
 

Hospital admission planning to optimize major resources
utilization under uncertainty
Citation for published version (APA):
Dellaert, N. P., & Jeunet, J. (2010). Hospital admission planning to optimize major resources utilization under
uncertainty. (BETA publicatie : working papers; Vol. 319). Technische Universiteit Eindhoven.

Document status and date:
Published: 01/01/2010

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: 24. May. 2023

https://research.tue.nl/en/publications/a5f334f5-5aae-498b-8229-e8f2225f0b0b


 
 
 

 

 

 

 
 
 

Hospital admission planning to optimize major resources 
utilization under uncertainty  

 
Nico Dellaert, Jully Jeunet 

 
Beta Working Paper series 319 

 
 
 
 
 
 
 
 
 
 
 
 
 

 BETA publicatie WP 319  (working 
paper) 

ISBN 978-90-386-2327-6 
ISSN 
NUR 

 
982 

Eindhoven July  2010 



Hospital admission planning to optimize major resources utilization under 

uncertainty 

 
Nico Dellaert

 1
, Jully Jeunet

 2
 

 
1 
Technische Universiteit Eindhoven, Department of Industrial Engineering & Innovation Sciences, Postbus 513, 

5600MB Eindhoven, The Netherlands, n.p.dellaert@tue.nl 

 
2 
CNRS, Lamsade, Université Paris Dauphine, Place de Lattre de Tassigny, 75775 Paris Cedex 16, France, 

jully.jeunet@dauphine.fr 

 
Abstract 
Admission policies for elective inpatient services mainly result in the management of a single resource: the operating 

theatre as it is commonly considered as the most critical and expensive resource in a hospital. However, other 

bottleneck resources may lead to surgery cancellations, such as bed capacity and nursing staff in Intensive Care (IC) 

units and bed occupancy in wards or medium care (MC) services. Our incentive is therefore to determine a master 

schedule of a given number of patients that are divided in several homogeneous categories in terms of the utilization 

of each resource: operating theatre, IC beds, IC nursing hours and MC beds. The objective is to minimize the 

weighted deviations of the resource use from their targets and probabilistic lengths of stay in each unit (IC and MC) 

are considered. We use a Mixed Integer Program model to determine the best admission policy. The resulting 

admission policy is a tactical plan, as it is based upon an average number of patients with average characteristics. For 

the operational schedule we consider several options to create feasibility: slack planning, updating the tactical plan 

on the basis of actual arrivals of patients and flexibility in patient group. Our incentive in this paper is to determine 

which combination of slack planning, updating frequency and patient flexibility leads to the best results in terms of 

waiting times for patients, target deviations and plan changes for the operating specialists.   

 

Keywords: operating theatre planning, patient mix, resource allocation, integer linear programming. 

 

 

 

1. Introduction 

Booked hospital admission strategies for elective inpatient services most often rely on the 

optimization of the operating theatre, as it is commonly considered as the most critical and 

expensive resource. For instance, Hans et al. (2008) address the robust surgery loading problem 

which consists in assigning daily surgeries to operating rooms while minimizing the risk of 

overtime as durations of operation are uncertain. In addition to the operating room department, 

other references also consider the number of beds as a critical resource. Beliën and 

Demeulemeester (2007) design a stochastic model to minimize the beds shortages under capacity 

constraints related to the number or operating rooms and to the allocation of specific numbers of 

blocks to each surgeon. References addressing the bed capacity problem in itself generally 

consider emergency admissions together with elective patient admissions. Ridge et al. (1998) 

build a simulation model for bed capacity planning in Intensive Care, based on the queuing 

model logic. Utley et al. (2003) develop methods to estimate the bed capacity required to 

minimize the number of cancellations of booked elective patients.  

Other references consider more resources like Guinet and Chabane (2003) who design a model 

for minimizing the hospitalization costs including the resource overloads. The objective is to 

assign patients to operating rooms so as to minimize costs while satisfying the equipment and 

staffing constraints. Adan and Vissers (2002) develop a model to generate a planning and mix of 

patients that minimize the deviations between resources consumption and their targets. The 

number of beds, the operating theatre capacity and the nursing hours and the number of beds 



available in the intensive care unit are all critical resources in this model. In the same vein, 

Vissers, Adan et Dellaert (2008) consider a similar problem with additional restrictions in 

planning combinations of patients and availability of resources as well as other assumptions on 

the stochastic variables such as the length of stay. The three above-mentioned references focus on 

planning issue at a tactical level, i.e. the mix of patients to be admitted within a medium term 

horizon (2 to 4 weeks, for instance).  

