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a b s t r a c t 

We study the problem of scheduling outpatient chemotherapy infusion appointments at oncology clin- 

ics. Patients are prepared during a fixed initial period of their infusion appointments. In the remainder of 

their appointments, the patients are monitored by nurses and if needed, taken care of. During preparation 

and the setting-up of the infusion device, one nurse must be fully assigned to the patient. Nurses who 

are neither on a break nor busy with preparing patients, simultaneously monitor up to a certain number 

of patients who are already receiving infusion. The prescribed infusion duration can significantly differ 

from patient to patient. The objective of this study is to generate an arrangement of vacant appointment 

slots, i.e., a template, subject to the nursing constraints. This is done while reaching a balance between 

starting the appointments as early as possible and completing the last appointments of the day, as early 

as possible. We solve this problem using integer programming. By adjusting two parameters in the objec- 

tive function, the solution can be tuned between minimizing the weighted flowtime and minimizing the 

makespan. Thus, some appointments can be prioritized for starting as early as possible. Our numerical 

results show that the model can be solved to optimality with short computation times for large realistic 

size instances using commercial solver software. The generated template is intended to serve as a link 

between planning on a tactical level and online scheduling on an operational level. 

© 2018 Elsevier B.V. All rights reserved. 
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1. Introduction 

Chemotherapy is one of the most common procedures for can-

cer treatment next to surgery and radiotherapy. For every pa-

tient, chemotherapy is planned according to treatment protocols

that specify the chemotherapeutic agents (drugs), doses, delivery

method (topical, oral, injection, infusion), duration of infusion, days

of infusion in a cycle (consecutive number of days), flexibility win-

dows (tolerance days around nominal infusion days), and the num-

ber of cycles. On the tactical level, resource planning mostly de-

pends on the distribution of patients among the protocols, e.g., the

relative frequency histogram of infusion durations, and the relative

frequency histogram of the number of infusion days per patient. 

On the operational level, since it has multiple steps, chemother-

apy administration is complicated by precedence and interdepen-

dence constraints imposed on tasks and resources. The major steps

required for an infusion session are the lab test (including taking

vitals), oncologist visit, pharmacy drug preparation, setting-up the
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nfusion device, and monitoring drug infusion ( Turkcan, Zeng, &

awley, 2012 ); these steps are demonstrated in Fig. 1 . The lab tests

re intended to control the efficacy and side effects of chemother-

py. If the lab results are not satisfactory, the infusion is postponed

e.g., for one week) or the treatment might continue with another

rotocol. The most significant steps from an operational perspec-

ive, however, are the last two steps, which are carried out by the

urses and comprise the infusion appointment. Besides the fact

hat the actual treatment takes place during these steps, the du-

ation of infusion is significantly longer than prior steps, and there

re extra constraints on nursing during these two steps. Moreover,

he infusion duration varies significantly from patient to patient

epending on the prescribed treatment protocols, ranging from fif-

een minutes to eight hours ( Hahn-Goldberg et al., 2014b; Turkcan

t al., 2012 ). 

During the infusion appointments, nurses fully attend their pa-

ients for a fixed amount of time at the beginning of each ap-

ointment to prepare the patient and set-up the infusion device.

or the remainder of the appointment, they monitor the infusion

rogress and attend the patient if action is needed, e.g., when

he patient needs help or the infusion is hindered due to some

alfunction. Thus, each nurse may be shared among multiple pa-

ients. After setup, a nurse watches the patient, besides a number

https://doi.org/10.1016/j.ejor.2018.11.028
http://www.ScienceDirect.com
http://www.elsevier.com/locate/ejor
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejor.2018.11.028&domain=pdf
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Fig. 1. Operationally significant steps in outpatient chemotherapy. 
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f other patients who have already been connected to the infu-

ion devices and are simultaneously receiving treatment. Besides

 nurse, a combination of a chair or bed and an infusion device

s required to carry out the infusion for each patient. We refer to

his combination as a station, and we assume that all stations are

dentical. Every patient is assigned one station for the duration of

he infusion appointment. Thus, one type of resource (station) is

xclusively assigned to individual patients, while the other type of

esource (nurse) is mostly shared among multiple patients. 

Responding to appointment requests can be divided into two

ajor approaches: online scheduling and offline scheduling. In the

ormer case, one or more (but not all) of the patients of the day

o be scheduled are known and the appointment day and time is

iven to the patient either immediately after the request, or within

 short time period, e.g., 24 hours. In the latter case all the pa-

ients of the day to be scheduled are known, but the appointment

ime is determined later—e.g., few days before the appointment—

hough the day may be given immediately. In online scheduling, it

s common practice to use appointment templates (e.g., Erdogan,

ose, & Denton, 2015; Liu, van de Ven, & Zhang, 2018 ) that are

rrangements of vacant appointment slots optimized for some cri-

eria using the history of demand. Offline scheduling, on the other

and, takes advantage of a priori information to optimize the tim-

ng, based on desired objectives. In fact, in online scheduling, the

ffline method is used on an “imaginary” set of patients drawn

rom the history of demand to generate the template. 

Because of the setting-up and monitoring constraints, a first-

ome-first-served discipline may result in overtime or low resource

tilization. Using a template for appointment scheduling is anal-

gous to the Rhythm Wheel used for cyclic planning in produc-

ion. With Rhythm Wheels a variety of products can be efficiently

lanned while the capacity load is smoothened. This reduces the

ependence on accurate forecasting ( Packowski & Francas, 2013 ).

imilarly, designing a template is a step toward capacity manage-

ent for appointments. The template is intended to serve as a link

etween planning on a tactical level and online scheduling on an

perational level. 

In this paper, we consider only the appointment times on a day.

acant appointment slots are arranged offline for a known set of

maginary patients on that day. In this context, we define the ready

ime as the earliest time that patients of specific protocols would

e available for drug administration, i.e., prior steps have been

ompleted for them. For example, the appointment of a specific

rotocol may be limited by the prior visit to the treating oncolo-

ist who is available for a very limited time on the same day as in-

usion. Thus, the appointments for those protocols may have ready

imes in the middle of the work-shift, rather than the beginning.

lowtime and makespan are two common criteria for scheduling.

lowtime is defined as the time between the ready time and the

ompletion time of the scheduled appointment. Makespan is the

atest completion time of all scheduled appointments on the day. 

Flowtime minimization implies faster response to job requests.

owever, in the context of appointment scheduling, where actual
equests arrive days before the scheduled appointment day, the

owtime on the appointment day corresponds to the priority given

o the job for starting it as close as possible to its ready time.

akespan minimization is an objective for better utilization of re-

ources. Using both flowtime and makespan in the objective func-

ion results in solutions with more desirable properties, e.g., least

owtime within the minimum makespan rather than an arbitrary

olution with the minimum makespan. 

Flowtime reduction and makespan reduction are to some extent

ligned with each other: both depend on completion times of jobs.

owever, minimizing both of them is conflicting in the chemother-

py appointment problem. Thus, preference must be balanced by

djusting their weights in the objective function. 

Chemotherapy-trained nurses are difficult to replace ( Dikken &

mith, 2006 ). Hence, the focus of this paper is on optimal schedul-

ng of the last two steps (setting-up and monitoring) according to

he time limitations and preferences pertaining to patients and the

linic. This can be realized as a trade-off between flowtime mini-

ization and makespan minimization. 

In this paper, we assume that patients are available for infusion

efore their scheduled appointments: they arrive on time, their lab

esults are satisfactory, and there are no operational delays. Despite

he precedence that exists among the steps (lab, oncologist, and

harmacy before infusion), the model we propose can be incor-

orated in different settings. The three steps prior to the infusion

ppointments booked in the template can be scheduled through

ackpropagation. 

Many outpatient chemotherapy drugs are prepared on the day

f administration. This is because of stability limitations and the

isk of wasting expensive medicine due to no-shows and unsatis-

actory lab results ( Aboumater et al., 2008 ). However, with the ad-

ent of robotic automated drug preparation for chemotherapy, the

hird step is expected to be less critical in the future. Automated

rug preparation systems are already in use in different countries

ncluding Denmark, Germany, Italy, Japan, Spain, Turkey, and the

nited States ( Masini et al., 2014 ). We assume that the pharmacy

an reserve a sufficient number of servers (technicians or robots)

o match the start times of the booked infusion appointments. 

