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ABSTRACT

The research developed a Workforce Digital Twin powered by Al for predictive simulations of workforces and
Human Resource planning that utilizes Oracle Cloud HCM information. Machine learning techniques were
utilized for workforce data integration, analysis and modelling. Random Forest has the lowest error rates for
prediction of turnover and labor demand forecasting has low error rates. Workforce simulations are used to
identify rates of absenteeism, staffing needs and utilization of staff workforce. The results demonstrate the
success of Workforce Digital Twins in modernizing workforce planning and talent management and decision
making.

Keywords: Workforce Digital Twin, Machine Learning, Oracle Cloud HCM, Workforce Simulation, Labor
Demand Forecasting, Turnover Prediction, Talent Management

INTRODUCTION

Background

The needs of businesses are evolving and the organizations are turning into data-driven workforce planning to
combat the talent crunch, impediments to productivity. A virtual model of the worker was built, known as a
Workforce Digital Twin, in an effort to simulate possibilities, through Al [1]. The investigation for this project
is to expand and improve the strategic decisions it can take, as well as optimize staffing, model talent and future
resources real time with analytics and predictive insights, with Oracle Cloud HCM's Workforce Digital Twin.

Research Aim and Objectives
Research Aim

The aim is to develop and test an Al-powered Workforce Digital Twin in Oracle Cloud HCM for predictive
workforce simulation and HR strategy decisions.

Research Objective

e To investigate workforce management's use of Workforce Digital Twin technologies.

e To create an Al based predictive workforce simulation model on Oracle HCM data.

e To assess the effectiveness of the model to workforce planning and talent management.
Problem Statement

Managing the various workforce issues, such as predicting workforce shortages, fluctuations in workforce
demands, absenteeism, overtime utilization, and predicting compliance risks are several challenges faced by
organizations [2]. Most workforce management solutions are backward-looking and can't provide predictive
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forecasts [3]. This makes it hard for organizations to optimize staffing proactively, as it is time-consuming and
results in manual errors [4]. The need of the hour is an Al-powered Workforce Digital Twin in Oracle Cloud
HCM.

Novel Contribution

This research builds on the existing Workforce Digital Twin concept implemented in Oracle Cloud HCM, that
incorporates Machine Learning, Reinforcement Learning and Generative Al to create a new framework [5]. The
Framework's goal is to move beyond traditional workforce management systems by allowing real time workforce
simulation, forecasting workforce analysis, staffing optimization and scenario-based decision support [6].

Related Work

Workforce Digital Twin Technology and Its Role in Workforce Management
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Fig. 1: Impact of Digital Twins on Real Practices in Manufacturing Industries

The implementation of Workforce Digital Twin (WDT) technology addresses the issue of representation of
employees, skills, roles and organization processes that proves to be an innovative solution [7]. A digital twin
application developed in manufacturing and engineering, WDT allows organizations to develop a workforce
replica that can be supported to monitor, analyze and make decisions [8]. Digital twins, combined with workforce
data across various HR systems, give researchers the possibility of enhancing workforce visibility, increasing
operational effectiveness and making strategic decisions that help to boost workforce productivity [9]. It enables
organizations to create work groups to analyze probable work crews, and determine any shortage of skills, as
well as test out new policies before they go into effect [10]. The integration with data, privacy concerns, and the
difficulty of having accurate workforce representations create a challenge that limits the adoption of workforce
digital twins [11].

Artificial Intelligence and Predictive Workforce Simulation in Oracle Cloud HCM

e

© Automation

Leaming
& Development

Analytics
& Insights

Talent Management development and prodictive ‘x’.l_... ‘..

Integration r wcals rany ; o st
& Scalability tor large, glotal entecprises flesdbility for customization

Fig. 2: Oracle Cloud HCM for Modern AI-Powered HR Solution
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The introduction of Artificial Intelligence (AI) capabilities has reshaped the Workforce Analytics provided
forever, empowering organizations to predict the challenges ahead and make decisions based on automated
decision making [12]. Machine learning algorithms can analyze data from workforces to predict workforce
churn, absenteeism, labor need, productivity or workforce health [13]. In addition to its broad workforce-related
data that's made accessible through the Oracle Cloud HCM modules like Oracle Workforce Scheduling, Oracle
Payroll, Oracle Time and Labor, and Oracle Talent Management, Oracle Cloud HCM enables advanced
predictive workforce simulation capabilities [14]. Research recently conducted shows how Al-enabled
workforce models are more predictive and efficient than reporting systems in managing resources [15].
Reinforcement learning methods can be used to get staffing decisions to be optimal when business conditions
change [16]. Lack of algorithm transparency, and bias with the models still plague predictive workforce systems
[17].