The present paper pursues the work of Adan et al. (2009) by developing several strategies to 

determine the best scheduling of individual patients. These strategies work with the admission 

policy on a tactical level that results from the application of the model of Adan et al. (2009). The 

focus here is on the operational level, with the aim of assessing the usefulness of the planning at 

the tactical level to build an operational schedule. One of the major concerns is to deal with 

deviations from the expected situations as a result of the randomness of arrival and treatment 

processes. To deal with these deviations some flexibility is necessary and this flexibility can be 

created in different ways, for instance by regularly recalculating the patient mix, or by replacing 

patients from one group by patients from another group, or by creating some slack by initially 

overestimating the number of patients on the basis of which the tactical plan is computed. In an 

extreme case of flexibility we could drop the tactical plan and just use a first-come-first-serve 

discipline, which could be ideal for the waiting time of the patients, but with large consequences 

for the utilization of the resources. We will use the setting of the Thorax Centre Rotterdam to 

compare and to test the approaches. The remainder of the paper is organized as follows. Section 2 

describes the case study setting and provides the mathematical model to obtain the patient mix on 

a tactical level. The section ends with the research questions to be answered. Section 3 describes 

the mathematical model. Section 4 illustrates the use of the model. In Section 5 we draw some 

conclusions and formulate recommendations for further work.  

 

2. Case study setting 
The patient flow of the Thorax Centre Rotterdam consists of scheduled patients (elective patients 

from the waiting list) and emergency patients requiring immediate surgery. We only take into 

account elective patients; for emergency patients we assume a reservation policy.  

Patients are usually admitted to the Medium Care (MC) unit one day before operation unless 

they come from another department of the University Hospital. After the operation they stay for 

some days in an Intensive Care (IC) unit and after recovery they may stay in the MC unit for a 

few days.  

The current planning at the Thorax Centre Rotterdam has a strong focus on the operating 

theatre (OT) capacity. It may be improved by taking into account all other resources involved. To 

this purpose, a cyclical schedule has been developed on a tactical level with average numbers of 

patients for the various groups of patients. We will now concentrate on the following operational 

scheduling problem: how can the Thorax Centre use this master surgical planning to create an 

operational schedule while satisfying some performance criteria?  

   

2.1 Patient groups, volumes and demand requirements  
Table 1 provides informations on the patient groups considered, the expected duration of the 

operation for each group, the average length of stay at the IC unit (outliers excluded), and the 

average number of patients per patient group to be operated on within a 4-week horizon. The 

patient groups were distinguished based on the use of OT and IC resources. The initial translation 

from annual numbers to 4-week period numbers was done in cooperation with the hospital, 



rounding up to numbers that were considered as a representative 4-weeks caseload.  In this paper, 

we will consider different alternatives for these planned numbers of patients. 

 

  

Patient Group Example of procedures 

Operation 

duration IC-stay 

planned # 

patients 

average # 

patients 

1 child simple Closure ventricular septal defect 4 1.1 8 7.36 

2 child complex Arterial switch operation 8 1.1 10 9.36 

3 adult, short OT, short I Coronary bypass operation (CABG 4 1.3 67 66.00 

4 adult, long OT, short IC Mitral valve plasty 8 1.5 13 12.73 

5 adult, short OT, middle IC CBAG, with expected medium IC stay 4 1.6 3 2.64 

6 adult, long OT, middle IC Heart transplant 8 4.0 2 1.55 

7 adult, long OT, long IC Thoraco-abdominal aneurysm, ELVAD 8 7.0 1 0.36 

8 adult, very short OT, no IC Cervical mediastinoscopy 2 0.2 7 6.91 

Table 1: Patient groups, use of OT and IC and 4-week volumes 

 

2.2 Length of stay  

 In the current model we will use a stochastic length of stay in IC and MC units, based on 

empirical data of 2006. Table 2 provides information on the length of stay distribution at the IC 

unit for the patient groups. Table 3 displays the same information type for the MC unit. In earlier 

research, we found that the distributions are not independent from each other, but negatively 

correlated. That is, a short stay at the IC unit will be followed more likely by a long stay at the 

MC unit. Whatever the explanation for this negative correlation might be, the consequence for 

the modeling part of this study is that we may not assume independence of both distributions. 

