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A B S T R A C T

This paper addresses the relationship between lean thinking and mathematical optimization. We discuss the roles of
the two approaches, using as a reference case study the appointment scheduling process in a hematological
center of a large Italian hospital. We report on how lean tools have been deployed to improve the process, we
present a mathematical optimization model and discuss its implementation. Our aim is to show that the joint use
of lean thinking and mathematical optimization can disclose large benefits when they are properly integrated in
the improvement process. In our case study, simulated experiments point out that the average patient lead time
could be decreased by more than 30%.

1. Introduction

Lean thinking (LT) [1] is a managerial philosophy focusing on en-
hancing efficiency and reducing waste. LT provides a wide scope of
tools and methods to carry out an improvement process, including
problem framing, people commitment, goal setting, improvement ac-
tion design and implementation [2,3]. Most of these tools do not re-
quire much quantitative elaboration to be laid out. In order to start a
lean project, the main requirements include having a clear knowledge
of the system organization, the goodwill of facing the problem with a
fresh approach, pooling together the individuals’ experiences (dis-
regarding hierarchical bounds and biases), and even having the humi-
lity of acknowledging the existence of some problems when quantita-
tive data point them out [4].

Indeed, management engineers criticize the fact that when faced
with a complex, possibly blurry problem, mathematical analysts come
up with huge, complex and mysterious models in which unrealistic
assumptions on problem features and the role of the decision maker are
made [5,6]. Reading the vast literature on lean implementations and
achievements in manufacturing and service companies, one can get the
feeling that most problems can be solved with no need of devising
complex optimization models [2]. We do not agree with this view. Our
point is that LT and MO are two complementary disciplines, having
distinct goals and different approaches, but their combined approach –
along with other quantitative modeling tools, such as simulation – can

disclose huge benefits, not achievable using one approach alone.
As lean intervention typically results in a simpler, smoother and

stabler process [7], new improvement opportunities arise. After all,
“creating initial process stability” (see [8], Chapter 4) is a fundamental
starting point of any lean intervention. These opportunities can be
seized by means of a suitable MO model, allowing the manager to devise
the most appropriate quantitative decisions for driving the system to-
wards the overall goals. In this paper we devote special attention to the
latter point, i.e., how an optimization model can enable achieving
significant benefits in the context of a lean improvement process. We
illustrate our view through a case study concerning the appointment
scheduling process in the hematological ward of a large Italian hospital.

The plan of the paper is as follows. In Section 2 we first provide a
quick review of LT ideas (Section 2.1) and we briefly assess the lit-
erature on optimization models for appointment scheduling in similar
environments, i.e., hematological and chemotherapeutic centers
(Section 2.2). Then we state the purpose of the study and the research
approach we undertook (Section 3). Section 4 contains the case study.
After describing the application setting (Section 4.1), in the subsequent
sections we illustrate the reengineering process following the typical
plan-do-check-act (PDCA) paradigm. So, we subsequently focus on data
analysis and simulation (plan, Section 4.2), process reengineering,
which includes devising an optimization model (do, Sections 4.3 and
4.4), model results (check, Section 4.5) and some implementation issues
(act, Section 4.6). Finally, some conclusions are drawn in Section 5.
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2. Literature review

2.1. Lean thinking

Lean thinking can be viewed as a process management philosophy
which focuses on delivering value to the customer, eliminating waste in
all its forms. Value in a process is defined as the organization’s cap-
ability to deliver what the customer needs. Lean was originally devel-
oped in the automotive industry, namely the Toyota Production System,
and it has been divulgated in the western world in the early 1990s (a
major role having been played by a famous book by Womack et al. [1]).
LT provides a systematic view to processes, and nowadays it is applied
not only in manufacturing companies, but also in service industries,
including healthcare. LT is based on five simple principles [9]:

1 Define what is value to the customer.
2 Identify the Value Stream Map, a diagram showing how the value
flows through the process, and detect waste in all its forms.

3 Create a continuous flow. The process should flow smoothly and
without delays or interruptions.

4 Implement a pull system: the production is driven by customer
needs.

5 Pursue perfection: lean implementation is a cultural challenge and
not just a single project. It requires continuous effort and broad
application throughout the organization.

Despite its origins, Womack et al. [1] claimed that LT could be
applied to the healthcare sector as well, in view of its general principles.
Many success stories have been reported concerning both private and
public healthcare providers. Among the others, Koning et al. [10] show
that LT can help healthcare industries in improving quality and costs.
Other benefits to various stakeholders are reported by the Institute of
Healthcare Improvement [7] and by several other studies such as Fine
et al. [11] (improved patient experience, resource efficiency), Mazzo-
cato et al. [12] (improved process understanding and reliability), Ford
et al. [13] (improved clinical outcomes). Very significant examples of
lean implementations include Virginia Mason Medical Center [14] and
Theda Care [15].

However, not all researchers agree that LT is the answer to all
problems [16,17]. A criticism is that lean projects often focus on effi-
ciency and cost-effectiveness, less on patient satisfaction [18]. More-
over, the success of a lean intervention may be affected by several is-
sues, including change management and the degree of integration
among various lean interventions carried out in parallel [19]. Some
studies argue that for a LT approach to be successful, besides the correct
application of lean concepts and tools, it is necessary to implement lean
as a managerial “culture” including both operational and sociotechnical
aspects [20,21]. While one may expect that the debate on lean effec-
tiveness and its possible limits will continue, we want to focus on the
specific aspect of the integration between LT and MO, and how it may
affect the impact of an improvement process.

