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Abstract. Conformance checking is a process mining technique that
allows verifying the conformance of process instances to a given model.
Many conformance checking algorithms provide quantitative information
about the conformance of a process instance through metrics such as fit-
ness. Fitness measures to what degree the model allows the behavior
observed in the event log. Conventional fitness does not consider the in-
dividual severity of deviations. In cases where there are rules that are
more important to comply with than others, fitness consequently does
not take all factors into account. In the field of medicine, for example,
there are guideline recommendations for clinical treatment that have in-
formation about their importance and soundness, making it essential to
distinguish between them. Therefore, we introduce an alignment-based
conformance checking approach that considers the importance of indi-
vidual specifications and weights violations. The approach is evaluated
with real patient data and evidence-based guideline recommendations.
Using this approach, it was possible to integrate guideline recommen-
dation metadata into the conformance checking process and to weight
violations individually.

Keywords: process mining, conformance checking, alignments, fitness,
weighted violations, guideline compliance

1 Introduction

Process mining is an emerging research field and fills the gap between data
mining and business process management [3]. One technique of process mining
is conformance checking, whose approaches focus on measuring the conformance
of a process instance to a process model. The results of the measurement can
usually be output in the form of alignments [2], i.e., corrective adjustments
for process instances, or metrics. A common metric is fitness, which measures
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to what degree the model allows the behavior observed in the event log that
contains all process instances.

However, conventional fitness values each deviation, i.e., a rule violation
against the specified behavior, equally. This becomes problematic in terms of
assessment for use cases in which there are rules that are more important than
others and, consequently, a violation of them is also worse. For instance, in the
domain of medicine, there are clinical guidelines. Clinical guidelines are system-
atically developed statements that reflect the current state of medical knowledge
to support physicians and patients in the decision-making process for appropriate
medical care in specific clinical situations [11]. These statements have metadata
(e.g., level of evidence or consensus strength) that provide information about
their importance and soundness. Therefore, it is important to distinguish be-
tween the degree of deviation and to weight rule violations differently in order
to obtain more accurate and meaningful results. In a scoping review, Oliart et
al. [13] systematically assessed the criteria used to measure adherence to clin-
ical guidelines and examined the suitability of process mining techniques. So
far, there is no approach that allows different weighting of guideline statements
[13]. Therefore, in this paper, we present a first approach for weighted violations
in alignment-based conformance checking that incorporates the assessment of
individual specifications in the calculation of fitness.

The approach is a promising solution to address medicine-specific character-
istics and challenges for process mining presented in Munoz-Gama et al. [12].
Regarding the characteristics, we deal with the use of guidelines (D3) in the
process mining context. In particular, concrete characteristics of guidelines are
integrated to generate more valuable results. Furthermore, we built on char-
acteristic D5, the consideration of data at multiple abstraction levels, by also
integrating medical metadata. In addition, our research involves healthcare pro-
fessionals (D6) who have made a valuable contribution to its realization. Regard-
ing challenges, we address dealing with reality (C4) as we test and evaluate our
approach with real patient data. Furthermore, the development of this approach
should foster the use of process mining by healthcare professionals (C5), as it
leads to helpful and valuable results.

The remainder of the paper is organized as follows. Section 2 provides back-
ground information on the components of our approach. Section 3 describes the
methodological approach for the alignment-based conformance checking with
weighted violations. Section 4 presents the evaluation process. In Section 5, the
findings are discussed, and Section 6 concludes the paper.

2 Fundamentals

2.1 Event Logs

Process mining is based on event logs. Event logs can be viewed as multi-sets
of cases. Each case consists of a sequence of events, i.e., the trace. Events are
execution instances of activities. Here, the execution of an activity can be repre-
sented by multiple events. This can occur, for example, when multiple lifecycle



Weighted violations in alignment-based conformance checking 3

stages of execution are logged [15]. In addition to the control flow perspective,
event logs can also use attributes to represent other perspectives, such as the
data perspective or the resource perspective. The following defines event logs,
traces, events, attributes, and functions on them as a basis for the methodology.

