complete the skill devel-
opment programs or drop out? What are the reasons for
dropping out? Reply: They must complete the program to get
the course completion certificate. Sometimes they drop out
due to the challenge in balancing with the bandwidth demand
from ongoing projects. Not everyone is ready to stretch to
balance project delivery and upskilling.

Q4: What are the other factors that moderate their learning
behavior? What makes employees chose to learn one tech-
nology over the other? Reply: They are ready to invest time
in learning a new skill when there is a visibility of doing
a project in the near future. For example, since the number
of cloud technology projects is high, they may like to learn
cloud technologies rather than blockchain. High performers
are self-driven and have a higher level of learning aptitude
and vice-a-versa.

3) DATA ANALYSIS
Responses from all the interviews were transcribed verbatim,
followed by thematic analysis. After multiple rounds of anal-
ysis of the transcriptions, we categorized them into themes.
Responses from question two were categorized under vari-
ous antecedents that influence behavioral intention to learn.
Responses from question three and four were categorized
under the moderators that affect the relationship between the
antecedents and the behavioral intention to learn.

4) FINDINGS FROM QUALITATIVE STUDY
The responses were categorized under themes job relevance,
anxiety, innovativeness, social influence, and long-term
impact, which influence the learning behavior. Table 12 cap-
tures some of the unique responses and their mapping to
various themes.

TABLE 12. Themes from interview responses.

Similarly, on the moderation effect, responses are catego-
rized under gender, performance level and technology prefer-
ence as explained below.
• Professional’s gender has a minor moderating effect on
the learning behavior. However, it is often observed that
intention to learn and actual learning behavior is robust
than their male colleagues. Employees from all genders
realize that reskilling is key for their career growth.
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However, in the pursuit to balance work-life, female
employees tend to choose a skill development program
that they can complete and eventually reskill themselves.

• Extraordinary performers are self-driven. Their curiosity
and innovativeness drive them to learn new technologies
and related skills. They are self-driven and do better
time management to balance current assignments and
learning new skills. However, average performers are
driven by theirmanagers andmentors to register in a skill
development program. Also, many times threat of job
loss due to possible skill obsolescence creates anxiety,
and they go for reskilling.

• Professionals have a preference to learn a particular
technology over others. Based on their perception and
maturity, and the potential of using the technology in
the near future, professionals chose technology to learn.
Many times, they also assess how different the new
technology from the current skills they possess. They
prefer to go for a technology where skill distance is low.
For example, someone with expertise in web application
development prefers to learn cloud services and related
technologies rather than learning blockchain.

VI. DISCUSSION
This section contains the key findings from the quantitative
and qualitative analysis, theoretical and practical implica-
tions, limitations, and future scope.

A. KEY FINDINGS
As per the statistical analysis, it is found that construct relia-
bility, validity, and model fitness of the measurement model
were successfully achieved. Further, based on the structural
model being examined, an acceptable level of predictability
is obtained for the endogenous factors: behavioral intention
to learn and actual learning behavior.

Social influence and personal innovativeness are the most
influential factors predicting intention to learn with a regres-
sion weight of 0.347 and 0.271, respectively. Relevance,
long-term consequence, and anxiety are also detected as pre-
dictors of intention to learn, measuring regression weights
of 0.186, 0.145, and 0.117, respectively. Finally, a significant
link was found between intention to learn and actual learning
behavior, measuring a regression weight of 0.598.

Moderation effects of gender, the performance rating of
professionals, and technology of interest are found on the
relationship between antecedents and behavioral intention to
learn. A significant difference between male and female pro-
fessionals is observed in how the intention to learn predicts
actual learning behavior with a regression weight of 0.552 in
males, whereas it is 0.733 in females.

Further, significant differences were observed in the way
predictors impact intention to learn and the actual learning
behavior for employees across different performance levels.
As the employee’s performance improves, the intention to
learn is predicted by a lesser number of factors. For excep-
tional performers and exceeding performance cases, personal

innovativeness is the key driver of intention to learn with a
regression weight of 0.514 and 0.478, respectively. Whereas,
for average performers, social influence, job relevance, and
anxiety are key driving factors of intention to learn with
regression weights 0.518, 0.262, and 0.170, respectively.
However, regression weight between intention to learn and
actual learning behavior is similar across exceptional per-
formers, exceeds expectation, and meets expectation with
regression weights 0.617, 0.653, and 0.642, respectively.