Operations research provides analytical methods (such as optimi-
zation and simulation models) to represent a real-life setting. Such
models are typically designed by scientists who are expert of mathe-
matical methods, but who often have little knowledge of specific real-
life problems in which their models may be applied (this is regarded by
Sodhi and Tang [5] as a weakness of some OR/MS research). On the
other hand, LT emphasizes the importance of regularly visiting the
workplace in order to have a direct acquaintance of the actual practices
(Gemba Walk [22]). So, the correct integration of LT and MO has the
potential to provide a wider view of an healthcare service. In particular,
to achieve a successful application, the challenge is to ensure an ade-
quate engagement of all stakeholders involved from the very beginning,
pursuing skill integration between mathematical analysts and health-
care professionals. In fact, the lean philosophy underlines the need to
create such a multidisciplinary team [23].

2.2. Scheduling hematological treatments

Successful applications of LT in hematology are reported in the
literature, but these typically focus on its most qualitative aspects
[24,25]. Here we want to focus on the improvement process of out-
patient appointment scheduling, a problem involving sophisticated
quantitative decisions.

Appointment scheduling is a major organizational issue in health-
care delivery, and it can be addressed at various levels. Some authors
distinguish between planning and scheduling levels, where typically the
former refers to deciding the days in which each patient should receive
treatments (under some aggregate capacity constraint), while the latter
deals with the detailed schedule of patients’ treatments in a single day
[26]. The problem we address in this paper is at the scheduling level.

As observed by Turkcan et al. [26], hematology and chemotherapy
administration has progressively shifted from the inpatient to the out-
patient setting, with consequent higher patient comfort and cost savings
for the hospital. However, this requires the use of accurate scheduling
tools, accounting for the specificity of hematological treatments. In
particular, if the ward delivers various services, as typical of hemato-
logical centers (less so in chemotherapeutic centers), different patients
may need to follow different paths throughout the center, and this can
make detailed scheduling particularly complex. Mustafee et al. [27]
advocate the use of simulation tools to actually deal with the complex
patient flows of a hematological outpatient clinic, though they claim
that if the model is too detailed, its reusability can be compromised. For
this reason, their model does not consider such details as the processing
times of each step. Santibanez et al. [28] also use simulation models to
validate the use of a dispatching rule to schedule appointments based
on their duration and variability, while Wijewickrama and Takakuwa
[29] resort to simulation to evaluate various appointment systems, and
conclude that performance can largely benefit from adjusting pre-al-
located time slots on the basis of patient individual characteristics.

On the other hand, a few studies concern the use of mathematical
programming models for appointment scheduling, as we do in this
paper. Santibanez [30] uses MILP for chemotherapy outpatient sche-
duling, considering a single treatment stage of the problem, and fo-
cusing on balancing the workload among the nurses. Liang et al. [31]
propose an ILP to schedule daily patients accounting for various re-
source constraints. They assume that the patient mix is known in ad-
vance and give appointments accordingly. Le et al. [32] devised a single
model to schedule in detail a period of various weeks, solved by a
metaheuristic, while Hesaraki et al. [33] use a MO model to create a
template for detailed infusion scheduling in a chemotherapeutic center,
using a convex combination of makespan and total flow time as ob-
jective. All the last three papers assume that each treatment consists of
single infusions, hence disregarding other steps through the ward.
Hahn-Goldberg et al. [34] consider an incremental approach in which
chemotherapy appointments are given upon request, which is close to
the setting analyzed in this paper. In the process described, on the basis
of a forecasted patient mix, an operator manually allocates time slots to
patients, and only when the operator is stuck an optimization routine is
run to reschedule the appointments which have not been agreed with
the patients. This is also similar to our model, however again the
complexity of individual patient treatments is not taken into con-
sideration. Finally, Lamé et al. [35] thoroughly review existing ap-
proaches to chemotherapy scheduling models, focusing on the lack of
models addressing the coordination between administration center and
pharmacy, an increasingly important issue.

3. Methods

The purpose of this study is to demonstrate the possibilities of
process improvement using a combination of LT and MO. Such a pur-
pose can be also expressed as an empirical contribution to the in-
vestigation of the concept of multimethodology (see Mingers and
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Brocklesby [36]), i.e., the combination of different methodologies,
possibly from different paradigms, to address real-world challenges.
Defining a methodology as “a structured set of guidelines or activities to
assist people in undertaking research or intervention”, we can view LT
as a methodology (for problem framing and solving), while MO is
usually viewed as a technique, i.e., again referring to the terminology in
[36], a specific activity serving a purpose in the context of a metho-
dology – in this case, the methodology is LT and the purpose is the
optimization of the redesigned process. Hence, the combination of LT
and MO is eligible for attaining the potential connected with a multi-
methodological endeavour, i.e., to “deal comprehensively with a par-
ticular intervention” better than what might be attained by LT or MO
separately. Moreover, in our study we also make use of simulation
modeling, as a technique which serves validation purposes. While simu-
lation has already been (successfully) integrated in lean healthcare
contexts [37,38], less evidence exists in the literature of a similar op-
eration involving MO. However, with reference to the matrix for mul-
timethodology design introduced in [36], one may expect that potential
exists, as MO especially focuses on assessment and action in the material
domain, while LT is a broad methodology permeating also social and
personal “worlds”. In fact, LT is often perceived as a methodology for
addressing a wide spectrum of activities [12], ranging from problem
appreciation to final action. (Incidentally, though the two cycles are not
perfectly overlapping, one may argue that there is a close relationship
between the appreciation-analysis-assessment-action activity classifica-
tion in [36] and the plan-do-check-act cycle).

