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Abstract—In this paper, we introduce a federated learning
framework to optimize nurse scheduling and reduce fatigue levels
among nurses. The proposed approach leverages decentralized
machine learning, allowing multiple healthcare institutions to
collaboratively improve scheduling models without sharing sen-
sitive data. Our framework enhances scheduling efficiency and
nurse well-being by predicting physical and emotional fatigue.
We use Gradient Boosting Machines (XGBoost and LightGBM)
and Random Forest for feature selection, and Long Short-
Term Memory (LSTM) neural network for model training. The
performance of these algorithms is evaluated based on their
ability to predict fatigue levels and improve scheduling outcomes,
compared to Moth Flame, Grey Wolf and Multiverse Optimizers.
This research highlights the importance of privacy-preserving
data techniques and their application in healthcare to create
more effective and humane scheduling systems.

Index Terms—nurse rostering, scheduling, LSTM, big data

I. INTRODUCTION

Employee and volunteer scheduling is crucial for the seam-
less operation of organizations that operate in shifts, such as
those in tech support, retail, and healthcare sectors. These
organizations often require a continuous presence, potentially
operating 24/7, to maintain the necessary actions [1].

The creation of an appropriate shift schedule demands the
consideration of hard constraints—Ilike those imposed by labor
laws and the physical impossibility of one employee working
multiple shifts simultaneously—as well as soft constraints,
which account for employee preferences, such as avoiding
work on specific days [2]. Ensuring all hard constraints are
met is critical for the validity of a schedule. Moreover, accom-
modating as many soft constraints as possible is desirable to
enhance employee satisfaction. Thus, shift scheduling emerges
as a complex mathematical optimization problem.

In addressing the nurse scheduling problem, this study
introduces the application of federated learning. This method
is particularly pertinent in healthcare, where privacy and
data security are paramount [3]. By using federated learning,
hospitals and healthcare facilities can collaborate on improving
scheduling models while safeguarding individual employee
data and adhering to strict privacy regulations.

Expanding on this foundation, our goal is to utilize machine
learning and data analysis through federated learning to predict
both physical and emotional fatigue levels among nurses. This
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innovative approach is informed by models and correlations
outlined in recent studies [4], [5], enabling the development
of a comprehensive framework that addresses scheduling ef-
ficiency and prioritizes the well-being of nursing staff. By
incorporating these predictive models into the scheduling
process, our research aims to create more effective and humane
scheduling solutions that reduce nurse fatigue, retain nursing
staff and enhance overall patient care.

II. RELATED WORKS

Optimization algorithms play a crucial role in scheduling,
offering solutions to complex problems by finding the most
efficient allocation of resources under given constraints. In
healthcare, particularly nurse scheduling, these algorithms
address the challenge of assigning shifts that balance hospital
needs with nurses’ preferences and qualifications. The liter-
ature reveals a variety of approaches, including linear pro-
gramming [6]-[8], integer programming [9], and evolutionary
algorithms [2], [10], [11].

On the other hand, we have federated learning that emerges
as a pivotal approach in healthcare, addressing the critical
need for privacy and security while harnessing the power
of decentralized data for medical research and applications.
Authors of [3] illustrates that federated learning models can
achieve comparable outcomes to traditional centralized mod-
els, ensuring robust privacy protections without incurring sig-
nificant computational overhead. Similarly, Gandhi et al. [12]
demonstrate the application of federated learning, emphasizing
its capability to preserve the privacy of sensitive medical data
across diverse healthcare environments.

This study represents a pioneering effort in applying feder-
ated learning to reduce nurse fatigue by creating Al-optimized
shift schedules. Unlike previous studies that have primarily
focused on optimizing schedules to meet operational efficiency
and employee preferences, our work seeks to mitigate physical
and emotional fatigue among nursing staff directly. By utiliz-
ing federated learning, we enable a collaborative approach to
model training across multiple healthcare institutions without
compromising data privacy [13]. This method facilitates the
development of robust predictive models capable of assess-
ing fatigue levels, thus creating more humane and effective
scheduling systems.
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ITI. NURSE SCHEDULING PROBLEM

The nurse scheduling problem, which can be extended to
other industries, includes a mix of hard constraints (must
haves) and soft constraints (nice to have). In this context,
hard constraints related to legal regulations and organizational
requirements must always be met. Soft constraints are fulfilled
as best as possible because they relate to personnel wishes
and often cannot be completely met [14]. This equation works
reasonably well in an environment where resource supply and
demand are well balanced. However, the demand for nurses
has skyrocketed, and they have become a scarce resource in
the market due to dissatisfaction with employment [15], [16].