 

  Probability of length of stay in the IC unit (days) 

Patient group 0 1 2 3 4 5 6 7 8 9 10 

1 child simple 0,07 0,87 0,02 0,02 0,02 0 0 0 0 0 0 

2 child complex 0 0,90 0,08 0,02 0 0 0 0 0 0 0 

3 adult, short OT, short IC 0,01 0,83 0,11 0,03 0,01 0,01 0 0 0 0 0 

4 adult, long OT, short IC 0 0,83 0,10 0,04 0 0,01 0,01 0 0 0 0,01 

5 adult, short OT, middle IC 0 0,79 0,07 0,07 0 0 0 0,07 0 0 0 

6 adult, long OT, middle IC 0 0 0,14 0,44 0,14 0,14 0 0 0,14 0 0 

7 adult, long OT, long IC 0 0 0 0 0 0 0 1 0 0 0 

8 adult, very short OT, no IC 0,79 0,21 0 0 0 0 0 0 0 0 0 

Table 2. Length of stay distribution in IC per patient group (based upon sample of 576 patients). 

 

  Probability of length of stay post-op MC (days) 

patient group 0 1 2 3 4 5 6 7 8 9 10 >10 

1 child simple 0,74 0 0 0 0,02 0,1 0,07 0,05 0,02 0 0 0 

2 child complex 0,83 0 0 0 0 0 0,04 0,04 0,02 0,02 0 0,05 

3 adult, short OT, short IC 0 0,01 0,01 0,04 0,32 0,24 0,12 0,09 0,05 0,03 0,04 0,05 

4 adult, long OT, short IC 0,03 0 0 0,01 0,12 0,16 0,18 0,15 0,10 0,04 0,04 0,17 

5 adult, short OT, middle IC 0 0 0 0 0,07 0,07 0,07 0,20 0 0,20 0,20 0,19 

6 adult, long OT, middle IC 0 0 0 0 0 0 0 0,14 0 0 0,14 0,72 

7 adult, long OT, long IC 0 0 0 0 0 0 0 0 0 0 1 0 

8 adult, very short OT, no IC 0,21 0,3 0,08 0,15 0,13 0,05 0 0,05 0 0,03 0 0 

Table 3. Length of stay distribution in MC per patient group (based upon sample of 576 patients). 

 



2.3 Available resources  

Table 4 exhibits the available capacity for each of the resources per day of the week, and the 

target utilization level. Defining a level of utilization lower than 100% allows for dealing with 

emergencies and fluctuations in number of patients. The data apply to every week in the planning 

period. 

 

 OT hours IC beds MC beds 
IC nursing 

hours 

Day Capacity Target Capacity Target Capacity Target Capacity Target 

Monday 36 29 10 7 36 27 133 91 

Tuesday 36 29 10 7 36 27 133 91 

Wednesday 36 29 10 7 36 27 133 91 

Thursday 36 29 10 7 36 27 133 91 

Friday 36 25 10 7 36 27 133 91 

Saturday 0 0 4 2 36 27 52 26 

Sunday 0 0 4 2 36 27 52 26 

Table 4. Available resources 

 

Four operating theatres are available 9 hours per day. From the total of 36 hours of capacity 

available per day 29 hours are allocated to electives, while the rest is reserved for emergencies. 

On Fridays the target utilization is lower. The IC unit has 10 beds available throughout the 

working week and 4 beds during the weekend. The target utilization level for IC beds by electives 

equals 7 beds throughout the working week and 2 during the weekend. The MC unit has 36 beds 

available every day and the target utilization by electives is 27 beds throughout the whole week. 

The available IC nursing staff and target utilization of the IC nursing workload (in number of 

hours per day) is matched with the number of IC beds (1 bed requires on average 13 nursing 

hours). The targets for IC-beds, MC-beds and IC-nursing hours are defined at a lower level 

compared to the target for OT hours, to deal with fluctuations in the number of patients.   