Definition 1. (Universes) For this paper, we define the following universes:

– V is the universe of all possible variable identifiers
– C is the universe of all possible case identifiers
– E is the universe of all possible event identifiers
– A is the universe of all possible activity identifiers
– AN is the universe of all possible attribute identifiers

Definition 2. (Attributes, Classifier) Attributes can be used to characterize events
and cases, e.g., an event can be assigned to a resource or have a timestamp. For
any event e ∈ E, any case c ∈ C and name n ∈ AN , #n(e) is the value of at-
tribute n for event e and #n(c) is the value of attribute n for case c. #n(e) =⊥
if event e has no attribute n and #n(c) =⊥ if case c has no attribute n. We
assume the classifier e = #activity(e) as the default classifier.

Definition 3. (Trace, Case) Each case c ∈ C has a mandatory attribute trace,
with ĉ = #trace(c) ∈ E∗\{⟨⟩}. A trace is a finite sequence of events σ ∈ Σ∗ where
each event occurs only once, i.e. 1 ≤ i < j ≤ |σ| : σ(i) ̸= σ(j). By σ ⊕ e = σ we
denote the addition of an e event to a trace σ.

Definition 4. (Event log) An event log is a set of cases L ⊆ C, in the form
that each event is contained only once in the event log. If an event log contains
timestamps these should be ordered in each trace. L̂ = {e|c ∈ L ∧ e ∈ ĉ} is the
set of all events appearing in the log L.

2.2 Alignments

To check the conformance of an event log L to a process model M , approaches
to search for alignments are common for different process modeling languages
[5]. An alignment shows how a log or trace can be replayed in a process model.

Definition 5 (Alignment, moves). Let ≫ be the indicator for no move and
E≫ = E ∪ {≫} the input alphabet including the no move. Then EA = (E≫ ×
E≫) \ {(≫,≫)} is the set of legal moves. Let (s′, s′′) be a pair of values with
(s′, s′′) ∈ EA, then holds:

– is a log move if s′ ∈ E and s′′ =≫
– is a model move if s′′ ∈ E and s′ =≫
– is a synchronous move if (s′, s′′) ∈ (E × E) ∧ s′ = s′′

An alignment of two traces σ′, σ′′ ∈ E∗ is a sequence γ ∈ E∗
A.

In other approaches, the alignment definition may differ from the above. How-
ever, the described approach can be adapted for all cost-based alignments.
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2.3 MLMs and Arden Syntax

Medical Logic Modules are designed to represent medical knowledge in self-
contained units that are both human-readable and computer-interpretable. More-
over, they should be transferable between several clinics [4, 10]. The Arden syn-
tax for MLMs allows the development of MLMs. It is a rule-based, declarative,
HL7 standardized approach to open implementation of MLMs [14]. This was
developed specifically to formalize and exchange medical knowledge. In the fol-
lowing, we interpret the term MLM as MLM in the Arden syntax. MLMs are
text files divided into discrete slots (see Figure 1). These slots then contain data,
describe database queries or rules [10]. The basic orientation of MLMs are to
formalize medical knowledge and to formulate rules, which are usually of the
form “If patient has fever ≥ 40, then make a request for examination Z”. This
logic is formulated in the so-called logic slot and allows complex queries [4].
Among the operators are also operators with procedural reference like before,
after, within same day or n days before/after. However, these do not di-
rectly compare events, only timestamps.

This approach was repurposed in the paper [8] to check the conformance of
treatment sequences. For this purpose, part of the guideline for the treatment of
malignant melanoma already used in [9] was transformed into MLMs using the
CGK4PM framework [7]. The framework is inspired by the guideline creation
process and enables the systematic transformation of guideline knowledge in
an iterative procedure involving domain experts. Instead of MLMs being used
to establish if-then rules, they were used in the approach to verify whether the
particular guideline statement was followed. In case of non-compliance, manually
modeled alignment steps were returned, which were then implemented by the
client. This approach is used below to evaluate the approach in this paper.

2.4 MLM-based conformance checking

To describe our approach, we introduce a simplified formalization of MLMs and
the MLM-based conformance checking approach proposed by Grüger et al. [8].

Definition 6 (MLM and Slot). We define an MLM m as a quadruple consist-
ing of four categories with m = (maintenance, library,maintenance, resources).
Each category c consists of predefined slots. Let S be the set of all slots, then
Sc ⊂ S is the set of all slots defined for category c. Each slot consists of one to
many values. So m[s] returns the values of slot s for MLM m.

