
 

A column-generation-heuristic-based benders’ decomposition
for solving adaptive allocation scheduling of patients in
operating rooms
Citation for published version (APA):
Kamran, M. A., Karimi, B., & Dellaert, N. (2020). A column-generation-heuristic-based benders’ decomposition
for solving adaptive allocation scheduling of patients in operating rooms. Computers and Industrial Engineering,
148, [106698]. https://doi.org/10.1016/j.cie.2020.106698

Document license:
TAVERNE

DOI:
10.1016/j.cie.2020.106698

Document status and date:
Published: 01/10/2020

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 27. May. 2023

https://doi.org/10.1016/j.cie.2020.106698
https://doi.org/10.1016/j.cie.2020.106698
https://research.tue.nl/en/publications/81c1d172-8a55-4962-a4a7-404e00e5944b


Computers & Industrial Engineering 148 (2020) 106698

Available online 3 August 2020
0360-8352/© 2020 Published by Elsevier Ltd.

A column-generation-heuristic-based benders’ decomposition for solving 
adaptive allocation scheduling of patients in operating rooms 

Mehdi A. Kamran a,b, Behrooz Karimi c,*, Nico Dellaert d 

a Faculty of Business and Economics, Department of Logistics, Tourism and Service Management, German University of Technology, Muscat, Oman 
b Department of Industrial Engineering, Urmia University of Technology, Urmia, Iran 
c Department of Industrial Engineering and Management Systems, Amirkabir University of Technology, Tehran, Iran 
d Department of Industrial Engineering and Innovation Sciences, Eindhoven University of Technology, Eindhoven, the Netherlands   

A R T I C L E  I N F O   

Keywords: 
Adaptive allocation scheduling problem 
Elective and non-elective patients 
Disruption management 
Column-generation-based heuristic 
Benders’ decomposition 

A B S T R A C T   

This paper investigates the Adaptive Allocation Scheduling Problem with a modified block scheduling policy, in which 
candidate patients have to be assigned and sequenced into operating room blocks, taking into consideration 
unanticipated events or disruptions (e.g., arrivals of non-elective patients). A post disruption management 
approach is considered to tackle the disruptions. In this regard, a mixed-integer linear programming model with 
multiple objectives including minimization of patients’ cancellation, patients’ tardiness, block overtime, idleness 
of surgeons, and minimizing the start time of emergency patient’s surgery is proposed. A solution approach 
consisting of a column-generation-based heuristic algorithm and a Benders’ decomposition technique is devel-
oped to solve the model. The efficiency of the formulation and the solution approach is examined through nu-
merical experiments based on hospital records. It is shown that the developed solution approach outperforms the 
untutored column generation method and is capable of finding close to optimal solutions significantly faster than 
the standard Benders’ decomposition method.   

1. Introduction 

The main operational level decisions in the operating rooms (ORs) 
planning and scheduling problems are (i) assigning a date and an OR/ 
block to each patient, called the Advance Scheduling Problem or ORs 
Planning Problem, and (ii) scheduling and sequencing the patients within 
their allocated OR/block on each specific date, called the Allocation 
Scheduling Problem or the ORs Scheduling Problem. Usually, the planning 
horizon for the former problem is weekly while for the latter, it is daily 
(Cardoen, Demeulemeester, & Beliën, 2010; Guerriero & Guido, 2011). 

Regularly, hospitals use open or block scheduling policies in allocating 
OR resources to different specialty groups of surgeons. In open sched-
uling policy, there is no specific classification and the schedule is filled 
up with surgical cases of different specialty groups following the order of 
patients’ arrival time. In block scheduling policy, each specific surgical 
group is assigned to a time block. The configuration of these time blocks 
(i.e., the length, the number, the type of the time blocks) is arranged 
based on a cyclic timetable calling master surgical schedule (MSS). 
Modified block scheduling policy combines these two policies to increase 
flexibility (Fei, Meskens, & Chu, 2010; Guerriero & Guido, 2011). In this 

study, we use a specific type of modified block scheduling policy which 
will be described later in the paper. 

In most hospitals, the allocation plan and/or the schedule is devel-
oped historically, supervised by the head of the surgery department/ 
head nurse who is familiar with the processes, surgeries and the situa-
tion in detail. But, according to unpredictable events or disruptions (i.e., 
the arrival of emergency patients, surgery duration variability, equip-
ment failure, resource unavailability, etc.), the scheduler needs to react 
to these disruptions and to bring some revisions and adjustments to the 
schedule (adaptive planning and/or scheduling). Particularly speaking, 
in daily scheduling and sequencing of patients in the allocated ORs, 
concerning the specific and sensitive circumstances, the scheduler 
should make his/her decision intuitively at a fraction of the time. This 
intuitive reaction may lead to unwanted consequences such as ineffi-
cient use of resources, too much overtime of facilities and staff, etc. 

Being confronted with the disruptions, the decision-makers can 
consider two different disruption management policies: predictive 
disruption management and post disruption management. In predictive 
management, disruptions are anticipated beforehand and the required 
remedy is provided, but, in post disruption management, the disruptions 
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are only tackled after the occurrence. This requires very short-term 
adaptations, but the adaptations can be much more suitable for the 
specific disruptions. In this study, to tackle unpredictable events or 
disruptions in daily scheduling of the surgery cases, an Adaptive Allo-
cation Scheduling Problem is considered with a post disruption man-
agement approach. 

As mentioned earlier, usually, the weekly assignment of patients to 
the operating rooms is designated in advance in the Advance Scheduling 
Problem (planning/assigning phase decisions), and the Allocation 
Scheduling Problem just needs to determine the daily sequence of pa-
tients in the ORs (scheduling/sequencing phase decisions). However, in 
an Adaptive Allocation Scheduling Problem, with consideration of dis-
ruptions, reassigning decisions (i.e., planning phase decisions) should be 
made along with rescheduling and resequencing decisions (i.e., sched-
uling phase decisions), preferably with limited changes in the pre-
liminary schedule. There is quite some earlier work on Allocation 
Scheduling Problems with making assignment decisions along with (i) 
daily or (ii) weekly scheduling and sequencing decisions, e.g., (i): Jebali, 
Alouane, and Ladet (2006), Denton, Viapiano, and Voglet (2007), Pham 
and Klinkert (2008), Batun, Denton, Huschka, and Schaefer (2011), 
Ghazalbash, Sepehri, Shadpour, and Atighehchian (2012), Meskens, 
Duvivier, and Hanset (2013), Xiang, Yin, and Lim (2015), Latorre-Núñez 
et al. (2016), and Bam, Denton, van Oyen, and Cowen (2017), (ii): 
Guinet and Chaabane (2003), Roland, Di Martinelly, Riane, and Pochet 
(2010), Fei, Meskens, and Chu (2006), Fei et al. (2010), Marques, 
Captivo, and Vaz Pato (2012, Marques, Captivo, and Pato (2014), 
Molina-Pariente, Fernandez-Viagas, and Framinan (2015), Roshanaei, 
Luong, Aleman, and Urbach (2017), and Noorizadegan and Seifi (2018). 
But the concept of adaptivity to unexpected disruptions has not been 
addressed in these researches, thus, reviewing them in detail is beyond 
the scope of this study. From the numerous research carried out in the 
field of operating room planning and scheduling, here, we just focus on 
the research that considered the adaptivity concept (also called 
rescheduling, dynamic scheduling, or even on-line scheduling) in their 
study. However, for a detailed taxonomy of the problems discussed in 
the realm of planning and scheduling for operation rooms and a 
comprehensive review of the literature, we refer the readers to some 
review papers on the subject, Magerlein and Martin (1978), Cardoen 
et al. (2010), Guerriero and Guido (2011), Van Riet and Demeule-
meester (2015), Samudra et al. (2016), and Zhu, Fan, Yang, Pei, and 
Pardalos (2019). 

Fig. 1 graphically shows the logic and relevance of the research 
reviewed in this study. 

Sticking to Fig. 1, in the following we review the relevant literature 
on the adaptivity concept in three segments: Advance Scheduling 
Problem, Allocation Scheduling Problem, and integrated Advance and 
Allocation Scheduling Problem. 

