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ABSTRACT

An incisional hernia (IH) is a ventral hernia that develops after surgical trauma to the abdominal wall, a
laparotomy. IH repair is a common surgery that can generate chronic pain, decreased quality of life, and
significant healthcare costs caused by hospital readmissions. The goal of this study is to analyze the clinical
pathway of patients having an IH using a medico-administrative database. After a preliminary statistical
analysis, a process mining approach is proposed to extract the most significant pathways from the database.
The resulting causal net is converted into a statechart model that can be simulated. The model is used to
understand times of occurrence of complications and associated costs. It enables the simulation of what-if
scenarios to propose an improved care pathway for patients who are the most exposed, using in particular
prophylactic mesh at the time of abdominal wall closure during a laparotomy on hospitalization costs and
readmissions.

1 INTRODUCTION

The objective of process mining is to use event data to extract process-related information, e.g., to
automatically discover a process model by observing events recorded by some enterprise system (Aalst
2011). Two systematic reviews related to process mining were published recently (Maita et al. 2018;
Gurgen Erdogan and Tarhan 2018). 705 papers related to process mining published between 2005 and
2014 were gathered in (Maita et al. 2018). For applied studies mentioning the specific application domain,
“Medicine and Healthcare” is the second most studied area, and “clinical analysis pathway” is the third type
of data sources used for case studies or experiments. A similar analysis was proposed in Gurgen Erdogan
and Tarhan 2018 on healthcare studies. 172 papers from 2005 to 2017 have been selected. Process discovery
is the most used approach when applying process mining to healthcare, meaning practitioners need more
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knowledge about clinical pathways. It is considered as the most important activity of process mining
applied on healthcare. However, there are more studies about “Healthcare process” (93) than “Clinical
pathway” (59) meaning organizational problems are still more studied.

Process mining can be combined with discrete optimization (Prodel et al. 2015) and Monte-Carlo
simulation (Augusto et al. 2016) to evaluate the performances of new health policies or strategies. In Prodel
et al. 2018, a mathematical formulation of the problem has been presented, along with a Tabu Search
optimization process to mine the best process model. To reduce the computational time for large-scale
data sets, a Monte Carlo sampling method is used. The ICD-10 codes (International Classification of
Diseases, 10th revision) has been used for node labeling. In our paper we use a similar approach to mine
clinical processes. In Augusto et al. 2016 Monte-Carlo simulation has been used to estimate the impact of
new policies regarding medical implants reimbursement. However evaluation and comparison of different
clinical pathways with new surgical practices has not been studied.

A case study using both process mining and simulation in health-care is also proposed in Zhou et al.
2014. They used the fuzzy miner algorithm for process discovery (Günther and van der Aalst 2007). They
specifically studied the pathway of patients during a single hospital stay, starting from the admission to the
release. In our paper, we focus on a macroscopic clinical pathway which can last several years from the
first hospital stay to the most recent one.

2 CASE STUDY AND SCIENTIFIC CONTRIBUTIONS

2.1 Case study

A hernia is a protrusion of tissue or part of an organ through bone, muscular tissue or membrane. More
precisely, an incisional hernia (IH) is a ventral hernia that develops after surgical trauma to the abdominal
wall, including recurrences after repair of primary ventral hernias. IH repair is a common surgery that can
generate chronic pain, decreased quality of life, and significant healthcare costs caused by readmissions.
The laparotomy surgeries that may lead to IH are mainly colorectal surgeries, bariatric surgeries, abdominal
aortic aneurysm and gynecoligic surgeries. Comorbidities like diabetes, obesity, hypertension and Chronic
Obstructive Pulmonary Disease (COPD) have been identified as main risk factors.

Among patients having a laparotomy, 10% to 25% will develop an incisional hernia (Deerenberg 2017).
The ratio can be even higher, depending on the type of surgery, risk factors, suture material and surgical
technique. The reported incidence is determined by several factors: (i) patient population, (ii) type of
abdominal wall incision, (iii) length of follow-up, and (iv) method of IH diagnosis (Muysoms et al. 2015).
For example, a midline incision due to an abdominal cancer operation is strongly associated with hernia
formation, IH occurred for 41% of patients (Baucom et al. 2016).