 

2.4 Research questions     

In the tactical plan we make a reservation for a fixed number of patients from the various groups 

to be treated during a cycle. However, if the average number of arriving patients is close to the 

maximum number that can be treated, the system may become instable in the end. For the 

operational schedule we consider several options to create feasibility: slack planning, flexibility 

in patient group and periodic updates of the tactical plan. Our incentive in this paper is to 

determine which combination of slack planning, patient flexibility and updating leads to the best 

results in terms of waiting times for patients, target deviations and plan changes for the operating 

specialists.  

 

3. Problem formulation and mathematical model for the tactical plan 
In this section we translate the tactical planning problem into a mathematical problem. Let N 

denote the number of patient categories and T the length of the cyclic tactical plan. On each day 

of the tactical plan we have to decide on the number and mix of patients to be operated on. 

Hence, the important decision variables are Xc,t denoting the number of patients from category c 

operated on day t of the tactical plan, where c = 1, 2, …, N and t = 1, 2, …, T. The objective is to 

determine the variables Xc,t satisfying some constraints and for which the expected utilization of 



all resources matches the target as close as possible. Below we first formulate the constraints for 

the variables Xc,t and then the objective function. 

 

The total number of patients from group c to be operated on within the T-day horizon should be 

equal to the target patient throughput Vc  (the values are displayed in the penultimate column of 

Table 1). Hence,  

 

X c,t
t=1

T

∑ =Vc , c =1,...,N .  
(1) 

   

To describe the constraints for the utilization of the resources we introduce the parameters Cr,t 
and Rr,t indicating the available capacity and target utilization, respectively, of resource r on day 

t, where r = ot,ic,mc,nh{ }. Let the auxiliary variables Ur,t and Or,t denote the under- and over-
utilization (with respect to the target). Then we get for the utilization of operating theatre, 

 

Rot,t −U ot,t ≤ sc
c=1

N

∑ X c,t ≤ Rot,t +Oot,t , t = 1,...,T , 
(2) 

   

where sc denotes the operation time dedicated to a patient of category c. To formulate the 

constraints for the expected utilization of the IC unit we introduce the probabilities pic,c,t denoting 

the probability that a patient from category c is (still) at the IC unit t days after operation, with t = 

0, 1, 2, …. Then the expected utilization of the IC unit should satisfy 

 

Ric,t −U ic,t ≤ p ic,c, j
j=0

∞

∑
c=1

N

∑ X c,t− j ≤ Ric,t +Oic,t , t = 1,...,T . 
(3) 

   

In the above constraints we used the convention that the subscript t-j in Xc,t-j should be treated 

modulo T:  day 0 is the same as day T, day -1 is the same as day T-1 and so on. If wc,t denotes the 

IC nursing load (in hours) of a category c patient t days after operation, then we get for the 

expected nursing hours, 

 

Rnh,t −U nh,t ≤ w c,t p ic,c, j
j=0

∞

∑
c=1

N

∑ X c,t− j ≤ Rnh,t +Onh,t , t = 1,...,T . 
(4) 

   

Similarly, for the expected utilization of the MC unit we get  

 

Rmc,t −Umc,t ≤ X c,t+ j
j=1

lc

∑
c=1

N

∑ + pmc,c, j
j=0

∞

∑
c=1

N

∑ X c,t− j ≤ Rmc,t +Omc,t , t = 1,...,T , 
(5) 

   

where lc is the number of pre-operative days at the MC unit for a patient from category c and 

pmc,c,t is  the probability that a patient from category c is at the MC unit t days after operation, t = 

0, 1, 2, …. Further, for each of the resources, the available capacity should not be exceeded, so 

 



Rr,t +Or,t ≤C r,t , r ∈Ω= ot,ic,nh,mc,{ }, t = 1,...,T . (6) 

 

In addition to the constraints for the utilization of the resources we have to take into account 

restrictions valid for specific days of the tactical plan. If the number of operations for certain 

categories of patients is prescribed and fixed on certain days, then the corresponding variables Xc,t  
are simply upper bounded accordingly. If the number of operations for certain combinations of 

patient categories is limited, then we have to require that 

 

  

X c,t

c∈S

∑ ≤ B t , t = 1,K,T , (7) 

 

where S is a subset of categories and Bt denotes the maximum number of patients from this subset 

S of categories that can be operated on day t of the tactical plan.  