Effectiveness of AI-Based Workforce Digital Twins for Workforce Planning and Talent Management

HRIS Data o ‘ [5) Personas

Workplace Analytics _l_l Digital Twin of Employees
@ Synthetic Users

Voice of the Employee

Talent Intelligence HR ldeas

Social Media Q 9 Joumey Map
=1

Fig. 3: Digital Twin of an Employee for improving workplace experience

The effectiveness of Al-based Workforce Digital Twins is starting to be recognized in workforce planning and
talent management [18]. According to researchers, predictive simulations can inform proactive staffing,
optimization of staffing, succession planning and retaining talent [19]. Future workforce scenarios can simulate
projected skills shortages and gaps in workforce and potential disruptions to the operation [20]. This Al-driven
digital twins can also benefit strategic planning by generating evidence-based workforce development
recommendations [21]. Most work primarily addresses workforce analytics instead of enterprise platforms, such
as Oracle Cloud HCM, that incorporate a Workforce Digital Twin framework [22]. The space represents a future
research avenue to assess the impact of analysis of human workforce using Al-powered Workforce Digital Twins
on workforce planning accuracy, talent management efficiency, and overall organization performance [23].

Literature Gap

The current works have tended to be conducted separately on either workforce analytics, a predictive HR model,
or simply some generic application of the digital twin [24]. Only few research has been done to examine how to
combine WDT technology, Al, and Oracle Cloud HCM data in a single system [25]. There is a lack of empirical
assessment of its effectiveness when used for workforce planning [26].
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Proposed Framework For Workforce Digital Twin
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Fig. 4: Proposed Workforce Digital Twin Framework for Oracle Cloud HCM

The proposed Workforce Digital Twin (WDT) is a dynamic virtual representation of an organization's workforce,
powered with Oracle Cloud HCM data from the Workforce Scheduling, Time and Labor, Absence Management,
Payroll and Talent Management modules [27]. Data integration and data pre-processing are completed and the
WDT is derived that reflects workforce states [28]. Labor demand forecasting, absenteeism, turnover, and
productivity insights are powered by an Al-powered analytical tool, while reinforcement learning provides a tool
for optimizing staffing decisions [29]. Generative Al implementation in businesses can conduct scenario analysis
and make better decisions; enhance workforce planning, talent management and optimizing resources; become
more efficient [30].

METHODOLOGY

Research Design

This study adopts a Design Science Research methodology to prototype and prototype and validate an Al-based
Workforce Digital Twin framework in Oracle Cloud HCM [31]. The approach is suitable as the research
develops an innovative artifact for workforce simulation and identifies its effectiveness in terms of workforce
planning and talent management [32]. The study is a systems integrative approach with study of application
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performance assessment that uses a systems development approach in order to achieve the research objectives
identified [33].

4.2 Data Collection

The Workforce Digital Twin is built from workforce data that exists in Oracle Cloud HCM [34]. The data sources
contain variables like Workforce Scheduling, Time and Labor, Absence Management, Payroll, Talent
Management [35]. These data include details of staff attendance, leave, working hours, overtime, payroll, skills,
performance indicators, leave patterns, and workforce requirements [36]. Efforts are made to collect historical
data of the workforce for use in predictive modelling and simulation activities [37].

4.3 Data Preparation and Integration

The collected data is preprocessed to assure quality and uniformity [38]. Duplicate or inconsistent records are
cleaned and missing data is filled in using data cleaning techniques [39]. The data is preprocessed and then
aggregated into a single workforce repository from several Oracle Cloud HCM modules [40]. This integrated
data is the basis for developing the Workforce Digital Twin and for the representation of the workforce in real-
time [41].