We note that some clinics have the lab test and oncologist visit

n the day before infusion ( Dobish, 2003; Holmes et al., 2010;

adki, Xie, & Chauvin, 2010b; Sevinc, Sanli, & Goker, 2013 ), while

thers have them on the same day as infusion ( Liang, Turkcan, Cey-

an, & Stuart, 2015 ). The clinic may adopt a mixed policy for these

wo steps, i.e., scheduling them on the day before or the same day

s infusion, depending on individual patient requirements. More-

ver, at some clinics, oncology interns ( Mazier & Xie, 2009 ) or

ven specialized nurses ( Hahn-Goldberg et al., 2014a ) are allowed

o authorize infusion based on the lab results. However, even in

ases where oncologists must authorize infusion on the same day,

t is still possible to schedule their appointments based on the

ooked infusion appointments. Several infusion appointments can

e started during the first 60–90 minutes of the work-shift when

urses are not yet busy monitoring patients and are available for
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setup. Thus, during that initial period of the work-shift, many pa-

tients need to have their oncologist visits completed beforehand.

During that early period, oncologists would be scheduled to au-

thorize infusion. For the rest of the day, oncologists can take care

of other tasks besides authorizing infusion, e.g., seeing newly re-

ferred patients, radiotherapy treatments, medical team meetings,

etc. Hence, a backpropagation approach for outpatient chemother-

apy scheduling would not result in idle time for the oncologists. 

We consider non-negative ready times for appointments, i.e.,

within the work-shift. A portion of the flowtime is between the

ready time and the appointment start time. We call this the de-

ferring time. The difference between flowtime and deferring time

is the appointment length, which is constant in a deterministic

model, i.e., independent of the schedule (solution). The direct wait-

ing time is the time that the patient is at the clinic but does not

receive any service. If the patient is already at the clinic because of

a prior appointment, the deferring time is a waiting time as well. 

The contribution of our study is summarized as follows: 

• Although we focus on the last two steps in Fig. 1 , we have

taken the precedence of the prior steps into consideration.

As our objective, we attempt to have the start times of ap-

pointments as early as possible while having the makespan

as short as possible. Thus, a trade-off can be made for the

time of three sets of stakeholders: (1) starting the appoint-

ments according to the time limitations of the pharmacy and

oncologists, (2) completing the last appointments on a day

as early as possible for the nurses, (3) having less direct

waiting time for the patients by coordinating the tasks of

the other stakeholders. 
• Our makespan minimization approach is different from

other relevant studies: Turkcan et al. (2012) and Hahn-

Goldberg et al. (2014a) . Rather than treating makespan

as a variable in an integer programming formulation, we

use makespan suppression cost coefficients in the objec-

tive function. Thus, the model is kept linear in all binary

variables. Moreover, with an integer variable for makespan,

there is no distinction among the number of appointments

being completed at the makespan moment or running late

in the work-shift. However, with our makespan suppression

approach, a solution that has fewer appointments completed

at the makespan moment corresponds to a better (lower)

objective value. 
• With only two parameters in the objective function we

can tune the objective between minimum weighted flow-

time and minimum makespan. However, makespan is lim-

ited to the work-shift duration. This limits the freedom for

minimizing the weighted flowtime whether a reduction in

makespan is desirable. Hence, makespan can be viewed as

the primary objective quantity between the two. However,

within the work-shift, our approach is geared toward priori-

tizing one criterion over the other. 

2. Related literature 

The application of operations research in healthcare related

problems is increasing. Brailsford and Vissers (2011) state three

reasons for this increase: (1) healthcare has become a major in-

dustry, (2) cost of healthcare has increased due to new technolo-

gies and the aging population, and (3) patients have higher ex-

pectations for the quality of service. The OR methodologies used

for appointment scheduling include queueing models, simulation

methods, mathematical programming, and heuristics ( Deceuninck,

Fiems, & De Vuyst, 2018 ). In this paper, we use mathematical pro-

gramming and propose a simple heuristic for nurse assignment
hat can be used after the solution for the appointment schedul-

ng problem is found. 

Ahmadi-Javid, Jalali, and Klassen (2017) review several recent

tudies on optimization of outpatient appointment scheduling.

owever, there are only a few studies in the literature since

009 that are focused on the planning and scheduling of out-

atient chemotherapy appointments using optimization methods

 Condotta & Shakhlevich, 2014; Gocgun & Puterman, 2014; Hahn-

oldberg et al., 2014a; 2014b; Liang & Turkcan, 2016; Liang et al.,

015; Mazier & Xie, 2009; Sadki, Xie, & Chauvin, 2010a; 2010b;

013; Santibáñez et al., 2012; Sevinc et al., 2013; Turkcan et al.,

012 ). These studies differ significantly in the aspects of the

hemotherapy service that they consider and the objectives they

efine. The reason for this is twofold: (1) the chemotherapy service

s complicated, with many steps, resources, and interdependencies,

hich makes an optimization problem large and difficult to solve,

nd (2) the preferences and details of the procedure differ among

linics. 

Mazier and Xie (2009) , Sadki et al. (2010b) , Sadki et al. (2010a) ,

adki, Xie, and Chauvin (2013) , and Liang et al. (2015) focus on,

r include, the oncologists in the study. Mazier, Billaut, and Tour-

amille (2010) , Masini et al. (2014) , and Turkcan et al. (2012) fo-

us on, or include, the pharmacy in their study. Studies that look

t scheduling nursing include Turkcan et al. (2012) , Hahn-Goldberg

t al. (2014a) , Hahn-Goldberg et al. (2014b) , and Liang and Turkcan

2016) . 

Gocgun and Puterman (2014) focus on planning appointment

ays, whereas Turkcan et al. (2012) , Santibáñez et al. (2012) , and

ondotta and Shakhlevich (2014) consider both the day and the

ime of appointments in two consecutive stages. 

Turkcan et al. (2012) , Hahn-Goldberg et al. (2014b) , and Hahn-

oldberg et al. (2014a) use makespan as the scheduling objective

or the nursing stage. However, within the planning stage, Turkcan

t al. (2012) consider the objective to minimize overtime and the

dle time of the staff. Some studies include workload in the objec-

ive, e.g., Condotta and Shakhlevich (2014) , and Liang and Turkcan

2016) . 

There are a few recent studies in the literature on multi-

bjective scheduling in healthcare, e.g., Saremi, Jula, ElMekkawy,

nd Wang (2015) , and Rezaeiahari and Khasawneh (2017) . How-

ver, they do not conform to our purpose of template generation

or the nursing step of chemotherapy. Even though some stud-

es consider waiting time and completion time, in the context of

hemotherapy they translate to including all five steps in a single

ptimization problem. In the backpropagation approach, we gener-

te the template independent of schedules for the steps prior to

nfusion. For this, we draw upon the machine scheduling literature

o formulate the objective for template generation. 

Several studies in the machine scheduling literature have com-

ined flowtime and makespan or other performance measures for

he optimization objective: Gupta and Dudek (1971) , Fry, Arm-

trong, and Lewis (1989) , Dileepan and Sen (1988) , Framinan, Leis-

en, and Ruiz-Usano (2002) , Sivrikaya- ̧S erifo ̆glu and Ulusoy (1998) ,

upta, Neppalli, and Werner (2001) , Van Oyen and Pichitlamken

20 0 0) , McCormick and Pinedo (1995) , and Eck and Pinedo (1993) .

Gupta and Dudek (1971) state that a general optimality criterion

or scheduling problems is the minimum total opportunity cost,

nd this can include multiple objectives. In a survey on bicriteria

cheduling of single machines, Dileepan and Sen (1988) view two

lasses of bicriteria approaches. In the first class, one criterion is

sed in the objective function, while the other criterion is used in

he constraints. In the second class, both criteria are used in the

bjective function. Framinan et al. (2002) propose two heuristic

lgorithms for the flowshop sequencing problem with the objec-

ive of minimizing both makespan and flowtime. The first heuris-

ic is an a priori approach: the weights that the decision maker
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N · M N · M 
refers to give to the two criteria are known in advance. The sec-

nd heuristic is based on a posteriori information: a set of solu-

ions with different weights between makespan and flowtime are

enerated. The a posteriori algorithm generates better schedules at

he expense of longer computation time. 

