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Real-time healthcare operations

Operating room (OR) scheduling in modern hospitals must reconcile elective
case planning precision with emergency arrival uncertainty. Traditional two-phase
approaches—offline elective and emergency case scheduling and emergency calling
forth rescheduling in the reactive mode—are marred by computational delays and
the wasteful use of resources. We introduce an integrated, real-time dynamic OR
scheduling model grounded on deep reinforcement learning (DRL). By casting the
OR scheduling problem as a Markov decision process, our method continuously
adapts surgery assignments, start times, and overtime accruals to both elective
and emergent requirements. An actor—critic structure trained with proximal policy
optimization learns to progressively dispatch cases to minimize total overtime
without separate rescheduling steps. On synthetic benchmarks for small, medium,
and large instances with uniform and Poisson emergency-arrival distributions, the
DRL outperformed a reactive mixed-integer programming (RMIP) baseline and
an optimized heuristic. It reduced average overtime by over 50% while generating
schedules in less than 4 s—achieving 100—1,000x speedup over RMIP. These
results demonstrate that our learning-based method offers a scalable, reliable, and
real-time solution to dynamic OR scheduling, paving the way for deployment in
high-stakes clinical environments.

(ec) TR

1. Introduction

Simulation models used to analyze OR schedul-
ing strategies have limitations in dynamic and

Contemporary healthcare demands optimal hos-
pital performance while providing quality patient
care. '3 One of the significant challenges in this
field is operating room (OR) scheduling, which is
increasingly complicated by the overlap between
elective surgeries and emergency admissions.*™6
Traditional scheduling methods, such as mixed
scheduling and metaheuristic algorithms, are typ-
ically designed for elective surgeries and are less
efficient in the face of unexpected crises.” This
highlights the need for an integrated, real-time
scheduling approach that can simultaneously han-
dle both routine and emergency cases. 012

* Corresponding author.

uncertain healthcare environments. '3 These mod-
els usually rely on predefined decision rules and
fixed assumptions and cannot respond to real-
time changes.'® Furthermore, these methods are
extremely time-consuming and expensive due to
the need to calibrate parameters for each sce-
nario.

In this regard, deep reinforcement learning
(DRL) has been proposed as a novel approach that
can dynamically learn planning policies through
interaction with the environment and respond to
uncertainties and changes in real time.!'®!” By
integrating the representational power of deep
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learning and the sequential decision-making capa-
bility of reinforcement learning, DRL can adjust
planning decisions in real time and optimize long-
term outcomes.

In this study, we proposed a new framework
for dynamic operating room scheduling (DORS)
using DRL. This method formulates the schedul-
ing problem as a Markov decision process (MDP)
and transforms the entire scheduling process into
a continuous decision-making process. Using an
actor—critic architecture and proximal policy op-
timization (PPO), our model not only improves
decision-making speed but also achieves high-
quality scheduling under tight constraints. Our
extensive experiments showed that the DRL-
based solution significantly reduced overhead
and outperformed existing methods in terms of
quality and computational efficiency. This ad-
vancement can lead to improved patient out-
comes and a more efficient use of limited hos-
pital resources. Consequently, this research repre-
sents the next step in advancing DORS using
DRL and can significantly change how hospi-
tals address operational complexities in dynamic
environments.

The rest of the paper is organized as follows:
Section 2 provides a review of relevant literature
on DORS and reinforcement learning in health-
care settings. Section 3 formulates and states
the DORS problem mathematically. Section 4
introduces our DRL architecture and training pro-
cesses. Section 5 reports numerical experiments
and discusses findings, and Section 6 concludes
with remarks and future research directions.

2. Literature review

In this section, we review the state of the art
in OR scheduling under uncertainty by examin-
ing (i) key modeling approaches and uncertainty-
handling techniques, (ii) traditional exact, meta-
heuristic, and heuristic solution methods, (iii)
their limitations in dynamic, emergency-driven
settings, and (iv) emerging DRL methods for
healthcare operations.

Recent research suggests that OR scheduling
must balance elective and emergency surgeries
under uncertainty. '"!® Several studies have pro-
posed robust and stochastic models for this pur-
pose, including a two-stage model considering ran-
dom surgery duration and emergency patient ar-
rivals,* a robust data-driven model that allocates
room capacity for elective and probable emer-
gency patients and uses rolling horizon reschedul-
ing,' and the hierarchical framework by Zhao
et al.?% that combines weekly scheduling, daily

allocation, and intraday rescheduling using ge-
netic algorithms and particle swarm optimization.
These models emphasize the existing consensus
on the key role of uncertainty in surgery dura-
tion and emergency patient arrivals.?! 23 In classi-
cal approaches, mathematical programming mod-
els, such as mixed-integer programming (MIP),
stochastic programming, and robust optimiza-
tion, have been used.®” Stochastic programming
minimizes expected costs (e.g., overtime, unem-
ployment, surgery cancellations), but its dimen-
sion grows rapidly with the number of scenar-
ios; %24 in contrast, robust models focus on worst-
case scenarios or on uncertain distributions.”?
In addition, heuristic and simulation methods are
common and include greedy rules, metaheuris-
tic algorithms such as genetic algorithms and
forbidden search, and discrete-event simulation
to evaluate policies and measure program sta-
bility. 213172527 Qverall, the literature in this
area encompasses a broad set of stochastic, ro-
bust, data-driven, simulation, and metaheuris-
tic tools, all focused on simultaneously optimiz-
ing patient priority and resource efficiency under
uncertainty. 2834