4.4 Workforce Digital Twin Development

An Employee or Skill or a Role or an Operational Workforce Data is used to develop a dynamic Model of the
workforce, using a Workforce Digital Twin to simulate workforce behavior continuously [42]. The model is
modelled as:

WDT = f(E,S,P,A) ----- (1)

where (E) represents employee data, (S) represents skills, (P) represents productivity, (A) represents attendance
[43]. The framework emulates the absence of staff, shortage of staff, overtime, and staffing needs. The
framework enables different scenarios of the labor force to be simulated: labor shortage, higher absenteeism,
higher or lower overtime, shifting demand for staffing [44].

4.5 Artificial Intelligence and Predictive Modelling

Machine learning algorithms and models like Random Forest with Gradient Boosting and Neural Network
classifiers are used to forecast workforce data such as employee turnover, absenteeism, workforce needs, and
productivity [45]. The labor demand forecast is done based on the following factors:

WD =E + G — L-——(2)

The (WD) workforce demand, (E) current employees, (G) workforce growth and (L) employee losses. To ensure
compliance and optimize staffing decisions, the decision will be informed by reinforcement learning.

4.6 Model Evaluation

The proposed Workforce Digital Twin will be evaluated using predictive performance and workforce planning
outcomes [46]. Workforce utilization will be measured as:

Workforce planning outcomes and predictive performance is measured based on proposed Workforce Digital
Twin. The number of staff hours used per person is utilized as:

WU = PH/AH X 100 ----- 3)
Where (AH) Available hours, and (PH) is Productive hours. The rate of absenteeism is measured at:

AR = ADJTD x 100 - (4)
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Here (AD) represents the number of days that are absent and (TD) represents the number of days scheduled [47].
The accuracy, precision, recall, F1-Score, MAE, RMSE metrics along with efficiency of staffing and
effectiveness of talent allocation is used as measures to assess model performance.

4.7 Ethical Considerations

The research leads to complying with data privacy and security. All internal data on the employees are
anonymized prior to analysis and access to workforce data is limited [48]. Fairness, transparency and bias
mitigation in Al models and responsible decision making around hiring will also be a part of the study [49].
4.8 Architecture Diagram
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Fig. 5: Architecture Diagram

The architecture leverages Oracle Cloud HCM workforce data in tandem with digital twin models, Al analytics,
reinforcement learning optimization, and Generative Al decision support components to allow for workforce
simulation, predictive planning, talent management, staffing optimization and strategic human resource decision

support [50].
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4.9 Pseudocode

WDT1
Program to generate AT-—driven Workforce Digital Twin simulation
Initialize
Cracle Cloud HCM data
Workforce records
2T models
Inputs
Scheduling Jdata
Time and lakbor data
b sence data
Payraoll d4data
Talent data
Start loop
IF data missing THENMN clean data
IF new workforce data available THEN update Digital
Twimn
IF akbsenteeism high THEN predict staffing risk
IF lakour demand changes THEN forecast workforce need
IF =kill gap found THEN recommend talent action
IF overtime increases THEN optimise staffing plan
Pun predictiwve analwytics
FEun workforce simualation
Generate HRE recommendations
Display workforce planning output
End loop

Fig. 6: Pseudocode

The pseudocode gives an overview of the workflow during operation of the Workforce Digital Twin. It
continually analyzes data from Oracle Cloud HCM for workforce modeling and workforce forecasting, predicts
HR risks, conducts simulations, optimizes HR staffing decisions, and provides intelligent predictions and
recommendations to assist businesses in their HR workforce planning and talent management decisions.

4.10 Flowchart
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Fig. 7: Flowchart Diagram

r

The main process of the proposed work is shown in the flowchart. AI models collect and analyze Oracle Cloud
HCM data, refresh the Workforce Digital Twin, conduct workflow simulations, and make recommendations to
help with predictive workforce planning, talent management and strategic HR decisions.
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RESULT AND DISCUSSION

Result
v 1. Import libraries
J}; import pandas as pd

import numpy as np
import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import LabelEncoder, StandardScaler

from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier, RandomForestRegressor

from sklearn.neural_network import MLPClassifier

from sklearn.metrics import accuracy_score, precisien_score, recall_sceore, f1_score

from sklearn.metrics import mean_absclute_error, mean_squared_error, classificaticon_report, confusion_matrix

Fig. 8: Importing Libraries

This figure shows data manipulation, visualization, machine learning and model assessment Python libraries
initialization. It can be used for workforce simulation, predicting workforce turnover, forecasting workforce
demand, and assessing workforce performance, as well as to help create the Workforce Digital Twin and help
guide strategic workforce planning.
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Fig. 9: Loading dataset

