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Abstract- Artificial Intelligence (Al) revolution is completely transforming the landscape of labor markets,
generating the problem of workforce overprovision in traditional jobs and severe deficits of skills that are essential
in the age of Al. This research proposes a quantitative approach for SWP that would solve the stated paradoxes
using analytical and collaborative modeling of multiple scenarios of human-Al collaboration. Analyzing the survey
results among 1,010 C-suite executives and the experience of firms that implement Al technologies, it becomes
possible to prove that the firms implementing the approach of Al-driven workforce planning along with appropriate
reskilling initiatives enjoy much higher levels of efficiency and resilience of their workforce. The suggested approach
includes the DWAM model consisting of four interconnected modules, namely predictive demand sensing, skills gap
analysis, reskilling optimization, and human-Al collaboration design. Simulations show that proper SWP allows
reducing displacement rates by 40% and increasing talent retention by 35%.
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I. INTRODUCTION According to the study conducted among 1,010
executives around the globe, 92% of respondents
report about having from 20 to 50% of workforce
overcapacity due to automation; however, 94% of
the executives indicate serious shortages in
competencies required in Al [2]. By 2028, almost half
of the managers will see more than 30% of the
workforce overcapacity in conventional jobs while
44% of the executives will report about skills gap
ranging from 20 to 40% [2].

The inclusion of artificial intelligence (Al) in
organizational operations is one of the most
important challenges that have emerged for
workforce management,  with  far-reaching
consequences for job structures, qualifications
needed, and competitiveness sustainability [2][3][8].
It is expected that the total global expenditure on Al
will reach $204 billion in 2025; however, many
companies fail to convert their technological
investments into competitive advantages
sustainably [2][8]. The problem here is not only
related to technology itself but to an ability to
orchestrate complex workforce changes, which
would contribute to the company's performance and
at the same time protect workers' dignity and ensure
development of future skills [2][8][9].

However, the influence of Al on employment does
not have to be negative in all its dimensions [3][6].
The research conducted has proven that the
adoption of Al in companies caused the fall in
employment in the middle skill occupations by
23.4% in the case of developing countries [3]. At the
same time, the implementation of artificial
intelligence resulted in the growth of employment in
the sphere associated with Al by 31.7% (the fields

Modern research presents a paradox that | ] . :
including data science and system maintenance) [3].

characterizes modern labor market dynamics [2][7].
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It was found out that companies which invested in
programs aimed at reskilling and upskilling
employees demonstrated better flexibility and
higher retention rates, stressing the importance of
continuous learning in coping with the changes
caused by the introduction of new technologies
[31[6][10]. Finally, the use of digital technology
contributes positively to the company's performance
only in combination with training the internal staff,
except for Al which improves the company's
performance regardless of the existence of training
programs [3].

Workforce planning has never been such an essential
strategy [2][5][8]. According to Gartner, in 2028-2029
there will appear annually over 32 million jobs
redesigned, reconfigured, and fused [5]. Each day
150 thousand jobs will be transformed by upskilling,
whereas 70 thousand jobs need to be completely
redesigned [5].

Despite increasing awareness of the revolutionary
effects of Al, significant knowledge gaps are still
present in terms of approaches to workforce
planning in the age of Al [2][4][9]. Current research
on the topic is mostly concentrated on either one
aspect of the process - either adoption of
technology or human resources management -
without integrating models of the problem
considering both displacement due to automation
and changing skill requirements [2][4][9].

The paper is an attempt to fill those knowledge gaps
and create a quantitative approach to strategic
workforce planning based on the integration of
predictive analytics and human-centric development
of the work force [1][2][4][9]. The Dynamic
Workforce Adaptation Model (DWAM) allows
forecasting skills needs and gap analysis, optimizes

investments in reskiling and provides a
methodology for the design of human-Al
cooperation architecture [1112]1141[9]. The

contributions of the paper include:

e Synthesis of the empirical evidence of the dual
effect of Al on workforce dynamics [2][3][6]

e Creation of the methodology for the data driven
workforce planning [1][4][8]

e The quantitative validation of the model [1][4][9]

Il. LITERATURE SURVEY

Al and workforce planning have been an area of
interest in the literature since their interaction is
recognized to have profound implications for labor
market structures and the nature of work required,
including its organization [1]{2][4][9]. This literature
review will outline and analyze recent empirical and
theoretical developments related to strategic
workforce planning in the age of Al [1][2][4][9].