The objective is to minimize the weighted sum of under- and over-utilization,  

 

α r

r∈Ω

∑ U r,t +Or,t( )
t=1

T

∑ , 
(8) 

   

where the relative weight α r  for resource r is defined as 

 

α r =

ar

Rr, j
j=1

T

∑
ar

Rr, j
j=1

T

∑r∈Ω

∑
, 

(9) 

   

where ar  represents the importance of the resource according to the stakeholders. 

 

Our planning problem therefore consists in minimizing the objective function in (8) subject to 

constraints (1) to (7) and the integrality constraint  

 

  
X c,t ∈ 0,1,2,K{ }, c= 1,K,N , t = 1,K,T , (10) 

   

The resultant mixed integer program is implemented in CPLEX. Solving the model to 

optimality did not take much computation time. 

 

4. The operational schedule 

 

4.1 Creating a feasible solution 

In the tactical plan we make a reservation for a fixed number of patients from the various groups 

to be treated during a cycle. However, if the average number of arriving patients is equal to the 

maximum number that can be treated, the system will become instable in the end. One solution is 

to create slacks by reserving capacity for more patients than the average. As an additional 



measure, we can allow the replacement of patients from one group with patients from another 

group to avoid unused capacity. By applying this flexibility rule, unfilled slots will be smaller, 

but the change in patients can have bad effect upon the deviations from target utilization. In the 

extreme case of flexibility we simply apply the first-come-first-served (FCFS) discipline and 

ignore all capacity restrictions except for the Operating Theatre. An alternative is to make a new 

tactical plan regularly, either every 3 month or every year, and base the required number of 

patients partly on the expected number of patients and partly on the waiting list. 

 

4.2 The strategies 

The strategies we consider for the operational schedule consist of different options for slack 

planning, patient flexibility and rescheduling. We will compare all possible combinations and 

search for the best results in terms of waiting times for patients, in terms of deviations from the 

targets and in terms of plan changes for the operating specialists.  

 

4.2.1 The slack planning strategy 

The slack planning strategy consists in planning a number of patients higher than the average so 

as to create operating slots in the tactical plan. These operating slots are then filled in the 

operational schedule following several flexibility rules.  

We consider 2 possibilities for the amount of target throughput of patients in the tactical plan. 

We let λc  be the observed average number of patients from category c  over a cycle. This average 

is obtained by dividing the last 24-week arriving patients by 6. The target throughput of patients 

is written as Vc = λc +1 since the target throughput must always be superior to the average. The 

slack planning strategy consists in planning a number of patients Vc
slack

 equal to Vc +δc , with the 
2 following possibilities.  

 

No slack planning. Plan the amount of patients per group corresponding to the target throughput: 

we have δc = 0,∀c =1,...,N  and Vc
slack =Vc,∀c =1,...,N . 

 

Example. In the Thorax Centre problem, the no slack planning option simply consists in 

calculating the tactical plan on the basis of the initial values for the vector of throughputs 

V = Vc{ }
c=1,...,N

, with V = 8,10,67,13,3,2,1,7{ } (see Table 1, penultimate column). 

 

Slack planning. Plan the amount of patients per group in such a way that less than x%  of the 

patients have to wait more than one cycle. For determining this amount, we calculate the steady 

state probabilities in a simple queuing model. The slack δc  is defined as the additional number of 

operating slots during a cycle for patients of category c . Our objective is that less than x%  of the 

patients is waiting for more than one cycle.  