In the realm of Advance Scheduling Problem, Stuart, Kozan, Sinnott, 
and Collier (2010) suggested a robust reactive surgery assignment 
model in an operating theatre. Following the completion of each sur-
gery, and taking into consideration any unexpected occurred disruption, 
they re-solved their online scheduling model to obtain a new schedule. 
They considered minimization of the pre-scheduled surgery cancellation 
and maximization of the emergency cases throughput for their objective 
functions. To easily adapt to the changes within the problem structure, 
they benefited from an enumerative algorithm. Ceschia and Schaerf 
(2014) investigated the patient admission scheduling problem in a dy-
namic situation, considering the constraints on the utilization of oper-
ating rooms, flexible planning horizon and patients delay. Using their 
approach, replanning/reassigning decisions could be made as well as 
planning/assigning ones. They used a local search method followed by a 
simulated annealing algorithm as their solution approach. They created 
an instance generator and conducted an extensive experimental evalu-
ation of their approach. Bruni, Beraldi, and Conforti (2015) proposed a 
two-stage programming model to tackle the uncertainty of emergency 
patient arrivals and surgery durations. They applied three recourse 
strategies to model the different reactive scheduling policies adopted by 
hospital managers. Tailored heuristic solution strategies are developed. 
They investigated the efficiency of the proposed formulation and the 
solution approach through computational experiments on randomly 
generated test problems. Dios, Molina-Pariente, Fernandez-Viagas, 
Andrade-Pineda, and Framinan (2015) presented a decision support 
system (DSS) for surgery scheduling. Their system has the duty of 
assigning dates and operating rooms to the patients on the waiting list. 
The proposed DSS has the functionality to generate even up to six-month 
plans and the capability to be manually modified to be adapted with last- 
minute changes (in the case of entering emergency patients and other 
disruptions). Their DSS is currently in use in one of the hospitals in 
Spain. Addis, Carello, Grosso, and Tanfani (2016) surveyed the advance 
scheduling problem with the consideration of continuously joining new 
patients to the existing waiting list in a rolling planning horizon. 
Therefore, the approach can generate a mid-term schedule in a look- 
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Fig. 1. Logic and relevance of the research reviewed in this study.  
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ahead perspective by iterative apply. For this purpose, an ILP formula-
tion is developed with the objectives of minimizing the penalty of total 
waiting time and tardiness of patients. They also proposed a robust 
formulation, that deals with the two sources of uncertainty: new pa-
tients’ arrivals and uncertainty of surgery durations. Both approaches 
are compared through numerical examples. 

In the realm of the Allocation Scheduling problem, Stuart and Kozan 
(2012) improved their previous work considering elective and non- 
elective patients daily sequencing in their reactive scheduling prob-
lem. They formulated the problem as a single machine scheduling 
problem with sequence-dependent processing times and due dates. A 
branch and bound algorithm is developed to solve the problem and 
computational experiments are carried out to illustrate the applicability 
of the proposed approach. He and Xiang (2013) considered a surgery 
rescheduling problem with the possibility of unavailability of some re-
sources (e.g., nurses, anesthetists or other resources). They developed a 
modified ant colony algorithm based on the Pareto set for the multi- 
objective surgery rescheduling problem under uncertainty resources. 
Zhang, Xie, and Geng (2014) addressed a dynamic assignment problem 
with uncertain surgery durations in multiple identical ORs. The total 
expected cost of surgeon waiting time, operating room idle time and 
overtime is considered as the objective function. They first proposed a 
multi-stage stochastic programming model and then, due to the diffi-
culty of the solution process, a two-stage stochastic programming 
approximation with a combination of a look-ahead heuristic is designed. 
Numerical results showed that the proposed dynamic approach signifi-
cantly outperforms the static approach. Ballestín and Pérez (2019) 
considered a two-phase approach in their elective patient surgery 
planning. A tentative schedule is built, in the first phase, two weeks 
before the planning period. Then, in the second phase, a few days 
remaining to the date of realization, the preliminary schedule is updated 
and adapted based on the changes and the available information/up-
dates. They proposed several strategies to manage the changes from the 
preliminary schedule concerning the idiosyncrasy of dealing with elec-
tive patients. Basing on data from a hospital in Spain, they carried out 
the computational experiments via simulation on randomly generated 
test experiments. 

Moreover, there are some studies in the literature that the focus is on 
the adaptivity concept in both Advance and Allocation Scheduling 
Problems (planning and scheduling phase decisions with a time horizon 
of more than a day). Nouaouri, Nicolas, and Jolly (2011) considered a 
reactive approach to the surgery and operating room scheduling in the 
case of a disaster (earthquake, hurricane, etc). They worked on adding 
new unexpected victims in the predetermined surgery schedule. In this 
regard, the developed approach is presented in the form of a three-stage 
mixed-integer linear programming model. Operating rooms are assumed 
to be identical and all the surgeons are expected to be capable of per-
forming the patients’ surgery. They used a CPLEX solver for the pro-
posed problem. Erdem, Qu, and Shi (2012) studied an allocation 
rescheduling problem of elective patients upon arrival of emergency 
patients. They proposed a mixed-integer linear programming model 
consisting of both planning and scheduling decisions subject to capacity 
constraints on operating rooms and the Post Anesthetic Care Unit 
(PACU). Overtime cost, cost of pre- and postponing of elective patients 
and turning down of emergency patients are considered as objective 
functions of the proposed formulation. A genetic algorithm with a novel 
chromosome structure is developed to efficiently solve the problem. Shu 
and Subbaraj (2015) focused on the investigation of the implementation 
and operational capabilities, rather than theoretical research. For this 
intention, they designed and developed a prototype which takes a pre-
liminary schedule, and systematically makes adjustments to the existing 
schedule. Their software is based on similarities between the operating 
room scheduling and job shop scheduling. They used the least process-
ing time algorithm for solving their web-based software. Heydari and 
Soudi (2016) considered the stochastic unexpected arrival of emergency 
patients and the uncertain surgery time in their OR planning and 

scheduling problem. They approached the problem by employing a two- 
stage hybrid flow shop scheduling problem formulation and a predic-
tive/reactive scheduling approach. They proposed a two-stage stochas-
tic programming model with a recourse strategy. Besides, they 
introduced two practical performance indicators of “robustness” and 
“stability” in the generation of a primary schedule. Finally, computa-
tional experiments were carried out to establish the efficiency of the 
suggested approach. In another study (Soudi, Heydari, & Mahdavi 
Mazdeh, 2019), they investigated the OR planning and scheduling 
problem in a weekly planning horizon. They benefited from a hybrid 
flow shop scheduling formulation considering the capacity of ward beds 
and multiple ORs. The arrival of emergency patients is randomly 
formulated applying a chance-constrained programming approach. To 
preserve the primary schedule stability, a reactive approach is designed 
and solved via heuristics. Akbarzadeh, Moslehi, Reisi-Nafchi, and 
Maenhout (2019) studied a re-planning and scheduling surgical case 
problem at the block release time that arises, focusing on the surgeons’ 
and nurses’ time re-scheduling. Aiming to minimize the number of 
changes in the primary plan, the patient waiting time, and the resource 
re-scheduling cost, a three-phase heuristic is developed. They applied a 
column generation approach to initiate an efficient feasible solution, 
and then improve the solution using a local branching approach. They 
conducted their computational experiments on an artificial dataset 
generated based on real data of the university hospital UZ Ghent 
(Belgium). 

Our study is in line with Kamran, Karimi, and Dellaert (2018), 
Kamran, Karimi, Dellaert, and Demeulemeester (2019), where in Kam-
ran et al. (2019), they studied adaptive ORs Planning and Scheduling 
Problem in a hospital with a modified block scheduling policy, and a 
predictive/reactive disruption management policy is applied to take 
care of the arrival of emergency patients. Considering surgery durations 
to be stochastic variables, they proposed a stochastic mixed-integer 
linear programming model. They developed two 2-phase heuristic so-
lution approaches embedded in a rolling horizon methodology. 
Applying real hospital records in their computational experiments, they 
demonstrated the efficiency of their proposed formulation and 
methodology. 

The summary of the reviewed literature is presented in Table 2 where 
different features are compared with the current study. Table 1 repre-
sents the respective notation definition used in Table 2. 

The contribution of our study related to the existing literature is 
described below.  

▪ This paper investigates an Adaptive Allocation Scheduling 
Problem for an operating theatre with multiple operating 
rooms. The decisions of reassigning and rescheduling of pa-
tients to the operating room blocks are made along with 
assigning and scheduling decisions in a daily horizon. The 
preliminary prepared schedule adapts to unexpected events or 
disruptions based on a post disruption management approach.  

▪ In all the papers reviewed above (except Kamran et al., 2019), 
the researchers applied one of the open or block scheduling 
policies. The authors of this paper, succeeding their previous 
research (Kamran et al., 2018, 2019) applied and investigated a 
specific type of modified block scheduling policy to make the 
investigation more realistic. According to the proposed policy 
and conforming to the directions of the head of the surgery 
department, some patients could receive operational services in 
alternative blocks other than their specific block. The policy 
could cover both open and block scheduling policies, either by 
authorizing the patients to be operated in all rooms/blocks or 
by preventing them from being operated in rooms/blocks other 
than their related ones. For more details about the fruitful 
consequences of such a proposed patients booking policy, refer 
to Kamran et al. (2018, 2019). 
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▪ The adapting phase and updating the schedule in hand should 
be carried out at a fraction of the time, but applying such a 
modified block scheduling policy, and considering surgeons, as 
resources, and their preferences in the objective function, 
complicates the solution procedure (these complications will be 
discussed later in Section 3). We developed an efficient solution 

methodology consisting of a fast column-generation-based 
heuristic algorithm and a Benders’ decomposition technique. 
The efficiency of the developed solution approach is examined 
through numerical experiments based on hospital records.  

▪ Most solution methods developed for the scheduling problems 
focus either on patient throughput or on hospital performance. 
In this paper, the preferences of different stakeholders are 
considered in the objective function. To the best of our 
knowledge, this is the first time that the Adaptive Allocation 
Scheduling Problem is considered with such features and is 
solved with a column-generation-based heuristic and a 
Benders’ decomposition algorithm (CGBH-BD). 

The remainder of this paper is organized as follows: In Section 2, the 
proposed problem is explained in details and a mixed-integer linear 
formulation is presented. Section 3 discusses the solution methodology. 
In Section 4, the effectiveness of the solution method, as well as the 
advantages of the constructed model are examined by means of solving 
some numerical examples. And finally, the conclusions and future study 
directions are discussed in Section 5. 