The nature of the labor market impact of Al
technologies has been extensively analyzed and
confirmed in the recent literature [3][6]. As shown by
Marydas, Mathew, De Marzo, and Pietrobelli, the
adoption of Al by the company leads to the
substitution of lower-tech digital jobs with those
requiring Al knowledge while increasing the total
number of hiring of non-digital jobs [3]. This
evidence indicates that the adoption of Al does not
necessarily result in decreasing employment, but it
changes its allocation towards more sophisticated
positions [3]. Moreover, as noted by the same
authors, the impact of digital technology adoption
on the company's financial performance occurs only
if coupled with staff training; and again, Al is the only
exception to this rule [3].

Transformation of the workforce is significant
[2][5][8]. Gigant and Sergent found out that there is
an overcapacity of workers within a range of 20% in
92% of the C-suite, where there is 94% skill shortage
in areas critical to Al technology [2]. They estimate
that come 2028, about half of the companies will
have over 30% surplus of workers in conventional
positions, but still having skill gaps of 20-40% in
roles critical to Al [2]. These two dynamics form what
the authors call the "workforce paradox," which
makes traditional workforce strategies and role
taxonomy outdated [2]. There are four imperatives
for addressing the paradox identified in the study:
reskilling on a large scale, redesigning roles to
facilitate human-Al collaboration, integrating
workforce planning into core strategy, and use all HR
levers for transition management [2].

The use of predictive modeling has become an
important tool for strategic decisions regarding
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workforces [1][4]. In a study that analyzed 51 papers
concerning the use of Al in predictive models within
human resource management, Mansouri and
Mansouri conclude that the adoption of such
predictive models helps to improve recruitment
efficiency, predict turnover, and find skills gaps [4].
The authors stress the ongoing difficulties associated
with the poor quality of data, algorithmic biases, and
ethical issues and indicate the need to introduce
integrated frameworks for governance [4]. Likewise,
counterfactual analysis carried out by scholars from
EPOKA University shows that Al-assisted HR
practices would have helped in historical cases of
allocating workforces more efficiently and reducing
absenteeism [4].

There is abundant literature on the use of reskilling
as a strategy to counter job displacement caused by
automation [6][10]. Abduljabbar and Bazool adopt
an integrated methodological strategy for
investigating five sectors, coming up with important
key performance indicators like Automation
Adoption Rate, Job Displacement Rate, Reskilling
Effectiveness Ratio, and Workforce Resilience Index
[10]. The researchers' use of multiple regression
analysis reveals that reskilling significantly decreases
job displacement, noting that industrial sectors with
effective reskilling infrastructure exhibit labor
stability [10]. Ly, Ly, and Ma offer insights from the
growing digital economy in Cambodia, where job
displacement triggered by the adoption of Al
technology predominantly impacts low-skilled
workers [6]. This has created increased pressure for
learning new skills, hence the need for reskilling
programs [6].

Human-Al collaboration is the new horizon of
workforce revolution [5][8][9]. According to Gartner
analysts, over 32 million jobs will transform yearly
starting from 2028/2029, with Al generating more
jobs than it destroys [5]. Four possible scenarios of
the chain reaction of Al's impact on employment and
enterprises have been described, including scenarios
where Al is doing routine work with less labor force
and where innovation-driven labor force working
with Al can transcend knowledge boundaries [5]. In
the presented model, it is clear that Al-first initiatives
can only be successful if they are people-first

initiatives, meaning that the level of human-Al
collaboration determines the success of enterprises

[5].

Strategic models for sustainable integration of Al
systems have been suggested by Tenakwah and
Otchere-Ankrah where they introduce a five-pillar
model that includes ethical Al governance,
ecosystem of ongoing workforce development,
human-oriented technology design, adaptable
organizations, and stakeholder involvement [9].
Strategic Human Resource Management acts as a
driver in the sustainable Al transformation through
such a model rather than seeing Al implementation
as a technological task, considering it as an
organizational transformation [9]. Work done by
Salman shows that structural integration of
predictive analytics is necessary to ensure
sustainability of competitive advantage and financial
robustness in turbulent environments especially
transitional economies [1].