The logic development of the remainder of the paper can be out-
lined as follows.

1. After describing the specific problem at hand, we illustrate the im-
provement process in terms of the plan-do-check-act cycle, empha-
sizing the application of various lean concepts or techniques such as
multidisciplinary brainstorming sessions, value stream mapping,
streamlining patient journeys, use of simulation, root-cause analysis,
pull system implementation.

2. We refer to the above scheme to specify the point of the process
where mathematical optimization enters the picture (namely, within
the do phase) and its role. We discuss the conditions under which
one can expect the mathematical model to be profitable, namely
only after the process has been redesigned to remove causes of waste
(such as congestion or variability).

3. Once the whole improvement process has been defined, we focus on
system performance, i.e., discuss the impact of process re-
engineering on the main KPIs of the system (check phase).

A specific collaboration between the hospital and the University of
Siena has been activated for this project. More specifically, the hospital
participated through its lean group (regarded by some researchers as
mandatory for the development of a lean project in healthcare [39]).
The lean group has been set up to support improvement projects, and it
is formed by 6 full-time personnel units having different backgrounds
and skills, namely management engineers, physicians and nurses. In the
project, the lean group provided specific expertise on the process and
the organizational issues, while the University mainly contributed to
design and development of the mathematical models and tools.

We view the project as an example of action research [40]. In fact,
on the one hand we focused on solving a specific problem (improving
patient flow in a chemotherapeutic center), and on the other hand we
wanted to evaluate the benefits accruing from the integration between
LT and MO, as detailed in Section 5, in order to produce evidence that
such a combined approach should be pursued in other similar situa-
tions. In fact, the size of the ward and the problems encountered are
typical of many medium-size hospitals and hence potentially interesting
to researchers and to a large number of operators.

4. Case study and results

4.1. The ward and the problem

In this study we consider an improvement process for the hema-
tology ward of the Policlinico Santa Maria alle Scotte of Siena. The
hematology ward deals with the diagnosis and treatment of blood dis-
eases, mainly neoplasms. The average number of yearly admissions is
around 10000, for various treatments. The ward operates every day
except holidays from 8 a.m. to 3 p.m.

A field survey (administered to 165 patients in 2017, see below)
prompted the hospital management to take action to improve patient
satisfaction. In fact, top management sponsorship is often a funda-
mental factor for lean success [41]. The field survey pointed out that
the most critical aspects perceived by patients were environmental
comfort and long waiting times, particularly fit for being addressed by a
lean approach [12]. We especially focused on the latter issue, aiming at
reducing waiting times through a review of appointment scheduling
procedures. One should notice however that also environmental com-
fort would expectedly benefit from shorter patient lead times. In par-
ticular, a crowded waiting room forces the front-desk staff to make
frequent on-the-spot patient scheduling decisions. The need for such
stressful decisions decreases if patient lead times are shortened.

A maximum number of patients per day is specified for each pos-
sible therapy type, based on past experience and the rough-cut produc-
tion capacity of the ward. Considering that overbooking is allowed, the
number of daily booked patients could occasionally reach 50. Table 1
reports the 7 therapy types and how many patients were admitted for
each type. Once a patient is admitted, he/she undergoes a sequence of
steps or activities, depending on the patient’s specific medical needs.
Patient admissions are concentrated in two blocks, at 8 a.m. and
11 a.m.. Since appointments are given only on the basis of therapy
types, no difference is made between first-time visits and returning
visits, even though different resources are required in the two cases.
Since April 2017, the appointment scheduling procedure has been
supported by a computerized system. This has brought many benefits,
such as better data storage, but the therapy type-based organization of
the process has remained unchanged.

4.2. Process analysis (plan)

The first phase of the overall improvement process is the plan phase
of the PDCA cycle, starting with a quantitative analysis of the current
process. Hence, after problem assessment, a phase of data collection
followed.

4.2.1. Data collection
The lean group started by monitoring the process and collecting

relevant data by direct observation, with the active collaboration of the
healthcare professionals of the ward. In view of the relatively small
seasonal variability of the number of patients treated, one month of
data collection was deemed sufficient to have a representative sample
of data.

Table 1
Therapy types and maximum daily admissions. BMB stands for bone
marrow biopsy.

Therapy types Daily admissions

A) Blood sampling and visit 15
B) BMB 3
C) Transfusion 3
D) Monoclonal antibodies 4
E) Intravenous chemotherapy 8
F) Subcutaneous chemotherapy 9
G) Inpatients 5
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The following types of data were collected.

• Duration of the activities of the ward. While the duration of infusions
depends on the specific therapy of the individual patient, the
duration of all other activities does not depend on the specific pa-
tient. Standard statistical analysis showed that the durations of most
activities are accurately expressed through triangular distributions,
as typical of many situations in which the number of samples is
relatively limited [42]. The results are summarized in Table 2. The
values reported also include a switching time between one patient
and the next.

• Number of patients for each therapy type. In the current situation, a
maximum number of patients for each therapy type is admitted, as
shown in Table 1.

• Duration of infusive therapies. For the patients undergoing infusion
therapies, the length of stay in the infusion room depends on the
individual therapeutic protocol. The infusion time is known at the
time of appointment booking, and it is highly deterministic. In the
sample day, such durations range from a minimum of 15 to a
maximum of 195 min.