2. Problem statement 

As mentioned in the previous section, an Adaptive Allocation 
Scheduling Problem with the consideration of electives and non- 
electives and a shared capacity of PACU is examined. Accordingly, a 
set of patients, Q = P ∪ I, should be assigned and then scheduled and 
sequenced in a set of blocks, B, of |R| operating rooms. According to 
uncertain events, the current schedule may need some adaptations and 
updating, for example, some elective or non-elective patients’ surgery 
could be canceled due to the blocks capacity restrictions. In other words, 
each time after the occurrence of a disruption, the schedule in hand 
should be revised and adapted to the new situation. 

Table 1 
Notations used in Table 2.  

P Planning 
S Scheduling 
RP Replanning 
RS Rescheduling 
ASP(I) Advance scheduling problem 
ASP(II) Allocation scheduling problem 
PBP Patient booking policy 
O Open scheduling policy 
B Block scheduling policy 
MB Modified block scheduling policy 
DM Disruption management 
RDM Reactive (Post) disruption management 
PRDM Predictive and Reactive disruption management 
Elec. Elective 
Emerg. Emergency 
Deter. Deterministic 
Stoch. Stochastic 
Gen. Generated 
SA Simulated Annealing 
DSS Decision Support System 
B&B Branch & Bound 
ACO Ant Colony Optimization 
GA Genetic Algorithm 
MSSP Multi-Stage Stochastic Programming 
TSS Two-Stage Stochastic Programming 
CCP Chance Constraint Programming 
CGBH Column Generation-based Heuristic 
LB Local Branching Technique  

Table 2 
Summary table of the literature review.  

Reference P 
and/ 
or 
S 

RP 
and/ 
or 
RS 

ASP 
(I) 

ASP 
(II)   

Patient  Model/Problem  Data Solution approach 

PBP DM 
approach 

Elec. Emerg.  Deter. Stoch.  Gen. Real 

Stuart et al. (2010)  ✓ ✓  O1 RDM ✓ ✓   ✓  ✓ ✓ Enumerative 
algorithm 

Ceschia and Schaerf 
(2014) 

✓ ✓ ✓  B1 RDM ✓ ✓   ✓  ✓  Heuristics, SA 

Bruni et al. (2015) ✓ ✓ ✓  B RDM ✓ ✓   ✓  ✓  Heuristic 
Dios et al. (2015) ✓ ✓ ✓  O RDM ✓   ✓    ✓ Heuristic, DSS 
Addis et al. (2016) ✓ ✓ ✓  B PRDM ✓ ✓   ✓  ✓  Robust 

Optimization 
Ballestín and Pérez 

(2019) 
✓ ✓ ✓  B RDM ✓   ✓   ✓ ✓ Solver 

Stuart and Kozan 
(2012)  

✓  ✓** O1 RDM ✓ ✓   ✓  ✓ ✓ B&B 

He and Xiang (2013)  ✓  ✓** O RDM ✓   ✓ ✓  ✓ ✓ Modified ACO 
Zhang et al. (2014) ✓ ✓  ✓** O RDM ✓    ✓  ✓ ✓ MSSP, Heuristic 
Nouaouri et al. (2011)  ✓ ✓ ✓ O RDM ✓ ✓  ✓   ✓  Solver 
Erdem et al. (2012)  ✓ ✓ ✓ O1 RDM ✓ ✓  ✓    ✓ Solver, GA 
Shu and Subbaraj 

(2015)  
✓ ✓ ✓ B2 RDM ✓   ✓    ✓ Heuristic 

Heydari and Soudi 
(2016) 

✓ ✓ ✓ ✓ O PRDM ✓ ✓  ✓ ✓  ✓ ✓ TSS, Solver 

Soudi et al. (2019) ✓ ✓ ✓ ✓ O PRDM ✓ ✓  ✓ ✓   ✓ CCP, Heuristic 
Akbarzadeh et al. 

(2019)  
✓ ✓ ✓ B2 RDM ✓ ✓  ✓   ✓ ✓ CGBH, LB 

Kamran et al. (2019) ✓ ✓ ✓ ✓ MB PRDM ✓ ✓   ✓  ✓ ✓ Heuristics 
This paper ✓ ✓ ✓ ✓ MB RDM ✓ ✓  ✓   ✓ ✓ CGBH-BD 

O1 The way they approached to patient booking policy can be inferred a type of block scheduling policy as well. 
B1 The way they approached to patient booking policy can be inferred a type of modified block scheduling policy as well. 
B2 The way they approached to patient booking policy can be inferred a type of open scheduling policy as well. 

** Assignment decision variables are included along with scheduling and sequencing decisions in a daily planning horizon. 
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Other problem assumptions are as follows:  

▪ All patients are prioritized through a classification framework 
and a clinical priority coefficient Uq (q = 1,..,|Q|) is defined for 
each patient to weigh them based on their clinical situation or 
hospital preferences.  

▪ The preliminary schedule is supposed to be known a priori. The 
way the preliminary schedule is obtained is not the concern of 
this paper, but for instance, the preliminary schedule could be 
obtained from the mathematical program proposed in Section 
2.2, excluding the features related to the planning/assignment 
phase, emergency patient arrivals, and the gap between the 
preliminary and new schedules.  

▪ It is supposed that the master surgical schedule (MSS) is given, 
meaning that scheduling and assigning each specialty group to 
the blocks of each OR is already known. 

▪ Non-elective patients could be operated in all blocks but elec-
tive patients should be operated in their related blocks or in 
some other blocks which are technically feasible according to 
the medical directions (modified block scheduling policy). In 
other words, operating rooms are considered non-identical and 
surgeries cannot be operated in all operating rooms.  

▪ The allocation of surgeons to the patients is known in advance.  
▪ Each surgery is carried out through three-stage processes of pre- 

incision (pre-operation), incision (operation) and post-incision 
(post-operation). Surgeons should be present in the incision 
procedure, but they can leave the pre- and post-incisions to the 
nurses or to the co-surgeons (who are not considered as 
bottleneck resources in this study). 

Other notations, assumptions, and restrictions are defined in the 
following. 

2.1. Notations 

The notations applied throughout the paper are summarized in 
Table 3. 

2.2. Mathematical model 

The mixed-integer programming model of the proposed problem is 
given below: 

minimize m1

(
∑

q∈Q

(

Uq −
∑

b∈B

∑

k∈Kb

Uqxqbk

))

+m2

∑

p∈P
Upgp 

+m3

∑

b∈B
oB

b +m4

∑

s∈S
is +m5

∑

q∈I
Uqsq, (1) 

Subject to: 
∑

k∈Kb

xqbk ≤ 1, ∀b ∈ B, ∀q ∈ Qb, (2)  

∑

k∈Kb

xqbk = 0, ∀b ∈ B, ∀q ∈/Qb, (3)  

∑

q∈Qb

xqbk ≤ 1,∀b ∈ B, k∈ Kb, (4)  

∑

q∈Qb

xqbk ≥
∑

q∈Qb

xqbk+1,∀b ∈ B,∀k ∈ {Kb|k ≤ |Kb| − 1 }, (5)  

sq ≥ SB
b

∑

k∈Kb

xqbk,∀b ∈ B, q ∈ Qb, (6)  

sq′ ≥ sq + TPre
q +TO

q +TPost
q +TCl

q − M
(
2 − xqbk − xq′bk+1

)
,

Table 3 
Notations used in the paper.  

Indices & Sets: 

P  set of elective patients (p,p′ ∈ P, where |P| is the number of elective 
patients)  

I  set of non-elective patients (i ∈ I, where |I| is the number of non-elective 
patients)  

Q  set of elective and non-elective patients (q,q′ ∈ Q = P ∪ I, where 
|Q| = |P| +|I| is the number of all patients)  

Q  set of elective and non-elective patients who have the possibility to be 
operated in different blocks (Q⊂Q)  

R  set of operating rooms (r ∈ R, where |R| is the number of operating 
rooms)  

B  set of blocks (b ∈ B, where |B| is the total number of blocks in all ORs)  
S  set of surgeons (s ∈ S, where |S| is the number of surgeons)  
E  set of expertise (specialty groups) (e ∈ E, where |E| is the number of 

specialty groups)  
K,Kb  set of positions (sequence) of surgeries in each block (k ∈ K or k ∈ Kb,

where |Kb| is the number of positions in block b)  

BR
r  set of blocks which are assigned to room r  

Qb  set of potential patients (elective and non-elective) who are permited to 
be assigned to block b  

