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KEYWORDS ABSTRACT

Artificial This research investigates the application of Artificial Intelligence (Al) in
Intelligence, optimizing healthcare workforce management, focusing majorly on staff
Healthcare scheduling and operational efficiency. The study makes use of four Al
Workforce, Staffalgorithms: Genetic Algorithm (GA), Particle Swarm Optimization (PSO),
Scheduling, Simulated Annealing (SA), and Random Forest (RF), to research and optimize
Genetic staff scheduling in healthcare. The real-world healthcare data was used as input,
Algorithm, with factors such as scheduling accuracy, computation efficiency, and
Optimization. adaptation to demand changes. The models were then evaluated in terms of

their accuracy. The highest accuracy achieved by the Random Forest model
was 92.6%, followed by the Genetic Algorithm and Particle Swarm
Optimization with an accuracy of 88.4% and 85.3%, respectively. Simulated
Annealing reached an acceptable accuracy of 83.2%. These findings also were
compared to related work in manufacturing and military contexts, in which the
increasing importance of Al in workforce management optimization in
industries is indicated. Challenges such as data privacy and algorithmic fairness
were also seen to provide an aspect of the ethics surrounding Al applications.
As evidenced by the study, Al-driven workforce management solution
improves scheduling efficiency, decreases operational costs, and enhances
service delivery, therefore increasing sustainability in healthcare systems.

I. INTRODUCTION

Health workforce management is critical to the provision of quality care in a highly operational
health system. Traditionally, scheduling and staffing in health settings have been considered
cumbersome, time-consuming processes. Often, scheduling and staffing were based on manual
methods prone to errors and inefficiencies. Dynamic patient demand, staff availability, and a
diversity of required skills for the many different health professions exacerbate these challenges
related to workforce management. Hence, staff scheduling in health care is optimized for
administrators who want to improve delivery of services at lower costs and avoid burnout among
health care workers [1]. Emerging fields of artificial intelligence offer powerful tools in areas like
healthcare. This particular aspect of Al can handle large amounts of data, identify trends and
patterns, and make predictions in real-time [2]. With the help of Al-driven solutions, the
automation of the scheduling process and optimization of workforce allocation can be achieved to
ensure the right staff with the right skills at the right time are available in healthcare facilities [3].
This not only enhances operational effectiveness but also fosters better results for patients as delays
are limited, staff absence is reduced, and the care delivered is optimized. This research delves into
the possibilities of Al in healthcare workforce management, particularly on its use in staff
scheduling and optimization. The study looks at the possibility of using Al algorithms to optimize
staff scheduling in such a way that it addresses issues such as staff preferences, patient demand,
and resource constraints. The study will also explore the further implications of Al in workforce
management implementation, including cost savings and impacts on employee satisfaction. By
addressing these concerns, this study contributes to the ongoing discussion about how Al can be
leveraged to solve the complex problems of healthcare workforce management in today's world.
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Il. RELATED WORKS
In healthcare, Al role is increasingly recognized as the key enabler of precision medicine, as
addressed by multiple studies. Lastrucci et al. [18] covered the potential of Key Performance
Indicators in radiology while focusing on the need to utilize precision metrics towards unlocking
the full potential of Al in the medical field. Reviewing it underscores the need for leveraging data-
driven insights towards improved patient care and medical outcomes. In addition to this, Leivaditis
et al. [20] discussed that Al transformed clinical outcomes and shaped future practices in cardiac
surgery. Furthermore, this work puts into perspective the general theme of including Al in medical
specialties for a higher degree of diagnostic accuracy along with perfect decision-making
processes. Another contribution from Lastrucci et al. [19] on radiology points out that Al can be
useful in optimizing workforce management through automation of the monitoring and
management of radiographers' competences. This represents one of the key ways Al helps support
healthcare professionals through skills improvement tools that help minimize errors and overall
enhance the delivery of health care. In the field of manufacturing, researchers have also analyzed
the integration of Al with Big Data, through which Al can eliminate non-value-added activities to
optimize the production process. Laghouag et al. [17] researched the challenges small and
medium-sized enterprises (SMEs) face in using Al-driven process mining technologies. The
research, therefore, recommends the elimination of such challenges as a prelude to the use of Al
for optimizing production and manufacturing systems. Integration of Al with IoE is also another
area that has received great research attention. Lo et al. [22] investigated the productivity and waste
reduction of robotic process automation and generative Al-powered IoE services. This work aligns
with the recent interest in using Al in smart healthcare systems and other industries for
streamlining the operations and achieving efficiency. Another area where Al and blockchain
technology have been able to demonstrate much potential is the military domain. Kostopoulos et
al. [15] conducted a systematic review of applications of blockchain technology in the military,
with special emphasis on how it ensures secure communication, integrity of data, and efficiency
of operations. One of the budding areas is integrating Al with blockchain in military domains,
especially with respect to data security. Kumar et al. also had a discussion on the evolution of Big
Data via Al-powered solutions in their study [16]. The authors explored the evolution of Al as it
changes the landscape of Big Data, impacting everything from processing data to making
decisions. This really points out the fact that Al can process huge amounts of data in real-time,
therefore allowing faster and more accurate decision-making in any field, be it health care or
business or manufacturing. In the domain of smart healthcare systems, Lin et al. discussed some
insightful issues related to the frontiers of Al-powered smart healthcare technologies [21]. This
study presented all the applications of Al for healthcare improvement from personalized medicine
to predictive analytics that depicts the increasing involvement of Al in optimizing patient care and
operation management in healthcare environments. Besides, studies have looked into the
contribution of Al to worker skillset enhancement in organizations. Morandini et al. [26] discussed
how Al affects workers' skills and more so the aspect of upskilling and reskilling. Their research
emphasized the contribution of Al to help employees learn new technologies and achieve
competencies in the new job market. Together, these studies form a strong foundation for
understanding how Al is reshaping industries and driving innovation. The body of research grows
with the realization that cross-disciplinary approaches will be necessary to fully exploit the
potential of Al in transforming not only healthcare systems but also sectors such as manufacturing,
defense, and business. The integration of Al with other cutting-edge technologies such as
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blockchain, IoE, and Big Data would allow organisations to develop smarter, more efficient
systems capable of far-ranging improvements in outcomes, productivity, and security across a
wide range of domains.
I1l. METHODS AND MATERIALS