This figure represents successful loading of the Workforce Digital Twin dataset with 100 employees and 30
variables associated with this workforce. The built-in Oracle Cloud HCM data are a complete source of data for
predictive analytics, workforce simulation, labor demand forecasting, workforce planning evaluation and
turnover analysis.
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«~ 3. Data Preparation and Integration
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Fig. 10: Data Preparation and integration

This figure demonstrates successful data preprocessing such as checking for missing values and checking that
no data is duplicated. This cleaned data is of high quality (100) with consistency (30) and reliability that
facilitates Workforce Digital Twin construction, predictive modelling, workforce simulation and workforce
planning analysis.

4. Workforce Digital Twin Feature Development
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Fig. 11: Workforce Digital Twin Feature Development
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This graph shows the development of Workforce Utilization, Absenteeism Rate and Productivity Score
indicators. These generated metrics convert the raw workforce data into actionable intelligence which can be
used to model workforce behaviors and/or assess the productivity, evaluate labor demand, simulate the
workforce for predictive workforce and/or conduct strategic human resource planning.

v 5. Descriptive Analysis

1ﬁ_ printl("Average Workforce Utllisatlion:”, of| "Workforce Utiiisation™ [.mean())

' print("Average Absenteeism Rate:”, d¥f|"Absenteelsn Rate”™ |.mean())
print{"Average Overtime MHours:", df| "Overtlime Mours" |.mean|
print{"Average Performance Scare:", df| "Performance_Score” | .mean())
print("Average Skill Score:”, df|"Skill_Score”].mean())

v Average Workforce Utilisation: 56.9797@51476647

78
Average Absenleelsm Rate: 9.179486557768189
Average Overtime Hours: 18.534
Average Performance Score: 77
Average Sklil Scoure: 76.84

Fig. 12: Descriptive statistics
This figure reflects descriptive data in relation to workforce utilization, absenteeism of 9.18%, the amount of
overtime worked (10.53 hours), the performance score is 77.66 and the skill score is 76.84% and provides a

baseline measurement of workforce evaluation.

Average Workforce Utilisation by Department

100 -

80

60

Workforce Utilisation (%)

20 A

Department

Fig. 13: Average Workforce Utilization by Department

Customer Service and Finance report the most utilized staff, and IT the least utilized staff. The differences show
the patterns of workforce capacity within departments and help to support workforce optimization strategies.
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Average Absenteeism Rate by Department
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0.0 -
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Fig. 14: Average Absenteeism Rate by Department

The best-performing IT department has the highest and the worst-performing Finance department has the lowest
absenteeism rate. The data can be used to uncover workforce-related risks with attendance and to help forecast
absenteeism, simulate workforce, and make proactive workforce management programs.

~ 8. Encode categorical variables
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Fig. 15: Encode categorical variable

This figure depicts the categorical workforce variables conversion to numeric values by Label Encoding. The
re-engineered data is now ready for machine learning models to accurately predict turnovers, forecast labor
needs, simulate a workforce, and create a Workforce Digital Twin with the retention of the Workforce category
distinctions to enable effective predictive analysis.

~ 9 Turnover Risk Prediction

X = d¥_encoded.dgropl(colunns={ "Turnoves_RIsk”
y = d¥_encoded| "Turnover_ RIsx" |
X_train, X_test, y train, y_ test = traln_test_split(
X, vy, test_sjize=28.2, random_state=42
r¥_model = RandomfForestllassifFier(random_state=32)
gb_model = GradientBoostingClassifier(random_state=22)
nn_nodel = MiPClassifier(max_liter=18e2, random_state=42)
models = {
"Random Fores1™: f_model,
"Gradient Boosting™: gb_model,
"Reurai Network™: nn_model
Tor name, model in nmodels . ftems{ ):
nodel Fit(X_train, y_train)
y_pred = model . predict(X_test)
prl + MDame )
Pl ( ¥-" . @ccuracy_ score(y_test, y pred))
pri ("Precision:", precision_score(y_test, y pred, average="welighted”
pPrint{"Recall:", recall_ scoreiy_test, y_pred, average="weighted”))
pr L("Fi-Score:", F1_scoarel(y test, y_ pred, average="weighlead™
Pr {

nt{classification_reportiy_test, y pred))

