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Abstract. In this work, we propose and apply a methodology for the
management and optimization of clinical pathways using process mining.
We adapt the Clinical Pathway Analysis Method (CPAM) by taking
into consideration healthcare providers’ needs. We successfully applied
the methodology in the sepsis treatment of a major Brazilian hospital.
Using data extracted from the hospital information system, a total of
5,184 deviations in the execution of the sepsis clinical pathway were
discovered and categorized in 43 different types. We identified the process
as it was actually executed, two bottlenecks, and significant differences in
performance in cases that deviated from the prescribed clinical pathway.
Furthermore, factors such as patient age, gender, and type of infection
were shown to affect performance. The analysis results were validated by
an expert panel of clinical professionals and verified to provide valuable,
actionable insights. Based on these insights, we were able to suggest
optimization points in the sepsis clinical pathway.
Keywords: Clinical Pathways · Sepsis · Process Analytics
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Introduction

Clinical Pathways (CPs) consist of well-defined care plans which describe the
ordering and timing of interventions and their expected outcomes. Healthcare
providers typically model their CPs after evidence-based medical guidelines
supplied by communities such as the Society of Critical Care Medicine, promoting
the improvement and standardization in patient care while reducing expenses
and consumption of resources [4,13,25,39]. The correct implementation of CPs is
known to promote positive outcomes such as early disease recognition, correct
treatment, reduction of mortality and length of stay, and hospital costs [24].
However, the management of CPs has proven to be a challenging task. Time
constraints, lack of qualified resources, administrative burdens, and absence
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of tools for evaluating and reporting are common contributing factors [8,19].
The analysis of data extracted from hospital information systems provides an
interesting direction for the optimization efforts of healthcare professionals.
Sepsis is defined as a “life-threatening organ dysfunction caused by a dysregulated host response to infection” [32], and is considered a worldwide health issue
and economic burden. The mortality rates from different countries varied in a
wide range, but can go as high as 64.5% [12,22,9,21,30,34,6,27]. Chalupka and
Talmor found that the mean costs per case ranged from USD 4,888 (Argentina)
to USD 103,529 (United States) [7]. Improving performance and compliance to
sepsis CPs can simultaneously save lives and reduce financial impact.
Process mining is a research field concerned with the analysis of business
processes using data extracted from information systems [1,38,23]. It combines
model-based process analysis with data-driven analysis techniques. It enables
automatic extraction of process models (process discovery), recognition of compliance to protocol (conformance checking), performance analysis, and many
other applications. Process mining has been successfully applied to the healthcare domain in several studies [31,37,23]. For example, Augusto et al. presented
an automated method to simulate and evaluate CPs in a severe heart failure
case study [3]. Fernandez-Llatas et al. demonstrated the use of process mining
techniques to support the analysis of stroke cases in the emergency room [11].
In [5], Caron et al. presented the Clinical Pathway Analysis Method (CPAM).
This method enables the acquisition of insights regarding CPs using event data
and process mining techniques. It is a flexible method supporting a plethora
of analyses such as workflow discovery, social network analysis, task allocation,
and bottleneck analysis. In this paper, we adapt CPAM based on the needs and
challenges of the healthcare professionals, and apply it to the sepsis CP of Hospital
Samaritano, a large private Brazilian hospital located in São Paulo. The proposed
methodology – entitled Simplified Clinical Pathway Analysis Method (SCPAM) –
was intentionally kept simple to facilitate its adoption by healthcare organizations
and helps answer the following set of questions: How does the actual executed
process look like? What are the deviations from protocol in the execution of the
CP? What is the performance of the CP? What are the performance bottlenecks
in the CP? Which factors affect the performance?, and How to optimize the CP?
The remainder is organized as follows. We describe the analyzed sepsis CP
in section 2. In section 3 we describe the analysis performed according to the
SCPAM methodology and the obtained results. In section 4 we discuss the
validation of results by medical experts. In section 5 we conclude and discuss
future perspectives.