Researchers have used a variety of methods to
address the OR scheduling problem. %628 Kamran
et al.” presented a multi-objective mixed-integer
linear programming model for assigning elective
patients, with the option to include emergency
patients. Subsequently, metaheuristic approaches,
such as genetic algorithms, simulated annealing,
forbidden search, and ant colony optimization,
were used to accelerate the solution of these hy-
brid models, 2527 which exhibit higher efficiency
and effectiveness compared to simple rules. In
practice, many hospitals use heuristic rules or
simulation—optimization cycles to generate fea-
sible plans.?3® In this approach, the first stage
involves a basic selected plan, and the second
stage involves replanting after observing actual
events. 242536 These models are optimized using
sample approximation or gradual algorithms and
reduce expected costs such as waiting, idleness,
and overtime.??° However, these methods rely on
known probability distributions and are vulnera-
ble to rare or uncertain events. 1324

In contrast, robust optimization offers an al-
ternative by considering the worst-case scenarios
of uncertainty. For example, Shehadeh and Pad-
man’ proposed a robust model aiming to mini-
mize the worst-case expected cost for OR over-
time and intensive care unit crowding, while other
studies have used Bertsimas—Sim budget sets or
Wasserstein non-distributable methods. % 73739
Although these models are conservative, they
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ensure robust decision-making in the absence
of reliable probabilistic data. Also, simulation
and simulation-optimization methods have been
widely used for patient flow analysis and pol-
icy evaluation, especially of the discrete event
type.%

Deep reinforcement learning, as an end-to-end,
model-free framework, has the potential to over-
come the limitations of traditional methods in OR
scheduling.?%4? In this approach, instead of solv-
ing MIP models daily, the DRL agent learns a pol-
icy that maps the system state (current schedule,
patients in queue, and new arrivals) to scheduling
decisions, which is continuously updated through
simulation or real-world experience. %42 Recent
studies have shown various applications of DRL
in the healthcare domain: for example, Lee and
Lee*? reported significant reductions in waiting
times and penalties compared to classical rules
by training a deep Q-network for emergency pa-
tient scheduling. In the inpatient domain, Rab-
bani et al.'® used an online bandit reinforcement
learning algorithm to control patient admissions
with random stays, outperforming static meth-
ods. A review by Dai and Shi?® focused on a
single type of problem, such as backlog resolu-
tion, triage of emergency patients, or scheduling
elective surgeries. In contrast, existing models
are mostly hybrid or two-stage; for example, Es-
hghali et al.'® reserved capacity for emergency
patients and rearranged elective scheduling in the
event of unexpected arrivals, while Heydari and
Soudi?® used a two-stage stochastic model that
first creates an initial schedule with free space
and then modifies it in the event of emergencies
in a second stage. These staged approaches dif-
fer fundamentally from a unified, real-time DRL
model.

What is lacking is a single-shot DRL method
that learns, for example, a dispatch policy from
all system states (including current elective pa-
tients waiting, known future demand, and any
emergencies that arrive) to actions (which pa-
tient to schedule next or when to idle). Such
an approach would treat emergencies not as un-
planned disruptions needing separate handling,
but as part of the sequential decision process. In
principle, a DRL agent could learn the appropri-
ate trade-off (e.g., cancelling an elective to ac-
commodate an emergency) from the reward func-
tion, without manually designed threshold rules.
The success of DRL in other dynamic schedul-
ing tasks suggests its feasibility, yet the litera-
ture has not yet produced an integrated DRL
model for mixed elective—emergency OR. schedul-
ing. We asserted that DRL is a promising direc-

tion to fill this gap by yielding an online schedul-
ing policy that inherently balances elective and
emergency needs without a separate rescheduling
phase.

3. Problem description for dynamic
operating room scheduling

Traditional OR scheduling assigns a set of elec-
tive surgeries with known durations to available
ORs over a fixed planning horizon (one day in
this study) to minimize total overtime. In this
static framework, elective cases can be planned
well in advance, whereas emergency surgeries ar-
rive unpredictably and must be treated promptly.
The primary goal is to ensure that emergency
cases are assigned to ORs without delay while
minimizing total overtime, thereby striking an
optimal balance between emergency patient care
and overall schedule efficiency. The mathematical
formulation for this scheduling problem is detailed
in this section. In our model, we considered the
following key aspects:

(i) Elective surgeries: A predetermined set I of
elective surgeries, with all patients present
at the start of the surgical shift and specific
surgery durations.