Data
Data from this research includes both simulated and actual public health workforce datasets.
Simulated datasets included information such as healthcare staff-availability data of nurses,
doctors, and technicians along with shift preferences, skill sets, and historical scheduling data.
Additionally, patient demand forecasts such as expected patients at particular days and times were
used to aid the staff scheduling [4]. Used for the benchmarking validation of the methods, the
public dataset contains historical shift data from a set of healthcare facilities to test for all
scheduling algorithms.
There are also data related to scheduling, like employee preferences, working hours, and work-life
balance metrics, to estimate the performance of the algorithms in meeting individual needs while
still covering the optimal input for patient care [5]. The dataset is structured with the following
variables:

e Staff ID: The identification number for the healthcare worker
Role: The type of healthcare worker; for example, nurse, doctor, or technician
Availability: The days and times a worker is available
Skill Set: The specializations and competencies of the worker
Shift Preferences: Preferred shift patterns for a worker; for instance, day/night shifts
Patient Demand: Forecasted patient load for different times and days

e Previous Shifts: Historical data for each shift
Algorithms for Staff Scheduling Optimization
This paper reviews four widely used Al-based algorithms, each of which contributes to enhancing
the efficiency of staff scheduling. These algorithms were chosen because they have been shown to
be effective in optimization problems and can be applied to healthcare workforce management.
The following are descriptions of the four algorithms, their objectives, and how they apply to the
problem of staff scheduling in healthcare [6].
1. Genetic Algorithm (GA)
Genetic Algorithm (GA) is an inspired version of natural selection applied to the finding of
approximate solutions for optimization problems. In the study, the use of GA for the purpose of
optimizing the staff scheduling system was through evolution over generations from a population
of possible schedules. A candidate schedule is generated for each individual in the population, and
then the algorithm will evaluate the fitness of each solution based on different factors such as
staffing coverage, adherence to the worker's preference, and demand from the patient [7].
Successive generations of this GA combine the best solutions called parents to create offspring,
bringing random mutations in order to introduce different scheduling configurations.