• Resources. The staff is spread throughout the ward. At patient re-
ception there are 2 nurses until 9:15, and then only one. Blood
sampling and subcutaneous therapies are carried out by one nurse
for the whole day. There are three physicians for visits and bone
marrow biopsy (BMB), but no more than one biopsy can be carried
out at a given moment. In the infusion room there are 2 nurses until
9:15 a.m. and 3 nurses afterwards. Patients are accommodated on
seven armchairs and one bed. The latter is reserved for patients
undergoing monoclonal antibody therapy for the first time, but if
there are no such patients, the bed is used for other patients.

As we mentioned in Section 4.1, the field survey showed that pa-
tients put significant value in having short lead times. Data collection
pointed out that, besides being large on the average, patient waiting
times were also highly variable. From the viewpoint of the patients’
experience, unpredictable and long lead times are obviously annoying
and stressful, and determine general confusion in patients’ and per-
sonnel flows, as well as resource over- and under-utilization. Long and
variable waiting times are among the most common causes of waste in
healthcare settings [3,43].

4.2.2. Therapy types vs. paths
As we already observed, one problem with the organization based

on therapy types is that even patients requiring the same therapy type
may load the system resources in a different way. This aspect had to be
appropriately assessed in order to design a realistic simulation of the
system. Hence, a fundamental phase was to figure out the set of paths
followed by the patients through the ward. All possible treatment se-
quences required by the patients were carefully tracked down and it
was possible to recognize seven distinct paths, each defined by a (fixed)
sequence of activities for each patient (Table 3). For each path, a value
stream map has been drawn to assess the process and share knowledge
of the problems between the lean group and the healthcare profes-
sionals of the ward. Fig. 1 depicts the VSM of path 1 (blood sampling and

visit), in which the range of observed waiting times is reported. Notice
that there is a correspondence between groups of therapy types and
groups of paths, not a one-to-one correspondence between types and
paths.

The patients admitted in a sample day were mapped onto paths,
obtaining the path mix indicated in Table 4.

4.2.3. As-is system simulation
After collecting all the data, a simulation model of the ward was

built using discrete-event simulation software (ARENA). The time
horizon on which the simulation is based is 7 h, i.e., the daytime ac-
tivity of the ward. Arrivals are assumed to be concentrated at ap-
pointment times for each therapy type, which is a fairly accurate as-
sumption. Each run simulates the 49 patients of the path mix in Table 4.
Runs differ from each other in the duration of the various activities.

For our purposes, the most significant performance indicators are
the patients lead time, value-added time (VA time) and percentage of
waiting time over the entire lead time. Table 5 reports the average
values of such figures (minutes) over 100 simulation runs. The table
also reports the average value (over 100 runs) of the maximum lead
time experienced by a patient, showing indeed a significant variability.

The results show that patients spend a lot of time waiting. For ex-
ample, for path 1 (blood sampling and medical visit), an average of
218.52-125.68 = 92.84 min are spent in queue, and 156.67 min for
path 5 (patients undergoing subcutaneous therapy for the first time).
These values are coherent with the empirical observations carried out
during the data collection phase.

4.3. Process reengineering (do)

Following the PDCA cycle, once the problem has been assessed and
figured out, the lean group started investigating possible causes. To this
aim, Root Cause Analysis (RCA) was used. Applying RCA is often an
important part of an improvement project. In our study, the RCA
method known as 5 Whys was employed. It helps determining the
cause-effect relationships in a problem and can be used whenever the
real cause of a problem or situation is not apparent. The 5 Whys method
mainly consists of repeatedly (up to five levels) questioning the causes
of the observed events, in order to get to the root of the problem. This
brainstorming process entails first eliciting various sensible answers to
the root question, and then to questions successively generated, so that
a tree of answers and questions is generated, the leaves of which are
then debated and discussed throughout the group. In the end, only the

Table 2
Processing time distributions of various activities (except in-
fusions).

Activity Distribution

Admission TRIA(3,11,13)
Blood sampling TRIA(1,4,8)
After-sampling wait CONST(90)
Visit TRIA(3, 20, 40)
BMB TRIA(3, 19, 35)
Subcutaneous TRIA(2, 10, 27)

Table 3
Therapy types and paths.

Therapy types Paths

A) Blood sampling and visit 1. Blood sampling and visit path:
admission → blood sampling → visit

B) BMB 2. BMB path:
admission → blood sampling → BMB

C) Transfusion 3. First-time infusions path:
D) Monoclonal antibodies admission → blood sampling → visit →

infusion
E) Intravenous chemotherapy 4. Returning infusion path: infusion (rarely also

→ visit)

F) Subcutaneous chemotherapy 5. First-time subcutaneous path:
admission → blood sampling → visit
→ subcutaneous therapy
6. Returning subcutaneous path: admission
→ subcutaneous therapy

G) Inpatients 7. Inpatient path: visit → admission → blood
sampling (rarely also → BMB)
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most likely systemic cause is selected [44]. As typical of the application
of this technique, all members of the lean group contributed to the
process. In our case, the outcome of the process was the following chain
of questions and answers.

• Q: “Why do patients wait so much?”
A: “Because resources are not sufficient to let the patients go
through”

• Q: “Why are resources all occupied?”
A: “Because no careful treatment planning has been done”

• Q: “Why don’t we plan individual treatments?”
A: “Because patient arrival times cannot be predicted.”

• Q: “Why is it so?”
A: “Because patient arrivals are concentrated in two time blocks
(8 a.m. and 11 a.m.), with no individual appointment.”