(ii) Operating rooms: A set R of available ORs
is provided. Every OR is available from the
beginning of the shift, and each OR can
host at most one surgery at a time.

(iii) Emergency surgeries: Emergency surgeries
occur dynamically and have a higher prior-
ity than elective surgeries. If an emergency
patient arrives and an OR is available, the
emergency surgery must commence imme-
diately.

(iv) Assumptions: All proposed models assume:
e FEach surgery’s surgeon and required re-

sources are known in advance.

e No surgery can be interrupted once
started.

e All required resources (rooms, equipment,
and pre- and post-operative care) are suf-
ficiently available, so delays occur only
due to scheduling conflicts.

e The scheduling horizon is one day, with
overtime incurred for surgeries that ex-
ceed the regular OR time.

e Hospital policies define priority classes
(emergency, urgent, and elective) and fair-
ness rules.

e Historical data used for training may be
incomplete or biased.
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e The scheduler (agent) observes the cur-
rent system state with limited latency.

e Scheduling decisions must respect manda-
tory rest periods, maximum consecutive
work hours, and other regulatory con-
straints.

(v) Parameters:

e [: Set of elective surgeries, indexed by ¢

(and 7’ for pairwise comparisons).

R: Set of available ORs, indexed by r.

e d;: Duration of surgery 4 (in minutes), for
all ¢ € I.

e Reg: The daily regular OR time (in min-
utes) after which overtime is incurred.
The surgical day is assumed to start at
time 0.

e Over: The maximum amount of overtime
(in minutes) allowed for each OR.

e M: A sufficiently large positive number
used for modeling purposes (big-M).

(vi) Decision variables:

e A;: A binary variable equal to 1 if
surgery i is assigned to OR r; 0 otherwise,
foralli € I and r € R.

e Bji: A binary variable equal to 1 if, for
surgeries i and i’ (i #4'), both are as-
signed to OR r and surgery ¢ precedes
surgery i’ (not necessarily immediately);
0 otherwise.

e 3;: A non-negative continuous variable
representing the start time of surgery ¢
(in minutes), for all i € 1.

e 0,: A non-negative continuous variable
representing the overtime incurred by OR
r, for all r € R.

(vii) Objective function: The objective is to min-
imize the total overtime across all ORs,
which is equivalent to minimizing the overall
makespan of the schedule:

Minimize z = E Oy
reR

(1)

(viii) Constraints:

> Ap=1,Vi (2)

Biirr + Birir < 1,
Vi,i' € [withi £, Vre R (3)
Ayt Ay <14Bijr+Bivir,
Vi,i €l with i#i, VreR (4)

Air - Ai’r < 1-— Bii’r - Bi’irv
Vi, € I with i £4, ¥r € R (5)

s; > sy +dy — M (1 - Z&w) ;
T
Vi,i' € I with i # i’

s; +di < Reg+ Over, Viel

or23i+di—Reg—M(1—Air)a

Viel VreR (8)

Equation 2 ensures that each surgery is
assigned to precisely one OR. Equation 3
ensures that for any pair of surgeries ¢ and
i’ assigned to the same OR, at most one
precedence relationship can be established.
Equation 4 guarantees that if surgeries
i and i' are both assigned to OR r, then
a precedence relation must exist between
them. Equation 5 ensures that if a prece-
dence relation is established between surg-
eries 7 ands’, then they must be assigned to
the same OR. Equation 6 ensures that the
start time of surgery ¢ must be no earlier
than the finish time of its preceding surgery
i’ (if such a precedence is defined). We used
a big-M constraint to enforce Equation 6.
Every surgery must be completed within
the allowable time of the day (regular time
plus maximum overtime). The overtime for
an OR r is defined as the excess time be-
yond the regular time when the last assigned
surgery finishes, as shown in Equations 7
and 8.

In Section 4, we introduce a DRL frame-
work that handles emergency arrivals in real
time, eliminating the need for a separate
rescheduling phase.

4. Methodology

In this work, we proposed a DRL approach to
DORS. In our setting, all elective surgeries are
available at the start of the day for a set dura-
tion, with their start times to be determined. The
primary goal was to ensure that emergency cases,
which have a higher priority, are assigned to ORs
without delay while minimizing total overtime,
thereby striking an optimal balance between emer-
gency patient care and overall schedule efficiency.
If an emergency patient arrives and an OR is
idle, it is immediately scheduled; if not, the emer-
gency patient waits until an OR becomes avail-
able. Unlike models that incorporate a separate
“rescheduling” phase, our method continuously up-
dates the schedule in real time through sequential
decision-making. At every decision moment dur-
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ing the day, the algorithm evaluates the current
state and directly outputs which patient should
enter which OR. As illustrated in Figure 1, our
overall DRL framework consists of real-time state
updates, a multi-layer perceptron (MLP)-based
state embedding, and actor—critic networks for
policy learning.

