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Healthcare timetabling has long been a well-studied problem in operations research. The direct influence on the
efficiency of critical resources, along with the inherent complexity and interdependencies of real-world systems,
has driven the development of progressively more sophisticated models and algorithms to assist decision-

Keywords:

He}:rth care management makers. The importance and challenges of the problem have also fostered the organization of international
Timetabling research competitions, the most recent of which is the Integrated Healthcare Timetabling Competition (IHTC
Scheduling 2024). The problem addressed in the IHTC 2024 unifies three coupled sub-problems. Specifically, the problem

jointly considers Surgical Case Planning (SCP), Patient Admission Scheduling (PAS), and the Nurse-to-Room
Assignment (NRA). To address the computational complexity of these three problems, as well as the time and
hardware limitations imposed by the competition, this work proposes a heuristic based on a two-phase, rolling-
horizon mixed-integer linear programming model. The first phase solves a reduced joint formulation of the
first two subproblems, SCP and PAS, while approximating the optimal value of the NRA. The solution obtained
for SCP and PAS is then fixed, and the NRA is solved in the second phase. In the first phase, the model is
decomposed using a rolling-horizon strategy: as the planning window moves further into the future, constraints
are progressively relaxed, and the effects of previously fixed variables are represented only approximately.
Experiments are conducted on all public and hidden instances of the competition, and additional experiments
under different experimental settings are included. The implementation is provided as open source.

Model predictive control
Integrated planning

1. Introduction

Effective resource management is crucial in healthcare. Thought-
fully optimized schedules reduce waiting times, improve coordination
among providers, and enable better services. Yet meeting these high-
stakes requirements is far from trivial, creating interesting operational
challenges. Advanced optimization techniques have become a focal
point for health-system leaders seeking smoother operations, higher
patient satisfaction, and improved overall performance.

Examples are the problems related to nurse rostering [1], more
general personnel scheduling [2], patient-to-room assignment [3], op-
erating room scheduling [4], outpatient appointment scheduling [5],
and many others. For a recent overview of the field, we refer the reader
to [6].

Beyond narrowly defined models tied to isolated resources, inte-
grated planning in healthcare contexts has attracted increasing interest.

A comprehensive discussion of the topic is given in [7], where a
wide range of studies with different assumptions are reviewed and
categorized, emphasizing the importance of addressing these prob-
lems holistically. In fact, evaluating the interconnectedness of various
resources in complex systems, in contrast to treating fragmented sub-
problems, is desired for developing better planning strategies. However,
solving the integrated problem using exact methods is often com-
putationally intractable due to the large number of variables and
constraints; therefore, tailored heuristic or approximation methods are
typically required to obtain practical solutions.

A pivotal example is given by the work of [8], where the assignment
of patients to rooms and nurses to patients is considered jointly and
it is solved by means of a sequential greedy heuristic. By contrast, a
heuristic based on simulated annealing is used in [9].

The importance of the integrated perspective for healthcare appli-
cations has inspired the Integrated Healthcare Timetabling Competi-
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tion [10] (IHTC-2024). The competition follows a series of healthcare-
related events such as the first and second international nurse roster
competitions [11,12]. The problem concerns a deterministic case study
that must simultaneously tackle three problems: Surgical Case Planning
(SCP), Patient Admission Scheduling (PAS), and Nurse-to-Room Assign-
ment (NRA). A detailed and complete problem specification is given
in [13]. However, to keep the presentation of this work self-contained,
a summary of the specifics of the problem is included in Section 3.

The solution method proposed in this manuscript employs a rolling-
horizon approach to decompose the integrated optimization problem
and make the resulting high-dimensional models tractable. At each
time step, a reduced-complexity look-ahead model is solved using an
approximation of the remaining part of the problem; decisions for the
current step are implemented, and the horizon is rolled forward. The
procedure exploits multi-level constraint relaxation and progressive re-
finement. As the look-ahead extends deeper into the future, constraints
are gradually relaxed in the reduced problem and then iteratively
tightened while maintaining feasibility. Thus, the method preserves the
predictive, iterative essence of look-ahead policies. Still, its primary
purpose is computational efficiency and decomposition for large-scale
optimization rather than classical control of uncertain systems. This
logic has been successfully applied across a range of domains (see,
e.g., [14] for direct look-ahead policies and [15] for a model predictive
control perspective), and formal examples of multi-level computational
advantages also appear in the control literature (e.g., [16]).

This paper reports the solution strategy adopted by the team Health
Sabauda for the IHTC-2024. Specifically, Section 2 positions the work
within the literature. Section 3 describes the overall problem. In Sec-
tion 4, two Mixed Integer Linear Programming (MILP) models for
the joint SCP-PAS and NRA problems are introduced, while Section 5
presents the fundamental steps to achieve an efficient solution strat-
egy with a model predictive scheme for decomposition and an ob-
jective function approximation. Computational details and results are
described in Section 6. Finally, Section 7 concludes the article by
summarizing the findings and outlining potential directions for future
research.

2. Literature review

In this section, we review healthcare timetabling studies that use
rolling-horizon methods to relax constraints concerning future deci-
sions within each subproblem. To the best of our knowledge, this
framework has not yet been used for the integrated problem addressed
in the challenge. Since the problem addressed in this paper inte-
grates SCP, PAS, and NRA, we focus on works addressing these three
problems.

We organize the review by distinguishing two motivations for
adopting a rolling-horizon strategy: (i) improving the algorithmic per-
formance on a deterministic problem, where all data are known in
advance but the problem is too large or complex to be solved monolith-
ically, and (ii) coping with uncertainty, where data become available
gradually over time and the horizon is rolled forward to incorporate
new information. The approach proposed in this paper belongs to the
first category. However, since contributions in the deterministic setting
are scarce in the healthcare scheduling literature, we also survey the
more abundant stochastic stream to provide a comprehensive picture.