In conclusion, the analysis revealed that in order to decrease pa-
tients’ waiting time, it is necessary to have a precise plan of the daily
treatments, for which a suitable information system can be very useful.
To this aim, the access discipline of the patients should be radically
changed. More precisely, the current appointment process proceeds in a
push fashion, as follows.

(i) A patient calls the ward, communicating the treatment requested
for a certain day;

(ii) The operator communicates the time block in which patients re-
quiring the treatment should arrive;

(iii) Patients show up during the time block, and are admitted in order
of arrival.

For a detailed plan to be worked out, the appointment scheduling
process has to be reviewed. Defining countermeasures is the core of the
do phase in the PDCA cycle, and required a major effort on the lean
team. In accordance with lean principles, in order to avoid congestion
and make resource utilization smoother over time, the group proposed
to change the appointment scheduling policy from push to pull. In our
case this can be attained by means of two distinct, yet complementary
actions:

(i) Instead of assigning patients to one of two time blocks, each patient
is given an individual appointment. In this way, patient arrivals can
be spread across opening hours.

(ii) Action (i) is not enough to guarantee a smooth flow, since one
might continue giving individual appointments until capacity is
congested. The key issue is to account for the individual requirements
of each patient, in order to anticipate the impact on ward capacity,
and determine the appointment accordingly. To this aim the path
(not just the therapy type) of the patient through the ward should
be considered, as well as the expected resource load situation when
the patient enters the ward. Note that such load situation depends
on all previously scheduled patients (on that day).

The aim of the two above actions is to have a smoother patient flow
and shorter in-process waiting times. After careful consideration, it was
therefore decided that patients be grouped based on their therapy path
rather than their therapy type.

For people who often address theoretical planning and scheduling
problems, the idea of assigning an individual appointment to each pa-
tient appears highly reasonable, if not trivial. However, this is a good
example of gap between theory and practice which is often overlooked.
Taking this simple step is perhaps the most demanding aspect of the
whole reengineering process. In fact, treatments are booked (by pa-
tients or physicians) over time, i.e., requests do not arrive in batches.
Implementing individual appointments – whatever the criterion used to
determine such appointments – brings about a major change for both
clinical staff and patients. The staff will have to deploy the IT infra-
structure to manage personalized appointments, while the patients
must get accustomed to the new discipline (see the discussion at the end
of Section 4.4.2).

The introduction of individual appointments is the main process
innovation proposal resulting from the analysis carried out. Only after

Fig. 1. VSM of the path Blood sampling and visit.

Table 4
Path mix in the sample day.

Path No. of patients

1) Blood sampling and visit 16
2) BMB 3
3) First-time infusion 4
4) Returning infusion 12
5) First-time subcutaneous 3
6) Returning subcutaneous 6
7) Inpatients 5

Table 5
As-is simulation results. All figures are an average over 100 simulation runs. All
times are expressed in minutes.

Path VA time Total lead time Wait(%) Total lead time
(average) (average) (average) (maximum)

1 125.68 218.52 42.49% 304.14
2 122.49 138.15 11.34% 151.62
3 154.3 225.98 31.72% 311.08
4 93.75 102.14 8.21% 198.75
5 138.74 295.42 53.03% 352.39
6 22.04 92.59 76.19% 120.8
7 43.48 93.05 53.27% 129.43
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this issue is accepted, the problem arises of operating the system in the
best way. Here is where MO enters the picture. In fact, after a set of pa-
tients has already been scheduled in a given day, a method has to be
devised for deciding the appointment time of the next patient re-
questing a treatment. We want to do this so that patient flow is as
smooth as possible. Hence, we do not want to overload existing re-
sources at the expense of the patients’ waiting times, but rather perform
the optimization using a patient’s viewpoint. MO makes it possible to
translate such a design goal into a precise scheduling objective.

Obviously, it would be possible to resort to very simple heuristic
strategies, such as sequentially assigning the resources to the patients
requiring them, according to their particular paths and to the workload
of the resource that derives from previous appointments. However, as
operations research analysts know very well, simple heuristic rules may
not optimally exploit the information available on the current patient
and on patients already scheduled, and eventually may result in poor
solutions. For this reason, an optimization model has been devised to be
run at every patient call, according to the following specifications.

• The model computes a schedule for the new patient, accounting for
already scheduled patients.

• Appointment times of previous patients have been already com-
municated to previous patients and hence are kept fixed, but the
internal schedule of a previous patient may be changed to better
accommodate the new patient.

• The model schedules the new patient so that the overall stay in the
ward of all patients is minimized.

• Once the model is run, the resulting admission time of the new
patient is assigned as appointment time to him/her.

• The method must be efficient enough to compute and communicate
the appointment to the patient in real time.

4.4. The optimization model

In this section we describe the mathematical model used every time
a new patient requests a treatment. Our optimization model is de-
terministic, and average activity durations are used for this purpose.
This means that a suitable validation of the optimization results will
have to be carried out (in the check phase, Section 4.5).

From a scheduling viewpoint, the problem can be viewed as a
flexible job shop [45], i.e., a job shop in which patients correspond to
jobs and activities to stages. Each stage has a certain capacity, i.e., the
maximum number of patients that can undergo the same activity at the
same time. The values reported in Table 6 derive from resource lim-
itations and were assessed during the data collection phase
(Section 4.2.1). More precisely, they correspond to the number of op-
erators devoted to a group of activities, except for the infusion stage, in
which the limit is given by the number of armchairs (eight). In fact, in
such a stage the three nurses are only involved during patient setup and
release, so we disregarded this detail (which would have considerably

complicated the model), but we explicitly model this aspect in the si-
mulations. Also, the fact that certain stages (such as blood sampling and
subcutaneous therapy) share the same operator(s) can be easily in-
troduced in the model. The latter issue makes the application of stan-
dard solution approaches for flexible job shop problems problematic,
and an ad-hoc optimization model was devised.