4.1. Markov decision process formulation
for dynamic operating room
scheduling

We presented the DORS problem as an MDP,
defined by the tuple (S, AS, P, R,~):

(i) State space (S): At each decision epoch ¢, the
state s; encapsulates:

e Step 1. Assignment matrix (A): A bi-
nary matrix of dimensions |I|x|R|, where
A, = 1 indicates that elective surgery i is
assigned to OR r; otherwise, A;. = 0.

e Step 2. Start times({si}): A vector of non-
negative continuous variables representing
the scheduled start times for each surgery
1€ 1.

e Step 3. Surgery durations({di}): A vector
of specific durations for each surgery i € I.

e Step 4. Overtime ({Or}): A vector of non-
negative continuous variables where O,
denotes the overtime incurred by OR r €
R, calculated based on the finishing time
of the last surgery relative to the regular
operating hours.

e Step 5. Emergency surgery status(E;): A
set indicating the current status of emer-
gency surgeries at time ¢ (e.g., binary flags
representing the presence of pending emer-
gency surgeries).

These comprehensive state representations

provide the DRL agent with all necessary

information regarding current surgery assign-
ments, scheduling, and emergency events.
(ii) Action space (AS): An action a; at time ¢

involves scheduling a surgery to an OR at a

specific start time, represented as a triplet:

(9)

where 7 is the index of the surgery to be

scheduled (either elective or emergency), r is

the index of the OR, and s; is the proposed

start time for surgery i.

e Validity conditions: An action a; is valid
if:

e Surgery ¢ has not been previously sched-
uled.

e OR r is available at time s; (i.e., no
scheduling conflicts).

as — (Za r, Si)

e The proposed start time adheres to op-
erational constraints (e.g., the surgery’s
end time s; + d; does not exceed allowable
working hours).

Invalid actions, such as those causing schedul-

ing conflicts, are filtered out during decision-

making using action-masking mechanisms.
(iv) Transition dynamics (P): Upon executing
action ay :

e The elective surgery is scheduled in the des-
ignated OR with the specified start time.

e The finish time is computed as s; + d;,
and the assignment matrix A is updated
accordingly.

Overtime o, for OR r is recalculated as:

or = max{(s; +d;) — Reg,0}  (10)

where Reg denotes the daily regular OR time
(in minutes). If an emergency surgery ar-
rives, the state updates immediately: if an
OR is idle, the emergency surgery is sched-
uled promptly; otherwise, it joins a queue
awaiting availability.

(v) Reward function (R): The reward function is
designed to minimize total overtime. At each
decision epoch t, the reward is defined as:

r, = —(Total overtime (s;41)

—Total overtime(s;))

(11)
with:

Total overtime(s;) = Z Or (12)

reR

Thus, actions that reduce total overtime yield
positive rewards, while those that increase it
result in negative rewards.

(vi) Discount factor (y): We set the discount fac-
tor v to 1 to reflect the episodic nature of the
scheduling problem within a single day, en-
suring that future rewards (i.e., reductions in
overtime) are valued equally with immediate
rewards.

4.2. Network architecture

Our DRL framework employed an actor—critic
architecture and was trained via PPO.

4.2.1. State embedding network

An MLP is used to convert the raw state s; into
a compact representation. The input comprises
the flattened features from:

e the assignment matrix A,
e current start times,
e specific surgery durations,
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DORS environment
* Elective & emergency surgery state
» Operating room state

State embedding network (MLP)
Encodes the raw state into a compact vector

Training algorithm PPO
* Actor network (Value)
+ Critic network (Policy)

v

4

Rewardr,

Action a;

t=t+1

Execute a in environment
* Schedule surgery
* Handle emergency insertion
* Receive new state Sy

Fy

Figure 1. Overview of the deep reinforcement learning framework for dynamic operating room scheduling
(DORS). Abbreviation: MLP: Multi-layer perceptron; PPO: Proximal policy optimization.

e overtime for each OR, and
e cmergency surgery status.

The MLP consists of an input layer, hidden
layers (e.g., with 128 and 64 neurons, activated
by the Tanh function), and an output layer that
generates the state embedding vector.

4.2.2. Actor network

Based on the state embedding, the actor network
produces a probability distribution over the valid
actions, i.e., the available surgery—OR pairs with
feasible start times. It typically includes:

e One or two fully connected layers (e.g., with
64 neurons each using Tanh activation), and

e A final softmax layer that outputs the proba-
bilities, ensuring invalid actions (determined
via action-masking) receive zero probability.

4.2.3. Critic network

The critic network estimates the value function
V(st), representing the expected cumulative over-
time reduction from state s;. Its architecture is
similar to that of the actor network, but it ends
with a single scalar output.

4.3. Training procedure

Our DRL agent was trained over multiple
episodes, each corresponding to one complete
“day” of OR activity. Unlike traditional two-stage
approaches that require a separate reschedul-

ing phase when emergencies arrive, our method

continuously updates the schedule in real time

through sequential decision-making. At each deci-
sion step, the agent schedules exactly one surgery—
either elective or emergency—based on the cur-

rent state, immediately updates the environment,

and receives a reward reflecting the change in

total overtime. The start steps are as follows:

(i) Step 1: Episode initialization. At the start of
each episode n, we initialize the environment
state sg as follows:

e Assignment matrix A is set to all zeros

(no surgery assigned).