Fig. 16: Random Forest classifiers with Gradient Boosting and Neural Network classifiers

The figure depicts the implementation of the Random Forest classifiers, with Gradient Boosting and Neural
Network classifiers in the case of turnover risk prediction. Data is splitted in the training and testing sets to test
the objective of the predictive performance. To analyze the effectiveness of the models' ability to detect
employees at risk of leaving the firm, accuracy, precision, recall and F1-Score are computed. When combined
with the Workforce Digital Twin, this predictive analysis can assist HR in making informed decision, planning
workforce strategies from the beginning, identifying employee risk with other HR activities and forecasting the
ability of different HR activities to attract and retain employees based on a number of factors including their age,
residence, experience, and more.
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Fig. 17: Turnover Risk Prediction

Random Forest, Gradient Boosting Models and the Neural Network are compared against each other with regard
to their performance in predicting turnover risk. Random Forest has the best predictive power with highest
accuracy (80%), precision (79.43%), recall (80%) and F1-score (78.72%). The Gradient Boosting classified the
turnover risk with moderate performance, with an accuracy of 70%. The Neural Network did not help to identify
turnover risk effectively. The results demonstrate that the Random Forest model is the most appropriate model
to support Workforce Digital Twin-based Workforce Planning’s and Talent Retention.

TABLE 1: Model Evaluation Of Metrics

Metric Random Forest Gradient Boosting
Accuracy (%) 80 70
Precision (%) 79.43 68
Recall (%) 80 70
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F1-Score (%) 78.72 70
MAE (Labour Demand) 0.765 0.905
RMSE (Labor Demand) 0.905 1.12
Workforce Utilization (%) 96.98 —
Absenteeism Rate (%) 9.18 —
Average Overtime (Hours) 10.53 —
Performance Score 77.66 —
Skill Score 76.84 —

Top 10 Important Features for Turnover Risk Prediction
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Fig. 18: Top 10 Important Features for Turnover Risk Prediction

This figure contributes to the prediction of top 10 features for turnover. This number is used in predicting top
10 features in relation to turnover. The key four are the different Skill Score, Overtime Hours, Actual Hours
Worked/month and Workforce Demand Level, which points to the importance of skill requirements and load, as
well as employees' capability. When training hours, workforce utilization, payroll cost and age are added on, the
prediction is accurate. The results support various place-based retention initiatives, workforce planning and
talent management measures that collectively drive toward the Workforce Digital Twin and research objectives.
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~ 10. Labour Demand Prediction using Regression

re=j
cn ° X_reg = df_encoded.drop({columns=|"StaFFing Requirenent™ |)
y_reg = df_encoded|"Staffing_ Requirement” |
X_train, X_test, y train, y_ test = Lrain_test_split(

X reg, y reg, test_size=28.2, random_state-az
)

reg model = RandomForestRegressor(random_state=22)
reg nmodel Fit(X_train, y_ train)

y_pred = reg model predict(X_test)

mae = mean_absolute_error(y_test, y pred)
rmse = np.sqrt(mean_squared_erroriy_test, y pred))

print{("MAE:", mae)
print{"RMSE:=", rmse)

~ .- MAE: 8.7654999999959939
RMSE: 2.584S8835282887858

Fig. 19: Labor Demand Prediction using Regression

The Regression model predictive errors are found to be low with Mean Absolute Error (MAE) = 0.765 and Root
Mean Square Error (RMSE) = 0.905, thus reflecting forecast usefulness. These findings validate the model's
accuracy in predicting workforce requirements and the size of the workforce available, enabling proactive
workforce planning and effective decision-making, allocation of resources and staffing optimization within the
scope and grasp of the Workforce Digital Twin.

Actual vs Predicted Workforce Demand

. Actual
e Predicted

(=]
i

workforce Demand
F.