2

Adult Emergency Department Sepsis Clinical Pathway

Hospital Samaritano de São Paulo is a large private hospital in Brazil with over
three hundred beds. It stands out for excellence in healthcare [18,29]. One of the
main CPs of the hospital is the sepsis pathway. Figure 1 depicts the sepsis CP
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Fig. 1. Prescriptive sepsis treatment process model of the emergency department,
modeled using Business Process Model and Notation (BPMN).

as it should be executed in the adult emergency department. The process was
mapped and validated by interviewing the hospital staff during two visits.
The process starts when a patient arrives in the emergency department and
receives a queue number (activity 1). The patient waits until a receptionist
calls them. The receptionist registers the patient’s admission in the hospital
information system (2). The patient then waits at the reception until a nurse
calls them to start the triage. During the triage, the nurse measures the patient’s
vital signs (temperature, blood pressure, heart rate and respiratory rate) (3),
asks specific questions to the patient, prioritizes the patient according to their
severity level, and registers all the triage information in the Electronic Health
Record (EHR) (4). If the nurse suspects that the patient has sepsis, they must
start the formal sepsis pathway (5A). The nurse must fill out a specific sepsis CP
paper-based form, must register a clinical note in the EHR that the sepsis CP was
started and must immediately communicate with the first available physician that
the patient is sepsis suspicious. The physician evaluates the patient (anamnesis
and physical examination) and records all information in the clinical notes (6). If
the physician defines a sepsis diagnostic hypothesis, then antibiotics and volume
expansion must be prescribed (7 and 9) and blood culture and lactate exams must
be requested (8 and 10). If the sepsis CP was not formally started previously, then
the physician must do so (5B). Finally, the patient goes to the medication room
and a nurse technician collects their blood for the blood culture and lactate exams
(11 and 13) and administers the antibiotics (14) and the volume expansion (12).
The designed CP represents all sepsis treatment steps until the administration of
antibiotics as described in the first bundle of the Surviving Sepsis Campaign [33].
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3

Clinical Pathway Analysis and Optimization

In order to support the management and evaluation of the sepsis CP, we developed
and applied the SCPAM methodology (see Figure 2), which is a simplification of
CPAM and aims to facilitate adoption by healthcare organizations. The main
differences between the two methodologies are that SCPAM predefines a set
of research questions, process perspectives, PM analyses and their execution
order and that it presents detailed instructions on how to perform each step and
analysis. In this work, all process mining analyses were conducted using ProM
and Disco and statistical analyses were performed using R1 . The results of this
case study were validated by six healthcare professionals who all actively work in
the sepsis CP, using interviews and structured questionnaires.

Fig. 2. Overview of the SCPAM methodology followed to analyze the sepsis CP.

3.1

Defining the Project

In the first step we define the scope of the project (i.e. the CP). A prescriptive
CP model is created, mapping the selection and order of activities to be executed
for the treatment of a given disease. This model guides the data extraction and
is used to identify CP compliance and to create the AS-IS model.
In this study, we focus on the sepsis CP described in section 2. We are
interested in the analysis of the compliance and performance of the process. For
example, the administration of antibiotics must happen after the collection of
the blood culture and, as prescribed by the hospital, this activity must happen
within one hour after the sepsis presentation. The faster the patient receives the
antibiotics, the greater their chance of survival [20].
3.2

Extracting and Pre-processing the Event Log

The aim of the second step is to extract all necessary data from support systems
and prepare the event log for analysis. This step is composed of the following
activities. First, for each activity in the prescriptive CP model, the attributes
that are relevant for the analysis are identified (e.g. date and time of execution
1