Regarding the SCP problem, [17] address an integrated multi-
appointment blueprint scheduling problem at an orthopedic depart-
ment. They propose a three-phase matheuristic whose first phase is a
rolling-horizon heuristic that constructs an initial solution by sequen-
tially solving subproblems over shorter time windows. The problem
is deterministic, as all patient queues and resource availabilities are
known, and the rolling horizon is adopted to handle the size and com-
plexity of the integrated formulation, yielding solutions approximately
6% better than commercial solvers on large instances.
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In the stochastic domain, [18] propose a rolling-horizon MILP for
daily surgery blocks. They compare a one-shot schedule and a rolling
schedule that is updated daily with new patient requests. Completed
surgeries are removed and new requests are added each day. Their
results show that the rolling-horizon model significantly improves op-
erating room utilization. On a longer horizon, [19] schedule elective
surgeries over multiple weeks using a rolling scheme. They formulate
an integer linear program for patient selection and assignment to
weekly operating room blocks over an n-week look-ahead. Each week,
they implement only the first week’s schedule and roll the window for-
ward. Crucially, they allow limited disruption: when unexpected delays
occur, the next re-solve can slightly adjust previously made assign-
ments. More recently, [20] use a rolling-horizon MILP that integrates
the master surgical schedule (weekly blocks per specialty) and daily
case allocation. Their MILP incorporates stochastic surgery durations
and non-elective arrivals; solving it in a rolling fashion (e.g., one-week
horizon, shift by one week each time) yields a robust plan. In practice,
the first-week schedule is fixed, and the rest is re-optimized as time
advances.

To our knowledge, no work in the PAS literature uses a rolling-
horizon decomposition on a purely deterministic problem formulation.
Instead, the rolling-horizon framework has been applied in a stochastic
setting in [21], where the authors develop two MILPs: the patient flow
problem with fixed admission dates and the patient flow problem with
variable admission dates. In this scheme, they allow a greater flexibility
in admission days for later patients, focusing on near-term admissions
first. Their experiments show that the rolling-horizon version achieves
better economic results than the static one due to better management
of uncertainty. In [22], the authors allow a flexible planning horizon
and complex ‘“delay” costs (patient waiting penalties). While they use
local-search heuristics rather than exact MILP, their model explicitly
postpones non-critical constraints: patients beyond the initial days can
be shifted at low penalty. By iteratively re-planning (e.g., rescheduling
weekend appointments each week), they achieve high-quality sched-
ules under dynamic arrivals. Though not explicitly labeled rolling
horizon, their flexible-horizon approach embodies the same idea of
deferring future assignment constraints.

Finally, in the NRA problem, the rolling-horizon strategy has been
used in several works. In particular, [23] propose a branch-and-price al-
gorithm for the nurse scheduling problem from the second international
nurse rostering competition [12]. To construct initial solutions for their
large-neighborhood-search framework, they employ a rolling-horizon
heuristic that sequentially computes weekly schedules in chronological
order. A key aspect is the treatment of future decisions: when com-
puting the schedule of a given week, subsequent weeks are included
in the formulation but their integrality constraints are relaxed, thereby
reducing computational effort while preserving an estimate of future
impacts. The rolling horizon is used purely to improve scalability and
solution quality. On the same problem, the authors of [24] use a look-
ahead within a multi-stage MILP formulation for nurse rostering under
uncertainty, where demand is revealed week by week.

A rolling-horizon approach for the stochastic problem has been
considered by [25], where the authors explicitly use a rolling-horizon
scheme for home-health nurse scheduling with continuity-of-care con-
straints. Every day, they adjust existing nurse-patient assignments and
solve a mixed-integer model for the next day, yielding a new schedule
that retains as much continuity as possible. Their ILP model uses
approximations to allow partial decisions (e.g., relaxing some future
assignments) and a heuristic for speed. This “consistency” problem
is solved iteratively so that each daily plan preserves parts of the
previous schedule. Beyond home-care, several authors address nurse
or patient-room assignments in hospitals using rolling horizons in a
stochastic setting. In more detail, [26,27] study dynamic patient-to-
room assignment with nurse workload considerations. They employ a
fast heuristic that recomputes the assignment whenever new events
(admissions/cancellations) occur. This allows them to optimize for
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multiple stakeholders (patients, nurses, doctors) and handle gender or
equipment constraints by repeatedly re-solving as time progresses. In
summary, these works all decouple near-term and future decisions: they
fix immediate nurse assignments and relax longer-term constraints until
the next re-optimization, thus preserving flexibility.

A closely related methodological paper, although outside the health-
care domain, is [28]. There, the authors apply a constructive matheuris-
tic for the shift minimization personnel task scheduling problem. Their
method decomposes the problem into blocks solved sequentially to
optimality, extending the current subproblem with a portion of the next
block in relaxed form. Their setting is fully deterministic, and the look-
ahead serves purely to improve scalability and solution quality, placing
it in the first category of rolling-horizon strategies.

It is worth noting that the heuristic presented in this paper general-
izes to dynamic settings where uncertainties in parameters are revealed
gradually, thus moving to an adaptive decision-oriented use of the look-
ahead. For example, the use of rolling-horizon strategies for tackling
uncertainties in operational bed-assignment problems has been studied
by [27], where a forecast is used to account for changes in lengths of
stay and unknown arrivals of elective and emergency patients.

3. Problem description

The Integrated Healthcare Timetabling Problem (IHTP), as defined
in the Integrated Healthcare Timetabling Competition 2024, concerns
a multi-resource scheduling problem over a fixed number of days,
which ranges from 14 to 28, always being a multiple of 7. Each day
is additionally divided into three distinct shifts (early, late, and night)
for nurse scheduling. The challenge consists of optimizing hospital
operations by jointly solving three interrelated subproblems:

+ Patient Admission Scheduling (PAS): deciding admission dates
(coincident with the day of surgery) and room assignments.

» Surgical Case Planning (SCP): assigning surgeries to operating
theaters (OTs).

* Nurse-to-Room Assignment (NRA): assigning nurses to rooms
across shifts.

Each patient has attributes including mandatory/optional status,
release/due dates, length of stay, gender, age group, incompatible
rooms, assigned surgeon (with a fixed duration), and vectors indicating
workload and required nurse skill levels across shifts.

Surgeons have a per-day surgery time limit and are tied to specific
patients, but their operating theater is to be selected. All operating
theaters are assumed to be identical, with capacity determined by the
daily available operating time, which may vary or be unavailable on
certain days.

The nurses are characterized by predetermined rosters, skill levels,
and shift-based workload limits. They are assigned to rooms per shift
and can be assigned to more than one room in each shift, but only one
nurse is assigned to a room in a shift.

Rooms have fixed bed capacity and may be incompatible with cer-
tain patients. Moreover, a patient can only be assigned to a single room
for the entire stay, and there are occupants as boundary conditions.
Practically, some patients are already in the hospital at the beginning
of the period and their room and stay are fixed; they impact room/nurse
constraints, but not the operating theaters. The constraints of the
problem are listed as reported in [13], with (H) labels representing hard
constraints that cannot be violated, while (S) represent constraints that
directly contribute to the objective function as weighted penalties.