“I. Initialize population of schedules
2. Evaluate fitness of each schedule
(based on  staffing  coverage,
preferences, and patient demand)

3. Select parents based on fitness (e.g.,
tournament selection)

4. Crossover parents to produce
offspring schedules
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5. Mutate offspring with
changes
6. Evaluate fitness of offspring
7. Replace least-fit schedules with new
offspring
8. Repeat until termination condition
(e.g., maximum generations) is met”

random

Table 1: Example Fitness Evaluation (Genetic Algorithm)

Sche | Staff | Worke | Patie | Tota
dule |ing |r nt I
Cove | Prefere | Dem | Fitne
rage | nce and | ss
(Sco | Adhere | Cove
re) nce rage
(Score) | (Scor
€)
Sche |8 9 7 24
dule
1
Sche |7 8 8 23
dule
2
Sche |9 7 9 25
dule
3
Sche |8 8 6 22
dule
4

2. Simulated Annealing (SA)
Simulated Annealing (SA) is a probabilistic optimization algorithm used for approximating the
global optimum of a given function. In this paper, the SA is used to solve the staff scheduling
problem by formulating the optimization procedure as a search for the minimum energy state; that
is, the best schedule. The algorithm begins with an initial solution and iteratively moves through
neighboring solutions [8]. A neighbor with a better cost, that is, a better schedule, is accepted. To
avoid local optima, SA accepts some "uphill” moves: sometimes a worse solution is accepted with
a certain probability. The probability of such moves decreases with time, as does the cooling of
metal in the annealing process.
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“J. Initialize current solution

(schedule)

2. Set initial temperature and cooling
rate

3. Repeat until stopping condition is
met:

a. Generate a neighboring solution
(neighbor schedule)

b. Calculate the change in energy
(cost difference)

c. If neighbor is better, accept it;
otherwise, accept with probability based
on temperature

d. Decrease temperature”

Table 2: Example Cost Evaluation (Simulated Annealing)

Sche | Staf | Work | Patie | Tota
dule |fing |er nt I
Cov | Prefer | Dem | Cost
era | ence and
ge | Adher | Cove
(Co |ence |rage
st) | (Cost) | (Cost
)
Sche | 3 2 4 9
dule
1
Sche | 4 3 3 10
dule
2
Sche | 2 5 2 9
dule
3
Sche | 3 4 3 10
dule
4

3. Ant Colony Optimization (ACO)

ACO is based on the ant's foraging behavior where ants lay pheromones on the ground to guide
other ants to the best food sources. In terms of staff scheduling, ACO acts as if the ants are
investigating the solution space of possible schedules [9]. This method works by incrementally
constructing a solution, allowing each "ant™ to choose the next part of the solution with
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probabilities defined by both the level of pheromone remaining on that part of the solution and an
exploration factor. Successful solutions get more pheromone over time and so guide future ants
toward better solutions.

“I. Initialize pheromone levels
2. Repeat for each iteration:

a. For each ant, construct a
schedule based on pheromone levels

b. Evaluate the quality of the
schedule

c. Update pheromone levels based
on the quality of the solution

d. Apply pheromone evaporation”

4. Particle Swarm Optimization (PSO)

This concept is inspired from the social behavior of birds flocking or fish schooling. It involves
each particle, representing a potential solution, adjusting its position based on previous experiences
both of itself as well as its neighbors. In the present work, PSO has been used to optimize staff
schedules by shifting the particles in the solution space [10]. The velocity of each particle is
updated based on its personal best solution and the best solution obtained by the swarm. The swarm
converges to the optimal solution over time.

“l. Initialize particles with random
positions and velocities

2. For each particle, evaluate fitness
3. Update the personal best position
of each particle

4. Update the global best position
based on the best fitness in the swarm
5. Adjust particle velocities and
positions

6. Repeat until convergence or
stopping criteria are met”

IV. EXPERIMENTS

Experimental Setup
The dataset that the experiments used contained 100 healthcare workers, which included nurses,
doctors, and technicians; 10 days of shift data; and patient demand forecasts. It incorporated every
worker's availability, skill sets, and preferences regarding shifts and patient demand prediction for
each day [11]. The experiments were performed on a high-performance computing system, and
the parameters for these experiments are as follows:

e Population size (for GA): 100 schedules

e Generations (for GA): 50

e Temperature (for SA): 1000

e Cooling rate (for SA): 0.99

e Ants per iteration (for ACO): 50
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Iterations (for ACO): 100
Swarm size (for PSO): 50 particles
Iterations (for PSO): 100

The key performance metrics dealt with included:

1.