However even small incisions due to a laparoscopic surgery can generate IH. The incidence of IH
after midline and off-midline incisions in patients undergoing laparoscopic colorectal surgery showed that
the pooled incidence of IH was 10.6% in midline, 3.7% in transverse, and 0.9% in Pfannenstiel incisions
(Lee et al. 2017). After an IH repair, the recurrence rate is above 33%, but with a re-surgery the rate is
lower (Helgstrand et al. 2012). A patient is also likely to have a surgical site occurrence like a surgical
site infection (SSI) or a seroma. The risk of SSI depends of the type of IH repair, raising from 3.4% for a
laparoscopic repair to 22.1% for an open IH repair (Kaafarani et al. 2010), and factors like obesity, COPD
or the porosity of the mesh have a significant impact (Sanchez et al. 2011).

Decrease of quality of life of patients is not the only issue. Costs of IH repair are a burden from the
societal point of view. The mean total cost for an IH repair was estimated to be 6,451 euro ranging from
4,731 euro to 10,107 euro for respectively unemployed and employed patients (Gillion et al. 2016). Also
higher costs occur when the IH appears within 1 year versus 3 years (Alli et al. 2018).

Prophylactic mesh are promising implants that can be used during laparotomy to prevent IH (Hernando
et al. 2016). Such medical act is safe and effectively prevents the development of IH for at least two
years for abdominal aortic aneurysm (Muysoms et al. 2016). It is even proposed as a standard of care for
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patients at high risk (Muysoms and Dietz 2017). However practitioners need guidelines to find out which
patients should benefit such implant.

2.2 Objectives and scientific contributions

The objective of this study is twofold:

1. Propose an analysis framework based on process mining and discrete-event simulation using medico-
administrative data to evaluate what-if scenarios of clinical pathways such as public health strategies.

2. Provide quantitative results on a case study related to IH patients clinical pathway.

The main scientific challenge of this study lies in the definition and development of the analysis
framework, especially regarding the process mining causal net conversion into a discrete-event simulation
model. From a medical point of view, what-if scenarios should be carefully tuned in order to get realistic
results that can be used to develop new public health strategies such as new medical act reimbursement.

The remainder of this paper is organized as follows. A short literature review on clinical pathway
modeling and simulation is presented in Section 1. The position of the problem is given in Section 3.
A data description is provided in Section 4. The process mining approach is detailed in Section 5 along
with the discrete-event simulation model generation. Numerical results on the IH case study are given in
Section 6. Conclusions and perspectives are discussed in Section 7.

3 OVERVIEW OF THE ANALYSIS FRAMEWORK

In this paper we intend to propose an analysis framework based on process mining and discrete-event
simulation using medico-administrative data to evaluate what-if scenarios of clinical pathways such as
public health strategies. Such framework will be evaluated on a case study related to incisional hernia.

Our methodology is illustrated in Figure 1. Data is collected from medico-administrative database, as
presented in Section 4. Data Extraction (step 1) consists of querying the database. At this step, we also
validate the cohort with health practitioners using statistical analysis. We then convert the original data
into event logs in order to be able to apply process mining (step 2). In this second step, we use existing
mining algorithms such as extensions of Fuzzy Miner (Günther and van der Aalst 2007) on which the
Disco software is based. Finally, the model is converted again into a discrete-event simulation model in
order to perform what-if scenarios simulations of new clinical pathway strategies (step 3).

Medico-administrative database

(1) Data Extraction (2) Process mining (3) Disc-event simulation

What-if scenarios

Data conversion Model conversion

Figure 1: Global methodology.

The following sections of this paper present the medico-administrative data used for this study (Section 4).
Then the process mining approach and the simulation model generation are described in Section 5. The
performance of the approach is evaluated on a real case study related to clinical pathway of patients having
incisional hernia in Section 6.
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4 DATA DESCRIPTION

Data is extracted from the French national hospital discharge database (PMSI: “Programme de Médicalisation
des Systèmes d’Information”) using the International Classification of Diseases (ICD-10) and the French
classification called “Common Classification of Medical Acts” (Classification Commune des Actes Médicaux
in French, CCAM 2010). Surgeries done by laparotomy represent 431,719 patients in 2010. There are 71%
of females and the average age is 42, due to the high number of caesarean section into this population.
Among these patients, 22,088 (5%) have had a first incisional hernia (IH) in the following years. Patients
having at least one IH are around 62 years old and are in majority women (55%). Figure 2 summarizes
this first statistical analysis.

