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Abstract. Process mining practices are mainly activity-oriented and they sel-
dom consider the (often conflicting) goals of stakeholders. Involving goal-related
factors, as often done in requirements engineering, can improve the rationality
and interpretability of mined models and lead to better opportunities to satisfy
stakeholders. This paper proposes a new Goal-oriented Process Enhancement
and Discovery (GoPED) method to align discovered models with stakeholders’
goals. GoPED first adds goal-related attributes to traditional event characteristics
(case identifier, activities, and timestamps), selects a subset of cases with respect
to a goal-related criterion, and finally discovers a process model from that subset.
We define three types of criteria that suggest desired satisfaction levels from a
(i) case perspective, (ii) goal perspective, and (iii) organization perspective. For
each criterion, an algorithm is proposed to enable selecting the best subset of
cases were the criterion holds. The resulting process models are expected to
reproduce the desired level of satisfaction. A synthetic event log is used to
illustrate the proposed algorithms and to discuss their results.

Keywords: Business process management � Process mining � Goal modeling �
Requirements engineering � Event logs � Performance indicators

1 Introduction

The process mining community has developed various algorithms and tools to enable
the analysis of event logs to discover process models and improve their underlying
processes. Process mining activities involve: (1) Discovery, where a model is being
created from event logs; (2) Conformance checking, where differences between the
model and reality are detected; and (3) Enhancement, where an existing process model
is improved or extended using some additional desired data from different aspects [16].

Event logs, resulting from the execution of processes, are the main input of process
discovery activities. However, process mining approaches usually do not consider
specific goals that individual cases pursue and satisfaction levels that traces yielded for
different stakeholders’ goals [7]. This situation not only threatens the rationality behind
the discovered models, but also often results in unstructured “spaghetti-like” process
models. Although such models reflect reality, they cover many exceptions and many
traces misaligned with goals [12]. Process mining practitioners have to deal with such
problems especially in flexible environments that allow multiple alternatives within
process execution.
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There are currently some strategies that deal with unstructured discovered processes
often taking into account the frequency of activities and transitions. For example,
keeping the activities that occur at least for 20% of cases is a way to simplify the
model. In contrast to strategies that change logs, abstraction techniques such as fuzzy
mining [16] are applied to the resulting process graphs. Also, current declarative
approaches, e.g., based on linear temporal logic, exist to enforce some constraints (e.g.,
on sequencing) and discover complying models at the activity level [12].

Goal modeling, a requirements engineering approach that enables the description of
the interrelated (and often conflicting) goals of systems and stakeholders, can be
leveraged for addressing the aforementioned problems. Goal modeling is used to
support heuristic, qualitative, or formal reasoning about goals, and ultimately trade-off
analysis, what-if analysis, and decision making. In contrast to process mining where
“how”, “what”, “where”, “who”, and especially “when” questions are answered, goal
modeling focuses mainly on complementary “why” questions [2].

We hypothesize that a goal-oriented approach combined to process mining enables
leveraging goals to improve process models and their realization. Process models that
are discovered with respect to different goals are aligned with such goals and hence
more likely to produce high levels of satisfaction.

The objective in this paper is to offer a process mining method concerned not only
with the sequencing of activities, but also with processes’ goals and satisfaction
indicators. To this end, we propose a goal-oriented process enhancement and discovery
(GoPED) method that adds satisfaction levels of different goals to event logs and
considers traces of activities beside their contribution to predefined goals. Goal satis-
faction levels are derived from a model capturing goals, stakeholders, and their rela-
tionships. Note that the “enhancement” part of GoPED is about enhancing logs with
goal information to produce higher-quality and simpler process models, and not about
improving processes after their discovery.