See https://promtools.org, https://fluxicon.com, and https://r-project.org
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of the activity, the age of patient). Next, the selected attributes are mapped to
the available systems databases (e.g. hospital information system or EHR) and
the relevant data is extracted. For most process mining analyses, the minimal set
of attributes per recorded event consists of the case identifier (e.g. the admission
or patient), the executed activity (e.g. triage, administration of medicine), and
the order in which the activities were executed (date and time). The event log
is converted to the XES format supported by process mining tools [2,36]. Tools
such as Disco and ProM provide this conversion. Ideally, the event log should
be as simple as possible. Duplicated or otherwise unnecessary activities for the
intended analysis should be removed.
We extracted two years of hospitalizations of patients either diagnosed with
sepsis or who died of sepsis, identified through the list of International Statistical
Classification of Diseases and Related Health Problems tenth revision (ICD-10)
sepsis codes provided by the Canadian Institute for Health Information [9]. Cases
in which the sepsis prescription template was used were added as well. All selected
patients are over eighteen years of age, have two or more Systemic Inflammatory
Response Syndrome (SIRS) signals, and are identified as sepsis suspicious by a
physician. We enriched the event log with the following attributes: patient age,
divided into 8 groups ([18-26], [27-35], [36-44], [45-53], [54-62], [63-71], [72-80]
and [≥ 81]), patient gender, patient priority (following the Manchester triage
system), type of infection (either community or hospital-acquired), presence
of SIRS signal for each of the six clinical parameters (temperature, chills and
shivering, respiratory rate, heart rate, leukocytes, and rod cells percentage), and
total number of SIRS signals present. This information was translated to case
attributes. The extracted data was converted to an event log that contains all
complete sepsis cases that started and ended in the emergency department, as
well as cases that started in the emergency department and then were transferred
to the wards. Regarding the event log creation, our main challenges were: there
was no registry of volume expansion in the EHR (activities 9 and 12) - we created
these events taking in consideration the amount of saline solution prescribed to
each patient; event times were derived from the time that the action was entered
in the system rather than the time that the action was actually performed (the
latter one was rarely available in the EHR) - in our visits to the hospital we
observed that the staff registers the information in a very close time of executing
the action; registry of the collection of blood and the administration of antibiotics
were in most cases performed in the same time - we added one minute to all
events of activity 14. The resulting event log contains 1,710 cases, 20,605 events,
14 activities (those described in Figure 1) and 292 unique trace variants (activity
orderings). The granularity of time is in minutes. The extraction phase is further
detailed in previous work [28].
3.3

Identifying the Adherence to the Clinical Pathway

The aim of the third step is to identify how well the process was actually executed,
i.e. the identification of potential deviations in the execution with regards to
the prescribed CP. The deviations can be identified using conformance checking
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tools (e.g. the “Replay a Log on Petri Net for Conformance Analysis” plugin
in ProM), by discovering the AS-IS model and comparing it manually to the
prescribed CP, or by looking for events performed by professionals with different
roles than expected (e.g. a receptionist registering the triage instead of a nurse).
Conformance checking results are typically expressed using measures such as
fitness and precision. Trace fitness for example is represented by a number between
zero and one that indicates how well a case can be replayed by the model. The
higher the fitness, the more compliant is the executed process.
Confronting the event log with the sepsis CP model defined in section 2, we
identified an average trace fitness of 0.85, indicating that the process as performed
in the hospital is reasonably close to the one defined in its CP. In our study,
deviations were associated to sub-sequences executed in a different order than
expected, activities not executed, activities executed by different roles, and the
non-compliance to the target of one hour to give the antibiotics. As such, a
single case may exhibit multiple deviations. We identified 43 different types of
deviations in the execution of the CP, constituting 5,184 deviation instances.
The non-prescription and non-administration of volume expansion were among
the most frequent type of deviations (89% of cases), followed by the start of the
formal CP during triage (45%).
3.4

