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Abstract. Clinical guidelines support physicians in the evidence-based
treatment of patients. The technical verification of guideline compliance
is not trivial, since guideline knowledge is usually represented textually
and none of the approaches to computer-interpretable guideline represen-
tation has yet been able to establish itself. Due to the procedural nature
of treatment sequences, this case study examines the applicability of a
guideline process model to real hospital data for verification of guide-
line compliance. For this purpose, the limitations and challenges in the
transformation of clinical data into an event log and in the application
of conformance checking to align the data with the guideline reference
model are investigated. As a data set, we use treatment data of skin
tumor patients from a cancer registry enriched by hospital information
system data. The results show the difficulty of applying process mining
to medically complex and heterogeneous data and the need for complex
preprocessing. The variability of clinical processes makes the application
of global conformance checking algorithms challenging. In addition, the
work shows the semantic weakness of the alignments and the need for
new semantically sensitive approaches.

Keywords: Process mining · Multi-perspective Conformance
checking · Clinical guidelines · Guideline compliance

1 Introduction

Evidence-based medicine states that patient-centered medical treatment deci-
sions should be based on empirically proven effectiveness whenever possible [23].
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This knowledge is documented in clinical guidelines [25]. The degree to which
clinical treatment processes in practice are guideline-compliant and thereby
evidence-based is unknown [9,14]. The verification of guideline compliance is
relevant, e.g., for the certification of oncology centers1, the development of clin-
ical decision support systems [2,15] and medical research [3,12]. An approach
to check the compliance of treatment processes against guidelines is to interpret
individual treatment processes as process instances and the guideline as a refer-
ence process model [10]. This would enable the use of conformance checking, a
process mining technique, which raises two challenges though. First, the transfor-
mation of the guideline knowledge into a process model. Second, the provision of
clinical data as event logs and their preprocessing. Due to the lack of standardiza-
tion of clinical data storage and the associated structure heterogeneity, naming
and data quality, a preprocessing of this data is necessary [13]. Furthermore,
clinical processes are characterized as highly variable, ad-hoc, multidisciplinary
and vary from hospital to hospital [22].

As part of the Pre-OnkoCase2 project, a process model was developed for a
section of the malignant melanoma guideline. In this case study, we investigate
to what extent the model can be applied to real clinical data, what preprocess-
ing is necessary and what limitations exist. The case study was conducted in
collaboration with the skin tumor center of the Münster University Hospital3.

The remainder of the paper is organized as follows. Section 2 provides back-
ground information about the medical context, the process reference model and
conformance checking details. Section 3 describes the research method and shows
how the event log is created. Section 4 describes the implementation of the con-
formance checking and the required preprocessing. In Sect. 5, the results are
discussed and Sect. 6 concludes the paper.

2 Background

Within the Pre-OnkoCase research project, we investigated how a clinical guide-
line can be represented procedurally. Since guidelines assume tacit knowledge,
they provide an incomplete representation of the treatment processes. There-
fore, missing information had to be supplemented by experts’ knowledge. In
workshops with domain experts of the skin tumor center in Münster, a con-
ceptual model of a section of the evidence-based guideline for the treatment of
malignant melanoma (skin cancer) [6] was created. Due to the size and com-
plexity of the model Fig. 1 shows just a sketch of the fundamental treatment
process. Each element of the sketch is a representative of a treatment section
in the treatment courses of patients who have been diagnosed with melanoma
and consists of a set of activities. If malignant melanoma is diagnosed during
the clinical and histopathological examination, which is part of the Diagnosis of
Melanoma section, then several treatment options are available to the patient.
1 https://www.krebsgesellschaft.de/deutsche-krebsgesellschaft/zertifizierung.html.
2 https://nvkh.de/projekte/pre-oncocase.
3 https://www.ukm.de/index.php?id=hauttumorzentrum.

https://www.krebsgesellschaft.de/deutsche-krebsgesellschaft/zertifizierung.html
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– Re-Excision: Repeated excision ensures that no tumor residues remain.
– Sentinel Lymph Node Biopsy : The patient can receive a lymph node sonogra-

phy and receives a re-excision together with the sentinel lymph node biopsy.
– Other Diagnostic Measures: The patient can receive diagnostics to confirm

metastases or further examinations with imaging techniques.
– Staging up to IIB & Staging IIC and III : Depending on prior examinations,

the patient can come to staging, which provides patients and physicians the
critical benchmark for defining prognosis and for determining the best treat-
ment approach [8].

– Lymphadenectomy : The patient receives a lymphadenectomy, can receive
radiotherapy afterwards and receives a drug therapy.