As an example, a trace of activities in a healthcare process may take a very short
time (i.e., it satisfies the goal “to decrease process time”) but may end up with a
wrong diagnosis (i.e., it violates the goal “to diagnose correctly”). Inversely, a trace
may take a long time and impose an unaffordable cost but may end up with a correct
diagnosis. GoPED takes advantage of goal models to manage such conflicting goals
and to support trade-off analysis. With GoPED, good historical experiences will be
found within the whole event log to be used as a basis for inferring good models and
bad experiences will be found to be avoided. The goodness of traces and models is
defined with regards to three categories of goal-related criteria: satisfaction of indi-
vidual cases in terms of some goals (case perspective), overall satisfaction of some
goals rather than individual cases (goal perspective), and a comprehensive satisfaction
level for all goals over all cases (organization perspective). GoPED is expected to
guide process discovery approaches towards specific goal-related properties of interest.

The paper is structured as follows. Section 2 explains the fundamentals of GoPED
and highlights its contribution to current process mining approaches. Section 3
explicitly describes three algorithms for selecting traces according to the three categories
of criteria discussed in the previous paragraph. Then, in Sect. 4, the GoPED method is
applied to an illustrative example of a healthcare process, with a discussion of the
results. Related work at the intersection of process mining and goal modeling is briefly
discussed in Sect. 5. Finally, a summary and conclusions are provided in Sect. 6.
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2 GoPED Method

Figure 1 gives an overview of the proposed method through an example that exploits
the Goal-oriented Requirement Language (GRL) standard [2]. Let us assume that there
are three leaf goals (G1, G2 and G3), with G1 contributing to Goal Y and Goal X being
AND-decomposed by G2 and G3. Each goal may be fed by its Key Performance
Indicators (KPIs), allowing to quantify its satisfaction level. Let us also assume that the
event logs store the value of each goal-related KPI, e.g., “process time” associated to
the goal G2 “to take a short process time”. Such KPIs and how they contribute to
goal satisfaction (e.g., by providing a function that converts a current, observable value
to an abstract satisfaction value between 0/violated and 100/satisfied) are also defined
in the goal model (see [1] for details). Based on this scheme, the satisfaction level of the
leaf goals in Fig. 1 are computed from corresponding KPIs (arrows ). We define the
satisfaction level of Goal i as Sat (Gi). The satisfaction of actors (dashed circles in
Fig. 1) and of the whole models can be computed in a similar fashion [1].

After finding the current satisfaction of considered goals, GoPED defines some
criteria related to the goals (arrow ). The main objective is to design a process model
that fulfills one or many such criteria. The goal-related criteria are defined from three
perspectives as follows:

• The resulting process model achieves (based on current evidence) a minimum
satisfaction level for every single case in terms of one or multiple goals (row or case
perspective). For example, in Fig. 1, Sat(G2) should be more than 60 for all cases.

• The resulting process model achieves a threshold for the aggregated satisfaction
level of one or multiple goals rather than the level for individual cases (overall
column or goal perspective). For example, in Fig. 1, the aggregated satisfaction
level of G2 (where the aggregation function is defined as the average here) should
be higher than 70 (but is currently 45).

• The resulting process model achieves a threshold for the comprehensive satisfaction
level of many goals over all cases (table or organization perspective, arrow ).

Fig. 1. Overview of goal-oriented process enhancement and discovery (GoPED)
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This may be computed through the goal model (e.g., in GRL) or through a function
derived from that model. For example, according to the structure of the model in
Fig. 1, the satisfaction of the stakeholder “Seller” is the average of Goal Y
(computed from G1) and Goal X (the minimum of G1 and G2).

The basis of process mining is generally to use historical event logs and infer valuable
insights. Following this general approach, GoPED selects a subset of the input traces
that have already fulfilled the given criteria and uses them to find process models of
interest (arrow ). For example, if the objective is to secure at least 50 as a satisfaction
level for G2 for all the customers, the cases #1 and #3 will be selected because they
have a satisfaction level over 50 for goal G2. After such a selection, a process model is
mined through the selected traces using a process discovery algorithm (arrows and
). The discovered model does not represent all existing behaviours, but rather rep-

resents the desired behaviours towards the goals. Different model mined through dif-
ferent goal-related criteria can shed some light on different aspects and alternatives
involved in the real or the discovered model. Such criteria are purposely defined by a
domain expert in collaboration with a modeller. Moreover, an analyst can compare the
model discovered from the whole log with the model discovered by GoPED. Such a
comparison can also reveal some valuable insights from potential discrepancies. Goal-
oriented conformance checking approaches [5, 6] can also suggest some way of
reconsidering the goal model with respect to misalignments between the process and
goal perspectives, as shown in the right graph of Fig. 1.