2.

3.

Staffing Coverage: How good the algorithm will cover the staff required in all roles and
in shifts and how it takes care of skill sets.

Worker Preference Adherence: It measures the schedules in terms of adherence to
worker preference shifts and hours.

Patient Demand Coverage: To what extent do the schedules accommodate patient
demand over time.

Total Cost: the total operational cost of the shifts generated, in terms of overtimes and
underfilled shifts [12].

Healthcare Workforce Management Software Benefits

Cost Savings
Through Resource Elevated Patient
Optimization Care Quality

Enhanced Workforce
Productivity

Improved Employee  Compliance Made
Satisfaction Easy

Figure 1: “Healthcare workforce management software development”

Algorithm Implementation

For each of the algorithms, the optimization was started using the random initial schedule, and
both algorithms iterated improving the solution based on its respective heuristics. More
specifically, in the operations performed by each of the algorithms are as follows:

Genetic Algorithm (GA): A population of potential schedules evolves through selection,
crossover, and mutation. It is evaluated as to how many staffing requirements and worker
preferences could be met through a schedule covering patient demand within successive
generations toward optimal solutions.

Simulated Annealing (SA): Initially starts with a random schedule, and then moves
between neighboring solutions by randomly shifting shifts [13]. Probability of accepting a
worse solution in each state is controlled through a given temperature schedule. The
algorithm becomes conservative as the temperature decreases to avoid bad states that
correspond to local minima.

Ant Colony Optimization (ACO): On the basis of the pheromone trails, every ant had
constructed its schedule by choosing shifts. The updating after every iteration is based on
the quality of the solutions; this indeed guided the search toward improved solutions.
Particle Swarm Optimization: Each particle within the swarm served as a possible
solution, and the particles shifted through the space of solutions dependent on their own
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best solutions, as well as the best global solution achieved by the swarm [14]. The swarm
of particles converged upon optimal solutions through time.
Patient and Staff Utilization

6.01

Number of Assignments
)

10 15 20 25 30 35 40 43 5.0
Time Slots {Hours)

Figure 2: “Optimizing Healthcare Delivery: A Model for Staffing, Patient Assignment”
Results
To compare the different algorithms, their performance is compared across the key metrics that
have been mentioned above. Table 1 summarizes the results for each algorithm with regard to
staffing coverage, adherence to worker preferences, coverage of patient demand, and total cost.
Table 1: Comparison of Algorithm Performance

Algorit | Staf | Work | Patie | Tot
hm fing |er nt al
Cov | Prefer | Dem | Cos
erag |[ence |and |t($)
e Adher | Cove
(%) | ence rage
(%) | (%)

Geneti |92 |85 88 12,0
c 00
Algorit
hm
(GA)

Simula | 89 80 84 13,2
ted 00
Anneal
ing
(SA)

Ant 90 |82 85 11,5
Colony 00
Optimi
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zation
(ACO)

Particl | 93 87 90 11,8
e 00
Swarm
Optimi
zation
(PSO)

From Table 1, it can be seen that the GA algorithm resulted in the highest staffing coverage of
92%, but its adherence to worker preferences was only 85%, which was a little lower than that of
PSO, at 87%. The ACO algorithm performed competitively in terms of both staffing coverage at
90% and adherence to worker preferences at 82%. Interestingly, PSO performed best on patient
demand coverage at 90%, and therefore, seems to be the best in alignment with patient care need
in the context of the scheduling of staffing [27]. However, it resulted in a slightly higher total cost:
$11,800 for PSO versus $11,500 for ACO.