– Adjuvant Therapy : The patient receives additional cancer treatment after
initial treatment to reduce the risk of recurrence.

Diagnosis of
Melanoma

Other 
Diagnostic
Measures

Re-ExcisionSentinel Lymph
Node Biopsy

Staging
IIC and III

Staging
up to IIB

Adjuvant 
Therapy

Lymph-
adenectomy

…

…… …

… …

…

Fig. 1. Reduced overview of the considered clinical guideline section for the treatment
of malignant melanoma patients. Paths marked with “...” are treatment areas, which
are not covered in the model, e.g., the treatment of stage IV patients or follow-up care.

The final conceptual model was then transferred into a Data Petri Net (DPN)
by Geyer [11]. A DPN is an extended Petri net that can map data and time
information [16]. The modeled DPN consists of 50 places and 76 transitions (see
Fig. 2). Due to the many decisions made in treatment based on examination
results, there are 52 transitions with a guard. The resulting model represents all
conditions and recommendations of the selected guideline section.
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Fig. 2. Overview of the DPN reference model

In the following, the basic terminology in the context of multi-perspective
conformance checking is explained. Multi-perspective conformance checking
describes the process of identifying discrepancies between the desired behavior
of the process, represented by the process model, and the actual behavior involv-
ing multiple perspectives such as the data perspective or the time perspective.
Most approaches use alignments for this purpose, which are a mapping of the
process instance to the process model. In the context of alignments, a log move
is executed by the alignment algorithm for events that are recorded in the event
log but do not occur in the process model. A model move is executed if events
occur in the process model but do not occur in the event log. If the event from
the event log matches the activity in the process model, but the values of the
variables do not match, this is called incorrect synchronous move. If everything
matches, the move is defined as correct synchronous move [16].

Most of the process mining algorithms which are capable of calculating multi-
perspective alignments are using the Alpha* algorithm [5] in combination with
MILP (Mixed Integer Linear Programming) [24]. The state-of-the-art approach is
from Mannhardt [17] where DPNs are used for calculating multi-perspective opti-
mal alignments [7]. It is also possible to calculate multi-perspective alignments
by using MP-Declare a multi-perspective version of Declare [21]. This method
was developed by Mawoko [19] and utilized a similar approach as Mannhardt.

3 Research Method

The exemplary data set used in this project represents the treatment of a total of
five real patients diagnosed with malignant melanoma from Münster University
Hospital. For data privacy reasons, the data were anonymized. The treatment
data are provided in the format of the ADT/GEKID basic data set4. The uniform
oncological ADT/GEKID basic data set describes a common coding scheme for
the documentation of oncological treatments in Germany in the form of an XML
schema. A major advantage of using data in the format of the basic data set is
that it is used by all German cancer registries and results are thus transferable

4 https://www.gekid.de/adt-gekid-basisdatensatz.

https://www.gekid.de/adt-gekid-basisdatensatz
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and comparable. The basic data set includes among others patient master data,
diagnostic data, histology data, cancer classification data, surgical data, therapy
data and tumor conference data.

Each entry in the basic data set is provided with a timestamp and a treating
resource and uniquely assignable to a patient and a treatment case. The structure
of the basic data set is based on the obligation of hospitals in Germany to report
the course of cancer cases to cancer registries. Accordingly, the data on individual
treatment activities are assigned to reporting elements in the XML format and
enriched with treatment-specific information. In order to apply conformance
checking, the data are transferred into the XES event log format [1]. For this
purpose, a generic XML to XES converter was implemented in Python and
configured to convert ADT/GEKID data to XES.

The resulting process log covers many areas important for determining guide-
line compliance, such as surgeries and diagnoses. Also, additional information
on follow-up examinations, medical therapies and tumor conferences are con-
tained. However, it lacks information on, e.g., histological examinations, certain
tumor markers, or lymphadenectomy. The resulting event log contains 24 differ-
ent events while considering different medical procedures as different events.

ADT/GEKID

HIS Data

Pre-Processing Conformance
CheckingXES

Fig. 3. Overview of the process steps up to conformance checking

In order to be able to take these data into account in conformance checking,
the log was enriched with treatment data from the hospital information system
(HIS). For this purpose, data from the HIS were exported as CSV and imported
into the XES file. Most of the entries could be transferred automatically, since
they are structured and timestamped. However, individual details of the treat-
ment process had to be extracted manually from the free text of the diagnostic
findings and doctor’s letters. The final event log contains 179 different events
and a total of 1114 events, an average of 222 events per patient.