Overtime vector o, = 0 for all ORs r.

Elective surgery durations and the emer-

gency arrival schedule are loaded.

e Emergency queue is empty.

Within-episode rollout.

We then iterate decision stepst =0, 1,...
until all surgeries are scheduled and the
episode terminates.

(ii) Step 2: Observe state s;. The state includes
the current assignment matrix A, the start
times of scheduled surgeries, the remaining
elective durations, the current overtime per
OR, and any pending emergency flags.

(iii) Step 3: Compute state embedding. An MLP
encodes the raw state features into a com-
pact vector representation h;.

(iv) Step 4: Actor—critic forward pass. Actor
uses h; to generate a probability distri-
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bution mg(a | s¢) over all valid scheduling
actions (room—surgery—start-time triplets),
employing action masking to eliminate in-
feasible moves. Critic estimates the state
value Vp(sy).

(v) Step 5: Sample and execute action a;. We
sample a;~mg( . | s¢) (or take the arg max
when evaluating deterministically), then ap-
ply it in the environment: assign the chosen
surgery to the chosen OR at the specified
start time, immediately insert any arriving
emergency if an OR is idle (or enquire it
otherwise), update A, and recalculate each
Or.

(vi) Step 6: Receive reward r;. It is calculated
as defined earlier.

(vii) Step 7: Store transition. We append
(St ae, i, St+1) to the rollout buffer for sub-
sequent optimization.

(viii) Step 8: Check termination. The episode ends
when all surgeries (elective and emergency)
are scheduled, or the maximum allowable
horizon (including overtime) is reached.

For the finish part, the PPO algorithm builds
on the ideas of trust region policy optimization
but replaces complex constraints with a clipped
surrogate objective that is straightforward to im-
plement and delivers state-of-the-art performance
across many reinforcement-learning benchmarks.
While we have detailed the layer dimensions and
activation functions for our MLP, we also em-
ployed generalized advantage estimation (GAE)
to compute the advantage function Ay, which
has been shown to reduce variance and improve
sample efficiency during PPO training. The PPO
algorithm optimizes a composite objective com-
posed of two main loss terms.

At each update step, given a batch of transi-

tions (st, at, Kt), PPO maximizes the following

clipped surrogate objective with respect to the
policy parameters 6:

LELIP (9)
E, [min (rt (0) A, clip (ri (0),1 —e,1+¢) fltﬂ
(13)

M is the likelihood ratio
eold(at | St)

between the updated policy mg and the refer-
ence (old) policyry,,,, Al is an estimate of the
advantage at time ¢, € is a small hyperparam-
eter (e.g., € =0.2) that specifies the clipping
range, and clip(x,1 —€,1 + €) truncates z to lie
in[l—e1+¢€.

where ¢ (0) =

By taking the minimum of the unclipped and
clipped objectives, PPO ensures that policy up-
dates do not move r; () too far from 1, thereby
limiting the policy shift and improving stability.
In practice, we augmented the clipped surrogate
objective with two additional loss terms:

e Value-function loss L} (¢), which is the mean-
squared error between the critic’s value esti-
mate Vj (s¢) and the empirical return r;.

e Entropy bonus LZ(#), which encourages explo-
ration by maximizing the policy’s entropy.

The composite loss to minimize (or negative
objective to maximize) is:

L:(6,0) = _CthCLIP (0) + CULX (¢) — CeLtE (9)
(14)

with coefficients ¢, > 0 weighting the policy
(clipped surrogate) term, ¢, > 0 weighting the
value-function loss, and ¢, > 0 weighting the en-
tropy bonus. The proposed algorithm is intro-
duced in Algorithm 1.

Algorithm 1

For episode = 1 to N_ep do

For step = 1 to T_max do

While environment is not terminal do

Collect experience (s_t, a_t, r_t, s_ {t+1})

If terminal state reached then

Break

End if

End while

End for

For iteration = 1 to N_upd do

Compute advantage A_t and update actor 71_0
and critic V_¢

End for

If (episode mod f_ver == 0) then

Perform performance verification of the policy
model

End if

End for

The environment continuously integrates emer-
gency surgeries: upon each emergency arrival, an
idle OR immediately executes the case; otherwise,
the emergency is enquired until the next OR be-
comes available. In summary, we cast DORS as an
MDP in which elective surgeries—with specific du-
rations and variable start times—were scheduled
sequentially to minimize total overtime. The state
s¢ comprises the current assignment matrix A ,
scheduled start times, specific surgery durations,
accumulated overtime per OR, and emergency-
arrival indicators. At each decision step, the DRL
agent selects a single action (assigning either an
elective or emergency surgery), the environment
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Table 1. Hyperparameter settings for the proximal
policy optimization algorithm.