For this calculation, we assume that a number nc  of operations of category c  takes place on 

one day. We consider the number of remaining patients at the end of the operation day, and 

denote by pi the probability that there are i  remaining patients. During the cycle, new patients 

arrive according to a Poisson process with average λc , bringing us to a number of j  patients in 

queue at the next operation day, with a probability denoted by q j. When we describe the 

probability that i  patients arrive during one cycle by bi (derived from the Poisson process with 

parameter λc ), then we have the following relations 
 



p0 = q j
j= 0

nc

∑ , 
(11) 

 
pi = qi+Vc for i =1,2,... (12) 

 

q j = pi
i= 0

j

∑ b j−1 . 
(13) 

 

From these 3 equations we can calculate the probabilities pi. Starting from nc =Vc  we increase 
nc  unit by unit until we fulfill our objective that the number of patients waiting for one cycle at 

least: pii
i=1

∞

∑  is strictly inferior to 
x

100
λc .  

 

Medium slack planning. This option consists in setting x = 50%. For the Thorax Centre 

problem, this leads to the values of target throughput: V slack = 9,11,68,14,4,3,1,8{ }. 
 

Large slack planning. In this option, we set x = 5% which leads to V slack = 9,11,70,15,4,3,2,9{ }. 
 

4.2.2 The flexibility strategy 

For a better operational use of the reserved capacities emanating from the tactical plan, we 

apply flexibility rules to deal with the use of operating slots and to allow for the replacement of 

patients from one category by patients from another category to avoid unused capacity in some 

days.  

We adopt the following notations. We let Qc,t  be the number of patients of category c  in the 

queue on day t ; Dc,t  the number of new elective patients of category c  on day t  and we let Yc,t  

be the number of used operating slots for patients of category c  on day t . Then 
Qc,t =Qc,t−1 −Yc,t−1 + Dc,t .  
 

No flexibility. We follow the tactical plan unless the number of patients in the waiting list is 

inferior to the planned number, in which case the operation is cancelled. Formally, the number of 

scheduled patients Yc,t  in the operational schedule is defined as 

 

Yc,t =min Xc,t ,Qc,t( ) ∀c =1,...,N;∀t =1,...,T. (14) 

 

Example. Let us consider 3 categories of patients on a given day t , with planned numbers of 

patients X1,t,X2,t ,X3,t{ }= 0,2,3{ } and in the waiting list, we have Q1,t,Q2,t ,Q3,t{ }= 1,0,4{ }. For 
category 1, there is 1 patient in queue (Q1,t =1) but this patient will not be operated on as no 
operation of this category was initially planned ( X1,t = 0). Thus, Y1,t = 0. For the second category, 
2 patients were initially planned ( X2,t = 2) but there is no patient in the queue from this category 

(Q2,t = 0), thus the number of scheduled patients of that category is obviously Y2,t = 0 . For the 
last category, we have more patients in the queue than planned, we follow the tactical plan to 

avoid capacity excesses, with Y3,t =min X3,t ,Q3,t( )= X3,t = 3. 



 

Full flexibility. When we apply the full flexibility strategy, the only thing we use from the 

tactical plan is the total number of operating slots for that day (i.e. X c,t
c=1

N

∑ ), and we fill these 

slots with the patients with the longest waiting times. In other words, we simply select 

k = Xc,t
c=1

N

∑  patients with the longest waiting time, be their category in the tactical plan or not. 

This means that some planned categories can be cancelled and replaced with others having 

patients with longer waiting times. 

 

Large flexibility. In the operational schedule, the slots are first filled with planned patients. If the 

number of planned patients is superior to the number of patients in the operational schedule, there 

are unfilled slots that we fill with the longest waiting time patients from planned categories. If 

such categories do not exist, we consider the longest waiting time patients from other (unplanned) 

categories. The large flexibility option results in the implementation of the 3 following steps.  

Step 1. For all categories with Xc,t > 0, the number of scheduled patients Yc,t  in the operational 

schedule is defined as Yc,t =min(Xc,t ,Qc,t ). The waiting list Qc,t  is then updated as Qc,t :=Qc,t −Yc,t 

Step 2. If there are unfilled slots: Yc,t
c=1

N

∑ < Xc,t
c=1

N

∑  then we fill the remaining slots with the 

longest waiting time patients from planned categories (i.e. categories such that X c,t > 0). We 

update the vector of scheduled patients Yc,t{ }
c=1..N

 accordingly and we update the waiting list: 

Qc,t :=Qc,t −Yc,t . 
Step 3. If there are still unfilled slots, we fill the remaining slots with longest waiting time 

patients from all other (unplanned) categories.  