Figure 2: Extraction of 22,088 patients with IH from 431,719 patients with laparotomy.

According to the ICD-10, there are about 556 codes related to the laparotomy surgical operations. In
this paper we focus only on laparotomies generating the highest volumes of IH according to two criteria.

1. The first criterion is the number of patients: we selected laparotopy surgeries performed on at least
100 patients. Such selection allows to avoid irrelevant surgeries for this study.

2. The second criterion is the rate of IH: we decided to select only laparotomy surgeries that lead to
at least 10% of occurrence rate of IH; such decision allows to avoid surgeries representing a high
number of patients but with a low incidence rate of IH. For example, surgeries like “Scheduled
cesarean section by laparotomy” having 59,000 patients with an IH occurrence rate of only 0.9%
are put aside.

As such, all the following statistics and analysis will be more accurate and not diluted. With this
selection the number of studied laparotomy codes has been reduced to 65 (top-65). This top-65 represents
71,863 patients with an average rate of incisional hernia in the next 5 years of 17%.

Patients having an IH are twice more likely to have at least one comorbidity factor in comparison to
someone without an IH. On the top-65, a study of the impact of the 4 selected comorbidity factors has been
done: Chronic Obstructive Pulmonary Diseases (COPD), Diabetes, Hypertension and Obesity. Results are
displayed in Table 1. It shows that patients with at least one of those comorbidities are more likely to have
IH in the next 5 years (obesity seems to be the most impactful factor).
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Table 1: Rate of incisional hernia dependent on comorbidities.

Factor COPD Diabetes Hypertension Obesity
no yes no yes no yes no yes

#patients 67,131 4,732 61,386 10,477 41,287 30,576 63,131 8,732
IH rate 16% 20% 16% 19% 15% 19% 15% 31%

5 CLINICAL PATHWAY PROCESS MINING AND SIMULATION

This section introduces the process mining approach used in this paper. The process model and the pre-
processing data step will be presented. The readers are referred to Aalst 2011, Günther 2009 and Augusto
et al. 2016 for more details on the basics of process mining including formal definitions of concepts of
events, traces, and logs.

5.1 Data conversion for process mining

A data conversion procedure is necessary before applying process mining to medico-administrative data.
The objective of this procedure is to obtain an event log, the basic material to apply any process mining
algorithm. Contrary to Augusto et al. 2016 where event labels are Diagnosis Related Groups (DRG),
important information to define nodes of our process model are contained in medical acts performed during a
patient stay in the hospital. Thus we need to extract both Diagnosis Related Groups (DRG) that characterize
a hospital stay, as well as medical acts performed during a hospital stay. To extract such information, we
need to duplicate a hospital stay into several log entries.

Figure 3 shows an example of this conversion step: for Patient A who had 3 medical acts during a
hospital stay labeled “IH”, we generate 3 events in the log.

Patient id Date DRG Medical acts
Patient A Date of stay IH Incisional hernia repair; Mesh ablation; Blood infusion

↓
Patient id Date Event
Patient A Date of incisional hernia repair Incisional hernia repair
Patient A Date of mesh ablation Mesh ablation
Patient A Date of blood infusion Blood infusion

Figure 3: Conversion of a stay into 3 surgeries.

Then it is necessary to focus on one medical act that is incisional hernia repair in the clinical pathway
of patients. It is the inclusion point of our patients and events before and after this central event should be
distinguished. An example is proposed in Figure 4 where a patient has a blood infusion before and after
an incisional hernia that should be discriminated.

5.2 Process mining and event refinement

Using the converted data, we are able to apply any process mining algorithm. In our case we use Disco1, a
process mining tool to generate graph in which each node contains the CCAM code of the surgery whereas
the frequencies are displayed for each node and arc.

1Fluxicon - DISCOver your processes: https://fluxicon.com/disco/

https://fluxicon.com/disco/
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Patient id Date Event
Patient A Date of blood infusion Blood infusion
Patient A Date of incisional hernia repair Incisional hernia repair
Patient A Date of blood infusion Blood infusion

↓
Patient id Date Event
Patient A Date of blood infusion Blood infusion before
Patient A Date of incisional hernia repair Incisional hernia repair
Patient A Date of blood infusion Blood infusion after

Figure 4: Disctinction between events before and after an IH.