Each MLM defines in the evoke slot at which evocation event it is evaluated.
Here, the term evocation event extends the event concept to include the event
classifier and data-level writing events. At the data level, events can be defined
by the attribute name or the name in combination with the attribute value.

Definition 7 (evoke, evocation event). Let e ∈ E be an event and m be an
MLM. Ee defines the set of all evocation events evoked for event e:

Ee = {e} ∪ {en|n ∈ AN if en ̸=⊥} ∪ {(en,#en)|n ∈ AN if en ̸=⊥}
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Then there exists a function evokem : E ∪ AN ∪ (AN × V) → {0, 1} with:

evokem(Ee) =

{
1 if #(m[evoke] ∩ (x)) > 0

0 else

Let M ⊆ MLM be a declarative model consisting of many MLMs, and σ be a
trace. Then holds:

Mσ = {m ∈ M |∃e ∈ (E) : evokem(Ee) = 1}

is the shorthand for all evoked MLMs from M for σ.

The logic slot defines the actual conformance check based on the trace data from
the data slot. The actual logic of the conformance checking and the alignment
is adapted from [8] and described as a black box due to lack of space.

Definition 8 (Logic, Return). Let A be the universe of alignment steps, K
the universe of keys used in the slots and V the universe of values. Let m be an
MLM, then there exists a logical function l : MLM → {0, 1} × A∗ × (K,V )∗.
The boolean value specifies whether the MLM was validated to be conform (1) or
not (0). The alignment steps describe the steps for aligning a given trace.

Definition 9 (Fitness). Let MLM be the universe of all MLMs, M ⊆ MLM
be the declarative model, and σ be a trace. The function eval : M ×Σ → {0, 1}
evaluates whether a trace conforms to an MLM or not or was not evoked. The
fitness is defined as:

fitness(σ,M) =

∑n
i=1 eval(σ,M

′
i)

|M ′
σ|

An outlined example of an alignment computed with an MLM is shown in
Figure 1. Here, event C is supposed to occur after event B. Since event B occurs
in the trace, the MLM is evoked. The logic slot concludes to false since event
C does not occur after event B. Hence, the defined alignment operation in the
else block is executed and event C is inserted after event B. The timestamps of
the events are used to find the correct position for the insertion.

3 Methodology

In order to incorporate the degree of a deviation into fitness to consider the
importance of the violated part of the model, we introduce an approach to weight
the cost of a deviation based on the given metadata. Consequently, we introduce
a cost function K : EA → R+

0 . Here, any cost function can be used that best
represents the costs of the particular process and the domain-specific context.

For computing, the fitness of a trace σ ∈ L ⊆ E∗ to a process model M based
on the cost function, a complete alignment with minimum cost γopt is sought.
Moreover, the reference alignment γref

σL
is searched. Thereby, the type of process
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D 20.02.2021

maintenance: […]

library: […]

knowledge:

data: loe = 0.7; cs = 1; rs = 0.9; […]

evoke: event_B_detected

logic: […]

IF C after B THEN:

conformity: true

ELSE:

conformity: false

alignment_operations:

- {object: Event, operation: INSERT, value: C,

position:{

relation: AFTER,

ts1: "|| B_Timestamp ||“

}}

action: […]

event B evokes MLM

alignment:
insert event C with
timestamp after B

13.02.2021C

Event Timestamp

A 25.01.2021

12.02.2021B

TraceMLM

Fig. 1. Example showing a trace violating the MLM, which states that event B must
be followed by C. The alignment step modeled manually in the MLM indicate that C
is to be inserted after B.

modeling and the algorithm for calculating the alignment can be individually
selected. Typically, the reference alignment with the highest cost is an alignment
in which only moves exist in model and log:

γref
σL

=
L aL1 ... aLn ≫ ≫ ≫
M ≫ ≫ ≫ aM1 ... aMn

While an alignment is a sequence γ of pairs (s′, s′′) ∈ (E≫ × E≫) \ {(≫,≫)},
the cost of γ is the sum of the costs of each pair of alignments:

K(γ) =
∑

(s′,s′′)∈γ

K((s′, s′′))

This is where the approach comes in. Each pair of an alignment (s′, s′′) with
s′ ̸= s′′ represents a deviation detected by the conformance checking algorithm
using the model M . Therefore, there is a condition c in the model that caused
this violation. We use condition as a term for modeling elements from imperative
and declarative approaches (e.g., guards or rules).