Moreover, we have found that the technology itself is
a moderating factor in learning behavior, which indicates
the maturity of the technology in the industry. Social influ-
ence is a relatively strong factor with a regression weight
of 0.419 and 0.375 in learning intention towards AI/ML and
big data related technologies compared to other technolo-
gies. Job relevance is significant (p-value < 0.05) across all
technologies except in blockchain (p-value > 0.05). Minor
differences were observed related to the impact of anxiety,
personal innovativeness, and long-term consequence on the
intention to learn across all technologies.

In line with the quantitative analysis, the qualitative study
found the themes related to the antecedents of behavioral
intention andmoderators that impact the relationship between
antecedents and the intention to learn.

B. THEORETICAL IMPLICATIONS
This study explores the predictors of individuals’ learning
behavior in the fast-changing environment of emerging dig-
ital technologies. These technologies are crucial for devel-
oping IIoT products and solutions. We have established the
LEDS model, which helps to study emerging digital technol-
ogy professionals’ learning behavior, establishes the hypothe-
ses, and answers the research questions. Here are the key
contributions to theory.

First, the LEDS model extends the individual’s ambidex-
trous learning model [14] to explain the learning intention of
professionals aspiring to develop IIoT solutions using emerg-
ing digital technologies. LEDS model inherits antecedents
from technology adoption theories. Moreover, it empirically
established that social influence, innovativeness, relevance,
long-term consequence, and anxiety predict professionals’
learning intention. Also, a strong relationship was found
between intention to learn and learning behavior in this
context.

Second, these findings are aligned with technology accep-
tance theories applied in analyzing the learning intention
and actual learning behavior of professionals towards emerg-
ing digital technologies. Social influence is detected as
a strong predictor of learning intention, which is in line
with UTAUT [54], followed by personal innovativeness as
per modified TAM [68]. Further, other predictors are job
relevance as in TAM2 [50], long-term consequence as in
MPCU [56], and anxiety as in TAM3 [51]. While social
influence is one of the critical antecedents of knowledge
acquisition via e-learning [85] and mobile learning [86], it is
a determinant in the context of individual behavioral [87].
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Our finding extends this and establishes that social influence
positively impacts professionals’ intention to learn emerging
digital technologies. While personal innovativeness [68] has
been used in the individual learning context of ICT [88],
it positively impacts the behavioral intention to learn. Anxiety
due to uncertainties related future of the job impacts the
professional’s intention to learn. This behavior aligns with
anxiety behavior that affects a professional’s intention and
actual technology use behavior [56]. A significant linkage
was observed between intention to learn and the actual learn-
ing behavior, which is in line with UTAUT [54].

Third, recent research shows individual ambidextrous
learning behavior impacts individual and group perfor-
mance [15], [16]. On the contrary, our study shows themoder-
ating effect of professionals’ performance on the relationship
between antecedents and the intention to learn. This modera-
tion relationship is one of the significant contributions to the-
ory. As the employee’s performance improves, the intention
to learn is predicted by a lesser number of factors. For excep-
tional performers, personal innovativeness is the key driver in
the intention to learn.Whereas, for average performers, social
influence and anxiety are additional driving factors towards
intention to learn.

The fourth significant contribution to theory is the mod-
eration effect of technology on the relationship between the
antecedents and behavioral intention to learn. Professionals
prefer to learn a technology over the other based on tech-
nology maturity in the industry and its potential usefulness.
Blockchain is expected to be a breakthrough technology.
However, its comparison and significant advantage over tradi-
tional approaches are yet to be established. There is a growing
realization in businesses that blockchain in industrial IoT is
not mature yet.

The fifth contribution is gender moderating the relation-
ship between antecedents and intention to learn emerging
digital technologies. This behavior aligns with the moderator
effect of gender on the intent and actual behavior [89], [90].
However, an additional theoretical contribution is that the
strength of the relationship between intention to learn and
actual learning behavior is high in female employees than
male employees.

Finally, such empirical research is the first of its kind con-
ducted in India to analyze professionals’ learning behavior
towards emerging digital technologies for developing IIoT
solutions across industries. LEDS behavioral model is devel-
oped based on this study conducted in India.