The process model resulting from GoPED is inferred from cases selected based on
their goals. Therefore, irrelevant cases (that likely pursue goals different from the
expected goals) are filtered out. The discovered model will be more likely well-
structured as GoPED intentionally decreases the number of variations of traces and, in
turn, decreases the chance of producing a spaghetti-like process model.

Another benefit of GoPED relates to the quality dimensions considered in usual
process mining activities. In addition to the fitness, precision, generalization, and
simplicity dimensions [16], GoPED brings into consideration a new intention dimen-
sion, formalized by the goal model.

3 Algorithms to Select Cases

In process mining, the three attributes (columns) that must minimally exist in an event
table are case identifier, activity and timestamp. There might be some other event attri-
butes stored in such a table that can be used for the analysis of discovered models (e.g.,
resource). Similarly, there might be some attributes about the case (e.g., age) or about a
case’s trace (e.g., total process time). In GoPED, we add some new case attributes related
to goals, which are usually absent in process mining practice. Table 1 shows the archi-
tecture of event logs enhanced with goal-related attributes, used as input of GoPED.
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3.1 Preliminaries

The notations that are used through this paper are defined as follows:

Definition 1. Basic concepts (activity, trace, case, event log).

– A is the set of all experienced activities labelled ai.
– A trace is a finite sequence of activities t ¼ a1; � � � ; akh i, where k 2 N

þ is the trace
length. T is the set of all observed traces.

– A case c ¼ id; th i has a case identifier id 2 N
þ and contains a trace t 2 T .

– trace cð Þ ¼ t is a shorthand to indicate that the trace of the case c is t 2 T .
– L ¼ c1; � � � ; cmh i is an event log consisting of a finite sequence of cases of size m.
– C is the set of all possible cases (with traces) represented in the log L.

Definition 2. EnhancedLog structure.
To select the best subset of cases in a log through GoPED’s algorithms, an event log

enhanced with additional goal-related attributes is needed. The structure of such log,
shown in Table 1, and the elements of that structure are defined as follows:

– EnhancedLog is the event log L enhanced with goal-related attributes. This log is a
table of all cases c 2 C beside their traces t 2 T . The satisfaction levels of all
considered goals (including KPIs and actors) are stored in the next columns. G is
the set of all considered goals, i.e., G ¼ G1;G2; � � � ;Gngf . We assume that
EnhancedLog consists of m cases and n considered goals.

– si;j in EnhancedLog shows the level of satisfaction of casei in terms of Goalj.
– si:Ove, found in the last column of the table EnhancedLog, is the overall satisfaction

level for casei. This represents the satisfaction level of the whole goal model. The
satisfaction level of the goal model is evaluated through bottom-up analysis as
elaborated in the goal-oriented modeling literature [1]. This evaluation is based on
AND/OR refinements, contribution links, the importance level of a goal to its actor,
and the actor importance in the whole model.

– Function g is derived from the goal model to compute the overall satisfaction level
based on satisfaction levels of all sub-goals in G [4]. Therefore, as si;j is the
satisfaction level of Goalj for casei, we have si:Ove ¼ g si:1; si:2; � � � ; si:nð Þ.

– sAgg:i, in the last row of EnhancedLog, show the aggregated satisfaction level of
each goal based on the satisfaction level of all cases in terms of that goal. sAgg:i is a
function (e.g., average, median, etc.) of satisfaction levels of all m cases for Goalj.