4 Implementation

The following describes the adjustments that were necessary to perform con-
formance checking. An overview of the individual procedures in the project are
shown in Fig. 3.
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4.1 Preprocessing

The final event log contains 179 different events, while the guideline reference
model has only 20 different events. The difference results from the fact that
the event log contains events of other medical domains such as nursing and
psychosocial care and from the fact that the granularity in which events are
represented is inconsistent. In addition, it is also due to the fact that there
are deviations from the guideline. In order to perform an alignment between
the event log and the guideline reference model, extensive preprocessing had
to be performed: removal of explicitly irrelevant events, reduction of therapy
events to the respective initial therapy event, harmonization of granularity, event
aggregation and event and variable name matching.

In the first step, events that were explicitly irrelevant for conformance check-
ing were removed. These include events from perspectives not considered by
the guideline, such as the nursing and psychosocial domains, events such as
tumor conferences, which neither establish new diagnoses nor provide direct
treatment, and events such as follow-up care, which are outside the selected
guideline section. The events were identified using the event names and a HIS-
internal ID. Subsequently, in the second step, the therapy sequences of the same
therapy were reduced to the respective starting event. This is necessary because
cancer therapies are usually performed several times and the reference model
of the guideline, however, only addresses whether a patient with certain diag-
noses receives a certain therapy and then implies that this therapy is subse-
quently performed correctly. The granularity of the event log in terms of the
event description is in many ways finer than in the reference model. While the
reference model refers to “excision”, the ICPM (International Classification of
Procedures in Medicine) classification used in the data set defines over 30 dif-
ferent excisions. Therefore, the data set is harmonized in terms of granularity.
For this purpose, the ICPM code is abstracted in the hierarchically structured
coding scheme to such an extent that the description matches the identifiers
of the reference model. This results in partial events with identical designation
and identical timestamp, which originally described, e.g., surgeries with several
similar individual events are aggregated to one event. It is essential that the
names of the same variables and events in the guideline reference model and
in the event log are identical. For this purpose, a comparison of the identifiers
of the event log with identifiers of the model was performed. This was partic-
ularly time-consuming because identifiers were not consistent and unique. This
is on the one hand due to the fact that the data set is based on data from two
systems and on the other hand due to the fact that the treatment documenta-
tion is partially in free text and identifiers were accordingly heterogeneous. The
resulting event log forms the basis for the conformance check. After applying
the described preprocessing steps, the event log only contains 40 different events
directly related to treatment instead of the initial 179. The discrepancy between
20 activities in the model and 40 events in the log was deliberately accepted in
order to have complete traces and a comparison between guideline specifications
and reality.
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4.2 Conformance Checking

The in the following presented conformance checking approach is considered
as a global conformance checking technique, which views the process reference
model as an accurate representation of the overall process behavior. It is assumed
that the whole process is modeled and can therefore be checked. This method
enables not only the identification of the deviations but also the identification of
the exact source causing the problem [17]. We have chosen a global conformance
checking approach as this corresponds to the medical practice of considering
entire treatment processes.

Therefore, ProM [26] was used with the Multi-perspective Process Explorer
(MPE) [18], which uses the multi-perspective alignment algorithm developed by
Mannhardt [17]. A fundamental feature of the conformance checking algorithm
is the definition of a cost function. The cost function should be defined in a way
that the calculated alignments are semantically correct. We define semantically
correct alignments as a meaningful and logical alignment concerning a process
instance with deviations. A semantically correct alignment does not need to be
an optimal alignment but should be correct in a sense that a domain expert
would consider this alignment as meaningful.

First, the standard cost function is used. This cost function defines the cost as
3 for log move (delete), 2 for model move (insert), and 1 for incorrect synchronous
move (data write). The standard cost function results in semantically incorrect
alignments, because the alignment algorithm changes the attribute values of
events to create an optimal alignment. In the medical context, this is semantically
incorrect, as the data collected by the doctor represents reality and should be
immutable for the algorithm. In this case, the standard cost function generates
unusable alignments.

To achieve the desired result, the cost for data writes is increased such that
it is higher than for the other two operations. Also, the delete cost for events
that are not part of the staging process is reduced to 0, since in the course of
the medical examination it is possible that multiple additional examinations are
undertaken, that are needed to perform but are not depicted by the process
model. Thus, costs were defined as 1 for log move (delete), and model move
(insert), 0 for log move (for events not defined in the model) and incorrect
synchronous move (non-data write) and 2 for incorrect synchronous move (data
write).