Identifying the AS-IS Process

The aim of the fourth step is to identify the process as it is actually executed.
There are several process discovery algorithms that can be used to automatically
discover a process model from the event log. However, due to the complexity of
healthcare processes and the variation typically found in the data extracted from
hospital information systems, these algorithms typically generate models that are
not easily understandable by clinicians. Furthermore, such discovered models tend
to differ substantially from the prescriptive CPs, complicating further analysis.
As such, we recommend manually and iteratively updating the prescribed CP by
incorporating the most frequent deviations identified in the previous step and
calculating the trace fitness with respect to the updated model. The incorporation
of deviations into the CP should be done in such a manner to bring the trace
fitness as close to one as possible, without sacrificing other quality metrics, most
notably simplicity. When only few cases deviate substantially from the process
model, it is better to sacrifice fitness in favor of a more legible process model
with less activities or infrequent paths.
To obtain a process model describing how the sepsis process was really
executed, we manually adjusted the CP model by incorporating the most frequent
types of deviations and observed behaviour from the event log. The adjusted
model has an improved average trace fitness of 0.97, and can be seen in Figure 3.
The differences between the prescribed CP and the AS-IS model are as follows.
The first measure of vital signs (activity 3) usually happens before the registration
of triage (4), rather than in parallel with it. Furthermore, the formal start of the
sepsis pathway (5A) usually happens during triage. Lastly, the prescription and
administration of volume expansion (9 and 12) are not always executed.
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Fig. 3. AS-IS sepsis treatment process model of the emergency department, modeled
using Business Process Model and Notation (BPMN).

3.5

Measuring Performance and Identifying Bottlenecks

In the fifth step, we measure the performance of the process and identify which
factors contribute most to any identified bottlenecks. The step is composed of
the following activities. First, the relevant performance measures and metrics
are defined. Again, several process mining techniques exist that measure the
performance using an event log and a process model (e.g. the “Replay a Log
on Petri Net for Performance/Conformance Analysis” plugin in ProM, and
the lifecycle-based technique presented in [14], which allows to define custom
performance metrics). Next, each metric should be carefully analyzed by answering
questions such as Does this waiting time make sense for this specific activity?, Is
the duration for this selected set of patients significantly different?. A technique
to interactively analyze healthcare process performance using visual analytics
is presented and applied in [10,17]. High waiting times often indicate potential
bottlenecks. For example, while an average waiting time of three hours for the
administration of medicines is not out of the ordinary, one hour is a long waiting
time for a medical encounter with a physician in the emergency department, and
as such might indicate a bottleneck. Contextual factors that affect performance
should be identified as well. Process performance is generally affected by a plethora
of factors, such as the amount of scheduled staff, the number of patients under
care, or the clinical parameters of a patient [15]. The identification of these factors
can support clinicians in tailoring their CPs. The ProM plugin “Find contextbased differences in process performance” supports this type of analysis [15,17]. It
tries to automatically discover statistically significant differences in performance
by looking at the context. Similarly, causal relations between factors can be
identified [16]. We further recommend removing outlying cases as they may affect
performance statistics.
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To analyse the performance of the sepsis process, we looked at the duration of
activities, the time between activities, and the total case duration. We removed
cases with outlier performance using Tukey’s method [35] and did not consider
those pairs of activities with a case frequency less than 5% (for example, activity
“13. Lactate Collection” was only followed by “7. Prescription of Antibiotic” in
0.8% of cases). We identified two potential bottlenecks. Firstly, patients waiting
in the reception before triage wait an average of 18 minutes between getting a
queue number (activity 1) and getting their first measure of vital signs (3). Next,
between the registry of clinical notes (6) and treatment prescription (7, 8, and
10), physicians spent an average of 5 minutes. These two bottlenecks may seem
to represent a small amount of time. However, compared to the target time to
administrate antibiotics – which is one hour – they represent a significant amount
of time (30% and 8% respectively).
In order to identify contextual factors correlated with performance, we divided
the process in six phases: waiting in reception, triage, waiting for medical evaluation, medical evaluation, treatment, and observation. Again, Tukey’s method
was used to remove outliers for each phase. We discovered that the triage phase
takes significantly more time for cases that started during a period of medium
or high demand compared to when the emergency department was not busy.
Female patients and patients in the age groups [72-80] and [≥ 81] spent more time
in the observation phase compared to male and younger patients, respectively.
Patients that showed four SIRS signals and patients with a SIRS signal relating
to respiratory rate or that had an infection acquired in the hospital also exhibited
a significantly longer observation time.
3.6