Parameters: 
SP

p  surgeon which assigned to elective patient p,p ∈ P,SP
p ∈ S  

Uq  priority of patient q ∈ Q  

TPre
q  regular pre-operation duration of patient q,q′ ∈ Q  

TO
q  regular surgical duration of patient q,q′ ∈ Q  

TPost
q  regular post-operation duration of patient q ∈ Q  

TPACU
q  regular length of stay at PACU for patient q,q′ ∈ Q  

TCl
q  time needed for cleaning the operating room after surgery of patient q 

and preparing it for the next surgery  

TS
p  time needed for the surgeon of patient p to rest and recreate after his 

surgery  

SB
b  regular start time of block b ∈ B  

EB
b  regular capacity (finish time) of block b ∈ B  

ER
r  regular capacity (finish time) of operating room r ∈ R in each day  

EPACU  regular capacity (finish time) of PACU 

Omax
b  upper bound of overtime in each block b ∈ B  

Omax
r  upper bound of overtime in each room r ∈ R  

OmaxPACU  upper bound of overtime in PACU 

mj  weight of term j (j = 1,⋯,5) in the objective function  

Sold
p  scheduled surgery start time of patient p ∈ P before disruption 

(preliminary schedule)  
M  big positive number 
Decision variables: 
xqbk  =1 if patient q is assigned to block b in position k; 0 otherwise  
zpp′ =1 if patient p is operated before patient p′, on the same day, with the 

same surgeon; 0 otherwise  
sq  start of surgical care of patient q  
gp  difference between the scheduled surgery start time of patient p before 

disruption and after that  

sS
s  start time of surgeries surgeon s  

eS
s  end time of surgeries surgeon s  

is  idle time of surgeon s between his surgeries  

cB
b  completion time of surgeries in block b  

oB
b  overtime in block b  

cR
r  completion time of surgeries in operating room r  

oR
r  overtime in operating room r  

cPACU
q  completion time of patient q after being recovered in PACU  

oPACU  overtime in PACU  
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∀b ∈ B, ∀q, q′ ∈ Qb, q′ ∕= q, k ∈ {Kb|k ≤ |Kb| − 1 }, (7)  

sp′ + TPre
p′ +M

(

2 −
∑

k∈Kb

xpbk −
∑

k′∈Kb′

xp′b′k′

)

≥ sp + TPre
p +TO

p +TS
p − M

(
1 − zpp′

)
,

∀p, p′ ∈ P, SP
p = SP

p′ , p
′ ∕= p,∀b, b′ ∈ B, b′ ∕= b, ∀b ∈ BR

r ,∀b′ ∈ BR
r′ , (8)  

sp + TPre
p +M

(

2 −
∑

k∈Kb

xpbk −
∑

k′∈Kb′

xp′b′k′

)

≥ sp′ +TPre
p′ + TO

p′ +TS
p′ − M

(
zpp′
)
,

∀p, p′ ∈ P, SP
p = SP

p′ , p
′ ∕= p,∀b, b′ ∈ B, b′ ∕= b, ∀b ∈ BR

r ,∀b′ ∈ BR
r′ , (9)  

sq ≤
(

EB
b −
(

TPre
q + TO

q + TPost
q + TCl

q

))
(
∑

b∈B

∑

k∈Kb

xqbk

)

,∀q ∈ Q, (10)  

gp ≥ sp − Sold
p

(
∑

b∈B

∑

k∈Kb

xpbk

)

,∀p ∈ P, (11)  

sS
s ≤ sp + TPre

q +M

(

1 −
∑

b∈B

∑

k∈Kb

xpbk

)

, ∀s ∈ S, ∀p ∈
{

P|SP
p = s

}
, (12)  

eS
s ≥ sp +

(
TPre

p +TO
p

)
(
∑

b∈B

∑

k∈Kb

xpbk

)

,∀s ∈ S, ∀p ∈
{

P|SP
p = s

}
, (13)  

is ≥
(
eS

s − sS
s

)
−
∑

b∈B

∑

k∈Kb

∑

p∈P:SP
p =s

(
TS

p +TO
p

)
xpbk, ∀s ∈ S, (14)  

cB
b ≥ sq +(TPre

q +TO
q + TPost

q +TCl
q )xqbk,∀b ∈ B,∀q ∈ Qb, k ∈ Kb, (15)  

oB
b ≥ cB

b − EB
b ,∀b ∈ B, (16)  

oB
b ≤ Omax

b , ∀b ∈ B, (17)  

cR
r ≥ sq +

(
TPre

q +TO
q +TPost

q +TCl
q

)
xqbk,∀r ∈R,b∈BR

r ,q∈Qb,k∈Kb, (18)  

oR
r ≥ cR

r − ER
r ,∀r ∈ R, (19)  

oR
r ≤ Omax

r , ∀r ∈ R, (20)  

cPACU
q ≥ sq +

(
TPre

q + TO
q +TPost

q + TPACU
q

)
(
∑

b∈B

∑

k∈Kb

xpbk

)

,∀q ∈ Q, (21)  

oPACU ≥ max
{

0, cPACU
q − EPACU

}
, ∀q ∈ Q, (22)  

oPACU ≤ OmaxPACU , (23)  

xqbk, zpp′ ∈ {0, 1},∀p, p′ ∈ P,∀q ∈ Q,∀b ∈ B, ∀k ∈ K, (24)  

sq,gp,sS
s ,e

S
s ,is,cB

b ,o
B
b ,c

R
r ,o

R
r ,c

PACU
q ,oPACU ≥0,∀p∈P,∀q∈Q,∀s∈S,∀b∈B,∀r∈R.

(25) 

In the proposed model, objective function (1) is composed of five 
items. The first expression tries to minimize the total number of rejected 
patients (electives and non-electives). The second expression tries to 
minimize the gap between the previously scheduled start time of the 
surgeries and the new obtained start times. The third part concerns the 
overtime in each block. The fourth term minimizes the surgeons’ idle 
times and finally, the last term minimizes the start time of the surgeries 
of non-elective patients. To make the different terms of the objective 
function comparable, all the expressions are standardized with a proper 

cost weight. Constraint (2) and (3) jointly ensure that a patient can be 
assigned to at most one position in one of the (technically feasible) 
blocks (i.e., the block assigned based on MSS or some other blocks which 
the head of the operating theatre directs). The cancellation of previously 
scheduled elective surgeries or turning down some non-elective sur-
geries (of course with low urgency coefficient) is permitted. Constraint 
(4) guarantees that a position can be occupied by at most one patient. 
Constraint (5) prevents the possibility of an empty position between 
occupied positions. In fact, it states that it is not possible to have an 
occupied position after an empty one. Constraint (6) checks the start 
time of assigned surgeries to be after the regular start time of the 
respective block. Constraint (7) presents the sequence order and the start 
time of assigned surgeries at each block. Constraints (8) and (9) repre-
sent the sequence order of surgeries (elective) assigned to a surgeon in 
different blocks/rooms. Besides, it guarantees that each surgeon can be 
busy with just one surgery at a moment. In other words, the incision 
procedure of the next surgery of a surgeon can start only when the 
surgeon has completed the previous surgical procedure and has 
benefited from the rest time after the surgery. Constraint (10) establishes 
the start time of the last surgery at each block. Besides, it sets the start 
time of non-executed surgeries to zero. Constraint (11) computes the gap 
between the start time of the previously scheduled surgery and its newly 
obtained start time after the disruption (an elective surgery is called 
tardy if it starts after its previously scheduled start time). Constraint (12) 
and (13) verify the start time of sequenced surgeries of a surgeon. 
Constraints (12), (13) and (14) calculate the start time, finish time and 
idle time of each surgeon, respectively. Constraint (15) represents the 
finish time of each block. Constraints (16) and (17) compute and bound 
the overtime at each block. Constraints (18), (19) and (20) do the same 
as Constraints (15), (16) and (17) at each operating room and Con-
straints (21), (22) and (23) give similar restrictions in association with 
PACU. It is supposed that there exist enough resources (e.g., beds, 
nurses, etc.) in this section of the hospital. Constraints (24) and (25) 
declare the domain of the decision variables in the model. 

3. Solution methodology 

Due to the fact that the decisions should be taken fast and maybe 
several times a day (each time when serious disruption occurs), the so-
lution method needs to be able to solve the problem in a reasonable 
fraction of time. With the growth in the number of patients Q, the 
feasible sequencing plans grow exponentially, and this is the situation 
where Column Generation (CG) seems beneficial. According to the CG 
method, it is not needed to price out all the columns. Besides, the block- 
based structure of the problem which includes an assignment phase and 
a sequencing phase sparks the idea that using decomposition techniques, 
e.g., Dantzig-Wolfe decomposition, Branch-and-Price methods, and 
specifically, Benders’ decomposition (BD) techniques, could be effec-
tive. Thus in this study, a solution methodology based on CG and BD 
techniques is developed. In doing so, after each disrupting event, we first 
solve the problem through a fast Column-Generation-Based Heuristic 
(CGBH), and then, if we have a little more time to improve the quality of 
the obtained solution, we continue the process by applying the CGBH as 
an initial solution to a Benders’ decomposition technique. The in-
novations, logic, and the details of the two solution approaches are 
discussed in the following Sections 3.1 and 3.2. Fig. 2 graphically 
summarizes the logic of proposing such a solution methodology. 

3.1. Column-generation-based heuristic 

Usually, column generation solution methods are used with a set- 
partitioning formulation. Defining the columns, in a set-partitioning 
formulation, poses some difficulties. If we define the whole sequence 
of all blocks as a single column, then the new formulation will not be 
efficient, it will not have any advantage over the basic version, and if we 
consider the sequence at each block as a column to take advantage of 
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decomposing the problem into smaller block-based problems, then, the 
concept of modified block scheduling policy will cause difficulties. The 
idea that some patients could be operated in different blocks correlates 
the blocks (i.e. columns) with each other. The correlation between the 
columns will prevent us from solving the sub-problems (pricing problems) 
independently which is one of the core advantages of the column gen-
eration method. In other words, the modified block scheduling policy 
prevents us from decomposing the problem into smaller problems that 
are easier to solve. Considering surgeons as resources, and their idle time 
in the objective function deteriorates the complication, as it intensifies 
the correlation. 