Taking advantage of the fact that the planning horizon is relatively
limited (7 h), we devised a time-indexed formulation, as this type of
formulations often proves very efficient in solving complex scheduling
problems [46]. Moreover, these formulations allow the decision maker
to trade modeling accuracy for computational efficiency, as discussed in
the next section.

4.4.1. Model formulation
The technical elements of the optimization model can be summar-

ized as follows.

• There are seven different activities (stages), called real, plus two
fictitious activities (having zero processing time), needed to model
patient entry and exit (Table 3):
1. Patient entry
2. Admission
3. Blood sampling
4. Post-blood sampling waiting
5. Medical visit
6. BMB
7. Infusion
8. Subcutaneous therapy
9. Patient exit

• In the optimization model, the time is discretized in time slots, and
each treatment is supposed to last an integer number of slots. A key
modeling issue is to define how long should a time slot be. One has
to find a tradeoff between the maximization of model significance
(which would lead to small time slots) and the minimization of
computational complexity (for which fewer variables and hence
long time slots would be preferable). After some preliminary ex-
periments, it was decided to adopt the shortest time slot length still
compatible with the strict response requirements posed by real-time
utilization of the model. Such a length was set to 5 min. This would
lead to having a time horizon of 84 slots (equivalent to
420 min = 7 h), in which the paths of all patients must be included.
However, in order to accommodate possible random delays, it has
been decided to plan for 80 time slots instead of 84, thus keeping a
planned 20-min buffer at the end of the day. Moreover, average
activity durations were rounded up to the next integer number of
slots, which is a further protection against unexpected delays. These
choices should significantly decrease the chance that any patient
leaves the system after 3 p.m..

• Activity durations and production capacity. For each activity,
Table 6 shows the length (number of slots) and the maximum
number of patients who can simultaneously perform the treatment.

The model determines the time interval in which each activity must
be scheduled, for the current as well as all previous patients, provided
that the entry time of the previous patients is kept fixed. The objective
of the model is the minimization of the total amount of time spent by
patients in the ward (total lead time).

The constraints must correctly represent the operations of the ward.
In our case they can be summarized as follows.

• Constraints on activity duration. As each activity is assumed to have
known, deterministic duration, we must enforce that each activity
be completely carried out.

• Precedence constraints. The path of each patient is known and the
corresponding activities must be performed in the required order.

• Capacity constraints. Each activity or set of activities cannot be

Table 6
Data for the case study. * Admission capacity is 2 only until 9 a.m., then 1. ⁎⁎

Blood sampling and subcutaneous therapy share a single operator. ⁎⁎⁎ Medical
visit and BMB share three operators.

Activity Duration Capacity

1. Patient entry 0 50
2. Admission 2 2*
3. Blood sampling 1 1⁎⁎

4. Post-sampling wait 18 50
5. Medical visit 4 3⁎⁎⁎

6. BMB 4 3⁎⁎⁎

7. Infusion Patient-specific 8
8. Subcutaneous therapy 2 1⁎⁎

9. Exit – –
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provided simultaneously to a number of patients larger than the
value indicated in Table 6.

• Constraints on previously scheduled patients. The appointment times of
the previous patients have been already communicated and there-
fore cannot be modified, so these are fixed and known in the model.
Note that, if this allows a better schedule for the current patient, the
schedule of the intermediate activities of previous patients may still
be changed.

In the mathematical formulation of the problem, we let N denote the
set of patients scheduled so far, and n the current patient. We use in-
dices t, i, k for time slots, patients and activities respectively. There are
80 time slots, and �i denotes the path of patient i, with σi(k) denoting
the activity following k in �i. In this model, =x 1tik if patient i is un-
dergoing activity k in time slot t, =s 1tik if t is the first time slot in which
activity k of patient i takes place, while =f 1tik if t is the last time slot in
which activity k of patient i is performed. Since the appointment time of
the previous patients is fixed, the values sti1 for all i≠ n are known
(denoted by s̃ti1). The duration of activity k for patient i is denoted by
dik. (Except for infusions, such duration is patient-independent.) The
continuous variable wi equals the lead time of patient i. The first and the
last activity of all paths are the fictitious entry and exit respectively,
such that = =d d 0i i1 9 for all i. The lead time of patient i is given by the
difference between the start times of activities 9 and 1. The objective is
to minimize the total lead time, which is equivalent to minimizing non-
value-added time.

∑
=
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i
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i
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=
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80
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Constraints in the optimization model have the following meaning.

(2) each activity must be carried out in a number of time slots equal
to its duration.
(3,4) each activity starts and ends exactly once
(5,6) entry and exit are fictitious activities having zero duration
(7)–(13) these constraints account for the limited capacities of
various stages
(14) blood transfusions must take place after 12:00 p.m. (from time
slot 49 onwards)
(15) the first real activity must start after the patient entered the
ward
(16) a real activity (k>1) cannot start before the previous activity
on the path is completed
(17,18) define the starting slot of each activity
(19) defines the ending slot of each activity
(20) defines the lead time of each patient
(21) these constraints keep the appointment times of the previous
patients fixed. Of course, when the first patient is scheduled, these
constraints are omitted.

Notice that constraints (17)–(19), together with (3) and (4), enforce
nonpreemption.