Let us discuss a sample ward. A total of 25 nurses are
assigned shifts according to a repeating 14-day calendar. Each
day is split into two shifts, day (Dx) and night (Nx), resulting
in 12-hour shifts. A sample schedule is shown in Table I:

TABLE I
AN EMPTY SCHEDULE WITHOUT THE NAMES OF NURSES
I Sun | Mon | Tue | Wed [ Thur | Fri [ Sat
Week 1 gi
Week 2 3:

To limit the scope of the scheduling, it is assumed that shifts
must be worked in their entirety. We define our variables in
Table II:

TABLE I
THE SET OF VARIABLES USED TO DEFINE THE NURSE SCHEDULING
PROBLEM

Variable  Description

The number of nurses that need to be scheduled

The number of weeks in the schedule

The number of days in the schedule. This is equivalent to
7 x W where 7 is the number of days in a week

The number of unique shifts per day

A nurse in the set [0, N)

A week in the set [0, W)

An day in the set [0, D)

A shift in the set [0, S)

A vector of length N x D x S representing a schedule. Each
component may be O or 1

T; The i-th component of schedule x

BeREIn DIz

Tnds A component of schedule = representing nurse n, day d, and
shift s. This is equivalent to z; where s = nDS + dS + s

fx) A fitness function that describes the overall nurses’ dissatis-
faction towards a schedule . A smaller number is more ideal

fn(x) A fitness function representing an individual nurse n’s dis-
satisfaction towards a schedule x. A smaller number is more
ideal

p(x) A penalty function that is included in f(z) if = represents a

schedule that violates hard constraints.

The schedule can be represented mathematically as a
vector with V x D x S dimensions, where N is the number
of nurses (25), S is the number of days in the schedule (14),
and S is the number of shifts in a day (2). Alternatively,
the number of days D can also be represented as 7 x W
where W is the number of weeks in the schedule (2). This
yields a schedule x with a dimension of 700 as shown below:

0, nurse n does not work shift s on day d
T = [970 T .7?699} where z; = X (€8]
1, nurse n works shift s on day d
where

1 = the index of a component in z

S
I
|

From this, it becomes clear that there are 2790 ~ 5.3 x
102%° unique schedules. Due to this massive size, it becomes
important to filter infeasible schedules that violate a certain set
of hard constraints to reduce the search space for optimization.
These hard constraints are defined as follows:

o No nurse may work more than five shifts in a row

o Each nurse must work at least one shift

e An exact number of nurses must be assigned to every

shift, depending on the unit (for example, critical care vs
medicine)

These constraints can be defined mathematically on the
schedule = as follows:

7T(w+1) §
> wpac <5 Vne[0,N),Vwe [0,W)

d=Tw s=0

D
Zl'ndszl VHE[O,N),SZO

d=0

N
> nas =K vd € [0, D),Vs € [0,9)
n=0

In addition, it is understood that each nurse has personal
preferences regarding how their shifts are scheduled. These
preferences are not mandatory to fulfill and are therefore
considered soft constraints. Although not required, an optimal
schedule will maximize the collective preferences of all nurses
so that high employee morale is maintained. Examples of nurse
preferences could include but are not necessarily limited to

e desire to work either night or day shifts

o desire to work particular days of the week

o desire to avoid consecutive shifts

e desire to work with (or not work with) certain nurses

To allow for optimized schedules, each nurse will be as-
signed a fitness function f,(z) where n is the identifier of
the nurse from [0, N). A fitness function that outputs a large
number represents that a nurse is highly dissatisfied with that
schedule, while a low number means that the nurse is highly
satisfied. Moreover, we will penalize for higher physical and
emotional fatigue in the same fitness function. An example of
what a nurse fitness function f,,z might look like is provided
in Table III. The overall fitness of a schedule is obtained by
simply accounting for all nurses’ opinions of the schedule:

N
f@) =" fala) 2)
n=0

Please note that penalty = 1 or penalty = 3 is applied for each
row of violated requirements.
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TABLE III
FITNESS FUNCTION CRITERIA

Desire to work specific shifts (day/night) ‘ Preference matched

‘ Preference not matched Considering individual nurse preferences

Desire to work specific days of the week ‘ Preference matched

‘ Preference not matched Considering individual nurse preferences

Desire to avoid consecutive shifts

‘ Preferences not met

Criteria | Low Fatigue Score, Penalty = 0 | Moderate Fatigue Score, Penalty = 1 | High Fatigue Score, Penalty = 3 | Notes
Total hours worked | <=40h | 40+ t0 48 h | >48h |
Shift extensions (% days worked) | None | <=50% | >50% |
Short breaks (<9 hours between shifts) \ 0 \ 1 \ >1 \
Number of night shifts | 0 | 1-2 | >2 |
Long breaks (>24 hours between shifts) ‘ >=2 ‘ 1 ‘ 0 ‘
Roster changes | No | Change requested | Change not requested |
Nights for sleep (11pm-7am) ‘ 6-7 nights ‘ 4-5 nights ‘ 0-3 nights ‘
Days fully rested | 6-7 days | 4-5 days | 0-3 days |
‘Work schedule flexibility \ Highly flexible \ Slightly flexible \ Rigid \ Scale 0 (highly rigid) to 4 (highly flexible)
Workload (Patient:Nurse ratio) | Lower | Moderate | High | Aggregated to unit level
Nurse preferences | Fulfilled | Partially met | Not met | Preferences like shift type, specific days, etc.
\
\
\
|

‘ -
‘ -
‘ Preferences met ‘ -
‘ -

Desire to work with specific nurses \ Preferences met

\ Preferences not met Can also include avoiding certain nurses

Penalties for certain nurse preference violations can also
be represented with matrices. In particular, p, represents
penalties associated with violating shift preferences, py rep-
resents penalties associated with violating day preferences,
and p. represents penalties associated with violating coworker
preferences. Each column of a matrix corresponds to a nurse.
Each row of a matrix corresponds to either a shift, day, or
another nurse for ps, pq4, and p., respectively. These matrices
are exampled in 3, 4, and 5:

0,0 0,N

Ps = _21,0 21,1\/_ ®)
_]90,0 po,N_

pa=| i . “)
| P7,0 P7,N |
Po,o Po,N

Pe=| 1 - : ®)
PN,0 PN,N

One of the difficulties in generating a fitness function is
understanding how to represent both hard and soft constraints.
There is existing research on converting constrained opti-
mization problems into unconstrained optimization problems
that describe how to do this. An approach worth considering
is introducing a penalty function. A penalty function is a
common approach that adds or subtracts a penalty to a
fitness function based on the amount of constraints that are
violated [17]. Using this technique, a massive penalty for hard
constraint violations can be introduced. For example, other
related works in nurse scheduling have taken the approach of
applying a penalty of 999999 for hard constraint violations and
smaller numbers for soft constraint violations [18]. By taking
this approach, an optimization algorithm should effectively
disregard schedules that have hard constraint violations due
to a low output of f,,erqi, Which might look similar to (6)

N
f@)=p@)+ ) fale) 6)
n=0

where p(z) is the penalty function returning a negative value
for inputted schedules that violate hard constraints.

IV. FEDERATED LEARNING FRAMEWORK

Federated learning presents a paradigm shift in decentral-
ized information aggregation, enabling multiple entities to
contribute towards a collective model without sharing raw
data. This research leverages federated learning to tackle
the challenge of nurse scheduling across the five regional
health authorities in British Columbia, each with its unique
operational guidelines and varying numbers of hospitals and
wards. British Columbia’s healthcare system is partitioned
into five health authorities: Vancouver Coastal Health, Fraser
Health, Interior Health, Island Health, and the Northern Health
Authority. These entities differ in geographic coverage and
the scale and scope of operations, as they oversee different
numbers of hospitals, each further subdivided into numerous
wards with their own scheduling demands.