There are some techniques to reduce this interdependency, but in 
this study to resolve the problem, instead of solving the pricing problems 
to optimality to generate new columns (feasible solutions) at each iter-
ation, we generate new columns based on a fast heuristic. In fact, we 
sacrifice “optimality” to an “immediate approximate optimal solution”. 

The set-partitioning formulation and the developed heuristic are pre-
sented in the following Sections 3.1.1 and 3.1.2. 

3.1.1. Set-partitioning allocation rescheduling problem 
In order to reformulate the problem into a set-partitioning formu-

lation, each feasible sequence of the patients in the corresponding block 
is considered as a column. In this regard, let Λ, λ ∈ Λ, be the set of all 
feasible sequence plans in all different blocks. Accordingly, let αbλ = 1, 
if sequence plan λ is assigned to block b; otherwise 0. βqbλ = 1, if in 
sequence plan λ, patient q, who is a member of the patients with the 
possibility to be operated in different blocks (q ∈ Q), is assigned to block 
b; otherwise 0. It is trivial that the block b is only selected for patient q if 
it is included in the set of authorized blocks for patient q, q ∈ Qb. Cbλ is 

the cost of sequence plan λ which is especially a sequence plan for block 
b and ybλ is a binary decision variable indicating whether the sequence 
plan λ is selected for block b, ybλ = 1, or not, ybλ = 0. 

The set-partitioning master formulation of the studied problem can be 
written as follows. 

minimize
∑

b∈B

∑

λ∈Λ
Cbλybλ, (C1) 

Subject to: 
∑

λ∈Λ
αbλybλ = 1, ∀b ∈ B, (C2)  

∑

b∈B

∑

λ∈Λ
βqbλybλ ≤ 1, ∀q ∈ Q, (C3)  

ybλ ∈ {0, 1}, ∀b ∈ B, ∀λ ∈ Λ. (C4) 

Eq. (C1) minimizes the summation of the cost of feasible selected 
sequence plans in different blocks. Constraint (C2) ensures that one and 
only one sequence plan should be selected for each block. Constraint 
(C3) restricts the patients, who have the possibility to be operated in 
various blocks, to be selected in different sequence plans. Constraint 
(C4) is a binary domain constraint. 

Due to the existence of a huge number of columns, the set- 
partitioning master problem cannot be solved directly. To be able to 
solve the master problem, it is needed to relax the integrality constraint 
and start with a small subset of initial columns Λ’⊂Λ, which is called a 
restricted master problem (RMP). New columns are generated in an iter-
ative process by solving the pricing problem corresponding to each 
block, i.e., sub-problems. Let ξb, πq be the dual variables associated with 

Column Generation 
method

Benders 
Decomposition 

Method

1) The efficiency of the 
untutored CG is not 

promising

2) Interrelations between 
the blocks complicates 

the solution

Solve the problem via CGBH

Stop the algorithmStopping 
criterion

Continue the solution process via BD

Yes

No

The proposed solution 
methodology:

CGBH-BD

CG:
CGBH

BD

The efficiency of the 
standard BD is not 

promising

instead of solving the 
pricing problems to 

optimality to generate new 
columns at each iteration, 
we generate new columns 
based on a fast heuristic

Section 
3

Section 
3.1

Sections 
3.1 & 3.1.1

Section 
4.1

Section 
3.1.2 Section 

4.2

Section 
3.2

The Solution 
Methodology 

Efficiency

Speed:
nature of the problem 
impress to have a fast 
solution methodology

Correctness:
the block-based structure 
of the problem impress 

that the block-based 
solution approaches 

Section 
3.2

Fig. 2. The logic of such a proposed solution algorithm.  
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Constraints (C2) and (C3), respectively. It is worth noting as the objec-
tive function is a minimization, it is possible to relax the equality 
Constraint (C2) to ≥ inequality. 

The pricing problem corresponds to each block, which generates new 
columns (sequences) is as follows: 

min
λ∈Λ

{

Cbλ = Cbλ − αbλξb −
∑

q∈Q

βqbλπq

}

.

Solving the pricing problem with consideration of all restrictions 
expressed in the form of Constraints (2)–(25) will lead to serious com-
plexities in terms of implementation issues, CPU time and, above all, 
unknown dual variable costs which are produced due to the in-
terdependencies between the columns. That is why in this paper, instead 
of solving the above-mentioned pricing problem to optimality to 
generate new columns (feasible solutions), a fast heuristic algorithm is 
developed to generate new columns taking into account the reduced cost 
of each sequence plan. The proposed heuristic algorithm is described in 
the following section. 

3.1.2. Innovative heuristics to solve the pricing problem 
Each pricing problem is to find the most negative reduced cost in 

each sub-problem, where it generates a new column (sequence) which 
improves the quality of the solution at each block. According to the fact 
that the Adaptive Allocation Scheduling Problem needs immediate de-
cision making, in this study instead of solving the sub-problems to 
optimality, columns are generated through a heuristic algorithm. 

The Adaptive Allocation Scheduling Problem has some similarities to 
the 0–1 knapsack problem, in such a way that the knapsack capacity is 
equivalent to the capacity of each block and the value/profit of each 
selected item is equivalent to the utility of each scheduled patient. Thus, 
the greedy heuristic algorithm, presented for solving the 0–1 knapsack 
problem by Dantzig (1957), could be applicable as a foundation of one of 
the strategies in generating new columns in our proposed heuristic. 
According to Dantzig (1957), the items are sorted in decreasing order of 
value per unit of weight, vi/wi. It then proceeds to insert the items into 
the knapsack based on the attained order, i.e. 
v[1]/w[1] ≥ v[2]/w[2] ≥ ⋯ ≥ v[n]/w[n]. Also, there exists a similar idea in the 
Minimizing Total Weighted Flowtime Problem, Fw-problem, in the context 
of job scheduling problems over machines which is called as Shortest 
Weighted Processing Time (SWPT) sequencing rule. According to the 
SWPT sequencing rule, the jobs are sorted in increasing order of pro-
cessing time Pi per their value vi, P[1]/v[1] ≤ P[2]/v[2] ≤ ⋯ ≤ P[n]/v[n]. The 
jobs are then sequenced based on the obtained order (Baker & Trietsch, 
2009). A comparable concept is used in different ways in the heuristic 
developed in this paper. We sorted the patients in a decreasing order of 
(i) utility of each scheduled patients per his/her surgery time, Uq/TO

q , (ii) 
utility of each scheduled patients per his/her preliminary scheduled 
start time, Uq/Sold

p , and (iii) utility of each scheduled patients per his/her 
surgery time and preliminary scheduled start time, Uq/(TO

q + cSold
p ), 

where c is a ratio coefficient. 
Again from the context of job scheduling problems, Least Flexible Jobs 

First (LFJF) sequencing rule is the other heuristic approach applied in 
this paper to generate new columns. According to the LFJF sequencing 
rule, the jobs are sorted regarding their flexibility in processing alter-
natives, and the ones with the least flexibility are selected to be assigned 
first. We applied a similar concept in our heuristic in two different ways. 
First, the same concept is used for patients as the Least Flexible Patients 
First (LFPF), and then, the reverse concept is used for the blocks by way 
of the Most Flexible Blocks First (MFBF). 

As long as the heuristic algorithm is capable of producing new col-
umns with negative reduced cost, the algorithm continues, but when it 
fails to produce new columns with negative reduced cost, the explora-
tion phase is intensified by some permutation, crossover and mutation 
techniques, which are inspired by genetic algorithms, to find new 

improving columns. The algorithm stops if, after all these heuristics, it 
fails to find such improving columns. Finally, the master problem is 
solved with respect to generated columns. 

It is worth noting that the way we approached the Adaptive Allo-
cation Scheduling Problem with a post disruption management, is 
similar to the Allocation Scheduling Problem with the possibility of 
assigning and postponing/rejecting some patients. Hence, in order to 
have a general solution methodology that could apply to the both above- 
mentioned problems, of course with some modifications, no use of the 
current sequence of patients in the preliminary schedule has been made 
in developing the CGBH algorithm. This is while taking advantage of the 
current schedule will be a help, especially in the blocks that will remain 
unchanged. 

The outline of the developed heuristic algorithm is given in Algo-
rithm 1. 