H1 Gender mix in rooms is not possible
H2 Room-patient compatibility must be respected

H3 Surgeon daily capacity limits must be respected

Operations Research, Data Analytics and Logistics 47 (2026) 200514

H4 Operating theater daily capacity limits must be respected

H5 Mandatory patients must be admitted within the scheduling hori-
zon

H6 Patients can only be admitted after their release date and (if
mandatory) before their due date

H7 Room capacity must be respected

S$1 The maximum difference between age groups within a room
should be minimized

S2 The difference between the nurse qualification and the patient
needs is penalized

S§3 The number of different nurses assigned to a patient should be
minimized

S4 Exceeding workload of a nurse is penalized
S5 Number of operating theaters used per day should be minimized

S6 Surgeons should be assigned to the lowest possible number of
different operating theaters per day

S7 Admission delay from the patient release date is penalized

S8 The number of optional patients not admitted is penalized
4. Mathematical model

In this section, we build two MILP models to address the inte-
grated problem. The first, called SCP+PAS, addresses both Surgical
Case Planning (SCP) and Patient Admission Scheduling (PAS). Its goal
is to assign surgeons to operating theaters, decide the admission date
of the patients, and allocate patients to rooms. Instead, the second
addresses the problem Nurse-to-Room Assignment (NRA), which deals
with the assignment, for each shift, of nurses to occupied rooms. It is
worth noting that the hard constraints of the integrated problem apply
exclusively to SCP and PAS, since the NRA is always feasible. Unless
otherwise specified, each decision variable is defined for all elements
of the sets associated with its indices.

4.1. Surgical case planning & patient admission scheduling

Due to the size of the model, we first define sets, parameters, and
variables in Section 4.1.1, constraints in Section 4.1.2, and finally the
objective function in Section 4.1.3.

4.1.1. Sets, parameters, and variables
For modeling SCP+PAS, the following sets are defined:

+ S={1,...,5}: Set of surgeons.

* R =1{1,...,R}: Set of rooms.

* P ={l,..., P}: Set of patients; it contains the subset of mandatory
patients, called P,. Each patient is associated with a unique
surgeon. Thus, we call P, the set of patients that have surgeon
SES.

* O =1{l,...,0}: Set of occupants, i.e., patients who occupy rooms
(since they are already undergoing hospitalization, scheduling is
not necessary).

* OT ={1,...,0T}: Set of operating theaters.

« T ={1,...,T}: Set of days in the planning period.

* G={M,F}: Set of genders.

+ A=1{0,...,A—1}: Set of age classes.

Furthermore, several parameters define the problem characteristics.
Specifically:



D.G. Gioia et al.

For each patient p € P, we call dur[p] the duration of the
operation in minutes, release_date[p] the release date (i.e., first
possible availability), and due_date[p] the due date (only defined
for mandatory patients p € P,). Moreover, we call their age
age[p], the set of incompatible rooms incompatible r[p], the
length of stay len_st[p]. Finally, we define a delay matrix del[p, ]
representing the delay from the release date for patient p if
accepted at day ¢.

cap_ot[ot, 1] the available time for operating theater ot at day 1.
cap_s[s, t] the available time for surgeon s at day 1.

Two lists pat_gen[g] with patients for a given gender g.

For each occupant o € O, their age class age[o], and a binary
matrix occii?[m whose components are 1 if occupant o is in room
r at day 7, 0 otherwise.

Two lists occ,[g] with indexes of occupants for a given gender g.

The capacity of room r, called cap_r[r].

The decision variables are:

A, .. € {0,1}: 1 if patient p is in room r at day .

X, o € {0,1}: 1 if patient p is assigned to operating theater ot at
day .
Y, € {0,1}: 1 if operating theater ot is open at day .

Z, s € {0,1}): 1 if surgeon s is operating in ot at day 1.

N, €{0,...,0T — 1}: Number of transfers of surgeon s at day .

AT}" € A: Minimum age group in room r at day .

AT € A: Maximum age group in room r at day .

8,, € {0,1}: 1 if patient p resides in room r during their stay.

G,, € {0.1}: 1 if at least one patient of gender M is in room r at
day t.

4.1.2. Constraints
The constraints for the SCP+PAS model are the following: Patients
cannot be accepted before their release date, thus

X

p.ot,t

=0 Vt < release_date[p], Vp € P, Vot € OT . (€8]

A patient can only be operated once, thus

z Xp,m,t S 1

ot,t
The mandatory patients must undergo surgery, therefore

Z Z Xp,ot,t =1

ot te{release_date[p],...,due_date[p]}

VpeP. (@3]

VpeP,, 3

where the time window represents the available days allocated for
mandatory patients.
Operating theaters and surgeons have fixed capacity, thus

Y qurlp] - X, < cap_otlot,1]- Y,, Yot OT, Vi €T, 4

P

Z dur(p] - X, ,; < cap_s[s,1]
ot,peP;

Vse S, VteT. 5)

Furthermore, it is necessary to connect surgeons with patients and
operating theaters, thus

Z Xp,or,r < Zs,m‘,t : |Ps|
PEP

Z Zsory SNy + 1,
ot

Vs €S, Vot e OT ,Vt €T, 6)

VseS, VteT, @

where |P,| is the number of elements in P,. Notice that the number of
transfers is 0 in case the surgeon only operates in a single operating
theater on day 7.

Once operated, patients must be assigned to a room, thus X and A
must be linked by

z Ap.r,t = z Xp,ot,r
r

ot,reﬂpv,

VpeP,VteT, ®
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where L,; = {max(l,t—1len_st[p]+1),...,1}. To explain constraints (8),
consider a patient with 1len_st = 4 operated on day ¢ = 2. Given oz,
then X por2 = L. Therefore, the r.h.s. of constraints (8) will be 1 for
t=2,...,2+1len_st[p]-1=2,...,5, forcing A
room r for the length of stay.

prs t0 De 1 in at least one

When assigning a room, incompatibility must be taken into account

as
Ay =0 Vr € incompatible r[p], Vpe P, Vt € T. 9

Furthermore, a patient cannot be moved during hospitalization. There-
fore, two constraints force room consistency and a single room. Namely,

> Aprs <6, - Lenstlp] VpeP,VreR (10)
t

Z ‘Sp,r = Z Xp,ou
P

ot,t

Vp e P. 11

Thanks to (11), é,, can only be 1 for a specific room, maintained
throughout len_st[p] with constraints (10) and (8). To compute the age
class difference per room, given patients and occupants, the maximum
and minimum classes are

min max
Ar,r < Ar,r

AT:" < (I=occy) - (A= 1)+ occi?% - agelo]

VreR,VieT, (12)
Yoe O, VreR,VtET,
13)
Yoe O,VreR,VtET,
a4
VpeP,VreR,VtET,
15)
VpeP,VreR,VteT.
(16)

max room
A” > occ, - agelo]

Af,lrin < (1 - Ap,r,t) (A - 1) + Ap,r,r : age[p]

AT 2 Ay, - agelpl

Specifically, the maximum age class per room must be greater than
or equal to the minimum in constraints (12). Constraints (13) and,
similarly, (15) bound A™P" to the maximum age class (starting from
0) in the case of no assfgnment to room r for o and p, respectively.
However, if assigned to r, A'r'j,i“ will be less than or equal to the age of o
and p. The variables A;‘j;"‘ follow a similar logic in constraints (14) and
(16), but they are naturally bounded from below.