In our approach for bicriterion optimization of infusion ap-

ointments we use the main ideas from multi-objective machine

cheduling, e.g., giving weights to the two criteria in the objective

unction, limiting one criterion in the constraints, and treating one

riterion as the primary and the other as the secondary. Moreover,

ithin the primary and secondary significance of the criteria, we

onsider multiple conditions where minimizing one of the two cri-

eria is prioritized over the other. 

. Models and methods 

We consider an outpatient chemotherapy clinic with K identical

tations and N nurses. A template is generated by offline schedul-

ng of a given set of P appointment durations that conform to

he history of demand. The template specifies the available ap-

ointment slots for a single day (work-shift). The infusion appoint-

ent durations l p ( p = 1 , . . . , P ) are deterministic; it is assumed

hat slack is already taken into account in the given set of ap-

ointment durations, i.e., extra time at the end of appointments

o avoid delays while not resulting in, significant idle time. The

ppointments are given priority weights w p . We assume no late

rrivals or no-shows. Preemption is not allowed, and there is no

recedence among appointments. Time is divided into timeslots of

 fixed number of time units, e.g., fifteen minutes. The duration of

he work-shift is T timeslots ( t = 1 , . . . , T ); timeslot t is the time

nterval (t − 1 , t] . Unless otherwise stated, each appointment has a

ero ready time and an infinite due time: r p = 0 , d p = ∞ . 

Moreover, all appointment durations are integer numbers of

imeslots. The first timeslot of every appointment is always used

or setup, and the subsequent timeslots are used for monitoring

he infusion progress. An appointment that has a duration of only

ne timeslot has only setup in the template and no monitoring. It

s assumed that removing a patient from a station at the end of

he appointment takes a small fraction of a timeslot duration and

t can be done as a monitoring task. 

Only one station is assigned to each patient for the entire ap-

ointment. One nurse must set the station up in the first timeslot

f the appointment. At every timeslot, a nurse who is neither on

 break nor busy setting-up any station, may simultaneously mon-

tor up to M patients placed at M already set-up stations. At any

imeslot during both setting-up a station and monitoring a patient,

nly one nurse is assigned for the task. The requirement that at

very moment a nurse who is not taking a coffee or lunch break

an set-up only one station or monitor only up to M stations —but

ot both at the same time— is a hard constraint, in contrast to soft

onstraints, which are preferences that could be violated to some

xtent. 

Certain periods (consecutive timeslots) of the work-shift are

esignated for coffee or lunch breaks for the nurses. We assume

hat each coffee or lunch break is divided into two half-periods.

or instance, the lunch period may be four consecutive timeslots.

alf of the nurses take the break in the first two timeslots and the

ther nurses in the second half-period. The number of available

urses, which varies at different timeslots because of the breaks,

s indicated by N t , which is an input to the model. When there

re an odd number of nurses N all present during the entire work-

hift, the decision maker may keep the number of nurses at � N /2 �
uring breaks by giving double breaks to one nurse, or keep � N /2 �
urses during one half of the break period and � N /2 � nurses in the

ther half. 
As mentioned earlier, one aspect of the outpatient chemother-

py scheduling problem is the explicit constraints imposed on the

urses in addition to the stations. These constraints limit econom-

cal investment in the clinic: the capacity parameters N , K , and M

ave to be matched to avoid idle resources. Obviously, the number

f stations cannot be fewer than the number of nurses, because

hen at every moment one or more nurses would be idle even if

he monitoring capacity is lowered to M = 1 . On the other hand,

f the number of stations is more than a certain number, then at

very moment one or more stations would be idle. The maximum

umber of stations that can simultaneously be used depends on

he number of nurses and the monitoring capacity, and it is given

n the following proposition: 

roposition 1. At a clinic with N nurses and a monitoring capac-

ty M per nurse, a maximum of K max = (N − 1) M + 1 stations can be

sed simultaneously. 

roof. We first establish an upper limit on K through proof by con-

radiction. Then we show a condition under which the value for K

an reach the upper limit. 

When every station is being set-up all M units of monitoring

re consumed. Therefore, to have the most number of stations oc-

upied, all nurses must be busy monitoring. Suppose that at some

imeslot t b in Fig. 2a there are (N − 1) M + 2 patients being mon-

tored at K = (N − 1) M + 2 stations. We note that at every times-

ot, each nurse can at most monitor M stations or set-up one sta-

ion. Moving back in time till one setup takes place at some times-

ot t a while K − 1 stations are being monitored, we can write the

ollowing for the minimum number of nurses N ta needed at that

imeslot: 

in (N ta ) = 

⌈ 

K − 1 

M 

⌉ 

+ 1 

= 

⌈
(N − 1) M + 1 

M 

⌉
+ 1 

= N + 1 

> N 

his contradicts the initial assumption that the number of nurses

orking at the clinic is N ; therefore, 

 < (N − 1) M + 2 . (1) 

On the other hand, for any given number of nurses N with

 monitoring capacity M we can place patients one by one un-

il there are no more nurses available for another setup . Moreover,

e assume that appointments are long enough that no infusion is

ompleted until the last nurse has set a station up. This condition

s shown in Fig. 2b . Under this condition, the following recursive

elation holds between the number of setups , P s , t and the number

f monitors , P m , t at each timeslot t : 
 

P m, 0 = 0 , and P s, 0 = 0 

P m,t = P m,t−1 + P s,t−1 , and P s,t = N −
⌈ 

P m,t 

M 

⌉ 

For the timeslot t at which no more nurses are available for

etup ( t = 5 in Fig. 2b ) we can write the following: 

P s,t = 0 

⇒ (N − 1) M < P m,t � N · M 

However, from Eq. (1) we know that P m,t < (N − 1) M + 2 ; there-

ore, P m,t = (N − 1) M + 1 , and this concludes the proof. �

Proposition 1 sets an upper bound on the instantaneous utiliza-

ion of the nursing capacity when no setup takes place: 

UB 
nosetup,t = 

K max = 

(N − 1) M + 1 
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Fig. 2. Proposition 1 . The gray station-timeslot blocks are setups and the white ones 

are monitors . (a) One station is redundant when K = (N − 1) M + 2 . (b) K max = (N −
1) M + 1 = 5 stations for N = 2 and M = 4 . 
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This upper bound can get closer to 100% at larger clinics with more

nurses, stations, and patients. The instantaneous utilization of the

nursing capacity is 100% at t = 1 when all N nurses are setting-up

and occasionally at later timeslots such as t = 4 in Fig. 2b . 

The following inequalities are sufficient for the limiting re-

source to alternate between nurses and stations during the work-

shift: 

min (N t ) · M < K < max (N t ) · M 

We assume that only � N /2 � of the nurses are available during the

breaks. 

min (N t ) = � N/ 2 � � N/ 2 

max (N t ) = N 

M > 1 �⇒ (N − 1) M + 1 < N · M 

Hence, for the limiting resource to alternate between nurses and

stations, it suffices to have 

(N/ 2) M < K � (N − 1) M + 1 (2)

3.1. Variables and station assignment rule 

The overall problem space has five dimensions: activity

(setting-up or monitoring), patient, nurse, station, and time. These

could be represented by five indexes for binary decision variables 

ˆ x p,t,k,n,a = 

{ 

1 , activity a done by nurse n for patient p at 
station k and timeslot t 

0 , otherwise 

However, to reduce the complexity of problem formulation, we

eliminate three of the indexes. First, we know that setting-up and

monitoring are the only two activities and when a setup takes

place the remaining timeslots of the corresponding appointment

are used for monitoring. Thus, it suffices to know when the setups

occur, i.e., the timeslots at which appointments start, rather than
Fig. 3. Deferring time and flowtime. The difference between the completion time ( C p ) and

and the ready time is the deferring time ( τ p ). 
he type of activity. Then, we note that an appointment schedule

hows when and where the patients receive infusion. It has three

imensions: time, station, and patient. The nurses are implicitly ac-

ounted for by the nursing capacity via the setting-up and moni-

oring constraints. Nurses are assigned to patients in a roster af-

er a solution for the appointment schedule is found. Hence, the

urse index is removed from the variables. Last, since all stations

re identical, without loss of generality we define a station assign-

ent rule: among appointments starting at the same time, a lower

ndexed appointment is placed at a lower indexed available station.

his rule lets us discard the station index from the decision vari-

bles. Hence, we define the decision variables with only appoint-

ent and time indexes: 

 p,t = 

{
1 , appointment p starts at timeslot t 
0 , otherwise 

here p = 1 , . . . , P, and t = 1 , . . . , T . 