Improving the Clinical Pathway

The aim of this step is to update the prescriptive CP to optimize its expected
performance and outcome in terms of mortality, length of stay, costs, etc. Using
the deviations and the performance results identified in the previous steps, those
deviations that can improve the CP are identified. Per deviation, we apply
the appropriate statistical tools. In case the identified deviation correlates with
improved performance or favorable outcomes, the healthcare provider may update
the prescribed CP, incorporating those positive deviations. Alternative available
approaches can be applied to improve the CP, such as the Multi-Criteria Analysis
Technique [26] that identifies activities and sub-sequences that contribute in a
positive or negative way to the outcomes. This technique can be very useful when
multiple simultaneous criteria need to be considered in the optimization (e.g.
minimize the length of stay and mortality rate).
In our study, the analysis of the impact on performance outcomes of the
identified deviations indicated that sepsis cases in which the registration of clinical
notes occurs after the prescription of medicine and request of exam, spent on
average 3.5 minutes less time waiting for the administration of antibiotics, with
a median of 3 minutes1 .
1

Two-tailed Mann-Whitney U test: U = 261, 472.5; n1 = 366; n2 = 1, 199; p < 0.001.
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Validating results with Hospital Staff

We performed the validation of the results with 3 physicians, 2 nurses, and 1
quality analyst who all actively work in the sepsis CP. The validation happened in
2017 by means of a group interview and structured questionnaires. We validated
the AS-IS process, four deviations, two bottlenecks, five of the context factors
correlated to performance, and the deviation that could potentially optimize
the execution of the CP. The panel considered three deviations as real, actual
deviations (registry of clinical notes after prescription of treatment, cases without
prescription of volume expansion, and antibiotic not being administrated until one
hour after identification). The panel considered blood culture being requested by
a nurse technician as invalid since in practice, this should never happen. The panel
validated that the AS-IS model in Figure 3 indeed represents the process as it is
actually executed in the emergency department. Concerning the bottlenecks, the
panel considered both as real. Furthermore, they did not provide any additional
bottleneck from their own experience. Regarding contextual factors, the expert
panel agreed with three results, was neutral regarding the finding that the case
duration is higher for patients with a heart rate < 90 BPM, and disagreed with
the finding that female patients tend to stay in observation longer. The panel
agreed that prescribing the treatment before registering the clinical notes clearly
reduces the administration target time since the delivery of medication process
starts early. However, in general, they believe that the CP should not be updated
since this deviation is associated with severe patients. All professionals considered
it important to have access to the outcomes presented in this research as they
help hospital staff identify problems in the execution of the sepsis CP. For them,
this is a key feature in managing their CP. Regarding the bottleneck of patients
waiting in the reception, the panel suggested a simplification in the registration of
triage information. In addition, the process will be updated such that the triage
is performed before the registration of the patient. This will help the hospital
to quickly identify sepsis suspicious patients. With respect to the bottleneck of
the prescription of the treatment, the panel suggested a simplification in the
registration of the prescription.

5

Conclusions and Further Considerations

The employment of Clinical Pathways (CP) is a viable direction towards improving
outcomes of medical processes. Yet, the management and evaluation of the
execution of CPs presents multiple challenges. In this work, we adapted a databased method employing process mining techniques in order to support the
management and optimization of CPs and applied it to a sepsis process of
a large Brazilian hospital. We consider the results of this study to be quite
promising. Firstly, a simplified methodology can aid healthcare providers in
the management and optimization of their CPs as was confirmed by structured
interviews and questionnaires with a panel of medical experts. Secondly, we were
able to successfully apply the methodology to real-life data from a sepsis process
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and discover deviations from protocol, performance bottlenecks and contextual
factors that influence performance, leading to improvement suggestions.
As future steps, we suggest the application of SCPAM method in different
healthcare facilities and for different diseases to verify its generalization and
scalability. We believe SCPAM is particularly promising for the evaluation of
CPs in the ED such as stroke and acute chest pain. SCPAM could be used by
communities (e.g. the Latin American Sepsis Institute) to create an overview
of the treatment of the diseases as executed in different healthcare facilities,
supporting the update, management and deployment of clinical guidelines and
clinical pathways. A prerequisite for the replication of this research study in
different contexts is that the registration of healthcare information (e.g. triage,
medical evaluation, prescription) is done using integrated systems, allowing the
creation and extraction of the event data.
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