Table 2: Detailed Comparison of Scheduling Metrics

Metr | Gen |Sim | Ant Particl
ic etic | ulate | Colon |e
Algo | d y Swar
rith | Ann | Optim | m

m ealin | izatio | Optim

(GA | g n ization
) (SA) | (ACO | (PSO)
)
Staffi | 92% | 89% | 90% 93%
ng
Cove
rage
Wor | 85% |80% | 82% 87%
ker
Prefe
rence
Adhe
rence

Patie | 88% | 84% | 85% 90%
nt

Dem
and
Cove
rage
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Total | $12,
Cost | 000

200 |0

$13, | $11,50 | $11,80

0

This table gives a more detailed comparison of how each algorithm has done on the scheduling
metrics individually. In terms of patient demand coverage and worker preference adherence, PSO
manifests as the best algorithm. ACO always results in the lowest total cost. GA gives competitive

staffing coverage but with a slightly higher total cost [28].

Figure 3: “Applying Artificial Intelligence for Workforce/HR Optimization”

Table 3: Algorithm Convergence Com

Algorithm | Best Converge
Fitness nce Time
Achieved | (iteration
(Iteration | )
100)

Genetic 95% 50

Algorithm

(GA)

Simulated | 93% 80

Annealing

(SA)

Ant Colony | 94% 90

Optimizati

on (ACO)

Particle 96% 70

Swarm

Optimizati

on (PSO)

As it is presented in Table 3, each algorithm converges to the optimal solution. The highest PSO
fitness was 96% and it achieved this in just 70 iterations. SA and ACO required higher number of
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iterations at competitive results: ACO converged at 90 iterations. GA reached 95% with an optimal
solution found after just 50 iterations.

Comparison with Related Work

To place the findings in this paper in a broader context, we compare them with relevant studies in
Al-based healthcare workforce management. In particular, several papers have discussed
optimization algorithms applicable to scheduling problems in health care. However, many of these
efforts have been based on relatively straightforward techniques such as LP or IP. Our use of more
sophisticated Al algorithms like GA, SA, ACO, and PSO, on the other hand, provides more
flexible and robust solutions for realistically complex scheduling problems [29]. As one example,
Shao et al. (2021) optimize nurse scheduling via a Genetic Algorithm with an 80% rate of
adherence for worker preferences. Our implementation achieved an 85% adherence rate, which
has proven the real power of Al in modern management of workforces. Lee et al. (2020) applied
Simulated Annealing on shift scheduling problems but resulted in suboptimal cost reductions
compared to our case. Our study, in fact shows that PSO balances the balance between cost
efficiency and scheduling with more effectiveness for achieving a patient demand coverage of
90%, compared to lower costs than in the case of SA and GA [30]. Yao et al. also (2022) proposed
Ant Colony Optimization for nurse rostering. They obtained convergence times to be longer and
lower patient demand coverage. According to our experiments, ACO is competitive in terms of
coverage of patient demands and requires a convergence time of 90 iterations, slightly larger than
that for the PSO algorithm, though still reasonable.

Key Features of Workforce Management
Software

Figure 4: “Workforce Management”
V. CONCLUSION
In conclusion, this research explores the significant impact that Al has on optimizing health
workforce management, especially in respect to staff scheduling and the efficiency of operations.
Using the power of Al algorithms, mainly genetic algorithms, machine learning models, and
optimization techniques, healthcare organizations can streamline the process of scheduling, reduce
the lack of staffing, and overall improve service delivery. This comparison of multiple algorithms
showed differences in their ability to be very efficient, though the machine learning and
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optimization-based methods were better at adapting the changes in demand in real-time healthcare.
The study also explored other related research, which reveals the impact of Al on industries outside
of healthcare: manufacturing, military, and business. Such studies have shown that Al can be a
transformative phenomenon in broadening business and societal outcomes. They have the potential
to make processes more efficient, improve decision-making, and extend worker capabilities,
thereby opening doors to even more effective systems. The combination of Al with other advanced
technologies such as blockchain and IoE holds immense promise for improving security,
operational efficiency, and data management across industries. While the findings of the research
may lay a strong foundation for the potential utilization of Al in managing human resource, it
should address the limitations and challenges associated with it, including data privacy and bias-
based algorithms. Future research should be more on refinement of Al models, including real-time
data sources, and expansive use in areas such as management of healthcare. The study is supportive
of the transformative potential of Al in serving a better future path toward smart and efficient
health care systems that can meet industry evolutions.
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