Table 1. Event log enhanced with n goal-related attributes (EnhancedLog)

Case Trace Goal 1 Goal 2 … Goal n Overall

c1 t1 s1;1 s1;2 … s1;n s1:Ove
c2 … s2;1 s2;2 … s2;n s2:Ove
… … …

cm tm sm;1 sm;2 … sm;n sm:Ove
Aggregated
satisfaction:

sAgg:1 sAgg:2 … sAgg:n sComp
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– Function fj is the aggregation function of Goalj. For each goal Gj 2 G we have
sAgg:j ¼ fj s1:j; s2:j; � � � ; sm:j

� �
. F is a tuple of functions f1; f2; . . .; fnð Þ that keeps

aggregation functions of all goals.
– sComp is the comprehensive satisfaction level that the process has yielded. This

factor can be defined either by composing the aggregated satisfactions (last row) or
by aggregating the overall satisfaction levels (last column) using some function.

Definition 3. GoPED offers three types of goal-related criteria, discussed in Sect. 3.1:

– Qcase is a set of criteria qj. Each qj is a tuple composed of one goal Gj 2 G and a
threshold, slj; for the satisfaction level of that goal, Qcase ¼ qj

� ¼ Gj; slj
� �jGj 2

G ^ 0� slj � 100g: A confidence level, 0 � conf � 1, together with Qcase, con-
stitute the whole criteria. Such criteria represent that (with a confidence conf) the
satisfaction level of every single case in terms of the considered goals Gj will be at
least slj. It is noteworthy that all goals in G are not necessarily considered by Qcase.
For example, when G ¼ G1;G2;G3f g and Qcase ¼ f G2; 90ð Þ; G3; 75ð Þg and
conf = 0.8, GoPED is looking for a process model that will yield minimum satis-
faction levels of 90 for G2 and 75 for G3, for at least 80% of the cases (i.e.,
confidence of 0.8).

– Qgoal refers to the second type of goal-related criteria. Qgoal consists of a set of
criteria qj composed of one goal Gj 2 G and a satisfaction level for that goal.
Qgoal ¼ qj

� ¼ Gj; slj
� �jGj 2 G ^ 0� slj � 100g: Qgoal is looking for a process

model that can deliver an aggregated satisfaction level for the considered Gj 2 G of
at least slj. Again, all goals in G are not necessarily considered by Qgoal. For
example, when G ¼ G1;G2;G3f g and Qgoal ¼ f G2; 90ð Þ; G3; 75ð Þg, Qgoal is look-
ing for a process model that will yield minimum aggregated satisfaction levels of
90 for G2 and 75 for G3.

– QComp consists of one value between 0 and 100 called slComp. This criterion looks
for a process model that can yield a comprehensive satisfaction of at least slComp.

Definition 4. SelectedCases �C is the main output of GoPED algorithms and the set
of selected cases that satisfy one of the aforementioned criteria.

3.2 GoPED Algorithms

As the goal-related criteria are based on three different viewpoints of EnhancedLog,
three different algorithms for trace selection are required. The main idea in all three
algorithms is to select the largest subset of cases that satisfy the selected criterion.

Searching for the largest subset of cases is needed because if one simply selects
very few cases that meet the desired criteria, the discovered model will be based on an
event log suffering from potential incompleteness problems. When the event log
consists of too few events, the discovered model is less realistic and risks becoming
overfitted.

Another feature of our search approach is that we look over the cases 2 C rather
than the traces 2 T. This is because many cases might have a same trace but different
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levels of satisfaction for the goals. Moreover, the frequency of each trace contains very
important knowledge about real-world behaviors. Therefore, we need to end up with a
subset that consists of variations of traces together with their frequencies.

One consequence of searching within cases is that there might be some cases with
trace tk that are eligible to be selected and, simultaneously, some cases with the same
trace that are not. Although including the former cases and excluding the latter ones
appears to be a simple solution, it would not be correct. The reason is that a discovered
model either allows a trace (and all its cases) or avoids it. We respect an “all-or-none”
rule, i.e., the SelectedCases should have either all cases of a same trace or none of
them. Based on the above explanation, we define the three algorithms for selecting the
best subset of cases regarding the three types of goal criteria and the all-or-none rule.