Moreover, it is important to mention that the cost for the non-data writes
was set to 0, because this allows the alignment algorithm to make insert oper-
ations that are associated with attribute values, without paying the cost for
the data writes. The calculated fitness value itself was not considered, since the
focus of the use case is on the calculated deviations on the event level. Due to
privacy regulations it is not possible to show the resulting alignments, thus the
results will be explained in a qualitative way. Two of the alignments are semanti-
cally correct. These traces correspond perfectly to the guideline but also contain
medical examinations, which are not depicted in the process model, but were
needed to perform. The additional undertaken examinations are deleted by the
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alignment algorithm, which is semantically correct since these examinations are
a positive deviation from the guideline, which have the cost of 0. For the other
three traces a semantically correct alignment was not possible. This is mainly
due to the occurrence of events that are depicted of the process model but are
occurring at other positions as expected. In this case, the alignment algorithm
seeks the shortest or least expensive path through the process model and deletes
correct events or inserts new events, which already have been executed. Here, the
least expensive path allowed by the process model is not semantically correct in
every case, as our alignments show. As stated by [17] the algorithm only shows
one alignment and this is the optimal one in terms of alignment costs. However,
there are also possible alignments that might be better in terms of semantics
but worse in terms of alignment costs.

In summary, it was not possible to define a cost function which leads to
semantically correct alignments for all traces. Nevertheless, it was possible to
identify the medical examinations that are not part of the guideline but were
executed by the physician.

5 Discussion

The following section discusses the results of the project and the associated
problems and limitations identified. Although the domain experts attempted to
provide the most heterogeneous and complex patient data possible for this case
study, it should be noted that additional challenges and issues may arise as
additional patient cases are examined.

Several problems, partially typical for medical data, were found in the data
set used. The following issues and characteristics were identified: high variabil-
ity of treatment processes, time delays, incomplete data, none-activity-data and
mapping ambiguities between reference activities. The treatment histories have
a high degree of variability typical for medical data. Patient treatment data
have shown that there are activities in treatment that can occur at any time and
any number of times. Thus, such activities occur more frequently than described
in the guideline. These treatment activities pose a challenge in guideline com-
pliance checking because they are explicitly mentioned in the guideline only at
specific points in treatment. Consequently, guideline-compliant modeling does
not represent all contingencies of medical treatment, leading to the identification
of activities as deviations where they do occur additionally. Another important
aspect at this point is that some of these activities may play a crucial role in
the further course of treatment. For this reason, the activities must be able to
occur at any time in the model and they must have paths to all possible sub-
sequent treatments. However, based on the data collected so far, it is apparent
that mapping all options would increase the complexity of the model and thus
the effort to maintain it is no longer manageable.

A similar problem occurs due to time delays in treatment. For example, in
the treatment of patients, surgical procedures are followed by histological labo-
ratory examinations in which, e.g., tissue or lymph nodes are examined. Conse-
quently, the obvious modeling approach is to place the laboratory testing after
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surgery. In practice, treatment data have shown that some time elapses between
surgery and laboratory examination, and patients continue to receive treatment
in the meantime. This leads to the issue of valid activities being identified as
a deviation or violation. The data from the systems are incomplete as they
only represent the clinically documented course and parts of the out-of-hospital
treatment and diagnosis are missing. This is particularly evident in the data for
events at the beginning of the treatment process. Although it is evident from a
medical view that all patients should have passed through the same diagnostic
steps, patients start with different events. This is due to the fact that parts of the
treatment such as excision, histological examination, initial clinical examination,
etc. were performed out-of-hospital. Parts of the ADT/GEKID data are none-
activity-data and thus cannot be assigned to an event or timestamp. For this
data, it is neither possible to determine when nor in the course of which activity
it was collected. This affects the master data, which also includes attributes such
as age, which are crucial for guideline recommendations. The same applies to
the diagnostic data, which only reflects the current status and not the proce-
dural progression over time. Therefore, it is not possible to track staging over
the progression of treatment with ADT/GEKID. In the context of the reference
model, mapping ambiguities between reference activities occurs in the
data. Thus, there are events in the event log which could imply the execution
of certain activities by numerous attributes. However, the collection of the value
does not necessarily imply the use of the value and thus the execution of the
activity in the process model. Standard laboratory tests, e.g., involve the collec-
tion of numerous values, including tumor markers. However, the documentation
of the values does not allow any conclusion to be drawn about the observation,
analysis and usage of the tumor markers. Thus, at no point in the process can
it be determined whether a particular tumor marker was considered or not.