Hyperparameters Values
Number of total episodes (N) 100,500
Performance verification every V 3,20
episodes

Number of policy updates (K) 1
Learning rate (Ir) 1x1073
Coefficient for policy term (c,) 2
Coefficient for entropy term (c.) 0.01
Coefficient for critic term (c,) 1
Discount factor () 1
Clipping coefficient (¢) 0.2

advances to s;y1, and a reward equal to the neg-
ative increment in total overtime is issued. An
actor—critic network, trained with PPO, then up-
dates the scheduling policy to maximize long-term
overtime reduction.

5. Experimental setting and results

In this section, we first describe our compu-
tational environment and the synthetic OR-
scheduling benchmarks. We then introduce two
state-of-the-art baselines—reactive MIP (RMIP)
and the overload-slack index heuristic (OSI) by
Miao and Wang?*—before detailing our evalua-
tion metrics. We present training-curve analyses
that demonstrate rapid convergence and subse-
quently report extensive empirical comparisons
on small, medium, and large instances.

5.1. Experimental setting

5.1.1. Hardware and software

All experiments ran on an Intel® Core™ i5-
4210U CPU (1.70 GHz, Turbo Boost to 2.40 GHz),
with 8 GB of RAM and an NVIDIA GeForce
840M GPU. The software stack comprised Python
3.12.7 and PyTorch 2.5.1. Our PPO implementa-
tion used the Adam optimizer with learning-rate
decay, gradient clipping, and mini-batch updates,
following industry best practices. Key hyperpa-
rameters are listed in Table 1. The parameters
were empirically adjusted through several trial
runs to identify the optimal combination. The
goal of parameter tuning was to improve conver-
gence, increase response quality, and avoid getting
stuck in local optima.

5.1.2. Synthetic data generation

To overcome the scarcity of real-world OR schedul-
ing data with emergency arrivals, we generated a
diverse suite of test instances that reflect typical

hospital operations. Test problems were generated
according to previous studies. 34 The specifica-
tions are as follows:

e OR count (R): {2, 3, 5, 10, 15, 20, 25, 30, 35,
40}

e Regular operating time: 480 minutes

e Overtime window: 120 minutes

e Elective surgeries (I): 10-200 per instance; du-
rations sampled uniformly from [50, 200] min-
utes

e Emergency arrivals (E): 1-3 per day with ar-
rival times uniform in [0, 480] minutes

e Dataset split: 500 training, 100 validation, 150
test instances (no overlap)

This design ensures (i) scalability across small
to very large departments, (ii) realism through
typical procedure lengths and emergency “shock”
events, and (iii) reproducibility via fixed random
seeds.

5.1.3. Baseline methods

We benchmarked against two recently proposed
dynamic scheduling methods pioneered by Miao
and Wang: 44

(i) Reactive MIP: A two-stage approach that first
solves an ex-ante MIP for elective surgeries,
then re-optimizes—including emergencies—
via a second MIP. We implemented both
stages in PuLLP with a 10,000 s time limit,
mirroring the original formulation.

(ii) Overload-slack index (OSI) heuristic: A fast,
rule-based dispatcher that computes per-OR
slack after elective assignment freezes the
most underloaded rooms, and greedily allo-
cates emergencies to minimize overtime. This
O(|R| + |I| + |E|) method runs in millisec-
onds.

5.1.4. Evaluation metrics

For each method m on test instance k, we mea-
sured:

e Total overtime (OT): It is calculated as defined
earlier.

e Computation time (7'): We measure the time
Ty (in seconds) required by method m to
produce a complete scheduling on instance k.

e Interquartile mean (/QM): To obtain a robust
summary of total overtime performance, we
discard the lowest 25% and highest 25% of the
observed {OT', 1} szl values, then compute the
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Figure 2. Training curve of the policy model trained under the uniform distribution..

arithmetic mean of the remaining middle 50%:

1 j=3K/4
IQM,, = %7 Z OT,.;  (15)
j=K/4+1

where OT'), 1 < OT'y 0 < --- < OT'yy, i are the
sorted overtime figures.

e Average probability of improvement (API): To
quantify how often method m strictly outper-
forms a reference method b in terms of overtime,
we define:

| X

APImJ) = ? Z 1{0Tm,k; < OTb7k}
k=1

where 1{-} is the indicator function. An API

close to 1 indicates that m yields lower overtime
on almost every instance when compared to b.

(16)

5.2. Training curve analysis

We shaped the reward at each step as the negative
incremental change in total overtime.

5.2.1. Uniform arrivals

To verify convergence, we periodically evalu-
ated the policy on 10 held-out test instances
(Figure 2). The average total overtime declined
monotonically and stabilized after approximately
50’episodes, indicating fast, consistent learning
under deterministic arrivals.

5.2.2. Poisson arrivals

Early-phase total overtime exhibited higher vari-
ance due to stochastic arrivals but followed a clear
downward trend, eventually reaching a plateau,
demonstrating robust convergence in uncertain
environments (Figure 3).

These results confirm that our incremental over-
time reward reliably guides the policy toward effi-
cient schedules in both deterministic and stochas-
tic settings.