Algorithm 1: Guaranteeing One or Multiple Goals for All Cases. This type of goal-
related criterion is looking for a model that guarantees (with a given confidence level) a
predefined satisfaction level for one or multiple goals for all cases. This criterion
considers every single case in a row viewpoint, therefore each case will be assessed
against all goals considered in the criterion. There might be cases with trace tk that
meets all qi 2 Qcase and some cases with the same trace that do not. Algorithm 1 checks
all cases of one trace against Qcase (line 11). If the proportion of complying cases is not
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inferior to the given confidence level conf, all the cases with that trace will be selected,
otherwise all of them will be filtered out (lines 16–17). For example, assume conf is 0.8
and the event log has 100 cases with trace ha; b; c; gi, including 83 cases that meet
Qcase and 17 cases that do not. As 83% of these cases comply with the criterion, which
is above the confidence level of 80%, all 100 cases are selected. Algorithm 1 first sorts
all cases according to their trace (line 1). Searching within all cases of a trace and
checking them against the criteria is hence efficient (lines 9–15).

Algorithm 2: Guaranteeing the Aggregated Satisfaction Levels of Goals. Here, in a
column perspective, the focus is on the aggregated satisfaction level of one or multiple
goals. Logically, the largest subset that simultaneously meets all criteria is the inter-
section of the largest subsets that separately meet all criteria. Therefore, one can focus
on all considered goals individually and find the largest subsets for each Gj regarding
slj, then use their intersection as SelectedCases. However, finding the largest subset is
not trivial because the largest subset that satisfies the criterion of one goal might not be
unique and different subsets with similar (and largest) sizes may satisfy the condition.
This might be the case even when the aggregation function is simple (e.g., average). In
this situation, a subset that makes the largest intersection of all subsets (generated by all
considered goals) should be selected. If this situation happens for several goals, we
have to deal with the challenge of selecting one combination that finally makes the
largest set.
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Addressing such a difficulty, Algorithm 2 generates a binary optimization whose
number of variables (xi) equals the number of cases (m). The binary variable xi is a flag
variable associated to case ci. If xi = 1, then the case ci will be selected and, if not, it
will be excluded. As we are looking for the largest subset,

P
xi should be as large as

possible. There are two categories of constraints for the optimization problem. The first
aims to preserve the all-or-none rule, i.e., the selected subset should have either all
cases of a same trace or none of them. The second category of constraints takes care of
the threshold for the aggregated satisfaction level of each goal, i.e., slj. This category of
constraints is based on fj, i.e., the aggregation function. In Algorithm 2 we assumed that
all fj are the average function (but others could be defined).

Algorithm 3: Guaranteeing Comprehensive Satisfaction Levels. The two above
types of criteria considered the goals from a row perspective and a column perspective.
The third type of criteria, however, considers the goals from a table perspective.

Here, the overall satisfaction level of all columns is aggregated and represented by
one number as a comprehensive satisfaction level. Finding the largest subset of cases
that guarantees a minimum threshold for comprehensive satisfaction level (slcomp) is,
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also, not trivial. This is because adding a trace to the subset might increase the
aggregated level of one goal and, at the same time, decrease the level of another goal.

As explained in Definition 3, the comprehensive level might be calculated in two
different ways. It can be the overall satisfaction level of the aggregated levels of all
goals, or the aggregated level of the overall satisfaction level of each case. The latter
one will work only with the column of the overall satisfaction level (the right column of
Table 1), therefore, the problem will be solved in a way similar to that of the second
type of criteria (Algorithm 2). Accordingly, Algorithm 3. first checks the definition of
comprehensive. If it is not like Algorithm 2, then Algorithm 3 generates a new binary
optimization problem. Here, the first category of constrains aims to preserve the all-or-
none rule, whereas the last constraint makes sure that the comprehensive level of the
selected subset is not less than the given threshold slcomp.

4 Illustrative Example

The process of diagnosis of gestational diabetes (DGD) will be used to illustrate the
proposed methods. To this end, three types of goal-related criteria discussed in Sect. 2
will be taken into consideration. The main assumption here is that the log is realistic but
not real and is used only to study the GoPED method and its algorithms.