C. PRACTICAL IMPLICATIONS
This study derives practical implications for the practitioners
and decision-makers of digital transformation towards IIoT
solutions and deployment. The challenge of maintaining a
balance between meeting demand for emerging digital skills
and executing the developmental journey of employees in the
era of fast technological development can be managed by
understanding the findings cited in the LEDS behaviormodel.

Based on the LEDS behavior model, here are some con-
siderations for practitioners of ambidextrous organizations
involved in designing ramp-up strategies to meet the current
and future demand of emerging digital skills for their product
and solution development programs.
• Use antecedents of employees’ ambidextrous learning
behavior to formulate policies to achieve ambidextrous
organization’s goals.

• Learning aspiration is high, with professionals having
high innovativeness as they try to experiment with new
technologies. Such professionals are suitable to form the
core team of a project team in emerging areas.

• Employees prefer learning a particular technology by
assessing its relevance to their career and the long-term
consequence of learning the technology.

• Some professionals develop the anxiety of the possi-
bility of unemployment, which may arise due to tech-
nological advancements. To stay relevant in their job,
they need to reskill and upskill themselves in emerging
digital technologies. One can reduce learning anxiety by
creating a safer environment or increase survival anxiety
by signaling career impact.

• Intention to learn as a predictor of actual learning
behavior varies among male and female employees. The
intention is robust in female employees and essential
insight for the HR department to appropriately align
HR policies.

• The social influence of peers and friends impact learning
behavior. A supportive team, manager, and leadership
can impact learning behavior positively.

• Perceived maturity of the technology may hamper pro-
fessionals’ intention to learn and the learning behavior.
Hence, there is a need for extensive feasibility studies
before the rollout of any reskilling program. As per our
findings, the perceived immaturity level of blockchain in
the industry reflects the professional’s aspiration to learn
blockchain technology.

These considerations can be further used as input towards
policy formation to practice it widely across the organi-
zation. Organizations need to drive a learning culture by
employees’ aspiration to learn, rather than making an orga-
nization mandate. Organizations need to consider the fac-
tors influencing learning aspiration and employees’ learning
behavior as part of the learning and development strategy.
A supportive learning environment in terms of institutional
support and resources required to improve learning effective-
ness improves diversified learning activities. If employees’
perception of organizational support remains high, employ-
ees’ behavior and attitude show positivity, benefiting the
organization.

D. LIMITATIONS AND FUTURE RESEARCH
Theoretical and practical significance is described by iden-
tifying specific factors that are relatively more important,
which affect the intention to learn and professionals’ actual
learning behavior. Nevertheless, there were a few limitations,
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TABLE 13. Constructs and items.

which can be the scope for future research. This study was
conducted only on professionals who worked in companies
in India involved in the design and development of IIoT
products or R&D engineering services. There is a scope to
extend and analyze the LEDS model specific to the automo-
tive, aerospace, energy, or healthcare industry. Consequently,
future research should attempt to involve professionals in
various other industries. Further, the impact of moderator
variables like age, work experience, and salary on the inten-
tion to learn and the actual learning behavior can be analyzed.

VII. CONCLUSION
Ambidextrous learning behavior by professionals is excep-
tionally critical to cope with the fast-changing development
in emerging digital technologies. Hence we analyzed the
personal and socio-environmental factors to understand the
professional’s intention to learn and actual learning behavior.

TABLE 14. Mahalanobis d-squared value.

This empirical research is the first of its kind conducted in
India to study employees’ ambidextrous learning behavior
in the space of IIoT and fast-changing digital technologies.
In the nation-wide survey we conducted, 685 professionals
working in 95 firms across sectors like industrial, energy,
automotive, aerospace, healthcare, and consumer products
participated. As per the LEDS model, social influence, per-
sonal innovativeness, anxiety, long-term consequence, and
job relevance predict the behavioral intention to learn emerg-
ing digital technologies. Moreover, these relationships were
moderated by the performance level of the professional and
the technology of interest. For instance, for exceptional per-
formers, personal innovativeness was the key driver in the
intention to learn. Whereas, for average performers, social
influence and anxiety are additional driving factors towards
intention to learn. Understanding such behavior helps practi-
tioners formulate the appropriate ramp-up strategy tomeet the
demand. Learning and development policies can be aligned to
meet the current and future demand and implement the IIoT
strategy.

APPENDIX
See Table 13 and 14.
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