= - ™~ ™ = ["4] ] [ [} & 3
Test Records

11
1

Fig. 20: Actual vs Predicted Workforce Demand

The figure compares the actual value and varies with the predicted value of the workforce demand obtained from
using the Random Forest Regression model. The values of both series are very similar, and these have good
forecasting performance, with low prediction error. Minor deviations are substantial and indicate normal
variations in the conditions of the labor force that do not increase the inaccuracy for prediction. These results
confirm the validity of using the model for workforce planning, staffing optimization, resource allocation, and
decisions regarding human resources under the Workforce Digital Twin paradigm.
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~ 11. Simple Workforce Scenario Simulation

r/. e ° scenarioc = d¥f _.copy()
B Create Scheduled Days=s I+ not avallable
i¥ "Scheduled Day=s" ool Iin s=cenarfio.colunns:
sScenariol "Scheduled Days™)] = 22 #l average monthly worxling days
B Create Absenteelisn Rate IF notl alresady created
scenariof "TAbsentecisn_ Rate" ]| = (
scenariol "TAvsent_Days"] J scenarliol"Scheduleda Days=s™ |
- 1ees
# Scenarlio: atbsenteecliam Iincreases hy 28%
scenariof "Simolated . ] = scenariol TAbsent_Day=s"] * 1_2@e
scenarliol” inulated Rate™" ] = [
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- 1es2
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# Scenario: staffing reguirsement incr=ases by 18X
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"Simulated Absenteciss Rate™
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TSimulated Staffing Requiremenl”™
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~ .- Emplicyee ID Department Abzentecizm Rate Simulated Absentesism Rate \
e EMPoS1 Sales 4 _Sasass S.4aAsSasas
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Fig. 21: Workforce Scenario Simulation

The figure shows a simulation of the workforce scenario in the Workforce Digital Twin model. The simulation
assumes a 10% rise in staffing requirement, 15% rise in overtime hours and a 20% rise in absenteeism as a way
to look at potential changes in the workforce. The results illustrate the variations in workforce capacity and
resource needs caused by variations in attendance and workload. This scenario-based analysis allows proactively
planning workforce, optimizing staffing, identifying risks and making decisions to strengthen operational
resilience, while providing opportunities to evaluate workforce shortages, absenteeism impacts and operational
resilience with regard to the research aims.
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Actual vs Simulated Absenteeism Rate

10

Absenteeism Rate (%)

Absenteeism_Rate Simulated_aAbsenteeism_Rate

Fig. 22: Actual vs Simulated Absenteeism Rate

This graph illustrates the differences between baseline absenteeism and absenteeism simulated using the
Workforce Digital Twin. The true absenteeism rate is approximately 8.3% and the simulated rate is nearly 10%
because of the worker disruptions that impact the availability of workers. This is a boost to the figures of impact
it can have on workforce capacity and also the staffing and performance requirements as far as increases in
absenteeism go. The simulation illustrates the ability of the Workforce Digital Twin to model future conditions
of the workforce, which can support proactively planning workforce resources, mitigating risks and planning
workforce human resource decisions based on research goals.

DISCUSSION

The results show that the Al-enabled Workforce Digital Twin can be one of the solutions to facilitate the
Predictive Workforce Management. The model showing the highest accuracy for predicting turnover is the
Random Forest model (accuracy 80%), while the model for labor demand forecasting showed low error rates
(MAE=0.765 and RMSE=0.905). Workforce utilization, absenteeism and scenario simulations gave valuable
insights into workforce behavior, playing a fundamental role in proactive workforce planning, staffing
optimization, talent management and humans resource decision making based on data.

Limitations

Limitations of the study include the relatively small number of workforce records (100) and the number of
variables (30), because these might limit generalizability. Furthermore, predictions are based on past data and
real-time workforce dynamics and exogenous conditions are missing from predictions, which can impact the
accuracy and broader applicability of the Workforce Digital Twin framework.

CONCLUSION AND FUTURE WORK

This study demonstrated the effectiveness of an Al-driven Workforce Digital Twin can be leveraged to simulate
the human workforce with Oracle Cloud HCM data, to show predictive human resource simulation and its
effectiveness. The framework is able to effectively facilitate turnover risk prediction, labor demand forecasting,
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workforce simulation, and planning activities. Results highlighted the power of machine learning and Workforce
Analysis to drive workforce utilization, talent management, staffing and strategic HR.

Future Directions

There is still room for exciting improvements in future research with the addition of real-time Oracle Cloud
HCM data streams for even more accurate predictions on the basis of larger volumes of data for their employee
services, and state-of-the-art deep learning technologies. Additionally, the effects of Generative Al assistants
and the optimization of the workforce through reinforcement learning might boost scenarios simulation,
autonomous workforce planning, talent management and strategic planning.
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