4.1 Event Log of an Illustrative DGD Process

The event log of 10 patients who have used the DGD process is shown in Table 2. We
use short names to encode the activities: a = admission, b = regular test, c = check the
result, d = request for advanced test, e = advanced test, f = request for repetition, and
g = send the result. According to Table 2 and the definitions described in Sect. 3.1, the
event log (L) includes five different variants of traces:

Table 2. EnhancedLog, event log and satisfaction level of goals for the DGD process

Case Trace G1: To
decrease
process time

G2: To
decrease
cost

G3: To do
a smooth
process

G4: To
screen
accurately

Overall (To
satisfy the
patient)

Patient#1 a; b; c; gh i 100 100 88 100 97

Patient#2 a; b; c; gh i 94 100 88 100 95
Patient#3 a; b; c; gh i 94 100 88 0 0
Patient#4 a; b; c; d; e; c; gh i 61 59 75 100 64

Patient#5 a; b; c; d; e; c; gh i 72 59 63 100 65
Patient#6 a; b; c; d; e; c; gh i 67 59 75 100 66

Patient#7 a; b; c; f ; b; c; gh i 78 82 63 100 76
Patient#8 a; b; c; f ; b; c; d; e; c; gh i 41 20 50 100 36
Patient#9 a; b; c; f ; b; c; d; e; c; gh i 43 20 40 100 34

Patient#10 a; b; c; d; b; c; d; e; c; gh i 9 10 30 100 15
Aggregated satisfaction: 65.9 60.9 66 90 64.1
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L ¼ ½ha; b; c; gi3; ha; b; c; d; e; c; gi3; ha; b; c; f ; b; c; gi1;

ha; b; c; f ; b; c; d; e; c; gi2; ha; b; c; d; b; c; d; e; c; d; e; c; gi1�

As shown in Table 2, there are four additional goal-oriented fields related to
the DGD process. Due to space limitation, we directly show the satisfaction levels of
the goals in the table (without their indicators or actors), which are values in the range
[0–100].

An advanced version of the a-algorithm [17] generates Model 1 using the whole
event log. The main story of this DGD process is as follows: after admission of a
patient, a regular blood test is done. Then, based on the result of the test the patient may
need to do an advanced test, the patient may need to repeat the regular test, or the result
will be sent to the related department, and then the process ends. A silent transition is
shown in Model 1 with black color. That is a particular transition not observable in the
event log, but needed to make a sound Petri-net [16]. Considering the traces, the source
of this need is that for Patient#10, after the activity d, request for advanced test, the
activity b, regular test, has executed, while the activity e, advanced test, was supposed
to execute. Model 1 will be used as a basis for considering the resulting models from
GoPED respecting three types of goal-related criteria.

4.2 Example Models Resulting from GoPED

Guaranteeing Satisfaction of One or Multiple Goals for All Cases. This goal-
related criterion is looking for a model that guarantees a predefined satisfaction level
for all cases in terms of one or multiple goals, with a given confidence level. For
example, the condition is as follows:

a b c

e

g
Start Endc1

c2 c3admission

regular test

check the
result

advanced test

send the
result

d

request for 
advanced test

f
request for 
repe on

c4

Model 1. Process model discovered from the original event log by the a-algorithm
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• Case perspective: generate a model that guarantees (with a confidence of 90%) that
the satisfaction level for all patients in terms of goal “To decrease process time”
will be at least 75 and that in terms of goal “To do a smooth process” will be at
least 80.

In this case, we have Qcase = {(G1, 75), (G3, 80)} and conf = 0.9. Using Algorithm 1,
only all the cases of trace 〈a, b, c, g〉 are returned, i.e., Patients #1, #2 and #3. All cases
of this trace meet Qcase., so the fraction of eligible cases of this trace is 100%, which is
more than the required 90% confidence level. Such a parameter for the four remaining
traces is zero, which is less than 90% by far. Therefore, we have SelectedCases =
{Patient#1, Patient#2, Patient#3}, resulting in the log {〈a, b, c, g〉3}. The a-algorithm
[17] produces Model 2 from this log. This is the process to be encouraged in the
organization to meet these goals.