The next step is to define medical acts that are relevant regarding incisional hernia occurrence analysis.
For example it is not relevant to know that 2 months before a laparotomy a patient had an ossiculoplasty
(an operation to repair, reconstruct and improve the movement of the tiny bones of hearing in the middle
ear). Based on practitioners expertise, we focus only on the CCAM codes given by Table 2.

Table 2: Incisional hernia repair codes in the CCAM.

CCAM-Code Description
LMMA004 Cure of postoperative IH of the anterior abdominal wall w/ mesh, by direct approach
LMMA010 Cure of postoperative IH of the anterior abdominal wall w/o mesh, by direct approach
LMMC015 Cure of postoperative IH of the anterior abdominal wall w/ mesh, by laparoscopy

Due to space limitation, we focus in this paper on the analysis of three clinical pathways regarding
IH recurrence and occurrence: (i) for general patients (Figure 5), and (ii) for non-obese patients and for
obese patients (Figure 6).

5.3 Discrete-event simulation model generation

To generate the simulation model, we use a state chart conversion procedure as defined in Augusto et al.
2016. This is a step by step conversion procedure in order to produce a simulation model using as input
a causal net generated using a process mining approach such as Fuzzy Miner. The input material of our
procedure is a process model. Such model is denoted Clinical Pathway State Chart and is defined as follows.
Definition 1 (CP State Chart) A Clinical Pathway State Chart (CPSC) is a state chart M which underlying
graph is a bigraph (bipartite graph) having the following properties:

• The two types of states of the bipartite graph are Care-states and Wait-states. By definition, two
states of the same type cannot be linked by a transition.

• Each Wait-state has exactly one input transition and one output transition: the probability of
activating the output transition of a Wait-state is always equal to 1.

• The sum of all probabilities of output transitions of a Care-state is equal to 1.

According to Definition 1, a Care-state may be followed by {0;n} Wait-state(s) whereas a Wait-state
is always followed by exactly one Care-state: the probability of the transition between a Wait-state and a
Care-state is equal to 1.

The resulting simulation model has been implemented using Anylogic and is illustrated in Figure 7.
Parameters and scenarios are detailed in the following Section.
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Figure 5: Process mining on general patients population.

Figure 6: Process mining on non obese (left) and obese (right) patients.

6 NUMERICAL RESULTS

The goal of the simulation is to evaluate the economic impact of using a prophylactic mesh after a laparotomy
to prevent incisional hernia. Clinical studies are currently done and seem to be encouraging. In this paper
we focus on the following questions:

• Does using a prophylactic mesh after a laparotomy shorten the clinical pathway of patients?
• Are hospitals and healthcare systems going to save money thanks to the use of a prophylactic mesh

at the time of initial laparotomy closure?
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Figure 7: Resulting simulation model.

6.1 Design of experiments

The simulation has been done with Anylogic simulation software. Below is shown a scheme of the
simulation. It takes into account only patients with a laparotomy in the top-65 of the previous data analysis.
Possible events for those patients are:

• Use of a prophylactic mesh.
• Incisional hernia occurrence.
• Incisional hernia recurrence.

The simulation also takes into account the difference between obese and non-obese patients. The most
critical post-operative complication, the risk of having a mesh ablation after the use of a prophylactic mesh
and after an incisional hernia occurrence is also considered; note that other complications can occur after
the use of mesh but the lack of information about these complications the associated costs in particular
have limited our capacities to take them into consideration in this evaluation.

The two main key performance indicators are: (1) The average direct cost for one patient after the
laparotomy until a potential incisional hernia recurrence; and (2) the average number of hospital stays for
one patient after a laparotomy until a potential incisional hernia recurrence.

Figure 8 summarizes the simulation scheme. We simulated 72,000 patients (from 2010) having a
laparotomy among the top-65, with Mesh ablation rate of 3% and obesity rate of 13% (obtained from data
analysis). We compare population with prophylactic mesh and without.

6.2 Data

Information used for these simulations come from previous data analysis and hospital reimbursement data.
Only occurrence rates for population with prophylactic mesh are extracted from recent articles (Hernando
et al. 2016; Muysoms et al. 2016; Muysoms and Dietz 2017). Table 3 gives the incisional hernia occurence
and recurrence rates for obese and non-obese patients dependent on whether they have (or not) a prophylactic
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Figure 8: Simulation scheme.

mesh. Of course, all patients that have incisional hernia recurrence also have a prophylactic mesh. We
can notice that the occurrence rate for patients with prophylactic mesh is very small. Table 4 gives the
cost value for each type of surgical operation (incisional hernia repair, incisional recurrent hernia repair,
prophylactic mesh and mesh ablation) dependent on patients with or without obesity. Note that the cost
value for prophylactic mesh is given by Medtronic.