Next, it is not possible to mix genders within a room. Thus, patient
and fixed occupant room assignments are constrained by gender. More-
over, rooms have a fixed maximum capacity. Such requirements are
enforced together as

Ayt Z ochj‘}m <G, cap.rlr] VFreR,VIET,
pEpat_gen[M] oeoccg[MJ
a7
Apri¥ Y 0ccO® < (1-G,,)-capx[r] VreR,VieT.
pEpat_gen[F] oeoccg[F]
(18)

Constraints (17) and (18) trigger G to be 1 if at least one male
is assigned to room r, ensuring only one gender is allowed per room,
while imposing an upper bound on the cumulative number of patients.

4.1.3. Objective function

The parameters in the objective function are: ®,,.,, Oprans @gelays
@ysens Dqg0- They weigh the number of operating theaters, the number
of surgeon transfers, the delay time of the operation (in days), the cost
of unscheduled patients, and the differences in age within the same
room. The objective function, together with the constraints, follows as
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wopen Z Ym,t + wtran z Ns,t + wde/ay Z del[p’ t]Xp,or,t+

ot,t s, p.ott

min )
Ounsen(P = D Xy 1) + @ge D (AT — AR
p-ott rt
s.t. (1)-(18)

19)

4.2. Nurse-to-room assignment

Similar to SCP+PAS, the model is presented by first defining the
sets, parameters, and variables in Section 4.2.1, followed by the con-
straints in Section 4.2.2, and finally the objective function in Sec-
tion 4.2.3. NRA depends on the solution of model (19). In particular,
we assume room assignments to be parameters rather than variables.
More specifically, sets and parameters depend on the variables in
Section 4.1.1.

4.2.1. Sets, parameters, and variables
Modeling NRA requires the following additional sets:

*+ Q=1{1,...,0}: Set of shifts. Namely, there are three shifts (early,
late, night) per day 7, thus 0 =3 -T.

« N ={1,...,N}: Set of nurses.

« L ={1,..., L}: Set of skill levels.

Furthermore, using results from SCP+PAS, the set of patients is reduced
to the subset of accepted ones. Namely,

P={p: ) Xpui=1}CP.
ot,t

For convenience, since in NRA, occupants and patients are treated alike,
a unified set is defined as ' = P U O.
The parameters characterizing NRA are

For each nurse, the skill level is defined as skill_lev[n].

A binary matrix working shift[n,q], whose elements take the
value 1 when nurse » is assigned to shift q.

The matrix work_nurse(n, q] defines the capacity of nurse n at shift
q.

The period of stay of patient p € U is read as a parameter from
SCP+PAS and defined as permanence[p].

Similarly, the room r for patient p € U" is pat_room[p].

The length of stay len_st[p] is, for convenience, redefined in
shifts.

non_empty[r, q] is a binary matrix which is 1 when, at shift ¢, room
r has at least one patient.

The workload of a room r at shift g is work_room[r, g].

An additional matrix pat_count[r,/, q] defines the number of pa-
tients in room r with skill level / at shift q.

The decision variables of NRA are:

* I,,, €1{0,1}: 1 if nurse n is assigned to room r during shift g.

* V.4 € R,: Difference between the required skill level of the rooms
and the skill level of the nurse » assigned to them at shift g.

* W,, € R,: Difference between the rooms’ workload and the
maximum workload of nurse n assigned to them at shift q.

* C,, € {0,1}: 1 if nurse n has been assigned to patient p.
4.2.2. Constraints

Every room can only have a single nurse and empty rooms do not
need nurses, thus

z Fn‘,’q -working shift[n, q] = non_empty[r, q] Vre R,Vq Q.
n

(20)
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Notice that constraints (20) hold with equality since all the variables
are binary.

The exceeding workload is subject to a penalty in the objective
function and computed by

W42 Z T, , - work roomr, q] — work nurse[n, q] Vne N,VqgeQ.
.

@1n
Required skill levels are connected to nurses as
Vg 2 Z r,,, mult_skillfns,rq] Vne N,VqeQ, (22)
-
where
T
pat_count[r, skill_lev[n], q] 0

mult_skill[m,r q] = pat_count[r, skl.ll_lev[n] +1,4q] ) 1

pat_count[r, L, q] L — skill_lev[n]

is the dot product that weighs and counts patients with skill level
exceeding that of the nurse » in room r at shift q.
Variables C, , are related to the I, , , by

nr.q
len_st(p]
CVI.P ! 3 2
gEpermanence|p]

Ly pat _roonlplq

Ve N,VpelU. (23)
Constraints (23) are big-M constraints with a tight value of M, based
on the assumption that each nurse can work at most one shift per day.
These constraints activate C, , when nurse » is assigned to patient p.

4.2.3. Objective function

The parameters in the objective function are: g, ®,0rk> @cont
They weigh the skill level mismatch, the exceeding workload and the
continuity of care. The objective function, together with the constraints,
follows as

min - @y Zn,q Vn,q + O york Zn,q VVn,q + Dop Zn,p Cn,p
24
s.t. (20) - (23).

5. Problem decomposition and NRA approximation

The sequential scheme that first solves the Surgical Case Planning
& Patient Admission Scheduling model (19) and subsequently the Nurse-
to-Room Assignment model (24) guarantees feasibility for the integrated
problem. In fact, only model (19) has hard constraints for the feasibility
of the solution, while model (24) balances violations with penalties.
Nevertheless, the formulated model suffers when dealing with a high
number of variables. Given that IHTC-2024 rules allow for a maximum
of 600[s] of computation time with 4 threads [13], dimensionality
reduction is necessary. Specifically, analysis of the IHTC-2024 instances
reveals that the main computational bottleneck is due to the SCP+PAS
model (for example, in public instance i30, variable A would have
dimension ~ 10°).