.2. Objective function 

In our model, the earliest time during the work-shift that would

e possible to start appointment p is its ready time r p , i.e., the end

f timeslot r p ; it is zero by default. However, there may be infu-

ion appointments that cannot be scheduled before certain times.

or example, because of preparation of a certain drug only in the

fternoon or limited availability of an oncologist when a same-day

olicy is used. In such cases, the ready time would have a pos-

tive value within the work-shift ( 0 < r p � T − l p ). Let s p be the

etup timeslot scheduled for appointment p . The appointment start

ime is then s p − 1 . We define the time between the ready time

nd the start time as the deferring time τ p , i.e., the time that

he appointment had the opportunity to start but was deferred:

p = s p − r p − 1 . On the other hand, some appointments may have

 limiting finite due time d p � T − 1 < ∞ , e.g., because of a follow-

p procedure on the same day. These timeslots are demonstrated

n Fig. 3 . 

Moreover, because of secondary managerial guidelines, it may

e preferred to have the appointments of certain patient categories

cheduled with higher priority than others. However, these are soft

onstraints. We consider three priority levels for the appointments:

igh, mid, and low. These are imposed by the weights w p . The pri-

rities indicate the requirement for the appointment to start as

lose as possible to its ready time. The appointment start time

 s p − 1 ) rather than its completion time ( C p ) is therefore more in-

icative of respecting the appointment priority. 

As explained in the literature review, two commonly used

cheduling objective functions are the flowtime and the makespan.

ere also, minimizing the makespan is desirable for better utiliza-

ion of the resources. However, because of the appointment pri-

rities (for starting closer to the ready times) and the large range
 the ready time ( r p ) is the flowtime. The difference between the start time ( s p − 1 ) 
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Fig. 4. Makespan suppression (a) makespan lower bound calculation: C max ,LB = 

� 9 . 4 � = 10 for N = 2 , M = 4 , K = 5 , and 
∑ 

l p = 45 . (b) makespan suppression 

penalty coefficients c t for η = 2 . 
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H

f appointment durations, the average (or total) deferring time is a

ore informative indicator of performance than the average (or to-

al) flowtime. We also note that there is only a constant difference

etween the average flowtime and the average deferring time that

s independent of the solution. For the flowtime C p − r p and the

eferring time τ p of appointment p , we can write the following: 

C p − r p = τp + l p 

⇒ 

1 

P 

P ∑ 

p=1 

(C p − r p ) = τ̄ + 

1 

P 

P ∑ 

p=1 

l p 

⇒ average flowtime = average deferring time + constant 

here τ̄ is the average deferring time calculated over the P sched-

led appointments. 

Similar to Gupta and Dudek (1971) , our overall objective is to

inimize opportunity costs: deferring appointments after ready

imes and keeping resources idle. Thus, a trade-off is made be-

ween the weighted average deferring time (or flowtime) and the

akespan. 

A weak lower bound for the makespan, C max , LB , can be cal-

ulated by assuming that at the first timeslot of every appoint-

ent, a nurse does not have to fully attend the patient who is

eing prepared for infusion. Only for this bound calculation we as-

ume that a nurse may be shared among M patients also during

etups . Thus, every nurse may simultaneously take care of a max-

mum of M patients, i.e., M · N t is the maximum nursing capacity

f all nurses at timeslot t . Besides the availability of a nurse, a

tation is also needed for each appointment. The effective capac-

ty at any timeslot t is therefore cap t = min { K, M · N t } . The time at

hich the area under the effective capacity function is equal to the

um of appointment durations, is thus a weak lower bound for the

akespan: 

h (y ) = N t for y ∈ R 

+ and t − 1 < y � t 

 max , LB = � v � 
∣∣∣∣(

v ∫ 
0 

min { K, M · h (y ) } dy = 

P ∑ 

p=1 

l p 

)
. 

his lower bound calculation for the makespan is shown in Fig. 4a .

In our model, makespan is controlled by introducing penalties

n the objective function. The penalties increase exponentially with

ime to make a longer makespan less likely in the solution. The in-

rement base is η ∈ R 

+ \ (0 , 1] . To avoid interfering with the other

spects of the objective function—weighted average deferring time

flowtime) minimization—makespan suppression is imposed after

he above calculated weak lower bound for the makespan. Thus,

he makespan suppression penalty (cost) coefficients are defined

s follows: 

 t = 

{
ηt−C max , LB −1 , t > C max , LB 

0 , t � C max , LB 

here t = 1 , . . . , T . These penalty coefficients are demonstrated in

ig. 4b . 

The number of appointments running at every moment, P t , is

he sum of P s , t stations being set-up and P m , t patients being mon-

tored at that time. However, P t can be expressed in terms of the

inary decision variables. Appointment p that is running at t could

ave started only at a timeslot in the range from max { 1 , t − (l p −
) } to t : 

 t = 

P ∑ 

p=1 

t ∑ 

t ′ = max { 1 ,t−l p +1 } 
x p,t ′ 

The three priority levels are imposed by weighting the deferring

ime in the objective function. A constant weight ratio q ∈ Z 

+ is

sed for the weights: w high = q 3 , w mid = q 2 , and w low 

= q . A trade-

ff between minimizing the average weighted deferring time of
ppointments and minimizing the makespan is reached by adding

he total weighted deferring time z 1 and the makespan suppression

enalties z 2 in the objective function. The makespan suppression

erm z 2 is the sum of penalties imposed for appointments running

fter C max , LB . At every timeslot the imposed penalty is the product

f the number of appointments running P t and the penalty coeffi-

ient c t . 

Thus, the objective function for scheduling the infusion ap-

ointments is as follows: 

 = z 1 + z 2 (3a) 

= 

(
P ∑ 

p=1 

w p · τp 

)
+ 

(
T ∑ 

t=1 

c t · P t 

)
(3b) 

= 

{
P ∑ 

p=1 

w p ·
[ T ∑ 

t=1 

(t − 1 − r p ) · x p,t 

] }

+ 

[
T ∑ 

t=1 

c t ·
( P ∑ 

p=1 

t ∑ 

t ′ = max { 1 ,t−l p +1 } 
x p,t ′ 

)]
(3c) 

= 

P ∑ 

p=1 

T ∑ 

t=1 

[ 
w p · (t − 1 − r p ) · x p,t + c t 

t ∑ 

t ′ = max { 1 ,t−l p +1 } 
x p,t ′ 

] 
(3d) 

ence, the problem is formulated with the following objective: 

min (z) 

= min 

{
P ∑ 

p=1 

T ∑ 

t=1 

[ 
w p · (t − 1 − r p ) · x p,t + c t 

t ∑ 

t ′ = max { 1 ,t−l p +1 } 
x p,t ′ 

] }

(4) 
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Table 1 

Different combinations of parameter values corresponding to trade-offs between minimizing 

the weighted flowtime and minimizing the makespan. 

# η q Corresponding equivalent objective 

1 η = 0 q = 1 min 

( P ∑ 

p=1 

C p 

)
within T 

2 η = 0 q � 1 min 

( P ∑ 

p=1 

w p C p 

)
within T 

3 η � 1 q = 0 min ( C max ) within T 

4 η � 1 q = 1 min 

( P ∑ 

p=1 

C p 

) ∣∣∣ min (C max ) within T 

5 η � 1 η � q � 1 min 

( P ∑ 

p=1 

w p C p 

)∣∣∣ min (C max ) within T 

6 η � 1 q ≈η min ( C max ) traded-off for min 

( P ∑ 

p=1 

w p C p 

)
within T 

7 η � 1 q �η min (C max ) 

∣∣∣ min 

( P ∑ 

p=1 

w p C p 

)
within T 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C

 

 

 

 

t  

m

�
�

 

 

f

3

 

(  

m  

i  

m  

m

m  

 

 

w  

m  

m  

t  

i  

e  

i  

s

C  

∑
 

The trade-off is adjusted by the constant values chosen for η and

q , which are embedded in the costs c t and the weights w p , e.g.,

when η is set to zero, i.e., c t = 0 , ∀ t, no makespan suppression is

imposed besides T , the end of the work-shift. 