Definition 10 (Condition, Condition weight). Let M be a model and C
be the set of all conditions. Then CM ⊆ C is the set of all conditions of M .
Following functions are defined over C:

– w : C → R+
0 , the weighting for condition c ∈ CM . As shorthand we use

wc = w(c).
– mM : (E≫ × E≫) \ {(≫,≫)} → C, a mapping of an alignment pair on the

condition, causing the violation.

Mapping the alignment pairs (s′, s′′) of an alignment γ to a condition c allows
using wc to assign a weight from R+

0 to each deviation in γ based on c.
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Definition 11 (violation-weighted cost function). Let EA = (E≫ × E≫) \
{(≫,≫)}, then KW : EA → R+

0 is the violation-weighted cost function. If
(s′, s′′) ∈ EA, then

KW((s′, s′′)) = wm((s′,s′′)) ∗ K(s′, s′′)

calculates the weighted cost for the alignment pair (s′, s′′).

Definition 12 (violation-weighted fitness function). Let σL ∈ E∗ be a log
trace and M a model. Let γopt

σL
∈ E∗

A be an optimal alignment of σL and model
M and γref

σL
the reference alignment. The fitness level is defined as follows:

FW(σL,M) = 1−
KW(γopt

σL
)

KW(γref
σL )

Therefore, for each deviation in the optimal alignment γopt
σL

and in the reference
alignment γref

σL
, the deviation weighted cost is calculated. This enables algorithm

and process modeling language independent for all alignment-based conformance
checking approaches to reflect the importance of violated rules in the fitness level.

4 Evaluation

For the evaluation, we used the data and model base from Grüger et al. [8]. In
this paper, the authors present an MLM-based approach to conformance check-
ing for clinical guidelines. Clinical guidelines are intended to support evidence-
based treatment of patients. As a summary of systematically developed recom-
mendations based on extensive literature studies, they are intended to optimize
treatment of patients based on evidence [6]. In the original approach [8], part of
the guideline for the treatment of malignant melanoma [1] (diagnosis and ther-
apy in primary care and locoregional metastasis) was modeled as a declarative
rule-based MLM model. We use this and the dataset consisting of five real pa-
tients from the University Hospital Münster to evaluate the approach described.
This ensures immediate comparability with the conformance checking results
from the original MLM-based conformance checking approach.

In addition, medical guidelines inherently contain information on the time-
liness, importance, and foundation of each guideline recommendation, which
could not be addressed in previous conformance checking approaches. There-
fore, we adapt the approach to compute the violation-weighted fitness such that
the weights are dynamically derived from the properties of the guideline state-
ments represented by the MLMs. For calculation, we use the attributes level of
evidence, date of last review, consensus strength, and recommendation strength.

– level of evidence (loe): evidence grading is according to Oxford (2009
version) and is divided into 10 grades (1a, 1b, 1c, 2a, 2b, 2c, 3a, 3b, 4,
5), with 1a (systematic review with homogeneity of randomized-controlled
trials) highest loe and 5 (expert opinion without critical analysis or based
on physiologic or experimental research or “basic principles”) lowest loe.
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– consensus strength (cs): indicates the strength of consensus in the expert
panel on the respective statement in percent.

– recommendation strength (rs): for all recommendations, the strength of
the recommendation is expressed as A (strong recommendation), B (recom-
mendation), and C (recommendation open).

– date of last review (dolr): indicates the year of the last review of the
statement. Considering constant progress, the topicality of recommendations
is to be taken into account in the evaluation.

In order to incorporate the weighting attributes WA = {loe, cs, rs, dolr}
as weights into the fitness calculation, the individual classification values are
mapped as values between 0 and 1, using the mapping function m. Let C be
the set of MLMs. Let m : C × WA → [0, 1] be the mapping function for the
weighting attributes for a concrete condition c ∈ C. For each of the weighting
attributes, m is defined as follows.