Algorithm 1.. (Pseudo-code of the column-generation-based heuristic)  

Initialization  
Generate initial columns for each block based on the greedy heuristic  

Sort the patients in a non-decreasing order based on Uq/TO
q   

Place the patients into related blocks based on LFPF and MFBF  
Calculate the cost of the generated sequence plan λ  

while finishing criteria is not true do 
Phase a   

Solve the RMP of the CG (find the best sequence plans & dual variables)   
Generate columns for each block with regards to the greedy heuristics based 
on Uq/TO

q , Uq/Sold
p ), Uq/(TO

q + cSold
p ), and LFPF and MFBF heuristics and 

based on some random factors to search the solution space and generate 
new columns    
Calculate the cost of the generated sequence plan λ    
Calculate the reduced cost of the generated sequence plan λ    
Increase the iteration number  

If the reduced cost of the sequence plan λ is less than zero go to phase a   
else go to phase b 

Phase b   
Solve the RMP of the CG (find the best sequence plans & dual variables)   
Generate columns for each block based on permutation, crossover and 
mutation operators relying on some random factors to search the solution 
space and generate new columns   
Calculate the cost of the generated sequence plan λ    
Calculate the reduced cost of the generated sequence plan λ    
Increase the iteration number   
If the reduced cost of the sequence plan λ is less than zero go to phase a    
Else   

Check the finishing criteria: (a) maximum number of iterations (b) 
maximum number of iterations without improvement in the RMP (c) time 
limit   
end if  

end if 
end while 
Phase c  

Solve the RMP of the CG to reach to the sequence of patients in each block  
while feasibility criteria are not true do   

Check if the selected columns/sequences are feasible according to the 
overlap of surgeries of a surgeon in different blocks/rooms: 
If the solution is infeasible   

Change the sequence to be feasible   
Update the cost of the new sequence plans in each block   
Solve the RMP of the CG to reach to the sequence of patients in each block   

Else   
Put the feasibility criteria as true   

end if  
end while   

3.2. Benders’ decomposition technique 

According to the classical BD algorithm (Benders, 1962), a MILP 
model of the form 

minimize cT x+ f T y,

Subject to: 
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Ax = b,

Bx+Dy = d,

x ≥ 0 and integer, y ≥ 0.

with complicating integer variables x is decomposed into two problems 
so-called master (MP) and sub problems (SP), where A, B, and D are the 
matrices of technical coefficient, and b, and d are the right-hand side 
vectors. These two MP and SP models are in the form of 

MP: minimize cT x+φ,

Subject to: 

Ax = b,

(
π(k1)

1

)T
Bx ≥

(
π(k1)

1

)T
d, k1 = 1,⋯,K1, (M1)  

(
π(k2)

2

)T
Bx+φ ≥

(
π(k2)

2

)T
d, k2 = 1,⋯,K2, (M2)  

x ≥ 0 and integer, φ ∈ R.

SP: minimize f T y,

Subject to:  

Dy = d − Bx,

y ≥ 0.

Constraint (M1), which is referred to as feasibility cuts, is added to the 
MP at iteration k1, where the obtained solution x of the master problem 
in the previous iteration is not feasible according to the SP; and 
Constraint (M2), which is referred to as optimality cuts, is added to the 
MP at iteration k2, where the obtained solution x of the previous itera-
tion is feasible according to the SP. π1 and π2 are the dual variables 
associated with Constraint (S1). Constraints (M1) and (M2) are relaxed 
at the initial iteration and are added to the MP when needed. In other 
words, according to the BD algorithm, the MP is solved repeatedly 
including a subset of Constraints (M1) and (M2) and the obtained so-
lution, x, is passed to the sub-problem to know if it is needed to add 
feasibility cuts or optimality cuts in the next iteration and/or stop the 
algorithm. For the stepwise and detailed descriptions of the BD algo-
rithm please refer to Benders (1962). 

Given that in the classical BD, the sub-problem should be LP, 
therefore in our problem, it is needed whether to consider all integer 
variables in the master problem, i.e. besides with assignment variables, 
variables which determine the sequence and variables which control the 
overlap of surgeries of a surgeon, or, to use integer BD approaches where 
the sub-problem could include integer variables. In this paper, since we 
know that the main difficulty of the studied problem lays in the 
sequencing phase, to minimize the most decisive limitation of the BD 
technique which is losing the connection between the master and sub 
problem, the first approach is selected. Based on this approach, the 
obtained solution x of the master problem would be always feasible 
according to the SP, thus, the feasibility cuts are not needed to be added. 
In doing so, the problem is decomposed to a master and a sub problem as 
follows. 

Master Problem :

minimize m1

(
∑

q∈Q

(

Uq −
∑

b∈B

∑

k∈Kb

Uqxqbk

))

+m2

∑

p∈P
Upgp 

+m3

∑

b∈B
oB

b +m5

∑

q∈I
Uqsq + θ,

Subject to: (2)–(13), (15)–(23), variables domain constraints, 

θ ≥
∑

s
π[k]

s

⎛

⎝
(
eS

s − sS
s

)
−
∑

b∈B

∑

k∈Kb

∑

p∈P:SP
p =s

(
TS

p + TO
p

)
xpbk

⎞

⎠, ∀k.

Sub − Problem :

minimize Φs
∑

s∈S
is,

Subject to: (14), variable domain constraints,

where θ is the approximation of the Benders sub-problem objective 
function in the master problem and π[k]

s is the dual variable of the sur-
geons’ idle times constraint in the Benders sub-problem in each iteration 
k. 

4. Computational study 

In this section, various illustrative numerical examples are pre-
sented. Numerical examples are solved via CGBH at first, and if we have 
a little more time to obtain more efficient solutions, the BD solution 
approach is attached to the CGBH, hereafter called CGBH-BD. Therefore, 
the solution achieved by the CGBH is used as an initial solution of the 
BD. The CGBH solution approach is coded in MATLAB 2016a platform 
and linked and solved with CPLEX 12.6.3 through the YALMIP toolbox 
(Löfberg, 2004), and all other models and solution approaches are coded 
in GAMS 24.8.5 and solved with CPLEX 12.6.3. All the tests have been 
run on a computer with Core (TM) 2 Duo CPU with 2.50 GHz speed and 
4 GB of RAM. 

4.1. Numerical experiments (CGBH) 

Different problems with 1 to 10 operating rooms, each with 2 blocks 
of specialty groups, i.e. with a number of blocks from 2 to 20, are 
considered as test problems. Getting inspiration from Mehregan (Haghi, 
2014) and Sasan Hospitals located in Qazvin and Tehran, Iran, and the 
general surgery department of Radboud University Medical Center, 
Nijmegen, The Netherlands (Goedhart, 2014), problems are generated 
according to the following scheme. The blocks’ regular and overtime 
capacities are 5 and 1 h respectively. The number of elective and 
emergency patients in the different test problems varies from 13 to 110 
and from 1 to 10 patients, respectively, and 9 to 80 surgeons are coop-
erating with the hospital. The overtime for the PACU is considered to be 
at most 1 h. The weight of the different terms in the objective function is 
determined based on various parameter values sets, partly based on a 
priori preferences. We compared the performance outcomes depending 
on these sets and designated the best choice to 50,3,2,2, and 1, respec-
tively. It is worth noting that rejecting the patients is seriously un-
wanted, therefore, its weight in the objective function is significantly 
greater than the other terms. Despite such a difference between the 
weights, other terms in the objective function still have their influence 
on the solution. In other words, our problem contains the decisions of 
both planning/assigning phase decisions and scheduling and sequencing 
phase decisions along with the adaptive concept. The xqbk variable is 
basically an assigning variable (although it determines the sequence and 
position of surgeries as well) while other variables are scheduling and 
sequencing variables. Thus, the big weight for the first term of the 
objective function which is based on the xqbk variable plays an important 
role in the assigning phase of the model, while other terms in the 
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Table 4 
Comparison between the performance of CGBH with the untutored CG (CPLEX solver) based on different small- to large-sized test problems.  

Test problems   CGBH  CPLEX (untutored CG)  Gap*   Run Time† (s)  

# I P Q R B S   BestSolution WorstSolution Mean CV**  Obj. 
Func.1 

Obj. 
Func.2  

(%)1 (%)2  CGBH CPLEX Model generating & Preprocessing 
Time 

1 1 13 14 1 2 9   666.44 668.02 667.55 0.00  658.24 658.24  1.41 1.41  37.21 25.78 5.34 
2 2 13 15 1 2 9   1644.50 1650.40 1647.56 0.00  1629.04 1629.04  1.14 1.14  32.49 30.91 5.67 
3 2 23 25 2 4 16   1703.50 1755.90 1734.05 0.01  1662.50 1662.50  4.30 4.30  48.05 24.47 10.28 
4 3 23 26 2 4 16   2049.20 2081.10 2063.3 0.00  1990.51 1990.51  3.66 3.66  45.84 100.62 13.71 
5 3 27 30 3 6 24   3137.90 3184.70 3164.03 0.00  3071.93 3068.23  3.00 3.12  42.78 1000 14.95 
6 4 27 31 3 6 24   4853.30 5009.60 4937.26 0.01  4770.77 4761.76  3.49 3.69  48.17 1000 14.82 
7 4 43 47 4 8 32   3243.00 3376.20 3287.77 0.01  3171.51 3137.90  3.67 4.78  42.53 1000 20.69 
8 5 43 48 4 8 32   4207.50 4746.30 4561.25 0.02  4949.91 4457.80  − 7.85 2.32  133.20 1000 21.17 
9 4 50 54 5 10 40   5079.30 5317.10 5168.96 0.01  5006.53 4972.20  3.24 3.96  92.10 1000 21.953 
10 5 50 55 5 10 40   7592.10 7884.80 7709.33 0.01  7496.39 7420.02  2.84 3.90  106.31 1000 32.96 
11 6 50 56 5 10 40   7989.10 8506.60 8479.23 0.02  9489.87 7887.12  − 10.65 7.51  111.29 1000 33.4 
12 5 62 67 6 12 48   3315.00 3664.10 3537.97 0.02  3778.87 3221.77  − 6.37 9.81  168.29 1000 66.1 
13 6 62 68 6 12 48   5106.70 5321.70 5224.78 0.02  5448.12 4903.50  − 4.10 6.55  103.61 1000 67.41 
14 7 62 69 6 12 48   6446.10 6700.00 6525.14 0.01  7391.82 6969.78  − 11.72 − 6.38  126.64 1000 69.67 
15 6 74 80 7 14 56   5038.70 5300.10 5175.78 0.02  5585.67 5260.49  − 7.34 − 1.61  152.84 1000 145.39 
16 7 74 81 7 14 56   6575.90 6943.70 6869.6 0.01  7145.84 6419.35  − 3.87 7.01  122.79 1000 148.11 
17 8 74 82 7 14 56   5237.00 5669.10 5501.82 0.02  7799.64 6963.18  − 29.46 − 20.99  100.53 1000 151.86 
18 7 86 93 8 16 64   5959.30 6314.00 6056.73 0.02  7133.31 6730.41  − 15.09 − 10.01  135.08 1000 316.8 
19 8 86 94 8 16 64   7508.90 7948.80 7722.84 0.02  8776.27 7600.61  − 12.00 1.61  180 1000 313.66 
20 9 86 95 8 16 64   8495.40 8956.30 8816.38 0.02  59640.52 8164.46  − 85.22 7.98  106.54 1000 317.5 
21 8 98 106 9 18 72   6078.20 6826.40 6499.31 0.04  27005.05 6576.70  − 75.93 − 1.18  179.11 1500 603.76 
22 9 98 107 9 18 72   6588.10 7377.70 7060.46 0.04  17076.71 6894.90  − 58.65 2.40  176.39 1500 617.36 
23 10 98 108 9 18 72   6548.20 7382.30 7094.64 0.04  23707.70 7382.50  − 70.07 − 3.90  177.02 1500 632.15 
24 9 110 119 10 20 80   6616.10 7172.70 7015.8 0.03  10487.00 6959.49  –33.10 0.81  179.79 1500 1143.05 
25 10 110 120 10 20 80   7456.40 7961.60 7721.29 0.02  22262.25 8187.40  − 65.32 − 5.69  180 1500 1155.19 