As there is only a constant difference between the total

weighted flowtime and the total weighted deferring time, the term

min ( z 1 ) in the objective function corresponds to weighted flow-

time minimization. Hence, different values of the two parameters η
and q correspond to a preference between weighted flowtime min-

imization and makespan minimization. These conditions are listed

in Table 1 , where ’ � ’ signifies sufficiently larger . Thus, with only

two parameters we can select from multiple objective preferences.

3.3. Binary integer programming formulation 

The optimal appointment schedule is found by determining

the setup timeslots of the appointments, using the binary deci-

sion variables x p , t . In the following constraints, we have P =
{ 1 , . . . , P } and T = { 1 , . . . , T } . 

There must be one and only one station setup timeslot for each

appointment: 

T ∑ 

t=1 

x p,t = 1 , ∀ p ∈ P ( setup constraints) (5)

No appointment can start before its ready time: 

if r p > 0 , then 

r p ∑ 

t=1 

x p,t = 0 , ∀ p ∈ P ( ready time constraints) 

(6)

Each appointment must be completed before its due time and

the end of the work-shift: 

 p � min { d p , T } , ∀ p ∈ P 

�⇒ 

T ∑ 

t=1 

(t + l p − 1) x p,t � min { d p , T } , 

∀ p ∈ P ( completion time constraints) (7)

The number of appointments running at every moment cannot

be more than the number of stations: 

P t � K, ∀ t ∈ T 

�⇒ 

P ∑ 

p=1 

t ∑ 

t ′ = max { 1 ,t−l p +1 } 
x p,t ′ � K, ∀ t ∈ T ( station constraints) 

(8)
Setting-up a station takes as much nursing capacity as moni-

oring M patients. Moreover, the nursing capacity usage at every

oment cannot exceed the instantaneous nursing capacity: 

M · P s,t + P m,t � M · N t , ∀ t ∈ T 

⇒ M · P s,t + P t − P s,t � M · N t , ∀ t ∈ T 

⇒ (M − 1) P s,t + P t � M · N t , ∀ t ∈ T 

�⇒ 

P ∑ 

p=1 

[ (
1 − 1 

M 

)
x p,t + 

1 

M 

t ∑ 

t ′ = max { 1 ,t−l p +1 } 
x p,t ′ 

] 
� N t , ∀ t ∈ T ( monitor constraints) (9)

Eqs. (4) –(9) , constitute the binary integer programming (BIP)

ormulation that we consider for template generation. 

.4. Integer programming formulation using makespan 

A more straightforward approach is to simply use makespan

 C max ) as an integer variable in the formulation rather than

akespan suppression using penalties. This can be done by replac-

ng the makespan suppression term z 2 in Eq. (3a) with the cost of

akespan z 3 = c · C max . Thus, the objective function could be for-

ulated as follows: 

in (z) = min (z 1 + z 3 ) (10a)

= min 

[( P ∑ 

p=1 

w p · τp 

)
+ c · C max 

]
(10b)

= min 

[
c · C max + 

P ∑ 

p=1 

T ∑ 

t=1 

w p · (t − 1 − r p ) · x p,t 

]
(10c)

here C max ∈ Z 

+ is an integer variable in the integer program-

ing formulation, and c ∈ Z 

+ is the cost of one timeslot of

akespan. Since no appointment can run after the makespan, and

he makespan is within the work-shift, C max should also replace T

n the right-hand-side of the constraints shown in Eq. (7) . How-

ver, as the function min ( •) is nonlinear for the newly introduced

nteger variable C max , we replace Eq. (7) with the following three

ets of constraints: 

 max � T , ( work-shift constraint) (11)

T 
 

t=1 

(t + l p − 1) x p,t � C max , ∀ p ∈ P ( makespan constraints) 

(12)
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Fig. 5. Relative frequency histogram of infusion appointment durations at Amphia 

Hospital in Breda, The Netherlands. 
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t=1 

(t + l p − 1) x p,t � d p , ∀ p ∈ P ( due time constraints) (13)

Eqs. (10c) , (11), (12) , and (13) , together with Eqs. (5) , (6), (8) ,

nd (9) constitute the integer programming (IP) formulation alter-

ative to the BIP formulation presented in Subsection 3.3 . 

.5. Nurse assignment 

As we explained in Subsection 3.1 , stations, nurses, and activ-

ties are excluded from the binary decision variables of the BIP

odel. The stations are assigned using the station assignment rule.

he nurses are only taken into account for their nursing capacity

n the constraints. The activities at stations are known from the

ppointment durations and the appointment start times. After the

tate ( setup , monitor , idle ) of each station-timeslot block of the ap-

ointment schedule is determined, we can assign the nurses to

he fixed setup and monitor station-timeslot blocks. However, this

epends on the specific requirements of the clinic, e.g., balanced

orkload, vicinity of stations assigned to one nurse, fewer nurse

hanges during appointments, etc. 

Since nurse assignment depends on the specific preferences

f the clinic, in this paper we focus on the hard constraints for

etting-up and monitoring. We assume that the setting-up and

onitoring tasks have workloads proportionate to their required

ursing capacity, i.e., M and 1, respectively, and all appointments

ave similar levels of instantaneous workload. We also assume

hat all nurses are present during the entire work-shift, except for

heir coffee and lunch breaks during which, only � N /2 � of them

re available. With these assumptions, we propose the following

euristic to generate a roster with almost equally distributed work-

oad among the nurses: 

1. Assign � P / N � setups , but not more than one setup at a times-

lot, to the first nurse ( ′ A 

′ ), starting at the earliest not yet

assigned setup and not during the nurse’s break timeslots.

Repeat this for all other nurses. For the nurses at the end of

the list, there may be fewer than � P / N � timeslots left with

setups and some setups may not yet be assigned in this step.

2. At every timeslot with not yet assigned setups , assign the

setups in alphabetic order to the nurses who are not on a

break and not busy with a setup at that timeslot. This con-

cludes the setup assignment. 

3. The monitors are assigned as follows: the monitors at every

timeslot are equally distributed among the nurses who are

not on a break and not busy with a setup at that timeslot.

The stations are assigned to the nurses in reverse alphabetic

order to better maintain spatial vicinity of monitors assigned

to the same nurse throughout the roster. 

. Numerical illustration 

In this section we demonstrate the results of our numerical ex-

eriments on large instances. For solving the BIP and IP models we

sed Gurobi 7.0.2 ( Gurobi Optimization, 2016 ) in the Julia program-

ing language ( Bezanson, Karpinski, Shah, & Edelman, 2012 ) using

ts mathematical programming package JuMP ( Dunning, Huchette,

 Lubin, 2017; Lubin & Dunning, 2015 ) on a 64-bit computer with

indows 10, Intel processor i7-6700HQ (2.6–3.5 GHz, 6 MB cache,

 cores), and 16 GB of RAM. 

Our numerical experiments are designed for a large clinic ex-

mple with a ten-hour work-shift from 8:30 AM till 6:30 PM. The

linic treats one hundred patients per day, which is considered

 large number for realistic instances. Turkcan et al. (2012) and

ahn-Goldberg et al. (2014a) solve the chemotherapy schedul-

ng problem for minimizing makespan at outpatient chemother-

py clinics that have around 50 and 100 appointments each day,
espectively. In our problem, a nurse takes a fifteen-minute cof-

ee break in the morning around 10:30 AM, a thirty-minute lunch

reak around 1:00 PM, and a fifteen-minute coffee break in the af-

ernoon around 4:00 PM. The timeslots are fifteen minutes long.

hus, throughout our numerical experiments, the work-shift is T =
0 timeslots, and timeslots 8, 9, 17, 18, 19, 20, 30, and 31 are desig-

ated for coffee and lunch breaks. These are demarcated with the

ix vertical lines in the plotted schedules and roster. 