 

Medium flexibility. In this option, unplanned categories are never scheduled in the operational 

schedule so some slots may remain unfilled. This corresponds to the deletion of step 3 in the 

above procedure which is then limited to the implementation of the first 2 steps.  

 

Example. Consider again the planned number of patients on the first day: 

X1,t,X2,t,X3,t{ }= 5,1,0{ } and assume patients in the waiting list are equal to 

Q1,t,Q2,t,Q3,t{ }= 10,0,1{ }. Under the medium flexibility option, the second category for which 

there is no patient in the waiting list is replaced with the first category but could not have been 

replaced with the third group as it is not in the tactical plan. Thus, the medium flexibility option 

leads to a scheduled stream of patients: Y1,t ,Y2,t ,Y3,t{ }= 5,0,0{ } which also is the schedule we 
would obtain with the no flexibility option. The full flexibility option would produce the stream: 

Y1,t,Y2,t ,Y3,t{ }= 5,0,1{ }
 
 or 6,0,0{ } depending on the waiting times. The large flexibility option 

could only produce the schedule Y1,t,Y2,t ,Y3,t{ }= 5,0,1{ }
. 
  

 

4.2.2 Updating the tactical plan 
To update the tactical plan, we replace part of the target throughput of patients with the actual 

number of patients in queue. Updated values of target throughputs for each category, Vc
u
, are 

computed according to 

 



Vc
u = round

11

12
λc +

1

6
round Qc,tu( )+ 1

3
Vc
slack − λc( )

 

 
 

 

 
 , ∀c =1,...,N, 

(15) 

   

where λc  is the average number of patients (see last column in Table 1) and Vc
slack{ }

c=1,...,N
 is the 

stream of target throughput values. The waiting list Qc,tu  corresponds to the number of patients 

from category c  waiting for their operation on day tu chosen to update the tactical plan. We 

compute a tactical plan on the basis of these new target throughput values for patients as given by 

Eq. (15). We consider 3 options for updating. 

Quarterly updating. Compute a new tactical plan with updated values Vc
u
 every 3 cycles (day 

tu = 84). 
Yearly updating. Update the numbers and the tactical plan every year ( tu = 280, which amounts 

to 10 cycles: due to holidays, days off and absenteeism, a year includes 10 cycles and not 12 

cycles). 

No updating. Here the tactical plan is computed once for all ( tu = 2800 for a 10-year numerical 

experiment horizon).   

 

When we perform a rescheduling, we will always do it in such a way that we try to keep as 

close as possible to the old schedule, by penalizing all new days on which a certain group is 

planned for operation and not penalizing the use of existing days in the schedule.  

 

The options we considered in this paper are displayed in Table 5. Combining the 2 options for 

the slack planning, the 3 options for updating and the 3 flexibility options leads to 18 different 

strategies whose performance are assessed through numerical experiments.  

 

Strategy Option Label 

Slack planning No slack planning P1 

 Large slack planning P2 

Tactical plan update Quarterly updating U1 

 Yearly updating U2 

 No updating U3 

Flexibility Full flexibility F1 

 Large flexibility F2 

 No flexibility F3 

Table 5. Strategies tested in this paper through numerical experiments 

 

4.3 Performance criteria 

Of course, a good use of the resources should be part of the performance evaluation, as this has 

been our only objective in the tactical planning. We will denote this by 'Target Deviation'. The 

weights that have been used to compare deviations for different resources, according to the 

stakeholders in the hospital, are displayed in Table 6. As one can see, operating theatre time and 

IC beds use are considered to be very important; IC-nursing hours and MC beds use are 

considered to be less important.   

For the operational schedule, additional elements of performance are the following: 

• The average waiting time for the patient. If we follow our tactical plan quite rigid, this 

may have bad effects on the average waiting time of the patients. 



• The average percentage of 'unplanned' operations. An operation is said to be 'unplanned' if 

that type of operation was not in the tactical plan but appears in the operational schedule 

on that day. 

• The average number of new operating days in the schedule, when the tactical plan is 

updated. We will determine the average number per month and denote it by 'plan change'.  