Practical applications of Al-enabled workforce
planning have been captured in case studies in
organizations [7][8]. For instance, BMW's Alconic
multi-agent system, which has been able to serve
about 1,800 users with more than 10,000 searches,
has proved successful [8]. The system is able to
handle tender analyses, supplier information
management, and quality assurance, as the company
has managed to evolve the system from being a
passive search helper to an active decision maker [8].
Besides technology implementation, BMW has
ensured that its workers receive digital training and
Al innovation space for all staff members, indicating
the significance of technology adoption alongside
workforce enablement [8]. In addition, when
Applicant Tracking System was implemented in a
private university in India, there has been a 132%
application increase, 44% manual screening
decrease, and 66% successful hire increase [7].

I1l. PROPOSED METHODOLOGY

This chapter introduces the Dynamic Workforce
Adaptation Model (DWAM), a mathematical model
designed for the purposes of strategic workforce
planning in the age of artificial intelligence. This
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method is made up of four interrelated modules that
together allow businesses to predict their workforce
needs, recognize capability gaps, and plan for
reskilling initiatives.

PREDICTIVE
DEMAND SENSING

o HUMAN-AI INTEGRATED WORKFORCE
COLLABORATION PLANNING DASHBOARD

DESIGN

( RESKILLING
‘ OPTIMIZATION

4—> Information Flow Between Modules and Dashboard ——p  Cyclical Information Flow

Figure 1: Dynamic Workforce Adaptation Model
(DWAM) Architecture

Figure 1 is the schematic of the framework for the
Dynamic Workforce Adaptation Model (DWAM). The
figure displays the interconnection of four modules
in a circular pattern:

e Predictive Demand Sensing at the top

Skills Gap Analysis at the right

Reskilling Optimization at the bottom
Human-Al Collaboration Design at the left

There are arrows connecting each module to depict
the direction of information flow, whereby all
modules connect to an integrated workforce
planning dashboard at the center.

Module 1: Predictive Demand Sensing

The Predictive Demand Sensing module adopts
machine learning algorithms to predict future
workforce needs based on organizational strategy,
technology adoption trends, and market conditions.

The module relies on three main types of data input,

which include:

e Strategic business goals and business growth
forecasts

e Technology adoption pathways, indicating ai
implementation timing

e External labor market information,
encompassing the skill premium trend and
workforce strategy of competitors

The forecasting process utilizes a combination of two
techniques, including regression-based prediction
and scenario analysis. The basic forecasting model
applies time-series analysis of historical data on the
composition of the workforce, taking into account
automation substitution rates through industry-
specific indexes of automation potential. Three
different scenarios are developed: optimistic (rapid
Al adoption, 50% productivity increase), moderate
(steady Al adoption, 30% productivity increase), and
conservative (careful Al adoption, 15% productivity
increase). The demand for the workforce is predicted
for five different occupational categories, including

routine cognitive, routine manual, non-routine
analytical, non-routine interpersonal, and Al
specialists.

The module produces a five-year demand forecast
for the workforce which shows the number of people
needed per job type, skill group, and location. The
forecast is broken down into quarters to allow firms
to account for seasonality. The uncertainty ranges of
the forecasts help decision-makers manage the risks
involved in capacity planning.

Module 2: Skills Gap Analysis

Skills Gap Analysis Module is used to quantitatively
measure the gap between present skill sets of
employees and future needs. The method starts from
developing a full-fledged skills inventory wherein
skills of all the employees are mapped on a
competency grid which includes technical skills,
digital skills, domain knowledge, and meta-
competencies.

The current workforce skills are determined using
several sources of data including: performance
evaluations, certifications tracking, projects portfolio,
and self-assessment. In case of new skills that have
emerged but not in the organization, the
benchmarking data obtained from industry skills
framework and occupational database serves as
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references. The Skills Taxonomy is flexible and new
skills can be added as new skills emerge in the world
of Al.

The Gap Analysis process utilizes a matrix method by
plotting the required skills against available skills for
each role category. The gaps are classified
depending on their severity (critical, significant,
moderate, or negligible) depending on how
important the skill is in terms of its contribution
towards role performance and the time when the
skill will be acquired. Time aspect has been
considered by classifying the gaps into short term
(12 months or less), medium term (12 — 36 months),
and long term (over 36 months).

This module creates a Skills Gap Heat Map,
highlighting key interventions. Some metrics created
by this module are WSCI (Workforce Skills Coverage
Index), which is the ratio of covered skills to required
skills weighted by the importance of skills; SGSS
(Skills Gap Severity Score), which measures the size
of gaps in key skill categories; and SSVI (Strategic
Skills  Vulnerable Index), which  measures
vulnerability to external labor market constraints.