A. Base Schedule Creation

The foundation of our federated learning application begins
with creating base schedules for each ward within the hospitals
operated by the health authorities. These schedules are formu-
lated to comply with local regulations, staffing requirements,
and initial nurse availability. With 76 hospitals, each with 10+
wards, we created synthetic data for over 30,000 nurses with
soft preferences to create a pool of nurses to accommodate
each hospital’s needs. This decentralized approach enabled
us to train local models on each hospital’s data, preserving
privacy and security. The central server aggregated the local
models’ parameters to form a global model, which was then re-
distributed back to the hospitals. This architecture significantly
enhanced the robustness of our Nurse Scheduling model, as it
used a diverse set of real-world data. The federated learning
framework resulted in more accurate and personalized nurse
schedules, reducing overall penalty scores and improving nurse
satisfaction across hospital settings, as seen in Figure 1.
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Fig. 1. Federated Architecture Diagram

B. Machine Learning for Feature Selection

The first task was to detect which features from the soft
preferences affect the penalty score the most for each specific
hospital. In our context, we use the following approaches to
model complex relationships between scheduling variables and
nurse preferences:

o Gradient Boosting Machines (GBMs), specifically XG-
Boost and LightGBM
o Random Forest

XGBoost, a popular GBM method, builds a sequence en-
semble of decision trees. Each tree corrects the errors of
its predecessors, focusing on difficult-to-predict cases. This
highly efficient method performs well with large datasets and
high-dimensional data. It also provides feature importance
scores, helping us understand which preferences influence
the penalty score most. Similarly, LightGBM, another GBM
variant, constructs trees using a histogram-based approach,
making it faster and more memory-efficient. LightGBM also
provides insights into feature importance, helping us identify
key factors affecting penalty scores.

In addition to GBMs, we used Random Forest, which
builds multiple decision trees independently and combines
their results. Each tree is trained on a random subset of the data

and features, reducing the risk of overfitting and improving
generalization. Random Forest also delivers feature importance
metrics, allowing us to pinpoint the most significant scheduling
variables and nurse preferences that impact penalty scores.

In Table IV, we present the comparison results of the fea-
ture importance and feature selection generated by XGBoost,
Random Forest, and LightGBM models.

TABLE IV
COMPARISON OF FEATURE SELECTION FOR XGBOOST,
RANDOM FOREST, AND LIGHTGBM

Feature Name Feature Importance (Selected/Not Selected with Importance Score)
XGBoost | Random Forest | LightGBM
Selected (0.1265) ‘ Selected (0.3368) ‘ Not Selected (0.0000)
Selected (0.0519) ‘ Selected (0.0683) ‘ Selected (0.1570)
Selected (0.7811) ‘ Selected (0.1997) ‘ Selected (0.1433)
Selected (0.0228) \ Not Selected (0.0010) \ Not Selected (0.0400)
Selected (0.0089) \ Not Selected (0.0053) \ Selected (0.1193)
Not Selected (0.0016) \ Not Selected (0.0024) \ Selected (0.1270)
Not Selected (0.0036) \ Not Selected (0.0012) \ Selected (0.0570)
Not Selected (0.0013) \ Not Selected (0.0005) \ Selected (0.0210)
Not Selected (0.0024) \ Not Selected (0.0024) \ Selected (0.0970)
Not Selected (0.0000) \ Not Selected (0.0000) \ Not Selected (0.0000)
| Not Selected (0.0000) | Not Selected (0.0000) | Not Selected (0.0000)
‘ Not Selected (0.0000) ‘ Selected (0.0068) ‘ Selected (0.2050)
Selected (0.3758) ‘ Not Selected (0.0000)

shift preference

consecutive shifts

preferred days

sleep

workload

preferred co-workers

fully rested days

long breaks

|
|
|
|
|
night shift fatigue |
|
|
\
\
\
|

roster swaps

extended shifts

weekly hours

monthly total working hours ‘ Not Selected (0.0000) ‘

The comparison results reveal that the ’preferred days
penalty’ and ’shift preference penalty’ are crucial for nurse
mental health, as these directly impact their ability to plan
and balance work with personal life. XGBoost and Random
Forest highlight these as important, while LightGBM focuses
on ’workload penalty’. The ’consecutive shifts penalty’ con-
sistently affects nurse fatigue, a key feature across all models.
The consistent selection of ’preferred days penalty’ by all
models indicates its significant influence on mental well-being.
In contrast, varying selection patterns for other penalties reflect
each model’s unique evaluation method.