†Regarding running time limitations, a time limit of 180 s is set for the CGBH; and in order to compare the results of the CGBH with those of CPLEX, in the first attempt we set a time limit (Reslim) of 180 s for the CPLEX 
(Obj.Func.1 and Gap(%)1), and in the second attempt, a time limit of 1000 and 1500 s is set for the CPLEX (Obj.Func.2 and Gap(%)2). It is worth noting that all the times reported in this paper are based on the time limit set 
for the CPLEX (Reslim), not the elapse time. In order to know about the total elapsed time for the CPLEX, it is needed to include the model generating and preprocessing time to the time limit. This model generating and 
preprocessing time is reported in the last column of this table. This is while the times reported for CGBH are based on the total elapsed time. 
*The relative gap, ((μ̂ − Obj.Func.)/Obj.Func. )× 100. 
**Coefficient of Variation, σ̂/μ̂. 
The amounts reported under the names of CV, Gap, and Run time for the CGBH is the average of 10 times run. 
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objective function impact the scheduling and sequencing decisions. In 
real applications, of course, the weights should be discussed and 
determined in cooperation with the hospital management. 

The priority of the elective and non-elective patients are generated 
randomly and uniformly within [1,3] and [5,6] intervals. The duration 
of the surgeries in different blocks are generated randomly from 
different triangular distributions with different modes in the range be-
tween 25 and 75 min. The pre-operative actions are supposed to be 
uniformly distributed within [8,10] interval. The cleaning time after the 
surgery is 10 min and the PACU and post-operation action durations, 
and surgeon’s recreation time after surgery are considered as a pro-
portion of the surgery time, 0.15TO

q , 0.1TO
q , and max{TCl

q , 0.05TO
q }, 

respectively. 
The preliminary schedule, Sold

p , is generated by solving the problems 
without consideration of emergency patients. It is assumed that emer-
gency patients could be operated in all blocks (Wullink et al., 2007), but 
other surgeries should be carried out in their related blocks. Each of the 
test problems is solved 10 times via CGBH and the records (i.e., the best, 
the worst, mean, and variation coefficient) are seized, and the results are 
compared with the ones obtained by the untutored CG solved by CPLEX 
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Test Problems: (I, Q, R)

Inpatients - CGBH Inpatients - CPLEX

Emergency - CGBH Emergency - CPLEX

Patients - CGBH Patients - CPLEX

Fig. 3. Comparing the performance of CGBH and untutored CG (CPLEX) based on the number of scheduled inpatients, emergency patients and total number of 
patients in different test problems. 

3000

3500

4000

4500

5000

5500

6000

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86

Obj. Func.

Iteration

Fig. 4. Performance of the CGBH algorithm: Best solution in each iteration of 
test problem #5: (I,P,Q,R,B,S) = (3,27,30,3,6,24). 
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CGBH 

Adapted 

Schedule
30 23 27 26 25 Room3, Block 5,6

1 7 8 2 10 3 4 5 9 6 14 11 15 13 16 12 Room1, Block 1,2

29 28 18 21 22 20 Room2, Block 3,4

CPLEX 

Adapted 

Schedule
30 23 25 27 26 Room3, Block 5,6

Fig. 5. Sequence of patients according to the solution obtained via CGBH and untutored CG (CPLEX), test problem #5: (I,P,Q,R,B,S) = (3,27,30,3,6,24).  
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Table 5 
Comparison the performance of the CGBH-BD with Pure BD and the untutored CG (CPLEX solver) in different small- to large-sized test problems.    

CGBH  CGBH-BD  BD  CPLEX (untutored CG)  Run Time† (s) 

#  Mean  Obj.Func. LowerBound Gap (%)  Obj.Func. LowerBound Gap (%)  Obj.Func. LowerBound Gap (%)  CGBH CGBH-BD BD CPLEX 

1  667.55  658.24 614.67 7.09  661.51 614.51 7.65  658.24 658.24 0.00  37.2 237.2 250 25.78 
2  1647.56  1629.55 1550.79 5.08  1642.42 1549.27 6.01  1629.04 1629.04 0.00  32.5 232.5 250 30.91 
3  1734.05  1662.5 1615.7 2.90  1703.09 1611.12 5.71  1662.50 1662.50 0.00  48.1 248.1 250 24.47 
4  2063.3  1990.51 1675.57 18.80  2036.3 1675.57 21.53  1990.51 1990.51 0.00  45.8 245.8 250 100.62 
5  3164.03  3141.57 2828.41 11.07  3138.35 2828.78 10.94  3068.23 3056.08 0.40  42.8 242.8 250 1000 
6  4937.26  4807.1 4740.44 1.41  4776.36 3961.07 20.58  4761.76 4741.08 0.44  48.2 248.2 250 1000 
7  3287.77  3216.23 2986.59 7.69  3504.45 2819.34 24.30  3137.90 2986.59 5.07  42.5 242.5 250 1000 
8  4561.25  4525.82 3987.16 13.51  4589.43 3894.83 17.83  4457.80 4157.30 7.23  133.2 333.2 340 1000 
9  5168.96  5052.23 4505.74 12.13  5218.09 4398.59 18.63  4972.20 4521.33 9.97  92.1 292.1 300 1000 
10  7709.33  7498.41 6645.63 12.83  7471.95 6645.63 12.43  7420.02 6528.99 13.65  106.3 306.3 310 1000 
11  8479.23  8479.23 6617.92 28.13  8333.88 6603.34 26.21  7887.12 6753.09 16.79  111.3 311.3 320 1000 
12  3537.97  3537.45 2211.92 59.93  3519.48 2165.92 62.49  3221.77 2242.35 43.68  168.3 368.3 370 1000 
13  5224.78  4970.2 3853.96 28.96  5196.62 2969.25 75.01  4903.50 3650.24 34.33  103.6 303.6 310 1000 
14  6525.14  6520.15 4979.94 30.93  6726.84 4799.99 40.14  6969.78 4916.98 41.75  126.6 326.6 330 1000 
15  5175.78  4945.28 3324.27 48.76  6241.16 3666.58 70.22  5260.49 3229.94 62.87  152.8 352.8 360 1000 
16  6869.6  6610.46 4176.48 58.28  6827.56 4138.91 64.96  6419.35 3939.35 62.95  122.8 322.8 330 1000 
17  5501.82  5501.82 3785.72 45.33  6764.54 3400.36 98.94  6963.18 3137.18 121.96  100.5 300.5 300 1000 
18  6056.73  6056.73 4491.92 34.84  8089.3 4452.39 81.68  6730.41 3257.06 106.64  135.1 335.1 340 1000 
19  7722.84  7348.44 6063.01 21.20  9919.52 5892.04 68.35  7600.61 5887.94 29.09  180 380 380 1000 
20  8816.38  8532.88 5884.63 45.00  11786.3 4904.75 140.30  8164.46 4735.60 72.41  106.5 306.5 310 1000 
21  6499.31  5375.07 3027.97 77.51  5877.93 2972.09 97.77  6576.70 3746.35 75.55  179.1 379.1 380 1500 
22  7060.46  7025.11 4172.3 68.37  9259.26 3987.94 132.18  6894.90 3643.09 89.26  176.4 376.4 380 1500 
23  7094.64  6824.78 3992.4 70.94  9708.23 3366.98 188.34  7382.50 3900.18 89.29  177.0 377 380 1500 
24  7015.8  6339.12 3753.4 68.89  7350.41 3987.68 84.33  6959.49 3996.53 74.14  179.8 379.8 380 1500 
25  7721.29  7525.91 4378.56 71.88  9810.88 2977.34 229.52  8187.40 4452.65 83.88  180 380 380 1500 

†A time limit of 200 s (Reslim) is set for the BD part of CGBH-BD. Thus, the time reported for CGBH-BD is the summation of the CGBH part and the 200 s time limit of the BD part. Also, the running time limit of the pure BD 
algorithm in different test problems are set to close to the running time of CGBH-BD. 
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solver. Bearing in mind that the competency of the CG algorithm is 
dependent on efficiently solving the independent pricing problems, 
where the interrelationship between the pricing problems, caused by 
Modified Block Scheduling Policy, prevents the CG to take advantage of 
such a competency. Actually, the interrelationship causes that the set- 
partitioning formulation has no advantage over the basic version. 
Thus, as the first step in evaluating the performance of the proposed 
heuristic, the solution obtained by the CGBH is compared by the ones 
obtained by the CPLEX solver as a representative of a naïve and untu-
tored CG algorithm. 