For the 10-step gradation of the level of evidence (loe), the values are descend-
ing equally distributed over the range from 0 to 1. The strength of recommen-
dation (rs) can be expressed by three different categorical values. Accordingly,
the weighting is given in thirds of steps.

loe 1a 1b 1c 2a 2b 2c 3a 3b 4 5 rs A B C
m(c,loe) 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 m(c,rs) 1 0.66 0.33

Since consensus strength (cs) is expressed in relative values from 0 to 100
percent, the mapping values are divided by 100. The date of the last review
is divided into time intervals. Recommendations that have been reviewed since
2019 receive the highest recommendation. Review years below that receive a
weight of 0.8. This expresses the strength of differentiating fine-grained between
the informative value of the individual attributes. For example, the last review
year was rated as less relevant by the domain experts.

m(c, cs) = ccs
100 m(c, dolr) =

{
1 if cdolr ≥ 2018

0.8 else

Furthermore, it is necessary to differentiate between standard and critical
MLMs. In a critical MLM, loe, cs, rs and dolr are all equal to 1. This means
that this MLM is up-to-date and is seen as critical by medical experts. Thus, it is
necessary to increase the weight of these MLMs. This is guaranteed by using the
function below. In the case the MLM is critical, the defined if-condition holds
and the value of 2 is assigned as weight. If the MLM is not critical, the else-
condition is applied and the weight for a given MLM c is calculated as the sum
of the mapped values v ∈ WA divided by the number of weighting attributes.

w(c) =


2 if

∑
a∈WA m(c, a) = |WA|∑

a∈WA

m(c,a)

|WA| else
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Grüger et al.’s approach [8] returns a semantically optimal alignment. This
is manually pre-modeled for each of the MLMs and addresses violations of the
MLMs in such a way that they are correctly resolved from a medical perspective,
i.e., no overwriting of values in the data perspective, no changing of the guideline
model, no most favorable path (e.g., by deleting nodes). This optimal alignment
is then incorporated into the calculation of fitness in the denominator. Since the
approach is built based on a set of rules in the form of MLMs, but not all of
them are evoked for each trace, the reference alignment is computed based only
on the set of evoked MLMs Mσ for the trace σ (see Definition 7).

Therefore, we adapt the fitness function established in Definition 9 and mod-
ify it as follows. For trace σ and the MLM-based model M , γopt

σ is the optimal
alignment. Then γref

σ is the reference alignment violating every MLM in Mσ.

FW(σL,M) = 1− KW(γopt
σL

)

KW(γref
σL

)
KW((s′, s′′)) = (wc((s′,s′′)))

2 ∗ K(s′, s′′)

Since the guideline, according to its intention, mainly gives recommendations
that have a higher degree of recommendation, a higher level of evidence, and
a good consensus, the cost function was adjusted so that deviations from the
optimum were weighted more heavily, this was ensured by squaring the weight
term wc((s′,s′′)). The computed fitness values for the five patients with the original
approach [8] and the adapted weighted approach are shown in Table 1.

violation weighted non-weighted

Log Fitness 0.8642 0.8306
Fitness P87523 0.8787 0.8636
Fitness P56156 0.9258 0.8281
Fitness P21333 0.7840 0.8125
Fitness P23144 0.7769 0.8947
Fitness P23342 0.4444 0.3337

Table 1. Resulting fitness values compared with the non-weighting approach (log
fitness and treatment trace for patients P21333-P87523).

The results show that the fitness values of the entire logs differ only slightly.
This is due to the fact that most of the guideline recommendations have a
high degree of recommendation. Moreover, not only the optimal alignments are
weighted, but also the reference alignments. Thus, the fitness is averaged here
as well. This is clearly visible in patient P23342. Here, two guideline recommen-
dations were violated and three were evoked. Each of the recommendations has
the highest level of evidence, the highest consensus strength, recommendation
strength and the year 2018, as the year of the last review and thus is critical.
This results in a weight of 2 for each recommendation, resulting in a fitness of
0.4444 for the weighted and 0.3337 for the unweighted approach. For patient
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P87523 (see Figure 2), three MLMs are evoked and one (guideline recommenda-
tion 4.22) is critical. Since each weighting attribute has the highest weight, the
deviation from recommendation 4.22 has a weight of 2.