To reduce the model’s dimensionality, we introduce a reduced
model run in a rolling horizon fashion, considering only a subset of
the variables and progressively rolling the planning horizon forward
by a selected amount. In particular, the rolling-horizon scheme relies
on three progressively coarser temporal layers. First, a short horizon,
dependent on a parameter step, over which the full model is enforced,
and all hard and soft constraints are explicitly represented. Second, a
feasibility horizon, dependent on a parameter H, which extends beyond
step and preserves only the constraints required to guarantee feasibil-
ity, while omitting performance-related and soft constraints to limit
dimensionality. Finally, the remaining part of the planning horizon is
modeled in a highly aggregated form, without guarantees of feasibility,
and is used solely to provide a rough anticipation of future effects.
Moreover, we incorporate an approximate estimate of the NRA into
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the SCP+PAS model to provide a forward-looking approximation of
the assignment problem and improve the overall integrated solution.
Details of this approach are provided in Section 5.1. Finally, to address
potential infeasibility, we develop a repair strategy, which is presented
in Section 5.2.

5.1. Predictive reduction

Let clock denote the time step of the current horizon (set to 0 at
the first iteration of the algorithm). The reduced model has: (i) all the
decision variables and constraints of the full SCP+PAS for the time
horizon [clock + 1, clock + step]; (ii) for all time steps in [clock + step +
1, clock + H], all the variables and constraints that are needed to ensure
feasibility. More specifically, the medium-horizon part of the model
(i.e., the one covering the interval from clock + step + 1 up to clock + H)
omits all soft constraints and their associated variables, such as, A‘r‘};‘x
and AT, which are consequently not defined for r > clock + step.
(iii) For all the time steps in [clock + H + 1,7T] only the variables and
constraints for SCP are maintained. (iv) The objective function of the
model includes an estimate of the value of the NRA.

By rolling this formulation forward, we gradually relax constraints
(details are provided in the following) to strike a balance between
computational tractability and solution quality as the planning horizon
extends. For each iteration, decisions are taken only in the interval
[clock + 1, clock + step], defined as effective, while the horizons clock + H
and T are used as predictive and then discarded. In other words, we use
the horizon [clock +step + 1, T] as look-ahead. The procedure is iterated
by setting clock = clock+step, until T is reached. This leads to computing
I%] iterations. It is worth noting that the solution is guaranteed to be
easible up to time clock + H. Nevertheless, feasibility is not guaranteed
over the entire horizon T (as, e.g., rooms might generate violations).
If infeasibilities are introduced, the current solution is repaired, as
introduced in Section 5.2. Moreover, if step = H = T, the predictive
and effective time horizons coincide with the complete one, generating
a complete SCP+PAS. In the following, we describe in Section 5.1.1 and
in Section 5.1.2 the modifications of the constraints and of the objective
function, respectively.

5.1.1. Constraints
Let us define:

o TSP = {clock + 1,
« TH = {clock + 1,

...,min{T,clock + step}},
.,min{T,clock + H}}.

For each step, patients assigned in previous steps (i.e., [1,clock]) are
tracked in an additional set P**°; dynamically updated at rolling time.
Reductions in the dimension of the decision variables are as follows:

A, is only defined for p € P and 1 € 7" rather than up to 7,
where

Ped = (p: release_date[p] <clock+HA p & P} C P

represents patients with a release date within H and not yet
assigned during previous rolled steps.
* Yy Zgors Ny A;“,“‘, AP, are only defined for 1 € 7% rather
than up to T'.
G,, is only defined for + € 7" rather than up to 7.

8, is only defined for p € P4,

Furthermore, the remaining horizon 7 = {clock+1,...,T} is iteratively
reduced by removing step elements at every iteration. In particular, the
complete horizon length reduces, while P enlarges due to additional
availability of patients with release date from 1 to min{T, clock+H} that
are not yet assigned.
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Constraints (1), (2), (3), and (5) remain unchanged, besides the
iterative reduction of patients and 7, as they are connected to SCP.
Constraint (4) is split into two parts. Namely,

Z dur(p] - X, < cap_otlot,1]-Y,,, Vot € OT,Vte T, (25)

Z dur[p] - X

The decision variable Y is missing in (26) as no longer defined from
step + clock + 1 onward, and is unnecessary for feasibility since it only
contributes to valuing the number of penalties connected to operating
theaters.

Given the reduced dimension of Z and N, constraints (6) and (7)
are only enforced in 7%, The connection between A and X in (8),
and room incompatibility in (9) are only necessary in 7" and Prd.
Also room consistency in (10) reduces in 7H and Pr*d. Single room
constraints (11) have no time index, but reduce from P to P,

Age related constraints (12), (13) and (14) are only defined in 75%P.
Furthermore, connections with A in (15) and (16) are only necessary in
Pred rather than P. Nevertheless, as we have assigned patients in 22
from previous iterations, two new constraints are necessary. Namely,

poty < cap_ot[ot,1] Yot € OT NVt € T\ TSP, (26)

AMn < (1-ass?, ). (A—1)+assh, -agelpl Vpe€P™, VreR,VieT™,
27)
Amx > ass;_” - age[p] Vp e P, Vre R, Vi e TSP,
(28)

where ass;, isa binary matrix with value 1 if room r was assigned to
patient p e Pass at time 7. Such a matrix is read as a parameter within
the step and depends on the fixed decisions of the previous iterations.

Gender constraints are considered only up to H and only for p € Pred.
However, patients who have been assigned during previous iterations
must be considered. Thus, (18) and (17) are modified as

2 Apps t+ Zoccr_““‘ + Zassp S

pEpat_gen[M] oeoccg[M] peass_gen[M]

- cap_r[r] vreR,VteTH

29

ZAF,, + occw"m + assp” <(1-G,)-capx[r] VreR,Vte T,

pepat_gen[F] anccﬂ[F] peass_gen[F]

(30)

where ass_gen[g] C P** is the set of assigned patients with gen-
der ¢ € G and pat_gen[g] is restricted to currently active patients,
i.e., pat_gen[g] n Pred,

Lastly, some big-M constraints can be tightened. In particular, con-
straint (10) becomes:

Z Appi < 8,, min(len_stpl.H)  Vpe P™ VreR. (31)
Nevertheless, the results provided in the following sections will bind it
to H.