A time limit of 180 s is set for the CGBH, and in order to compare the 
results of the CGBH with those of CPLEX, in the first attempt, we set a 
time limit (Reslim) of 180 s for the CPLEX, and in the second attempt, a 
time limit of 1000 and 1500 s is set for the CPLEX. The summary of the 
results is reported in Table 4. 

According to Table 4, the positive value for the gap shows that the 
CPLEX, in terms of the objective function value, performed better than 
the CGBH, and the negative value indicates a better performance of the 
CGBH. The results show that in nearly all medium- and large-sized 
problems, CGBH outperforms the CPLEX. It is noteworthy that this 
comparison is not a really fair one because the times reported for the 
CGBH is the total elapsed times, but the ones reported as for the CPLEX 
are based on the time limit set for the CPLEX (Reslim), without taking 
the model generating and preprocessing time into consideration. This is 
while this model generating and preprocessing times become a consid-
erable amount of time when the problem size grows (e.g., 600 to 1155 s). 
The model generating and preprocessing times for each test problem is 
reported in the last column of Table 4. To make a really fair comparison, 
a run time limit of 180 s should be set for the whole solving procedure 
for CPLEX as well. 

Even in this current situation, the results show that in medium- and 
large-sized problems, CGBH completely outperforms the solver. As this 
180 s seems not enough for the CPLEX to search the solution space and 
find near-optimal solutions, we let CPLEX continue its search up to a run 
time limit of 1000 and 1500 s in different examples. We still can see that 
in many cases (especially in large-sized problems) CGBH surpasses the 
solver in finding more efficient solutions (i.e. solutions with smaller 
objective function value) in much less running time than the solver. 
Obviously, again that model generating and preprocessing time is there, 
for example, in numerical experiment #25, the CGBH reaches to a so-
lution with the objective function of 7721.29 after a 180 s run time but 
CPLEX comes up with an objective function of 8187.40 after 2655 s 
(which is the total of 1155 model generating and preprocessing time and 
1500 CPU execution time). Henceforth, we focus on the results of CPLEX 
obtained based on the run time limitation of 1000 and 1500 s. 

The coefficient of variation of the final objective values of the CGBH, 
obtained based on 10 different runs, in all attempted test problems is less 
than 0.02, which indicates that the variation of the best-found solution 
through different runs does not variate much. In other words, the al-
gorithm is capable of inspecting the solution space in an efficient way. 

Regarding the objective function, the proposed solution approach 
also performs well in terms of patient rights/preferences regarding the 
surgery cancellation (number of scheduled patients). Fig. 3 presents and 
compares the number of scheduled patients including inpatients, 
emergency patients and the total number of patients in different test 
problems obtained via CGBH and CPLEX. Roughly speaking, it can be 
seen that the performance of CGBH in this regard as well is not worse 
than the solver. 

To have a better intuition on the performance of the CGBH, in the 
following, more investigation is done on test problem #5. Regarding the 
results reported in Table 4, one can see that in almost all medium- and 
large-sized problems, CGBH outperforms the CPLEX, even in that unfair 
comparison, but we intentionally chose a test problem where CPLEX 
surpasses CGHB to show that even in those cases the performance of the 
CGHB is defendable. In doing so, the objective function (summation of 
different five penalty terms of the patients’ cancellation, the patients’ 

tardiness, the blocks overtime, the surgeon’s idle time, and the emer-
gency patients’ start time of operation) of the best solution obtained so 
far over different iterations (90 iteration in 43 s) are depicted in Fig. 4. 
Besides, the new adapted sequence of patients obtained via the CGBH 
and via CPLEX are compared in Fig. 5. 

Fig. 5 indicates that, in addition to the little difference between 
objective function values of the CGBH and the CPLEX, i.e., gap=

((3164.03 − 3068.23)/3068.23 )× 100 = 3.12%, the patients and their 
sequences are very similar. In fact, all 27 patients out of 30 patients 
chosen to be operated on that day are the same in both approaches. 
Obviously, the rest 3 patients whose surgeries were canceled or post-
poned to later are the same. The sequence of being operated for 
scheduled patients in both approaches is homogeneous as well. Keeping 
in mind that the CGBH solution is obtained in 43 s but CPLEX consumed 
1000 s to reach to the solution. 

4.2. Numerical experiments (CGBH-BD) 

In most cases, the quality of the solution obtained via CGBH, with a 
running time limit of 180 s, seems to be acceptable in comparison with 
CPLEX solver with a running time limit of 1000/1500 s, but if we (the 
decision-maker) have more time in making decision, where definitely 
this extra time will not be too much because of the nature of the prob-
lem, to improve our adapting and updating decisions, BD could be 
applied and attached to CGBH. In this regard, according to the CGBH- 
BD, the test problems are solved via CGBH and the solution obtained 
is passed to the BD. BD uses this solution as the initial solution and starts 
its exploration for finding the optimum solution based on this initial 
point. This exploration is fixed for a specified time period (i.e., 200 s in 
this study). CGBH-BD and the performance of the solution method are 
compared to the CPLEX solver and the pure BD algorithm in Table 5. 

From the results reported in Table 5, it can be seen that the devel-
oped solution method outperforms the pure Benders’ decomposition 
algorithm and CPLEX solver. The BD algorithm fails to reach efficient 
solutions in large-sized problems in a reasonable time and CPLEX is 
defeated by CGBH-BD in terms of the solution and objective function, 
and especially in terms of finding the lower bound of the objective 
function and the optimality gap, even with a running time limit 3–4 
times of the running time limit (and 3–7 times of the total elapsed time 
limit) of CGBH-BD. 

5. Conclusion 

In this research, the problem of daily scheduling and sequencing of 
patients in different operating rooms (ORs) is investigated. The pre-
liminary schedule should be adapted and updated according to uncer-
tain events or disruptions (i.e. the arrival of emergency patients, surgery 
duration variability, equipment failure, resource unavailability, etc.), 
called Adaptive Allocation Scheduling Problem. Modified block scheduling 
strategy is the policy that properly suits the situation. Accordingly, a 
mixed-integer linear programming model is proposed with the objective 
of minimizing the patients’ cancellation, the patients’ tardiness, the 
block overtime, the idleness of surgeons, and minimizing the start time 
of emergency patient’s surgery. With respect to the NP-hardness of such 
problems, a solution approach consisting of a column-generation-based 
heuristic algorithm and a Benders’ decomposition technique is devel-
oped to efficiently solve the problem in a reasonable time. The column- 
generation-based heuristic algorithm is being applied to reach to good 
near-optimal solution in a really applicable time, and also, if the 
decision-maker has a little more time, the Benders’ decomposition 
technique is being attached to the column-generation-based heuristic to 
improve the solution. Numerical experiments, based on hospital records, 
designed to evaluate the efficiency of the proposed solution methodol-
ogy showed that in medium- and large-sized problems the column- 
generation-based heuristic algorithm outperforms the commercial 
solver. Also, attaching the Benders’ decomposition to the column- 
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generation-based heuristic, the solution approach surpasses pure 
Benders’ decomposition and the commercial solver in terms of solution 
quality, optimality gap and CPU running time. 

Some directions for future works could be listed as follows.  

• Although the solution methodology developed in this study has 
satisfactory performance, it is possible to improve it in terms of so-
lution quality and CPU time.  

• The algorithm developed in this study is applicable for both Adaptive 
Allocation Scheduling Problem with a post disruption management 
and the Allocation Scheduling Problem with the possibility of 
assigning and postponing/rejecting some patients. In other words, no 
use of the current sequence of patients in the preliminary schedule 
has been made in developing the CGBH algorithm. Taking advantage 
of the current schedule will be an impressive help in improving the 
solution methodology of the Adaptive Allocation Scheduling Prob-
lem with post disruption management.  

• The algorithm developed in this study is non-exact. It would be very 
promising if the sub-problems of the CG method could be solved to 
optimality by a fast algorithm/heuristic. Such an approach will 
change the nature of the methodology from heuristic to exact 
methodology.  

• Different predictive and post disruption management strategies for 
tackling the disruptions could be investigated. 

• Modified block scheduling policy makes the problem solving chal-
lenging. Therefore, developing exact solution methods or efficient 
heuristics can be considered as interesting developments. 

• The problem could be considered in an uncertain/stochastic envi-
ronment (e.g., the surgery times could be an uncertain/stochastic 
parameter). 
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