5.3. Empirical evaluation across scales

To thoroughly assess our DRL performance, we
randomly selected test instances at three scal-
ing levels—small, medium, and large—covering
a broad spectrum of OR counts and total cases.
For each instance, we reported the mean total
overtime and runtime (T) averaged over two
emergency-arrival models (uniform and Poisson).
This dual-distribution averaging ensures that our
results are robust to different stochastic arrival
patterns.

5.3.1. Small-scale instances

Small-scale instances involved a limited number
of decision makers, variables, or elements,
such as the number of patients, ORs, or
surgeries in a scheduling problem. These sam-
ples were used for initial model validation or
for comparison with exact solutions (exact
methods), since exact solutions are time-
consuming. For this purpose, nine instances with
Rx (I+E)e{3x12, 3x13, 5x20, 5x 21, 10
x38,10 x 39,10 x 40, 10 x 41, 10 x 46}  (see
Table 2) were sampled to represent lightly
loaded departments.

In all nine small-scale instances, our DRL
framework outperformed RMIP and OSI (API =
1), reducing average total overtime by approxi-
mately 120 min and being 102-103x faster than
RMIP (see Table 3).
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Table 2. Comparison of results across RMIP, OSI, and our proposed method in small-scale instances.

Instances Overtime (min) Runtime (s)

Rx(I4+E) Our proposed method RMIP OSI Our proposed method RMIP OSI
3x12 103 223 297 0.08 12.3 0.07
3x13 338 458 517 0.10 18.0 0.09
5x20 25 145 217 0.50 24.0 0.30
5x21 177 297 327 0.58 28.0 0.42
10x38 0 73 190 0.90 35.0 0.46
10x39 144 264 420 0.92 56.0 0.49
10x40 125 245 323 0.96 82.0 0.52
10x41 140 260 367 0.99 175.0 0.69
10x46 253 373 573 1.30 264.0 1.10

Abbreviations: OSI: Overload slack index; RMIP: Reactive mixed-integer programming.

Table 3. Evaluation metrics in small-scale instances.

API (vs. RMIP) API (vs. OSI)

Methods IQM (overtime; min)
Our proposed method 146.50
RMIP 266.50
O8I 359.25

1 1
- 1

Abbreviations: API: Average probability of improvement; IQM: Interquartile mean; OSI: Overload slack index; RMIP:

Reactive mixed-integer programming.

5.3.2. Medium-scale instances

Medium-scale instances involved larger sets of
data (e.g., 20 to 50 surgeries or decisions in
the planning horizon) that exact methods can
still solve in an acceptable time or by meta-
heuristics with multiple iterations. They were
used for parameter tuning and algorithm stabil-
ity checks. For this purpose, six instances with
Rx (I+ FE) e {15 x 55, 15 x 57, 20 x 74, 20 x
78, 25 x 93, 25 x 95} (see Table 4) were chosen

to reflect moderately loaded settings.

In medium-scale instances, our DRL framework
achieved near-zero overtime in half of the surg-
eries (IQM = 13.5 min), outperformed RMIP and
OSI in 5 of 6 instances, and completed in < 2 s,
whereas RMIP took minutes (see Table 5).

5.3.3. Large-scale instances

Large-scale instances involved a large number
of decisions, resources, or constraints, such as
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Table 4. Comparison of results across RMIP, OSI, and our proposed method in medium-scale instances.

Instances Overtime (min) Runtime (s)

Rx(I+E) Our proposed method RMIP OSI Our proposed method RMIP OSI
15x55 0 113 256 1.40 352 1.30
15x57 214 334 518 1.42 412 1.41
2074 0 0 0 1.56 523 1.53
2078 11 156 216 1.62 687 1.58
25x93 0 21 78 1.73 712 1.86
25x95 43 306 493 1.75 993 1.91

Abbreviations: OSI: Overload slack index; RMIP: Reactive mixed-integer programming.

Table 5. Evaluation metrics in medium-scale instances.

API (vs. RMIP) API (vs. OSI)

Method IQM (overtime; min)
Our proposed method 13.50

RMIP 149.00

OSI 260.75

0.83 0.83
- 0.83

Abbreviations: API: Average probability of improvement; IQM: Interquartile mean; OSI: Overload slack index; RMIP:

Reactive mixed-integer programming.

Table 6. Comparison of results across RMIP, OSI, and our proposed method in large-scale instances.

Instances Overtime (min) Runtime (s)

RX(I+E) Our proposed method RMIP OSI Our proposed method RMIP OSI
30x112 0 0 52 1.86 1,125 1.93
30x117 158 310 493 1.83 1,401 1.89
30x124 14 162 215 2.01 1,526 2.01
35x129 0 73 177 2.14 1,896 2.11
35x142 28 172 263 2.30 2,257 2.27
35x156 0 19 75 2.90 3,682 2.86
40x170 37 132 217 3.20 4,896 3.01
40x184 0 0 38 3.18 6,087 3.24
40x198 27 107 193 3.60 8,426 3.70

Abbreviations: OSI: Overload slack index; RMIP: Reactive mixed-integer programming.