4.4.2. Model implementation and solution
The model was run on a 3.2 GHz Intel Core i3 processor with 4GB of

RAM, using OPL Studio 6.1 and the ILOG IBM CPLEX 12.2 MILP solver.
The optimal solution of a single instance of the model was found in few
seconds, a time compatible with the practical use of the model.

In order to validate the method described above, the appointment
protocol has been executed on the same data used in the as-is simulation
described in Section 4.2.3. The experiment consists in randomly or-
dering the patients in the daily list, and scheduling them one at a time,
each time solving an instance of (1)–(21). Obviously, as the number of
already scheduled patients grows, the model becomes larger and the
CPU time increases accordingly. However, even in the largest instances
no more than one minute of CPU time was needed to solve the problem.

From a qualitative viewpoint, the newly computed appointments
are completely different from the batch-like appointment policy cur-
rently adopted in the ward, and patient waiting times are drastically
decreased. However, the model may not accommodate all the patients
within the 80-slot time horizon. For example, when it was the turn of
patient #31 (path 1) and patient #49 (path 4), the solver was not able
to find a feasible solution, so these two patients remained unscheduled.
This suggests that 49 patients may not be accommodated with the
current resource allocation. This issue is further analyzed in the check
phase (Section 4.5).

We point out that the model is flexible, i.e., it can easily accom-
modate changes in the data. For instance, even if all activities (except
infusions) are assumed to have patient-independent durations, custo-
mized values can be used in (2) to account for patients with special
needs, hence requiring an expectedly longer medical visit. As another
example, the model can be used to perform tactical analysis, allowing to
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assess the effect (on total lead time) of deploying one more unit of
personnel for a certain activity. This can be done simply by changing
the corresponding right-hand side in one of the constraints (7)–(13).
Also, if the ILP solver cannot feasibly schedule the current patient, but it
is an urgent case, one can simply unfix certain entry times in (21), thus
allowing the model to change some previously scheduled appointment
(this of course creates some additional burden to the operator). Finally,
notice that the model can be applied to any patient mix.

While the use of the optimization model is certainly appealing, since
it is conceived to minimize total lead time, one must nonetheless be
aware of the model limits and approximations.

One limit of the model is that processing times are considered de-
terministic, while this may not be the case. In this respect, it is im-
portant to recall that activity durations have been somewhat over-
estimated, but of course uncertainties and disruptions (adverse events,
unforecasted delays...) may always occur. The way such unexpected
events are handled is not addressed here, since the purpose of the model
is only to provide a feasible appointment plan.

Finally, as observed by Peek [47], successful interventions may re-
quire behavioral changes to patients, not only to providers. In our case
study, the model assumes that each patient punctually shows up at the
appointment time. While it may seem reasonable to assume that if a
patient is given an appointment for a certain time, he/she will show up
exactly at that time, this is not so obvious in practice. Indeed, patients
will tend to show up early, for various reasons, such as habits, a con-
servative attitude (i.e., to decrease the risk of being late), or the belief
that showing up early will anyhow accelerate the whole process. These
aspects are especially true in a phase of transition from the old to the
new management model, though their effect should tend to disappear
over the medium term.

4.5. To-be simulation (check)

According to the PDCA cycle, at this point of the process a check on
the feasibility of the new appointment procedure must be done. In fact,
we still must produce evidence that the results anticipated by the
mathematical model can indeed be achieved. Given a full-day solution
of the optimization model, we therefore setup a new simulation (to-be),
in which patients are supposed to show up at the appointment times
computed by the optimization model. First of all, from the same sample
day used in the as-is simulation, we considered five different patient
booking permutations and hence as many appointment plans generated
by solving the mathematical model. For each of such five scenarios, the
whole day was simulated 20 times. A synthesis of the final results has
been obtained computing the average figures resulting from all 100
simulation runs, and were compared with the results of the as-is si-
mulation.

Table 7 shows the new simulation results. Average patient lead
times are drastically reduced for all patients. In absolute terms, the
longest waits (almost 10 min on the average) concern patients who get
a subcutaneous therapy for the first time (path 5). However, such a
waiting time has been decreased by approximately 94%, and it makes

up only 4.32% of the lead time. Of course, the main reason for such
prospective improvement is the shift from a push- to a pull-type patient
flow management strategy, getting closer to the lean objective of at-
taining the so-called one-piece flow (i.e., a flow in which no queues build
up between one activity and the next). This is significantly different
from the typical batch-and-queue logic of most healthcare processes,
according to which it is often chosen to gather more patients at the
same time for established organizational practices. Another con-
sequence of this logic shift is that lead times are much less variable.
While these benefits are mainly due to process streamlining, we observe
that MO allows a careful planning of the infusion room, since in prin-
ciple armchairs are always available by the time a patient requires one
of them, and all flow management-related queues are drastically re-
duced.

However, simulation also highlights the other side of the coin. Out
of 100 to-be simulation runs, an average of 6 patients are not able to
complete their treatments within 3 p.m.. This is not surprising, since of
course streamlining patients’ paths may entail some resource idle time.
Moreover, the optimization model schedules some patients so that they
end their stay in the ward exactly in the final slot (i.e., at 2.40 p.m.),
hence some accumulated random variability in the processing times of
the last activities may easily determine that the time horizon is ex-
ceeded. Indeed, we may expect that such situations actually occur. In
one of the 100 simulation runs, as many as 9 patients could not com-
plete the entire path by 3 p.m.. This information can help the managers
to correctly size the service, suggesting that in order to ensure com-
pletion of 49 treatments within the same day without congestion or
without employing additional resources, working hours should be ex-
tended.