Module 3: Reskilling Optimization

The Reskilling Optimization module identifies how
best to allocate resources between reskilling,
upskilling, and hiring from the outside to fill all skill
gaps that have been identified. This module works
within limited resources such as budget, timeline,
training capacity, etc., by using an objective function
that will minimize the transition cost of the workforce
while meeting the target capability requirements.

For every skill gap that is identified, there needs to
be an identified path towards reskilling, with a list of
prerequisite skills required, method of learning
(courses, mentoring, projects, certifications, etc.),
estimated time taken for reskilling and probability of
success. The learning curve that the model will utilize
is based on the empirical data on the efficacy of
training and the fact that learning rates are highly
varied based on skill type, learner, and method of
learning.

The optimization model utilizes linear programming,
where decision variables are number of people
allocated to each reskilling pathway. The constraints
include yearly training capacity, budget limits,
organizational absorptive capacity and risk
management requirements in terms of addressing
critical skill gaps through multiple paths to reduce
risks associated with implementation.

Output from this module includes an investment
plan for reskilling outlining assignment of cohorts to
different programs and sequencing of the same to
ensure that the transition does not impact
operations. The other output from the module is the
Workforce Transition Risk Score which shows the
likelihood of achieving gap closure depending on
the investment strategy adopted.

Module 4: Human-Al Collaboration Design
Human-Al Collaboration Design Module designs
workflows to achieve efficient distribution of effort
between human workers and Al machines. The
approach is based on task decomposition, which
entails analysis of work activities to allocate efforts
between human skills and Al capabilities in terms of
technical possibilities, economic efficiency, and
strategy.

Task assessment is done using a classification matrix
that evaluates every activity from the point of view
of three criteria: the level of automation (technical
feasibility of task implementation by Al), strategic
importance (importance for creating competitive
advantage), and human value-added (human input).
Activities that score high on automation and low on
human value-added get priority for implementation
through Al. Activities with high human value-added
remain human activities and might be enhanced by
Al

In case of tasks in which both humans and Al will
participate, collaborative rules are developed,
covering responsibilities, decision-making authority,
and escalation procedures. Suggestions for role
redesign are made with job descriptions of new roles
(Al trainers, prompt engineers, etc.). Performance
measures are redesigned to reflect not only



Dr. C. Sharmila, International Journal of Science, Engineering and Technology,

2026, 14:4
individual but also team results of human-Al
collaboration.

The simulation in the module is based on agent-
based modeling to explore how collaborative
processes work. Design variables that can be tested
using simulation include degree of autonomy (from
decision-making to self-execution), the degree of
human  supervision, and  bandwidth  of
communication between the human and the Al
Simulated outputs include measures of efficiency,
error rates, and worker satisfaction levels.

Camn ™
fol_,‘
3. COLLABORATE

Moderate Automation Potential
i n Value-Add

Y

4. HUMAN-LED

Low Automation Potential
High Human Value-Add

2. AUGMENT

High Automation Potential
High Human Value-Add

Tasks that are repetitive, rule-based,
and predictable—best handled
Low autonomously by Al

Tasks where Al supports and enhances
human performance an d decision. -making

Low High
Automation Potential
(Rule-Based, Ropetitive, Predictable)

Figure 2: Task Allocation Matrix for Human-Al
Collaboration

Figure 2 depicts the task allocation matrix used in

human-Al  cooperation. The x-axis shows

Automation Potential (ranging from low to high),

whereas the y-axis shows Human Value-Add (also

ranging from low to high). There are four distinct

quadrants in the matrix, including

e Automate - tasks that have high automation
potential and low human value-add

e Augment — tasks that have high automation
potential and high human value-add

e Collaborate - tasks that have moderate
automation potential and high human value-
add

e Human-Led - tasks that have low automation
potential and high human value-add

IV. ANALYSIS

1. Quantitative Validation and Simulation Results
The methodology has been tested and confirmed
through simulation analysis based on fabricated

workforce data that matches the benchmarks
obtained from the 1,010-personal C-suite survey
carried out by Gigant and Sergent. This simulation is
done based on the average-sized company with
5,000 workers spread across five different functional
departments, including: operations (35%), customer
care (20%), finance (15%), marketing (10%) and
technology (20%). Three different scenarios have
been considered: baseline (in case no intervention
for strategic workforce planning is considered),
reactive planning and proactive DWAM.