Table 3: Incisional hernia rate depending on prophylactic mesh.

Occurrence Recurrence
Prophylactic mesh No obesity Obesity No obesity Obesity

no 15% 31% — —
yes 3% 5% 13% 19%

Table 4: Surgical operation cost value depending on patients obesity.

No obesity Obesity
Incisional hernia repair 1,972e 10,894e

Incisional hernia recurrence repair 3,333e 18,411e
Prophylactic mesh 200e 200e

Mesh ablation 2,320e 18,088e

6.3 Results

Simulations have been done to analyse results about general population, to compare obese and non-obese
patients and to evaluate the total cost for each case. In the following, column “Prophylactic Mesh” presents
the two scenarios: with and without mesh; column “#stay” gives the average number of times that patients
come to the hospital for mesh ablation, incisional hernia occurrence or incisional hernia recurrence and
thus should be as small as possible; and finally column “Cost by patient” gives the average cost value for
each patient.

Table 5 shows that for the general population, the number of stays is divided by 2.7 when comparing
population without mesh to population with mesh. The average direct cost for each patient is also decreased
by 45% by using a prophylactic mesh for every patient. These results show the importance to consider the
use of prophylactic mesh on the general population.

Since obesity increases the risk of incisional hernia, Table 6 gives results regarding the same analysis
on obese and non-obese population. In this case, we consider that a non-obese patient is always associated
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Table 5: Table of simulation for the General Population.

Prophylactic Mesh #stay Cost/patient
no 0.2 926e

yes 0.07 512e

with the lowest cost at each stage of his medical pathway, whereas an obese patient is always associated
with the highest cost at each stage of his medical pathway (note that the highest cost in the medical pathway
is usually associated to morbidly obese patients). As it is shown in Table 6, for non-obese patients the
use of a prophylactic mesh still decreases largely the average number of times that patients come to the
hospital (#stay), even if the average cost value for each patient (Cost/patient) is similar. Regarding the
obese population, the amount of stays (#stay) is divided by 4 when a prophylactic mesh is used and the
average cost value is decreased by 65%. In addition to the previous analysis about general population,
these results highlight the benefit of using prophylactic mesh for obese patients.

Table 6: Number of stays and cost per patient.

Non-obese Obese
Prophylactic Mesh #stay Cost/patient #stay Cost/patient

no 0.17 369e 0.38 4,621e
yes 0.07 348e 0.10 1,595e

A cost analysis is finally provided. Table 7 presents the total cost for general population (column
“total”), for non-obese (column “Non-obese”) and obese (column “Obese”) population. Results show that
the main savings come from the prevention of incisional hernia for obese patients. Indeed, the cost savings
for non-obese patients represent only 7% of the savings whereas there make up 87% of the population.

Table 7: Costs evaluation.

Prophylactic Mesh Total Non-obese Obese
no 66 million e 23 million e 43 million e

yes 36 million e 21 million e 15 million e
save 30 million e 2 million e 28 million e

7 CONCLUSIONS AND PERSPECTIVES

Process Mining is an observed behaviour approach that uses event-log data to describe ”what really
happened”; so it leads to realistic simulation models. With this approach, it is easy to have a model that
generates events for statistical analysis. Such analysis (combining process mining and simulation) shows
that the use of prophylaxis mesh significantly decreases the cost of medical care and enhances the clinical
pathway (by reducing the average number of times that patients come to the hospital) after a laparotomy
and particularly for obese patients. However these simulations have multiple limitations. Indeed, (1) it
does not consider post operative complications like seroma or surgical site infection; (2) in case of multi
operations by laparotomy, it is supposed that the surgery site is always the same; and (3) the previous
laparotomy before the IH is selected however it could come from an anterior surgery. Also we could not
take into account the impact of the experience of the surgeon and the type of closure after the laparotomy.

The proposed methodology has proven effective and brings new insight for practitioners. However,
the method is difficult to generalize to other data sources or case studies because of the special features
related to each medical case. For future works, we intend to develop a generic data extraction for process
mining and simulation that could be embedded in a software.
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