In the next step, we performed the following:

o Local Model Training: Each participating entity (a hos-
pital ward) trains a local model on its data to predict
scheduling disruptions.

e Model Aggregation: A central server aggregates these
local models into a global model. Aggregation is done
by averaging the model parameters and accounting for
the data’s size or the performance of local models.

¢ Model Distribution: The aggregated global model is dis-
tributed back to the participants for further local training
or implementation.

To train the ML model, we used the LSTM architecture [19],
repeating the above steps over multiple rounds to improve the
model’s accuracy and robustness. After the model was trained,
we compared the efficiency of the scheduling per hospital
against three well-known approaches - Moth Flame [11], Grey
Wolf [20] and Multiverse Optimizers [21].
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V. RESULTS

The predictive insights obtained from our federated learning
models allow us to proactively adjust schedules to minimize
disruptions and reduce nurse fatigue. The comparison spans
three different training scenarios: Local Training, Federated
Learning Training, and Federated Learning Training aug-
mented with Feature Selection, as shown in Table V.

TABLE V
PENALTY SCORE FOR VARIOUS OPTIMIZERS, AVERAGED PER EACH WARD
IN EACH TESTED HOSPITAL (THE NUMBER OF HOSPITALS = 76, WITH AN
AVERAGE OF 11 WARDS PER HOSPITAL)

Federated Learning Training
with Feature Selection
(Average Penalty Score)

Local Training
(Average Penalty Score)

Federated Learning Training
(Average Penalty Score)

Moth Flame Optimizer 28.28 26.53 24.50

Grey Wolf Optimizer 23.15 21.62 19.89
Multiverse Optimizer 23.70 22.09 20.44
LSTM 23.20 21.67 20.24

For the Moth Flame Optimizer (MFO), local training re-
sulted in an average penalty score of 28.28. Federated learning
improved this to 26.53, a 6.2% reduction, and further to 24.50
with feature selection, marking a 7.7% improvement.

The Grey Wolf Optimizer (GWQO) saw its average penalty
score drop from 23.15 in local training to 21.62 with federated
learning, a 6.6% reduction, and to 19.89 with feature selection,
indicating an 8.0% improvement.

Similarly, the Multiverse Optimizer (MVO) reduced its
average penalty score from 23.70 in local training to 22.09
with federated learning, a 6.8% decrease, and further to 20.44
with feature selection, a 7.5% enhancement.

The Long Short-Term Memory (LSTM) model followed a
similar trend, with the average penalty score dropping from
23.20 in local training to 21.67 with federated learning, a
6.6% reduction, and 20.24 with feature selection, another 6.6%
improvement.

In summary, applying federated learning consistently im-
proved the performance of all optimizers compared to local
training, with feature selection further enhancing these results.
The Grey Wolf Optimizer showed the most notable perfor-
mance improvements, indicating its robustness in handling
the nurse scheduling problem within the federated learning
framework.

VI. CONCLUSION

Our study presents a federated learning framework for nurse
scheduling that prioritizes reducing nurse fatigue through
decentralized machine learning. By enabling hospitals to train
models collaboratively while safeguarding data privacy, we
have developed a robust system that predicts nurse fatigue
and incorporates these predictions into the scheduling process.
Specifically, the integration of Grey Wolf Optimization (GWO)
has shown superior performance in optimizing scheduling
outcomes compared to other methods. This approach ad-
dresses the immediate needs of healthcare providers and sets a
precedent for applying privacy-preserving techniques in other
domains. Future work will explore the use of Stochastic
Controlled Averaging to improve convergence rates and handle

variability in nurse scheduling data across healthcare institu-
tions.
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