5.1.2. Objective function

At every iteration, the objective function (19) reduces 7 according
to the internal clock. However, the structure for the terms concerning
the SCP components (i.€., @4/, 80d @), is unchanged. Conversely,
sums over ¢ for elements that multiply @,,,,, @4, and o, will reduce
to 7% rather than 7.

In order to give the SCP+PAS model a simplified view of the NRA,
an approximation of its costs is included in the objective function.

We first introduce the reduced equivalent of Q as 95", where shifts
are considered up to step. Two new decision variables follow:

ope

* F, € R*: cumulative amount of skill deficit of nurses during shift
q.

* D, € R*: cumulative amount of excessive workload of nurses
during shift q.
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They are linked to the other decision variables through the con-
straints
F, > Z Apr [ﬂ] - (skill_required[p] — skill nurses[q]) Vg € Q"
pepred, 13

(32)

where skill required[p] is the sum of all skill levels required by
patient p during their stay divided by their length of stay in terms
of shifts (3 * len_st[p]) and skill nurses[q] is the average skill level
provided by all nurses working during shift g.

Concerning the workload, it is flattened as

qu 2 A 47 -balanced workload patients[p]
pepred p’r’[31

—daily workload nurses[q] + Z workload_assigned[p,q]
pepass

+ Z workload_occupants[o,q] Vg € QSP,
o

(33)

where balanced workload_patients[p] is the sum of all workload pro-
duced by patient p during their stay divided by their length of stay
in terms of shifts (3 * len_st[p]), daily_workload_nurses[q] is the to-
tal available workload provided by all nurses working during shift
g, workload_assigned[p, q] is the workload produced by a previously
assigned patient p during shift ¢ and workload_occupants|o, gq] is the
workload produced by occupant o during shift q.

The objective function in (19), after being reduced in time and
space, is expanded to become

Dopen z Yot,t + Otran Z Ns.t + Dgelay Z del[p, t]Xp,or,r+
st

ot,t p.ott

min | @uansen(P = D Xpor) + g D (AT — ATIN) 4 (34)

p-ot,t rt
Dkl 2 Fq + @ york 2 Dq
q q

This approximation greatly simplifies the complexity of the NRA
model as described in Section 4.2, but still tries to trace the general
impact that decisions at the SCP+PAS level have on its costs. While
the continuity of care cost contribution is completely omitted from the
approximation, the skill level mismatch and exceeding workload are
computed disregarding the nurses’ assignment to rooms and greatly
reducing the number and dimensionality of decision variables. Never-
theless, this additional approximation can be substantially improved
and has not been particularly effective for the IHTC-2024 instances,
yielding only marginal improvements.

5.2. Solution repair

The presented decomposition method does not guarantee the feasi-
bility of the solution. In fact, when H < T, decisions fixed in the past can
generate conditions that prevent feasibility after the rolling. To cope
with that, a repair strategy is implemented.

Specifically, when the solver fails due to an infeasibility, the clock
is set to clock — step, while H is increased by the same amount (i.e., H =
H + step). This allows the solver to remake the decisions taken at
the previous iteration, while considering the infeasibility zone. The
strategy works recursively and, assuming infinite computational time,
always grants a feasible solution. In fact, in the worst case, clock is
reduced until 0, while H is increased up to T (thus considering feasible
constraints up to the end of the time horizon). Nevertheless, we do not
expect such extreme cases to occur, as even small reductions in clock
are often sufficient to ensure the critical resources are used effectively
during bottleneck periods.

Besides failures due to the model infeasibility, it is possible that step
and H are too large to provide a model solvable within specific time
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constraints. In general, the time limit per decomposed model is assigned
adaptively starting from the overall available time (called time_tot).
From this, at least time” , - time_tot seconds are reserved to NRA and
the time limit of each sub-model of SCP+PAS will have an upper bound
equal to

time_left

T—clockq ’
[ step ]

(35)

where time_left = (I — time’s ) time_tot. When the solver solves
the problem to optimality or reaches the time limit, the time used
is subtracted from time_left (also considering the model-building
time), and the next iterations will have at least the same amount of
time. NRA will follow using the maximum between time;fRA * time_tot
and all the residual time. However, when the time limit is reached
without an incumbent feasible solution, a second repair strategy is
implemented and represented in Fig. 1. Specifically, step and H are
decreased and the residual computational time of SCP+PAS is scaled

according to the remaining iterations.
6. Implementation details and results

The computational implementation was carried out in Python 3.9,
utilizing Gurobi 9.5.1' as the optimization solver for the mathematical
models. To have a safe margin from the 600[s] time limit of IHTC, we
set time_tot = 595[s], with at least 10% reserved to NRA.

To decide the values of both step and H, a simple policy based
on the number of patients |P| is developed. Specifically, we solve
SCP+PAS with step = 8 and H = 13, if there are less than 80 patients;
step = 4 and H = 9 if the number of patients is between 80 and 150;
step = 2 and H = 7 if the number of patients is between 150 and
300; otherwise, we set step = 2 and H = 4. Although we explored
more elaborate selection rules during development, the simple size-
based policy proved to be the most functional and robust in practice;
investigating more sophisticated parameter-mapping strategies remains
an interesting direction for future work.

6.1. Results on IHTC-2024 instances

All experiments were run on a computer equipped with an Intel
Xeon Silver 4110 CPU (2.10 GHz). The solver was executed using 4
dedicated threads. The results for both hidden and public instances of
the IHTC-2024 dataset are reported in Tables 1 and 2, respectively. In
particular, results are compared with the best-known cost to date (UB),
following the values and nomenclature reported in [10]. The leading
solutions did not emerge from a single algorithm but rather from the
top performers among the 32 teams on the public benchmark instances
and from ten independent runs of each of the five finalist solvers on
the hidden instances. An earlier version of this solver ranked 11th out
of 32 during the public phase.

6.2. Impact of time limits

In order to assess how well the algorithm performs while con-
strained by shorter or longer time limits, we performed further tests
on the public dataset, reducing the computation time to 300[s] and to
120[s], then increasing it to 1200[s]. Instances i01, i02, i03, i05, and
i06 are small and already solved within the smallest time limit, so they
are unaffected by this test. The outcomes, represented graphically in
Fig. 2(a) (and reported in Table A.3), show that the improvement from
300[s] to 600([s] is consistently more significant than the improvement

1 In later Gurobi versions (10+), model construction for large instances was
considerably slower, making the rolling methodology less efficient. Tests across
various systems and configurations (including presolve options) showed no
improvement, with build times up to ten times longer than in version 9.5.1.