 

Resource r  

Absolute 

weight ar  

Relative 

weight α r 

OT hours 8 0,167 

IC beds 10 0,756 

MC beds 3 0,047 

IC nursing 5 0,029 

Table 6: Absolute and relative weights per resource 

 

In our experiment, to get an indicator of the hospital inefficiency, we will use a weight of 10 

for the average number of 'unplanned patients' per cycle and a weight of 100 for the average 

number of 'plan changes' per cycle, in the tactical plan.  The average waiting time is a different 

issue which is hard to compare to the deviations. Therefore we will consider the most efficient 

strategies, both in terms of average waiting time, and total weighted deviation.  

  

4.4 Numerical experiment 

As a numerical experiment, we have performed a simulation of ten years with the 18 proposed 

strategies. We used Poisson arrivals and stochastic durations for IC-stay and MC-stay according 

to the empirical distributions that were obtained from the hospital ( described in Tables 2 and 3). 
Strategy Planned 

amount 

Flexibility Update Average 

Waiting 

Time 

Target 

Deviations 

Unplanned 

Patients 

Plan 

Change 

Total 

Weighted 

Deviation 

1 P1 F3 U3 18.53 3507.15 0 0 3507.15 

2 P2 F3 U3 6.54 3865.42 0 0 3865.42 

3 P1 F1 U3 5.08 4373.27 36.82 0 4741.47 

4 P2 F1 U3 2.39 4819.27 42.22 0 5241.47 

5 P1 F2 U3 5.08 3831.63 13.57 0 3967.33 

6 P2 F2 U3 2.39 4422.19 21.86 0 4640.79 

7 P1 F3 U2 16.80 3807.10 0 1.38 3945.1 

8 P2 F3 U2 9.45 3822.12 0 1.23 3945.12 

9 P1 F1 U2 7.00 4328.23 36.95 1.03 4800.73 

10 P2 F1 U2 2.85 4563.21 41.76 0.8 5060.81 

11 P1 F2 U2 8.24 3809.53 9.08 1.23 4023.33 

12 P2 F2 U2 2.69 4340.33 20.49 1.01 4646.23 

13 P1 F3 U1 13.27 3683.50 0 3.53 4036.5 

14 P2 F3 U1 8.49 3720.09 0 3.98 4118.09 

15 P1 F1 U1 6.06 4352.69 36.77 3.67 5087.39 

16 P2 F1 U1 2.65 4602.46 41.58 3.94 5412.26 

17 P1 F2 U1 7.60 3784.03 8.72 3.5 4221.23 

18 P2 F2 U1 2.66 4392.70 21.68 3.47 4956.5 

Table 7.  The score of the 18 strategies on the various performance criteria 
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Figure 1. The average waiting time versus the total weighted deviation 

 

From these results, we find only 4 Pareto efficient strategies and those are the ones without 

updating and with no or limited flexibility in terms of patient group. These 4 strategies appear in 

bold numbers in Table 7. By increasing the number of planned patients (P2 instead of P1) we can 

decrease the average waiting in a more efficient way than by updating the tactical plan or by 

using a first-come-first-served discipline. Results also show that, at least in the stationary demand 

situation that we considered, updating does not contribute to a better performance and only makes 

the plan of the operating specialists more uncertain. 

 

5. Conclusions and recommendations 

In many organizations, the capacity planning is based upon standard durations for the different 

process phases. Vissers et al (2005) have considered such an approach for determining the 

optimal patient mix for a cardiothoracic surgery department. In this paper we have extended their 

model, by considering the operational schedule for the operating theatre and the subsequent stay 

in the IC unit and in the MC unit. Based upon a big sample of patients from a Dutch 

cardiothoracic surgery department, we created an empirical distribution for the durations of the 

IC phase and the MC phase and used this in our mixed integer linear programming model, 

leading to a cyclic master tactical plan minimizing weighted deviations between realized and 

targeted resource use.  This master tactical plan was used at the operational level to assign 

patients to operating slots. In order to make the tactical plan feasible we considered options like 

slack planning, patient flexibility and updating the tactical plan based upon the waiting list. The 

simulation results showed that updating was not very efficient, neither quarterly nor yearly. 

Results also showed that deviating too much from the tactical plan lead to inefficient resources' 

usage. Further future work is to look at the reservations policies for emergency admissions.  
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