… HEX LFP REE PCTA HEX
SLNB LNS …

synchronous move

model move

log move

cs: 100

loe: none

rs: A

dolr: 2018

cs: none

loe: 1a

rs: A

dolr: 2018

cs: 100

loe: 1a

rs: A

dolr: 2018

gr: 4.39 gr: 4.34 gr: 4.22

case ID: P87523

HEX: histopathological examination of the excision LFP: local flap plasty REE: re-excision

HEXSLNB: histopathological examination of the SLNB (sentinel lymph node biopsy)

PCTA: PET/CT or CT thorax/abdomen (imaging techniques) LNS: lymph node sonography

Fig. 2. Aligned trace of the patient case P87523. Containing three moves in the aligned
trace: two model moves and one log move. For each alignment step, the guideline
recommendation (gr) is shown, which is incorporated in the respective MLM. Below
that, the weighting attribute information for deriving the weights is shown.

The high fitness values close to the unweighted values show that the treat-
ment traces in particular violate important statements. There are nearly no
recommendation violations weighted as less important. In total, the traces vio-
lated 21 statements, of which 11 rules have a weight of 1 (as in a crisp approach)
and 4 are critical with a weight of 2. In six violations, all for patient P56156 (11
violations in total), the weights are less than 1, with an average weight of 0.6.

5 Discussion

As demonstrated in Section 4, the weighted fitness measure provides little dif-
ference from the crisp approach when (1) there are few or no strongly weighted
deviations (2) there are few deviations in general, and they are not sufficient to
make a difference (3) in our approach, few MLMs are activated for treatment. Ad-
dressing this issue would require further investigation of the effect of the weights.
An extended weighting scale could generate larger differences between individual
results and better differentiate deviations in terms of their importance.

Furthermore, it must be considered that the creation and assignment of the
weights and their levels is done manually. This implies a certain amount of effort,
which usually requires the contribution of one or more domain experts for the
corresponding case. In our evaluation, we were able to derive the weights from
the medical classifications. However, if weights are to be implemented when there



Weighted violations in alignment-based conformance checking 11

is no default of importance, then they must be created based on the available
data as well as a consensus of the respective domain experts. In addition, the
assignment of numerical values to level of evidence and recommendation strength
must be regarded critically, because it cannot be said with certainty that, e.g.,
the distance between loe 1a and 1b is the same as between 4 and 5.

The presented approach extends alignment-based conformance checking with
weights to differentiate the severity of deviations. However, the data perspective
is not currently considered, as it brings its own challenges, such as the semanti-
cally correct severity of a deviation from a given stage value.

When considering the results and the data set used, it should be noted that in
an extended evaluation, the weighted fitness values may show greater differences
from the unweighted fitness values. Since only a guideline section was modeled,
only a delimited area of the entire treatment is tested for compliance. Accord-
ingly, if a full treatment were reviewed, it is also very likely that more guideline
violations of varying relevance would be identified, and the result would devi-
ate much more significantly from the unweighted fitness score. Moreover, this
work has shown that it is not straightforward to incorporate the importance of
activities in the fitness value. On the one hand, the generated results could not
show large differences in some cases and on the other hand, it is questionable to
what extent fitness is the appropriate place to integrate the importance aspect.
For medical process mining in particular, consideration should be given to intro-
ducing a new metric specifically designed for this purpose. In general, empirical
research is needed on the association of greater guideline deviation and worse
clinical outcomes addressed by clinical trials.

6 Conclusion

The presented approach for weighting violations of specific conditions allows the
inclusion of attributes such as importance or soundness of modeled behavior. In
the presented use case, this enables a more accurate knowledge representation
in the process models and a higher expressiveness of the fitness value.

A limitation of the current approach is that it only considers the importance.
However, the results show that the degree of deviation from the model is also
important for calculating meaningful fitness values. This also applies to most
cases of larger deviations in the time perspective since they should be weighted
more heavily than small deviations. Accordingly, the replacement of one activity
with another similar activity would also be less severe. An approach to include
the degree of deviation for the data perspective could be the adaptation of the
fuzzy set approach according to Zhang et al. [16]. Another factor could be the
degree to which the conditions are met. Thus, it is interesting to know how close
the trace could be to a threshold so that the respective condition still takes effect.
Another challenge is the mapping of optional rules in the fitness value, which
turned out to be very domain dependent. In future work, we intend to extend
the approach to include the degree of deviation. In addition, the approach will
be implemented and evaluated for several process modeling languages.
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