During conformance checking, process mining specific problems were iden-
tified in addition to the data set related ones. The following problems have been
identified: semantically inappropriate control-flow alignments, semantically inap-
propriate data alignments and definition of cost function. The semantically
inappropriate control-flow alignments describe a conflict between the goal
of the algorithm and the medical intent. By default, the algorithm uses a cost
function where aligning data values is cheaper than aligning events. As a result,
patient examination values are modified during alignments, such as changing
the staging value, to restore conformance. The examination values are of utmost
importance for the course of treatment, but should only be modifiable by new
diagnoses of the physicians and not by the algorithm. Accordingly, to produce
the desired behavior, in the configuration, aligning data values is more expen-
sive than aligning events. As a result, the sequence of events is aligned, but not
in the desired way. Consequently, situations arise where the alignment changes
only a single data value, e.g., making it the most favorable path for the align-
ment. This approach ends the patient’s path as fast as possible and implies,
e.g., that no melanoma was found during the initial clinical examination and the
patient is discharged from the hospital. Therefore, from a medical point of view,
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it becomes apparent that the most favorable path represents not the best pos-
sible course of treatment. Based on this finding, further efforts should be made
to examine whether the current conformance checking approach is suitable for
checking medical treatment processes for guideline compliance. Since treatment
courses are highly dynamic, a potentially more appropriate approach would be
to examine whether a possible path of the process model can be reconstructed
via sequence segments of the corresponding treatment course. Since guideline
specifications only partially describe steps or sequences anyway, an alignment
of sequence segments would provide a means for medical conformance checking.
A suitable approach could be a local conformance checking technique, which
describes the process of checking the conformance by using a set of indepen-
dent rules regarding the process. Therefore, only specific parts of the process
are checked not the process as a whole. These rules are often defined in LTL or
in declarative modeling languages like Declare [4]. Furthermore, semantically
inappropriate data alignments could be identified when performing con-
formance checking. These occurred when a guard was violated by an improper
value. For example, a patient may receive radiotherapy after a lymphadenectomy
if they have a count of three or more lymph nodes affected with cancer. In an
alignment, the value was generically set to 1000, which satisfies the condition but
creates semantic incorrectness. At this point, it becomes evident once again that
data values should not be adaptable across the board in medical conformance
checking. The medical context is highly relevant in and between treatment steps,
which is why simple value alignments to satisfy guards are not sufficient. If a
conformance checking algorithm should indeed have the authority to make data
alignments, then semantic technologies must be used in order to draw proper
conclusions and achieve meaningful results. Another problem became apparent
in the attempt to define a generally valid cost function for the patients. Thus,
although desired alignments could be achieved sporadically by changing costs,
they could only ever be achieved for an individual patient. Since the medical
conditions for a patient in treatment are highly dynamic and individual, it is
not possible to achieve globally desired results by defining costs.

6 Conclusion

In this work, we focused on the applicability of conformance checking to deter-
mine clinical guideline compliance on clinical data. For our case study, we used
real data of non-trivial treatment and diagnosis of malignant melanoma pro-
vided by Münster University Hospital and a procedural guideline representation
created in collaboration with medical professionals. The data used were in the
format of the ADT/GEKID data set, which is used by the German cancer reg-
istries, and enriched with data from a HIS where necessary.

We showed that it is possible to use conformance checking to verify clini-
cal guideline conformance of real-world clinical data. Unfortunately, there are
a number of application problems, mostly rooted in the data, but also in the
conformance checking algorithm and the process model. In particular, the char-
acteristically high variability of clinical treatment processes is a challenge. Both
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the execution and the order of execution of activities in clinical treatment pro-
cesses are subject to a variety of factors, including co-morbidities, time delays
in the process and patient preferences, resulting in highly variable processes. In
addition, incomplete processes, e.g., when data from treatments in other organi-
zations are not available, need to be handled. Moreover, alignments by writing
attribute values or deleting activities partially resulted in semantically incor-
rect alignments. Further challenges lie in the preprocessing of the data, as they
were inconsistent in granularity, contained activities irrelevant to conformance
checking, and most importantly were documented heterogeneously and partially
unstructured, requiring a complex preprocessing process.

We plan to extend the evaluation to other guidelines, including time-con-
straints such as follow-up care. We are also working on fitness functions based
on sub-processes and an analogy-based alignment approach. In this context, we
plan to further investigate the clinical data and define similarity measures for
treatment-relevant parameters with medical experts. Also, we want to test other
approaches such as deep-align [20] and investigate how they address the identi-
fied problems. Many problems are due to semantic violations of the alignment.
Here, we are working on an ontology-supported hybrid alignment procedure that
detects semantically incorrect alignments and tries to prevent them.
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