100

80 | 75

60 e

Workforce Resilience Index (WRI)
|
'f
|

0 12 24 36 48 60
Time (Months)

—e— Baseline Scenario —e— Reactive Planning Scenario —e— Proactive DWAM Scenario

Figure 3: Workforce Adaptation Effectiveness over
Five-Year Horizon

Figure 3 is a line chart comparing the effectiveness
of workforce adaptation among three different
scenarios within a 60-month time frame. Time in
months is shown on the x-axis whereas the
Workforce Resilience Index (WRI) rated between 0
and 100 is depicted on the y-axis. In the baseline
scenario, there was a decline in WRI from 75 to 45
during the period. In the reactive planning scenario,
there was some improvement that made the WRI
value increase from 75 to 62. The proactive DWAM
scenario saw an improvement from 75 to 92.

Simulation results show that much can be achieved
with proactive workforce planning. The Workforce
Resilience Index (WRI), which evaluates the ability of
the firm to achieve its objectives in the context of
workforce transition, rose from 75 to 92 in five years
following the implementation of the proactive
DWAM strategy, in contrast to the drop to 45 in the
baseline scenario.
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In figure 4 below, the bar graph shows comparative
data on skills gap closure percentages in relation to
the four methods of intervention. On the horizontal
axis, we have intervention types which include
External Hiring Only, Reskilling Only, Optimized

Engineering and Technology,

including all four modules. There are three bars per
each intervention: Critical Gaps (dark blue),
Significant Gaps (medium blue), and Moderate Gaps
(light blue). Full DWAM Implementation has the best
gap closure rate at 92% for critical gaps, while
External Hiring Only has a 45%.

Skills gap closure analysis highlights the superiority
of an integrated approach. The full DWAM
implementation closure rate for critical skills gaps
was 92% after 18 months, while for external hiring
only it was 45%, for reskilling only 58%, and for
optimized reskilling 76%. It is evident that there are
synergies from the integration of predictive sensing,
skills analytics, optimized reskilling investments, and
human-Al collaboration design.

Reskilling where reskilling is optimized through cost- Zomrparalrlve Analysis:  Strategic  Planning
benefit analysis, and Full DWAM Implementation pproaches
Table 1: Comparative Analysis of Strategic Workforce Planning Approaches
Metric Baseline (No Reactive Proactive Industry
Planning) Planning DWAM Benchmark
Workforce Resilience 45 62 90 70
Index
Critical Skills Gap
129 419 29 9
Closure (18 months) 7 7 92% 65%
Talent Turnover Rate 28% 21% 14% 18%
(annual)

Reskilling ROI (5-year) N/A 1.8x 4.2x 2.5x
Time to Fill Critical Roles 85 days 62 days 28 days 45 days
Unplanned Redundancy 35% 18% 6% 159%

Rate
Human-Al (;ollaboratlon 21/5 3.2/5 4.6/5 3.5/5
Effectiveness
Workforce Agility Score 2.8/5 3.5/5 4.7/5 3.8/5
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Comparative analysis in Table 1 shows considerable
performance discrepancies between different
planning strategies. Performance of proactive
DWAM strategy shows Workforce Resilience Index of
92, which considerably exceeds the industry
benchmark of 70, while baseline scenarios do not
reach it and show much lower values of 45. Closing
rates for critical skills gaps represent the biggest
disparity, since the DWAM shows 92% closing rate in
18 months, whereas the reactive planning shows
only 41%.

Benefits in talent retention are no less considerable.
Annual turnover rate is reduced from 28% to 14% in
case of DWAM strategy, which is considerably lower
than the industry average of 18%. These results are
achieved through reskilling opportunities and their
ability to indicate employer's readiness to invest in
employees' professional growth and development.
Reskilling ROl in case of DWAM is 4.2x over five
years, which is considerably higher than in case of
reactive planning (1.8x) and industry benchmark
(2.5x).

The time to fill vital positions is shortened from 85
days with the baseline strategy to 28 days with
DWAM, thanks to skills analytics that help in the
identification of suitable internal candidates before
the need for recruitment arises and focused external
hiring when there are skills gaps that cannot be met
internally. Reduced operational disruption during
transition of the workforce is the direct benefit of
such agility.

The degree of effectiveness of Human-Al
cooperation, as reflected in a score based on a
composite of productivity, quality, and worker
satisfaction, is improved from 2.1/5 with baseline to
4.6/5 with DWAM. This is achieved as part of the
systematic process of designing effective human-Al
collaboration. Scores for workforce agility improve
similarly, from 2.8/5 to 4.7/5.