Throughout the experiments we use a monitoring capacity of

 = 4 for sets of P = 100 patients. The appointments in each set

re numbered in ascending order of their durations. Appointments

8, 45, 93, and 98 are given high priority, and appointments 12, 41,

8, and 94 are given low priority. Thus, for each priority, two ap-

ointments have rather long durations and two appointments have

ather short durations. 

We set the number of stations at three times the number of

urses: K = 3 N. Thus, when M = 4 and N ≥ 3, the number of sta-

ions K falls in the range given in Eq. (2) , where the limiting re-

ource alternates between nurses and stations. During the breaks

he number of nurses drops to � N /2 � . 
The appointment deferring times τ p are weighted in the objec-

ive function to impose the priorities. However, the average defer-

ing times ( ̄τ and τ̄pr ior ity ) that are reported as performance indi-

ators in this section are not weighted. 

.1. Appointment schedule and nurse roster 

In this subsection we demonstrate numerical results of applying

he models and methods presented in Section 3 . Throughout, we

se a single instance of one hundred appointments with durations

xactly matching the relative frequency histogram of appointment

urations at Amphia Hospital in Breda, The Netherlands, which

s shown in Fig. 5 ( Menting, 2014 ). We refer to this instance as

he histogram-instance. It is assumed that all appointments have

ero ready times and infinite due times in this instance. The in-

tance has a total appointment duration of 
∑ 

l p = 1091 timeslots,

 makespan lower bound of C max,LB = 33 timeslots and a minimum

akespan of min (C max ) = 37 timeslots when using N = 12 nurses

t K = 36 stations. 

Fig. 6 shows the appointment schedule corresponding to η = 0

nd q � 1 (the second condition listed in Table 1 ). Appointments 18

nd 98 both have high priorities and zero ready times. However,

he duration is significantly different between the two. The fact

hat both appointments start at timeslot t = 1 is ideal. This would

ot be clear from the significantly different flowtimes (4 versus

2), i.e., the appointment duration in the flowtime conceals how

ell the priorities are met. The deferring time is therefore more in-

ormative in that regard. The appointment priorities are respected

ithin the work-shift, i.e., dark-gray and light-gray appointments

ppear at the two extremes of the work-shift, and C max = 40 . 

In Fig. 7a the appointment schedule corresponding to η � 1

nd η � q � 1 (the fifth condition in Table 1 ) is shown for the

istogram-instance. In comparison to the schedule in Fig. 6 , the
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Fig. 6. Appointment schedule for the histogram-instance under the second condition ( η = 0 and q = 10 ) in Table 1 with N = 12 nurses, P = 100 appointments, zero ready 

time and infinite due time for all appointments. The dark-gray and light-gray appointments have high and low priorities, respectively. The vertical intercepts demarcate the 

break periods. 
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makespan is reduced to 37 timeslots at the expense of violating

priorities: not all high-priority (dark-gray) appointments start at

 = 1 . 

The nurse roster in Fig. 7b is derived using the heuristic out-

lined in Subsection 3.5 . The number of nurses drops to � 12 / 2 � = 6

during the breaks. Both the appointment schedule in Fig. 7a and

the nurse roster in Fig. 7b include information about time, sta-

tion, and activity of the solution. The schedule also includes the

appointment information, while the roster includes the nurse in-

formation. Together they determine a solution in the five dimen-

sional space. The ˆ x P ×T ×K ×N ×A array for the histogram-instance has

100 ×40 ×36 ×12 ×2 = 3 , 456 , 000 binary elements, of which 1091

are ones and the rest are zeros in the solution shown in Fig. 7a and

7b . The 1091 ones can be found from the non-idle elements in the

two K × T arrays of station-timeslot blocks plotted in the figures,

e.g., setup is done by nurse B at station 14 and timeslot 10 for ap-

pointment 90, i.e., ˆ x 90 , 10 , 14 ,B, setup = 1 . 

The appointment schedule in Fig. 8 is generated using the IP

formulation of Subsection 3.4 with c = 10 5 and q = 10 . The BIP-

generated schedule in Fig. 7a has only one appointment running

at the makespan, whereas this IP-generated schedule has many ap-

pointments running at the makespan, though both schedules have

the same C max = 37 . Moreover, as shown in Fig. 9 , different val-

ues for c result in more than one appointment running at the

makespan of the IP-generated schedule. However, the IP-generated

schedule ( Fig. 8 ) has lower deferring times for high-priority (dark-

gray) appointments than the BIP-generated schedule ( Fig. 7a ). Nev-

ertheless, respecting the priorities may be improved by increasing

q in the BIP formulation at the expense of running more appoint-

ments at the makespan. 

Next, we examine the seven conditions of Table 1 on the

histogram-instance. Although under the first, third, and fourth

conditions there are no priorities—because of all identical
eights—the average deferring times τ̄pr ior ity of the three differ-

ntly labeled sets of appointments (high, mid, and low priorities)

re calculated to demonstrate how the weights affect their defer-

ing times. Table 2 shows the results. For comparison we have also

ncluded the condition where both η and q are zero. Under this

ondition the objective function is always zero, and Gurobi gener-

tes a feasible solution subject to the constraints. The two main

erformance indicators, C max and τ̄ , have the worst values un-

er this condition. Under the next two conditions where no sup-

ression is imposed ( η = 0 ), the deferring time (flowtime) is the

hortest and the makespan is the longest. Under the conditions

hat suppression is imposed ( η � 1), because of the large exponen-

ial costs, the average deferring time is compromised and it shifts

o a higher level when minimizing the objective function. Under

hose conditions, large enough weights (e.g., q = 10 0 0 ) have to be

sed to counteract the suppression for the priorities to be met, i.e.,

¯low 

> τ̄mid > τ̄high = 0 . 

When a setup is equivalent to M monitors , the total workload of

n instance can be expressed in terms of the total equivalent num-

er of monitoring station-timeslot blocks it requires. Nurse utiliza-

ion ρ can thus be defined for the total nursing capacity allocated

or that workload as follows: 

:= 

workload [equivalent number of monitors ] 

nursing capacity [equivalent number of monitors ] 

= 

(M − 1) P + 

P ∑ 

p=1 

l p 

N · M · T 

The total workload in the appointment schedule is equivalent to

391 monitors . The workload assigned to the twelve nurses—using

he heuristic in Subsection 3.5 —is listed in Table 3 . The numbers in

ach nurse column ( A, . . . , L ) are the percentage of the total work-

oad of the appointment schedule assigned to the nurse, under
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Fig. 7. Appointment schedule and nurse roster for the histogram-instance. 
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Fig. 8. Appointment schedule for the histogram-instance generated using the IP formulation with c = 10 5 , q = 10 , N = 12 nurses, P = 100 appointments, zero ready time 

and infinite due time for all appointments. The dark-gray and light-gray appointments have high and low priorities, respectively. The vertical intercepts demarcate the break 

periods. 

Fig. 9. The makespan and number of makespan appointments when the IP formulation is applied to the histogram-instance for different values of the makespan cost c , with 

q = 10 , N = 12 , and K = 36 . 

Table 2 

Makespan ( C max ) and average deferring time ( ̄τ ) for different combinations of η and q for the histogram-instance. 

# η q C max τ̄high τ̄mid τ̄low τ̄ gap MIP (%) t CPU ( sec ) 

0 0 0 40 19.25 16.38 19.50 16.62 0 . 00 0 

1 0 1 40 6.75 9.22 11.50 9.21 0 . 38 300 

2 0 10 40 0.00 9.46 24.00 9.66 0 . 55 300 

3 100 0 37 19.00 13.05 15.00 13.37 0 . 00 10 

4 100 1 37 21.75 13.10 9.25 13.29 0 . 00 12 

5 100 10 37 3.50 12.88 22.50 12.89 0 . 00 24 

6 100 100 37 1.00 12.98 22.25 12.87 0 . 00 26 

7 100 10 0 0 38 0.00 12.48 19.25 12.25 0 . 01 158 

 

 

 

 

 

 

f  

h  

w  

r  

a  
different conditions for makespan suppression and prioritization

( η and q ). With 12 nurses, the average workload per nurse is 8.3%

of the total workload. The workload, is to a good extent, equally

distributed among the nurses: the standard deviation among them

(last column in Table 3 ) is less than 1% when suppression or prior-

itization is imposed. 
To see the impact of the number of nurses on makespan, de-

erring time, and nurse utilization, we solved the BIP for the

istogram-instance with N = 12 , . . . , 17 nurses at K = 3 N stations

ith η = 100 and q = 100 . The instance is infeasible for N ≤ 11. The

esults are listed in Table 4 . With more nurses, both makespan and

verage deferring time decrease at the cost of more expenses and
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Table 3 

Workload division and its standard deviation ( σ ) among the twelve nurses ( A, . . . , L ) for the histogram-instance under dif- 

ferent conditions. Both the workload share and its standard deviation are given in percentages of the 1391 total equivalent 

monitoring station-timeslot blocks required for the instance. 