Table 7. Evaluation metrics in large-scale instances.

API (vs. RMIP) API (vs. OSI)

Method IQM (overtime; min)
Our proposed method 13.8

RMIP 98.6

O8I 175.4

0.78 1.00
- 0.78

Abbreviations: API: Average probability of improvement; IQM: Interquartile mean; OSI: Overload slack index; RMIP:

Reactive mixed-integer programming.

more than 100 surgeries, multiple ORs, and mul-
tiple medical teams. These examples are usually
real or industrial and are impossible or highly
time-consuming to address with exact methods.
Meta-heuristics were used to test efficiency and
scalability. Nine instances with R x (I + E) €
{30 x 112, 30 x 117, 30 x 124, 35 x 129, 35 X
142, 35 x 156, 40 x 170, 40 x 184, 40 x 198}

(see Table 6) were sampled to challenge the sched-
uler under heavy load.

Even with up to 198 total surgeries, our pro-
posed DRL framework maintained an IQM of 13.8
min, outperformed RMIP in 7 out of 9 instances
(API = 0.78) and OSI in every instance (API =
1.00), and completed within 4 s (see Table 7).
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6. Conclusion

We have presented a novel, end-to-end DRL frame-
work for DORS that seamlessly integrates elec-
tive and emergency cases without resorting to
offline master schedules or reactive reschedul-
ing. Modeling the problem as an MDP and
training an actor—critic agent with PPO and
GAE enables continuous, online decision-making
that directly optimizes overtime reduction. Ex-
tensive experiments on synthetic benchmarks
of varying scale and stochasticity revealed that
our DRL (i) dramatically lowered total over-
time compared to both the RMIP approach
and the heuristic dispatcher; (ii) maintained ro-
bust performance across diverse department sizes
and arrival processes; and (iii) computed high-
quality schedules in seconds, suitable for real-time
use.

These findings underscore the promise of
DRL for high-impact healthcare operation prob-
lems, where traditional optimization methods fal-
ter under uncertainty and time constraints. In
the future, the proposed DRL framework can
be evaluated on real-world hospital scheduling
data, extending its state representation to in-
clude downstream bed and staffing constraints
and exploring multi-agent architectures for co-
ordinated scheduling across multiple operating
suites.

While the proposed DRL framework demon-
strates promising potential for DORS, integrat-
ing it into real-world hospital environments faces
several critical barriers. Institutional and policy
constraints often limit the flexibility of automated
scheduling systems, as hospital management pro-
cedures, staff unions, and departmental hierar-
chies typically require manual oversight and ap-
proval for schedule modifications. These admin-
istrative policies may hinder the full automation
of DRL-based decision-making, necessitating the
development of hybrid systems that balance al-
gorithmic recommendations with human supervi-
sion.

Moreover, data privacy and security represent
significant challenges in the healthcare domain.
Training DRL models requires access to sensi-
tive patient and operational data, including per-
sonal identifiers, medical histories, and surgery
details. Ensuring compliance with data protec-
tion regulations, such as the Health Insurance
Portability and Accountability Act and General
Data Protection Regulation, is essential to pre-
vent unauthorized access and misuse. Techniques
such as federated learning, data anonymization,
and secure model deployment can mitigate these

concerns. However, they also increase system com-
plexity and computational cost. Finally, ethical
considerations must be addressed before large-
scale implementation. Automated scheduling al-
gorithms must ensure fairness, transparency, and
accountability in decision-making—particularly
in prioritizing emergency versus elective cases.
Ethical dilemmas may arise if algorithmic poli-
cies unintentionally favor certain patient groups
or compromise the autonomy of medical staff.
Therefore, incorporating explainable artificial in-
telligence mechanisms and involving clinicians in
model validation and governance processes are
crucial steps toward building trust and ensuring
responsible adoption of DRL-based scheduling
systems in hospital settings.

Future research can build upon the current
study in several important directions. First, ap-
plying the proposed DRL-based scheduling frame-
work to real-world hospital datasets would enable
more realistic validation under operational con-
straints, such as surgeon availability, patient pri-
orities, and emergency frequencies. Second, con-
ducting scalability analyses across larger, more
complex hospital networks could evaluate how
the model performs as the number of ORs, staff
members, and surgery types increases. Third, the
framework could be integrated with existing hospi-
tal information systems or electronic health record
platforms to enable real-time data exchange and
automated decision support, ensuring practical
deployment feasibility. Fourth, comparative per-
formance benchmarking against other advanced
machine learning and optimization algorithms
(e.g., deep Q-networks, actor—critic variants, or
meta-heuristic hybrids) would provide quantita-
tive insights into the relative strengths and weak-
nesses of the proposed method. Fifth, the exper-
imental setting was limited to a hardware con-
figuration; scalability testing in more modern or
diverse computing environments would be use-
ful. Finally, extending the model to incorporate
multi-objective optimization criteria—such as pa-
tient waiting time, resource utilization, and cost
efficiency—could further enhance its clinical and
operational applicability.
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