Discussion
This study highlights the importance for
organizations to develop a different strategy

regarding workforce planning in the age of Al than
what was used before. The dual issue of overstaffing

in the company and skills shortage requires a more
systematic approach rather than fragmented
attempts at addressing this problem.

The validation results corroborate with the general
body of knowledge about the influence of Al on the
workforce. The finding that proactive reskilling
lowers the rate of displacement correlates with the
findings of Abduljabbar and Bazool on how job
losses due to automation can be completely
prevented if proactive measures are applied. Also,
the retention effects under DWAM correlate with the
results on how digital technology improves firm
performance if combined with employee training.

The significant increase in collaboration efficiency
between humans and Al through DWAM shows that
structured design processes provide better results
compared to ad hoc approaches. Companies making
use of task decomposition, role redesign, and
collaboration protocol design become efficient and
engage their employees. Thus, this result
corroborates the claim by Gartner that being "Al-
first" is successful only when it is, first of all, "people-
first".

The effectiveness of skills gap closure highlights the
importance of workforce planning integration. The
combination of predictive sensing and proper
reskilling investment along with designing human-Al
collaboration leads to synergetic effects greater than
those of each measure in isolation. It means that
workforce planning should not be considered as a
number of different measures but as an integrated
capability.

The limitations of the above-mentioned analysis are
associated with the use of artificial workforce data
and simulation modelling. Although calibration of
models to industry benchmarks gives generalization,
the context within organizations varies greatly.
Moreover, further validation of conclusions through
empirical research would increase their validity.
Furthermore, the assumption about rational
decision-making and availability of information may
not always hold due to political, cultural, and
practical issues.
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V. CONCLUSION

In this paper, a thorough model of strategic
workforce planning in the age of Al has been
proposed with an effective solution for the problem
of excess workforce capacity in traditional jobs and
shortages of skills for new jobs requiring the use of
Al. The Dynamic Workforce Adaptation Model
(DWAM) includes predictive demand sensing, skills
gap analysis, reskilling optimization, and human-Al
collaborative planning modules.

The research reveals that systematic and proactive
approaches to workforce planning yield far better
results than those achieved through reactive
workforce planning. According to the simulation
study, application of DWAM increases the Workforce
Resilience Index from 75 to 92 in five years, ensures
92% closing of critical skills gaps in 18 months,
decreases turnover from 28% to 14%, and generates
reskilling ROl at 4.2x. These achievements greatly
exceed industry standards.

The paradox of having an excessive supply of
workforce while facing shortages of skilled workers
needs to be addressed simultaneously. Companies
need to avoid reducing their workforce in light of
increasing automation unless they create channels
for redeployment via reskilling employees. The
number of redundancies, which is 35% in case of
baseline, drops down to 6% once DWAM s
implemented, indicating that workforce transition
can be easily managed if it is planned in advance.

Designing Human-Al interaction turns out to be one
of the key aspects of workforce planning. The
effectiveness index increases from 2.1/5 to 4.6/5
under DWAM indicates that companies need not
only to implement advanced technologies but also
develop how humans interact with machines. It
implies task decompositions, role restructuring, and
creation of relevant performance measures.

Practical implications are apparent. First, the
planning of the workforce should be integrated into
Al strategy itself, rather than being seen as an
auxiliary task performed by human resources
management. Currently, only 46% of organizations

have incorporated workforce planning into their Al
strategies, and this is a missed opportunity for
others. Secondly, reskilling should be viewed as an
essential investment into the future rather than mere
training activities. The third implication is the
intentional design of human-Al collaboration rather
than leaving it to organic development.
Organizations should build their models of
cooperation with machines, specifying the division of
roles and responsibilities.

Several directions of future research can be derived
from the current study. Testing of the DWAM model
in practice will validate it. Research of particular
industry specifics, in which different levels of
potential for automation and skills exist, can give
more practical recommendations. Longitudinal
research, tracing the journey of organization through
the process of Al transformation, will help identify
critical success factors. Finally, the ethical aspects of
Al-related workforce planning (algorithmic bias, data
privacy, etc.) need to be explored in order to address
the issues raised in the literature.

Organizations that develop workforce planning
strategies early on will be ahead of the game in an
Al-enabled world. The era of agentic Al calls for
proactive steps to be taken now. Organizations that
choose to create workforce planning abilities will not
only protect themselves against disruption but will
also achieve resilience and competitiveness for the
next ten years.
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