# η q A B C D E F G H I J K L σ

0 0 0 6.0 6.5 6.8 8.1 8.8 9.1 8.8 9.1 9.1 9.3 9.2 9.2 1.20 

1 0 1 6.2 8.1 8.4 8.6 8.6 8.6 8.6 8.5 8.6 8.6 8.6 8.6 0.69 

2 0 10 6.5 7.3 7.7 8.0 8.7 8.8 8.8 8.7 8.8 8.9 8.8 8.8 0.78 

3 100 0 6.8 6.8 7.8 8.6 8.8 8.7 8.6 8.8 8.8 8.8 8.8 8.8 0.77 

4 100 1 6.8 6.8 7.8 8.6 8.8 8.7 8.6 8.8 8.8 8.8 8.8 8.8 0.77 

5 100 10 6.6 7.1 8.0 8.3 8.8 8.7 8.6 8.8 8.8 8.8 8.8 8.8 0.75 

6 100 100 6.5 7.4 7.7 8.3 8.8 8.7 8.6 8.8 8.8 8.8 8.8 8.8 0.75 

7 100 10 0 0 6.7 7.2 8.1 8.5 8.3 8.6 8.8 8.8 8.8 8.8 8.8 8.8 0.70 

Table 4 

Makespan ( C max ), average deferring time ( ̄τ ), and utilization of the nursing capacity ( ρ) for the histogram-instance 

with different number of nurses N , K = 3 N, η = 100 , and q = 100 . 

N C max , LB C max τ̄high τ̄mid τ̄low τ̄ ρ gap MIP (%) t CPU 

12 33 37 1.0 12.98 22.25 12.87 72% 0 . 00 26 

13 32 36 0.00 10.63 22.25 10.67 67% 0 . 00 2 

14 28 32 0.00 8.98 17.75 8.97 62% 0 . 00 4 

15 27 30 0.00 8.49 16.25 8.46 58% 0 . 00 26 

16 25 29 0.00 7.63 15.25 7.63 54% 0 . 00 4 

17 24 29 0.00 7.15 15.0 7.18 51% 0 . 00 123 
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Table 5 

Confidence interval (95%) of makespan, average deferring time, and com- 

putation time for the three different categorical distributions. The BIP 

model is solved with N = 12 nurses, K = 36 stations, η = 100 , and q = 

100 . Makespan and deferring time are given in timeslots and the CPU 

solve-time in seconds. 

Uniform Bell Short mode 

C max [30.25, 31.21] [30.93, 31.8] [22.28, 22.86] 

τ̄ [8.93, 9.48] [10.16, 10.47] [7.13, 7.49] 

t CPU [120.49, 223.24] [99.58, 192.75] [227.98, 294.42] 

Table 6 

Three different cases of ready time and due time examined 

on random sets of one hundred appointment durations. 

Case Ready-time Due-time Number of 

appointments 

A r p = 0 d p = ∞ 100 

B r p = 20 d p = ∞ 33 

r p = 10 d p = ∞ 33 

r p = 0 d p = ∞ 34 

C r p = 20 d p = r p + l p + 15 33 

r p = 10 d p = r p + l p + 10 33 

r p = 0 d p = ∞ 34 

m  

m  

a  

h

4

 

K  

d  

d  

T  

t  

p  

m  

t  
ess utilization. However, the amount of improvement in the defer-

ing time is the most, after adding only one nurse to the minimum

umber needed. The deferring time is more critical than makespan

s it pertains to more stakeholders, i.e., pharmacy, oncologists, and

atients versus nurses. Hence, the extra cost of one more nurse

hould be weighed against the 2.2 timeslots (33 minutes) shorter

verage deferring time and less average workload per nurse, to

ustify the extra nursing cost. 

.2. Impact of the patient mix 

In this subsection, we look at the impact that patient mix has

n makespan and deferring time when using the BIP formulation.

he appointment durations are deterministic. However, the pa-

ient mix is stochastic. First, we compare three relative frequency

istograms of appointment durations other than the realistic one

hown in Fig. 5 , and then we examine the impact of the ready time

nd due time. 

.2.1. Different categorical distributions of appointment durations 

Next, we examine the performance of the BIP model on three

ifferent categorical distributions, which we refer to as Uniform,

ell, and Short Mode. All three have the same eight categories

f appointment slot duration, indicated in the vector l . The prob-

bilities are given in the vector p for each of the distributions.

n all three cases, we consider N = 12 nurses ( K = 36 stations)

ith η = 100 and q = 100 . The BIP model is solved for 30 sets

f appointment durations drawn from each of the three distribu-

ions. The duration categories and the distributions are as follows,

nd the confidence intervals of the objective criteria are listed in

able 5 : 

l = (2 , 4 , 6 , 8 , 10 , 12 , 14 , 16) 

Uniform : p = (0 . 125 , 0 . 125 , 0 . 125 , 0 . 125 , 0 . 125 , 0 . 125 , 

0 . 125 , 0 . 125) 

Bell : p = (0 . 05 , 0 . 05 , 0 . 15 , 0 . 25 , 0 . 25 , 0 . 15 , 0 . 05 , 0 . 05) 

hort Mode : p = (0 . 35 , 0 . 20 , 0 . 15 , 0 . 10 , 0 . 05 , 0 . 05 , 0 . 05 , 0 . 05) 

The mean duration is 9 timeslots for both the Uniform and the

ell distributions, whereas it is 5.8 for the Short Mode distribu-

ion. Because of this, the Short Mode distribution has a shorter
akespan in Table 5 . Moreover, since the Uniform distribution has

ore short durations compared to the Bell distribution, i.e., more

ppointments can be completed earlier during the work-shift, it

as a shorter average deferring time (flowtime) in the table. 

.2.2. Appointments with ready time and due time 

In this experiment, we consider a clinic with N = 10 nurses and

 = 30 stations. Thirty sets of 100 appointment durations are ran-

omly drawn from the triangular distribution Tri(1, 7, 16). Three

ifferent cases for ready time and due time are defined as listed in

able 6 . Every appointment is given one of the ready time and due

ime combinations. Each combination includes both high and low

riority labeled appointment slots. Each of the 30 sets of appoint-

ent durations is solved for the BIP formulation under all condi-

ions for η and q and for all three cases A, B, and C. The time-limit
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Fig. 10. Confidence intervals of the performance measures for thirty sets of appointment durations randomly sampled from the triangular distribution Tri(1, 7, 16). Note: 

η ∈ {0, 100} and q ∈ {0, 1, 10, 100, 1000}. For each of the conditions, three ”vertical bars” colored white, gray, and black (from left to right) correspond to cases A, B, and C 

( Table 6 ), respectively. 
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for the solver was set at 900 seconds. For each random set of 100

appointments, 8 × 3 instances had to be solved. Whenever any of

the three cases A, B, or C was infeasible for a random set, that set

was not used for the confidence intervals plotted in Fig. 10 , and

another set was drawn and solved in the next iteration. To gener-

ate 30 sets with all 24 instances feasible, the process was iterated

52 times, i.e., 22 sets failed to be feasible for all three cases. The

average solve-time was 405 seconds per solution. 