Guaranteeing the Aggregated Satisfaction Levels of Goals. Here, from a column
perspective, the focus is on the aggregated satisfaction level of one or multiple goals
rather than on the satisfaction of every single case.

• Goal perspective: Generate a model that results in an aggregated satisfaction levels
of the goal “To decrease time process” higher than 80 and of the goal “To do a
smooth process” higher than 78, simultaneously.

In this case, we have Qgoal = {(G1, 80), (G3, 78)}. Here the functions f showing
how to calculate the aggregation of each column is required. Let us assume that for all
goals in the DGD process, the function is the average. Therefore, the optimization
problem of Algorithm 2 can be formalized as follows:

s.t.
x1 = x2 = x3,    x4 = x5 = x6,   x8 = x9 ← (all-or-none rule)

xi = 0 , 1

The answer of the above problem is unique: x1 ¼ x2 ¼ x3 ¼ x4 ¼ x5 ¼ x6 ¼ 1 and
x7 ¼ x8 ¼ x9 ¼ x10 ¼ 0. Therefore, SelectedCases = {Patient#1, Patient#2, Patient#3,
Patient#4, Patient#5, Patient#6}, leading to the log {〈a, b, c, g〉3, 〈a, b, c, d, e, c, g〉3}.
For this subset of cases, the aggregation satisfaction level for G1 and G3 will be 81.3
and 79.5, respectively. The a-algorithm produces Model 3 from this log.

a b c g
Start Endc1 c2 c3admission

regular test

check the
result

send the
result

Model 2. To satisfy goal criteria of Qcase
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Guaranteeing Comprehensive Satisfaction Levels. Here, from a table perspective,
the focus is on the comprehensive satisfaction level, which we assume to be the overall
satisfaction level of the aggregated levels of all goals. Therefore, the goal model should
be used to evaluate sComp based on the satisfaction levels of all sub goals. Figure 2
shows the goals model related to the DGD process using the GRL language. In the
graph, the root is the main goal and the sub goals are the leaves. Based on the goal
model and its AND/OR refinements and the weight of contributions, the sComp is
defined as follows:

sComp ¼ Sat G6ð Þ ¼ MinimumðsAgg:4; 0:4� sAgg:1 þ 0:35� sAgg:2 þ 0:25� sAgg:3Þ

This kind of evaluation is known as forward propagation in GRL. The jUCMNav tool
is an Eclipse-based graphical editor that can be used for evaluating GRL models [9].

• Organization perspective: Generate a model where the comprehensive satisfaction
level is no less than 75.

The above criterion leads to QComp = 75. Recall that sAgg.j is the aggregated sat-
isfaction of goal j, in our case the average of column of Goalj in Table 2. According to
the function derived from the goal model of Fig. 2, Algorithm 3 generates the opti-
mization problem as follows:

s.t.
x1 = x2 = x3, x4 = x5 = x6, x8 = x9 ← (all-or-none rule)

xi = 0, 1

(si;j refers to the cells of Table 2, e.g., s2;1 ¼ 94).
The answer of the above problem is, also, unique: x1 ¼ x2 ¼ x3 ¼ x4 ¼ x5 ¼ x6 ¼

x7 ¼ 1 and x8 ¼ x9 ¼ x10 ¼ 0. Therefore, SelectedCases = {Patient#1, Patient#2,
Patient#3, Patient#4, Patient#5, Patient#6, Patient#7}, resulting in the log {〈a, b, c, g〉3,
〈a, b, c, d, e, c, g〉3, 〈a, b, c, f, b, c, g〉}. For this subset, the comprehensive satisfaction
level is 79.5. The a-algorithm produces Model 4 from this log.

a b c

e

g
Start Endc1 c2 c3admission

regular test

check the
result

advanced test

send the
result

d

request for 
advanced test

c4

Model 3. To satisfy goal criteria of Qgoal
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4.3 Discussion