D.G. Gioia et al.

Solver Failure

Operations Research, Data Analytics and Logistics 47 (2026) 200514

clock

L (@
[ 4 L4
clock v
If Infeasible or Unbounde(y solver failure
L (Q
[ 4 L4
7 7
If Time Limit unfix and repair longer H with previ-
ously infeasible zone
L' [
' 4 L4
~
shorter step and H horizons
Fig. 1. Repair strategies for the solution.
Table 1 Table 2
Final results - Hidden. Final results - Public.
Instance Cost UB GAP Instance Cost UB GAP
mol 3496 3384 3.31% i01 3936 3842 2.45%
mo2 12272 12211 0.50% 02 1416 1264 12.03%
mo3 6839 6697 212% i03 10600 10490 1.05%
mo04 3744 3318 12.83% 104 1946 1884 3.29%
mo5 12120 11956 1.37% 105 12013 12760 1.20%
mo6 28645 28250 1.40% 06 10687 10671 0.15%
mo7 8973 7329 22.43% i07 5576 4985 11.86%
mo8 15346 14976 2.47% 108 6795 6249 8.74%
mo9 34021 32967 3.20% 109 7608 6611 15.08%
m10 26306 26015 1.12% i10 21070 20705 1.76%
mil 36034 35030 2.87% i1 25955 25938 0.07%
m12 12962 11665 11.12% 12 13201 12375 7.40%
m13 31463 31189 0.88% i13 19774 17328 14.12%
ml4 13513 13368 1.08% i14 10311 9591 7.51%
m15 35494 28080 26.41% s 13713 12.486 9.82%
m16 19222 17271 11.29% 6 11125 10139 0.73%
m17 23956 22365 7:11% i17 48790 40535 20.36%
m18 2018 7778 15.94% i18 37759 37660 0.26%
m19 25603 21790 17.50% 9 1560 43857 17.57%
m20 6020 5285 13.91% 20 31047 29098 6.70%
m2l 33199 25170 31.90% i21 28427 24526 15.91%
m22 25337 21330 18.79% 29 62 447 17861 30.47%
m23 20731 18301 13.28% 23 39808 37550 6.01%
m24 31890 30873 8.29% i24 33667 33221 1.34%
m25 36499 33985 7.40% i25 13439 11517 16.69%
m26 71989 69730 3.24% i26 74754 64352 16.17%
m27 34440 28028 22.87% i27 67 490 50976 32.40%
m28 56051 45913 22.07% 128 76512 75179 1.78%
m29 48854 48082 1.61% i29 20651 12199 69.28%
m30 87722 31649 19.19% 30 40293 37387 7.77%

from 600[s] to 1200[s]. The gap between the cost of the proposed
algorithm and the UB, obtained with 600[s], is close to the gap ob-
tained with 1200[s], with the second-largest difference being 8.83%
for instance i27. Instance i29, with a difference of 34.49%, shows the
most pronounced improvement when computational time is increased.
For smaller instances, the solution costs obtained under different time
limits were comparable.

The results of the algorithm with a 120[s] time limit are more
irregular. Compared with the runs using longer time limits, the de-
terioration in solution quality is limited for the smaller instances but
generally becomes more pronounced for larger instances. In spite of this
deterioration, and considering that lower time limits were not among
the targets during development, the algorithm is still able to provide a
feasible solution for 23 out of the 30 instances.

More generally, these results also reflect an inherent feature of the
rolling methodology adopted in this work. Since the algorithm proceeds
sequentially over multiple steps, the quality of the solution obtained
at one step can influence the subsequent ones. In particular, if a step
is terminated early, or if it returns a weak intermediate solution, this
solution is then used to initialize the following step, and its effect may
propagate through the remainder of the procedure.

6.3. Impact of parameter selection

To understand the impact that the selection of step and H has on
the results, we run the algorithm with various settings. Every instance
is run with each of the four possible combinations of step and H that
the selection policy can choose from, evaluating its performance. This
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Fig. 2. Comparison of the performance of the algorithm under lower time limits and different parameter settings on the public instances.

analysis is intended to evaluate the proposed policy, rather than to
perform an exhaustive grid search over all possible pairings of step and
H. By analyzing the results, depicted in Fig. 2(b) (and detailed in Table
A.4), we see that the selection policy of step and H consistently selects
the parameters that result in the lowest gap, or one very close to it. The
only exception is found in instance i29, where the policy underestimates
the complexity of the setting and selects step = 2 and H = 7 instead
of step = 2 and H = 4, thus deteriorating the solution. In fact, results
for different computational times presented in Section 6.2 underlined
that the quality of the solution of instance i29 is highly dependent on
the computational time. Consequently, a smaller value for parameter H
would speed up the computations, thereby improving the final solution.

6.4. Additional experiments on larger instances

We also ran our algorithm on a set of larger instances provided
alongside the IHTC-2024 competition. We tested the algorithm using
the standard 600[s] computational time and the extended 1200[s] one.
The results, reported in Table A.5, show that for both time limits, our
algorithm was able to find a feasible solution in 17 out of 24 instances.

7. Conclusions
In this paper, we present a heuristic to solve the Integrated Health-

care Timetabling problem. The method decomposes the overall prob-
lem into two subproblems, solved in a rolling horizon framework

with progressive constraint relaxation and connected through an
approximation.

The main advantage of this method is that it generalizes to SCP and
PAS problems under any time horizon; also being naturally equipped
for stochastic settings.

The method achieves an average gap of around 10% on the hidden
instances and 12% on the public instances with respect to the best-
known solution. Additional time-limit experiments further show that,
for the proposed algorithm, increasing the computational time has little
effect on the smallest instances, which are already solved within shorter
limits. On the other hand, when tested on larger instances not included
in the competition benchmark, the method may fail to produce feasible
solutions under the imposed computational limits.