Fig. 10 shows the confidence intervals of the performance mea-

sures for the thirty randomly drawn sets of 100 appointment slots

for 24 different combinations of conditions and cases. The white,

gray, and black ”vertical bars” correspond to cases A, B, and C,

respectively. The average MIP-gap of the experiment was 2.77%

with 0.5% at the 90 th percentile. When no suppression is im-

posed (under conditions 0, 1, and 2 where η = 0 ), the makespan

is close to the end of the work-shift, T = 40 timeslots. If suppres-

sion is imposed (under conditions 3 through 7 where η � 1), the

makespan gets longer from A to B to C, as the BIP is solved sub-

ject to more constraints. When some appointments are constrained

to positive ready times in cases B and C , the overall average de-

ferring time reduces as it is more likely to start those appoint-

ments closer to their ready times. Under conditions 3 through 7,

the same amount of makespan suppression is imposed ( η = 100 ),

and makespan is independent of the priority parameter q , except

for condition 7 where the high value of q = 10 0 0 slightly com-

promises the makespan only for case A (a similar pattern can be

seen in Table 2 ). Since the majority (92%) of the appointment slots

are assigned mid priority, the value of q has little impact on the

overall average deferring time when makespan suppression is im-

posed under conditions 3 through 7. However, under these condi-

tions, the value of q has an impact on the average deferring time of
igh and low priority labeled appointment slots. Without impos-

ng priorities under conditions 3 and 4 ( q = 0 , 1 ), their priorities

re not met. Under conditions 5, 6, and 7 ( q = 10 , 100 , 10 0 0 ), the

eferring times of the high and low priority labeled slots better

atch the priorities, and they are compromised from case A to B

o C, as more constraints are introduced. 

. Concluding remarks 

In this paper, we have developed a bicriterion model for the

roblem of scheduling outpatient chemotherapy appointments,

here nurses are simultaneously shared among patients. One cri-

erion is aimed at maximizing resource utilization and the other

t scheduling the appointments as close as possible to their ready

imes. The latter is further detailed with the priorities given to the

ppointments. By adjusting two parameters in the objective func-

ion, a decision can be made for a trade-off between makespan

nd average deferring time. Solutions for multiple combinations of

and q can be checked to compare different conditions to coor-

inate the required tasks of the oncologists, the pharmacy, and

urses. Numerical results show that commercial solver software

an quickly solve the linear model for large realistic size instances.

Our model could belong to either class that Dileepan and Sen

1988) considered in their survey on bicriteria approaches men-

ioned in Section 2 ; both criteria are present in the objective func-

ion, but one of them (the makespan) is also used in the con-

traints. From the perspective of the weights between the criteria

roposed by Framinan et al. (2002) , an a posteriori algorithm for

ur model is to generate multiple solutions with different values

or η and q . 
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.1. Managerial insights 

The quantitative model that we have developed provides insight

nto the managerial implications of conflicts of interest among

ifferent stakeholders, e.g., less waiting time for patients and high

tilization for the clinic. 

We have taken a backpropagation approach to the multi-step

rocess shown in Fig. 1 : focusing on detailed infusion timing and

eeing what the resource requirements for the prior steps would

e. The peak of demand for drug preparation is just before t = 1 ,

nd it drops over the next few timeslots. Also after each break

eriod, demand for drug preparation is high. We have assumed

hat the pharmacy can allocate sufficient servers. Otherwise, ei-

her patients must arrive earlier with longer direct waiting times

r the pharmacy service rate should be incorporated in the con-

traints of the binary integer program with less efficient use of the

ursing resources. Moreover, the clinic may adopt a mixed pol-

cy, using same-day and day-before visits for lab and oncologist

ppointments. It is preferred to have the lab and oncologist ap-

ointments of all patients on the same day as infusion. However,

o incorporate the time limitations and preferences of the oncolo-

ists, the pharmacy, and the nurses—by optimizing infusion sched-

les for flowtime and makespan—some patients may be asked to

ave their lab and oncologist appointments on the day before infu-

ion. This is acceptable because, in other studies, the two-day pol-

cy has been found to improve patient flow and patient satisfaction

 Griffin, 2014; Holmes et al., 2010 ). 

The generated template using the BIP model is a handy tool for

ooking outpatient chemotherapy appointments as requests arrive:

he setting-up and monitoring constraints are already taken into

ccount, and appointments are started and completed according to

references. Booked appointments must start at the beginning of

he slots in the template, otherwise the setting-up and monitor-

ng constraints will be violated. However, an appointment can be

laced in a slot longer than its duration, i.e., with some idle time

t the end of the slot. 

The ready times and the priorities are available as options in

he model to facilitate the backpropagation approach. Lau, Watson,

nd Hasani (2014) point out that chemotherapy patients prefer to

ave their infusions as early during the day as possible. As a base-

ine, we may consider zero ready times with mid priorities for the

ajority of the appointments. This means that it is desirable to

ave the majority of appointments started as early in the work-

hift as possible. Hence, the oncologists, the pharmacy, and the

atients are done with infusion-related activities the sooner and

an freely plan the rest of the day for other activities. This base-

ine setting results in an average start time for the appointments.

he ready times ( r p ) and the weights ( w p ) are intended to selec-

ively shift some start times according to the oncologists’ and the

harmacy’s requirements. Thus, the patients’ average direct wait-

ng time is kept short. For example, if the deferring time of a

igh-priority appointment—for which the oncologist or the phar-

acy has less flexibility—is two timeslots, either the oncologist

nd the pharmacy should start two timeslots later than their pre-

erred time, or the patient must wait for a half-hour in between.

he due times are another type of option foreseen in the model.

 due time is used to ensure that the appointment is completed

efore a certain time. This is intended for cases where there is a

ollow-up appointment on the same day or to incorporate the pa-

ient’s time preference. If too many slots are given priority, nonzero

eady time, and less than T due time, a feasible solution cannot be

ound. Hence, it is assumed that for the majority of appointment

lots in the template, the drug preparation, oncologist visit, and lab

est steps can be scheduled based on their processing times and

he start times of the infusion slots. The three options are used for

nly few appointments when it is critical for the stakeholders. 
Minimizing the makespan is intended to complete the infusion-

elated activities of the nurses as early as possible. Moreover, hav-

ng fewer appointments running towards the end of the work-shift

s favorable because more nurses can finish the critical tasks of

atient care earlier and have more time for less critical tasks at the

nd of the shift. This can be achieved using the makespan suppres-

ion formulation. 

When determining the number of slots to place in the template

or each duration, two important aspects must be taken into ac-

ount: their numbers being proportional to the histogram and their

easibility with the given number of nurses and stations. Moreover,

or high resource utilization, it is desirable to have as many to-

al number of slots as possible in the template. A set of slots that

eets these requirements can be found by trial and error since the

odel can be solved to optimality with short computation time.

s noted at the end of Subsection 4.1 ( Table 4 ), when the number

f nurses is more than the bare minimum for a feasible solution,

he average deferring time, makespan, and workload per nurse, de-

rease. Thus, the same procedure for determining the number of

lots can be repeated assuming there are N − 1 nurses instead of

 nurses and then generating the model with all the available N

urses. The clinic can then compare these two templates to see

hether the lower utilization of the latter template justifies its

etter deferring time, makespan, and workload. 

.2. Follow-up research 

It is required that each nurse gets a break during one half-

eriod of all three breaks. This does not necessarily have to be by

qually dividing the nurses between the two half-periods. Hence,

he model can be adjusted to explore solutions where the number

f nurses working during the two half-periods of the breaks are

ot equal, e.g., when N = 12 , 7 nurses working in the first half-

eriod and 5 in the second half-period of the morning coffee break

ather than 6 nurses working during each half-period might have

 lower objective value. 

As a follow-up research, it would be interesting to develop sys-

emic decision rules for filling the template as requests arrive. The

ules have to take into account requirements for both the patients

nd the clinic, e.g., treatment efficacy in the protocol flexibility

indows and resource utilization without overtime. Uncertainties,

esides the stochastic arrival of patients with different protocols

nto the system, include late-arrivals, cancellations, and no-shows.

ountermeasures have to be devised against them to reduce direct

aiting time for the patients and overtime and idle time for the

linic. 

The human resource sharing approach of chemotherapy services

ay be applied to other types of job scheduling that have a simi-

ar station-setup-monitor setting, such as kidney dialysis, computer

ased standardized tests, and manufacturing. 
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