4.6. Towards implementation (act)

In this study we wanted to synthetically present the integration
between LT and MO in the reengineering of an healthcare process,
namely appointment scheduling in a hematological ward of a large
Italian hospital. Our case study pointed out the benefits of an appro-
priate use of the two approaches, namely LT for structural process re-
engineering (shifting from a push strategy for patients’ management to
a pull strategy for appointments management) and MO to fully exploit
the potential of the new process (using optimization software to de-
termine the optimal arrival time for each patient requesting an ap-
pointment).

At this point, the implementation phase (act) will close the PDCA
cycle. This phase itself requires careful planning since changes will
concern not only the patients but also staff and management. It has
been observed [48] (in a manufacturing environment, but the concept
applies to health services as well) that the reason why certain lean
improvement projects fail is related to the lack of knowledge on which
changes the management should commit to. In our case, the fact that
the arrival of patients is homogeneously distributed throughout the day
will imply that the ward has to be always prepared to supply any kind
of treatment throughout the opening hours. So, it is mandatory that the
management supports these changes in the internal organization of the
ward, which in the end should lead to smoother personnel workload
over time and lower risk of congestion and related stressful situations
(waste reduction). Moreover, as noted in Section 4.4.2, the flexibility of
the model (with respect to various issues including ward capacity and
patient mix) should help sustaining the improvements over time.

Organizational issues also involve practical tasks. In fact, to make
the whole procedure fully operational, it will be necessary to create a
computer interface enabling any operator (e.g. nurse) to run the ap-
pointment procedure. In order to fix an appointment, the operator
should simply specify the patient’s path (including detailed information
on infusion time) on the interface, run the software and communicate
the appointment time to the patient. The transition towards the pull
appointment planning procedure is expected to be completed by mid

Table 7
To-be simulation results. All times are expressed in minutes.

Path Lead time Wait time (% on lead time) Lead time
(average) (average) (maximum)

to-be as-is to-be as-is to-be as-is

1 133.5 218.52 7.82 (5.18%) 92.84 (42.49%) 150.72 304.14
2 127.29 138.15 4.71 (3.7%) 15.66 (11.34%) 146.47 151.62
3 162.83 225.98 8.53 (3.57%) 71.68 (31.72%) 188.83 311.08
4 93.88 102.14 0.13 (0.13%) 8.39 (8.21%) 167.05 198.75
5 148.6 295.42 9.86 (4.32%) 156.67 (53.03%) 169.15 352.39
6 29.9 92.59 7.05 (24.06%) 70.55 (76.19%) 35.15 120.8
7 51.4 93.05 7.92(17.27%) 49.57 (53.27%) 58.15 129.43
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2019. In this phase, new difficulties or overlooked problems may arise,
as it is typical of process change implementations. Adjusting to new
processes requires some adaptation to both the staff and the patients.
However, a knowledgeable use of both LT and MO tools and techniques
can help pointing out the right direction and how get the best from it.

5. Conclusions

In conclusion, we summarize here a few considerations suggested by
our experience. We draw them on the basis of our single case study, for
which, as explained in Section 4.6, implementation is under way. So,
rather than stating general principles, we want to underline the aspects,
particularly related to the integration of LT and MO, that we believe are
likely to occur also in other situations when LT and MO are jointly used.

• Streamlining the process makes it possible to optimize some KPIs. In the
current situation, the chaotic and random nature of the appoint-
ments does not allow any detailed scheduling of the sessions, since it
would not be possible to predict which patients are present at dif-
ferent times. Moving from a push to a pull system may enable
planning treatments for each patient individually. In turn, this paves
the way for a careful scheduling of the appointments, which has the
potential for achieving very significant improvements in overall
patient lead time (Table 7). Savings are different for different paths,
the average decrease in patient lead time over all patients being
34.8% (computed accounting for the number of patients for each
path given in Table 1).
A relevant side-product of the application of a formal scheduling
model is the possibility of representing the evolution of the system
also through simple visual instruments (e.g. Gantt diagrams), which
is extremely valuable for communication and transparency pur-
poses.

• Planning tools can be used to address both operational and tactical is-
sues. We showed how the optimization model can be used to address
an operational issue, namely scheduling individual patients.
However, also tactical issues (according to Hulshof et al. [49]) can
be addressed. In particular, the joint use of LT and MO tools showed
the possibility of crashing lead times without requiring additional re-
sources, at the price of a certain decrease in throughput. If such a
decreased throughput is deemed unacceptable, the optimization and
simulation models developed can help the managers evaluate the
impact of tactical decisions on the throughput of the ward. For in-
stance, if overtime is considered, one simply needs to increase the
number of time slots (currently 80) in the model. Similarly, the ef-
fect of allocating additional resources to an activity can be evaluated
adjusting the right hand side of the corresponding constraint(s) in
the optimization model, and the corresponding resource parameter
in the simulation model.

• Improving the process brings benefit to multiple stakeholders. As already
observed in Section 4.1, besides improving patient’s experience, the
minimization of patient lead times positively affects staff working
conditions as well, since individual appointments result in a less
crowded waiting room. This eliminates the need for making sche-
duling decisions on the spot (as long as unforeseen events do not
occur). This is in accordance with various other experiences re-
ported in the literature, such as [14,50].

As a challenging topic for future research, we view a deeper and
more systematic analysis of such the relationship between LT and MO,
using the tools of multimethodology, e.g. to better investigate the
specific techniques which can be “detached” from a methodology and
fruitfully employed in conjunction with another.
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