Besides refining the MILP formulation of the original problem,
future studies can consider: (i) relaxing the integrality requirements of
decision variables in the [clock + step + 1, clock + H] or [clock + H + 1,T7]
intervals, instead of completely removing them; (ii) the approximation
of the NRA and the limited precision in its estimation within the
SCP+PAS model. In fact, for the latter, better inclusion of the NRA
problem in the sequential approach would allow for runs of arbitrary
length, without the need for a whole-horizon nurse assignment at the
end of the first stage. Concerning the parameters, although intuition
suggests that larger H and step values should yield better results, this
is not necessarily the case due to the complex interaction between the
SCP+PAS and NRA problems.
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Table A.3
Final results for different time limits on the public instances.
Inst 2 min 5 min 10 min 20 min UB
Cost GAP Cost GAP Cost GAP Cost GAP
i01 3937 2.47% 3936 2.45% 3936 2.45% 3936 2.45% 3842
i02 1416 12.03% 1416 12.03% 1416 12.03% 1416 12.03% 1264
i03 10600 1.05% 10600 1.05% 10600 1.05% 10600 1.05% 10490
i04 2036 8.07% 1948 3.40% 1946 3.29% 1912 1.49% 1884
i05 12913 1.20% 12913 1.20% 12913 1.20% 12913 1.20% 12760
i06 10687 0.15% 10687 0.15% 10687 0.15% 10687 0.15% 10671
i07 5775 15.85% 5596 12.26% 5576 11.86% 5576 11.86% 4985
i08 7313 17.02% 6946 11.15% 6795 8.74% 6893 10.31% 6249
i09 7868 19.01% 7692 16.35% 7608 15.08% 7488 13.26% 6611
i10 21440 3.55% 21240 2.58% 21070 1.76% 20995 1.40% 20705
i11 25984 0.18% 25955 0.07% 25955 0.07% 25955 0.07% 25938
i12 13875 12.12% 13615 10.02% 13291 7.40% 13288 7.37% 12375
i13 22443 29.53% 20845 20.30% 19774 14.12% 19727 13.86% 17 328
i14 10506 9.54% 10381 8.24% 10311 7.51% 10150 5.83% 9591
i15 15789 26.46% 14832 18.80% 13713 9.82% 13553 8.54% 12486
i16 X - 15873 56.56% 11125 9.73% 11110 9.59% 10139
i17 58970 45.50% 51535 27.14% 48790 20.36% 49255 21.52% 40535
i18 37830 0.45% 37817 0.42% 37759 0.26% 37716 0.15% 37660
i19 X - 51827 18.19% 51560 17.57% 50737 15.69% 43857
i20 33716 15.87% 31093 6.85% 31047 6.70% 30517 4.87% 29098
i21 38479 56.90% 32694 33.32% 28427 15.91% 28482 16.13% 24526
i22 X - 62688 30.98% 62447 30.47% 61093 27.63% 47 861
i23 X - 40520 7.91% 39808 6.01% 39278 4.60% 37550
i24 X - 34627 4.23% 33667 1.34% 33672 1.36% 33221
i25 15694 36.27% 14183 23.16% 13439 16.69% 13093 13.68% 11517
i26 X - 82159 27.66% 74754 16.17% 71875 11.69% 64352
i27 X - 76098 49.28% 67 490 32.40% 62990 23.57% 50976
i28 78174 4.00% 76698 2.03% 76512 1.78% 76171 1.33% 75172
i29 30910 153.36% 24855 103.74% 20651 69.28% 16443 34.79% 12199
i30 45803 22.52% 41657 11.43% 40293 7.77% 39797 6.45% 37387
Table A.4
Final results for different values of step and H on the public instances.
Inst step=2, H=4 step=2, H=7 step=4, H=9 step=8, H=13 UB
Cost GAP Cost GAP Cost GAP Cost GAP

i01 4139 7.73% 4014 4.48% 4006 4.27% 3936 2.45% 3842

i02 1584 25.32% 1560 23.42% 1499 18.59% 1416 12.03% 1264

i03 10675 1.76% 10640 1.43% 10615 1.19% 10600 1.05% 10490

i04 2095 11.20% 1993 5.78% 2000 6.15% 1946 3.29% 1884

i05 12868 0.85% 12945 1.45% 12913 1.20% 12841 0.63% 12760

i06 10691 0.19% 10700 0.27% 10687 0.15% 10687 0.15% 10671

i07 5815 16.65% 5780 15.95% 5660 13.54% 5576 11.86% 4985

i08 6907 10.53% 6795 8.74% 7007 12.13% 7649 22.42% 6249

i09 7446 12.63% 7139 7.98% 7608 15.08% 7203 8.95% 6611

i10 22690 9.58% 21070 1.76% 21095 1.88% 21405 3.38% 20705

i11 25971 0.13% 25972 0.13% 25955 0.07% 25958 0.08% 25938

i12 13889 12.24% 13492 9.03% 13291 7.40% 13583 9.77% 12375

i13 23976 38.37% 19594 13.08% 19774 14.12% 20227 16.73% 17 328

i14 10171 6.05% 10190 6.25% 10311 7.51% 10059 4.88% 9591

i15 14320 14.68% 14269 14.27% 13713 9.82% 14186 13.60% 12486

il6 X - 11125 9.73% X - X - 10139

i17 48790 20.36% 56 365 39.05% 54125 33.52% 55570 37.08% 40535

i18 37772 0.30% 37759 0.26% 37730 0.19% 37780 0.32% 37660

i19 51560 17.57% 52172 18.96% 54910 25.20% 66717 52.15% 43857

i20 32936 13.19% 31047 6.70% 30520 4.89% 31789 9.24% 29098

i21 30062 22.55% 28427 15.91% 30818 25.66% X - 24526

i22 62447 30.47% X - X - X - 47 861

i23 39808 6.01% 40625 8.19% 42255 12.53% 42300 12.65% 37550

i24 33667 1.34% X - X - X - 33221

i25 12909 12.08% 13439 16.69% 13311 15.57% 13315 15.60% 11517

i26 74754 16.17% X - X - X - 64352

i27 67 490 32.40% 89883 76.35% 82282 61.41% X - 50976

i28 76512 1.78% 76477 1.74% 78159 3.98% X - 75172

i29 18558 52.13% 20651 69.28% 25546 109.42% 39399 222.95% 12199

i30 40293 7.77% X - X - X - 37387

Underlined costs correspond to the best solution among the four for each instance.
Bold costs correspond to the solution selected by our algorithm, through the parameter selection policy, for each instance.
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Table A.5

Final results - Large instances.
Instance Cost Cost

(10 min) (20 min)

1351 7947 7773
1352 30758 30732
1353 29619 28581
1354 35129 32296
1355 X X
1356 66819 63566
1421 21013 20523
1422 14471 14532
142 3 98528 98836
142 4 130998 130337
1425 147 140 144000
142 6 110111 104564
1491 X X
149 2 97 968 97 451
1493 97 403 92467
149 4 116782 114776
1495 X X
149.6 X X
156_1 36874 36310
156_2 68934 X
156_3 117 253 114840
156_4 X X
156_5 X 119040
156_6 X X
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