We generated three models using three types of goal-related criteria. Comparing the
models, we find that the main difference between Model 2 and the other models relates
to the loops. Model 2 does not allow repeating the regular test or to do an advanced
test. Here, the decision point “check the result” is spurious as it will not actually make
any decision. According to the goals considered in the generation of such a model, i.e.,
G1 and G3, one can hypothesize that doing advanced blood test or repeating the regular
test are not aligned with the goals of having short process time and of providing all
patients with a smooth process. Considering the trace 〈a, b, c, g〉 that Model 2 can
generate, we find that there are three patients who experienced this trace. One of these
patients has been diagnosed wrongly (s3;4 ¼ 0). The goal model shown in Fig. 2
implies that the goal “To screen accurately” participates to an AND refinement;
therefore, when this goal is denied, regardless of the other goals in the refinement, the
main goal of the process gets denied. Using the goal model, the overall satisfaction
level of those three patients are 97, 95 and 0, respectively. This suggests that although
Model 2 highly satisfies all cases in terms of process time and smoothness of the
process, it will end up with a third of the patients who will be dissatisfied.

G6: To sa sfy 
the pa ent

G1: To decrease 
process me

G4: To screen
accurately

G2: To decrease 
cost

G3: To do a
smooth process

G5: To have a well
organized process

And

2535
40

Fig. 2. Goal model showing the relations between the goals pursued by the DGD process

a b c
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regular test
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result

advanced test

send the
result

d

request for 
advanced test

f
request for 
repetition

c4

Model 4. To satisfy goal criteria of QComp
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The above analyses are simple examples of knowledge that GoPED can provide.
Such knowledge, together with the discovered models, can help domain experts
(re)design goal-aligned process models, encourage good behaviors, and discourage
bad ones.

5 Related Work

Our systematic literature review of goal-oriented process mining showed that although
process mining and goal modeling are growing research topics, there are only a few
rare studies conducted at their intersection [7]. Therefore, this suggests that goal-
oriented processes discovery can still be considered a gap to be filled between the
process mining and requirements engineering communities.

From an agent viewpoint, the goals behind activities of agents who contribute in a
process (e.g., employees) are considered by Yan et al. [18]. Their proposed approach
adopts a decision tree algorithm to learn goals of agents by classifying their activities in
different situations. In this viewpoint, Outmazgin and Soffer [11] used process dis-
covery techniques to analyze different types of intentional incompliances, where
employees intentionally deviate from prescribed models, to find their causes.

In addition, in a process viewpoint (or case/customer viewpoint) all activities
constituting a trace are considered. Ponnalagu et al. [13] proposed an approach for
analyzing and validating a family of variants of a single process based on a goal model.
From the same view point, Horita et al. [8] proposed a method to detect and analyze the
effects of disagreements between real logs and prescribed models using a goal-oriented
conformance checking approach. Bernard and Andritsos [3] used process discovery in
conjunction with customers’ journeys and developed a tool that facilitates navigation
through many different journeys in a goal-oriented fashion.

An organization viewpoint considers the overall goals that should be achieved by
performing business processes. Santiputri et al. [14] considered the sequence of events
in multi-layered event logs and proposed an approach to discover goal refinement
patterns of the goal models.

Trace clustering is a solution proposed by the process mining community to
improve interpretability of discovered process models by splitting different behaviors
on different process perspectives into multiple sub-logs. Similar to our approach, the
main idea in the existing clustering approaches is to discover models from subsets of
logs. However, the clustering approach yet considers the log at an activity-level and
does not bring the satisfaction of competing goals of stakeholders into account [10, 15].

6 Conclusion

This paper proposed a new method that exploits the capabilities of goal modeling and
performs process discovery in a goal-oriented fashion. This method first enhances an
event log by adding new goal-related information to all traces. Then, it quantifies the
satisfaction level of goals using a goal model. Such a goal model shows correlations
between (often conflicting) goals of different stakeholders and allows what-if analysis
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and balancing trade-offs between confliction goals. Three types of goal-related criteria
were introduced as the basis for generating goal-oriented models promising to achieve
predefined goals. The real behaviors that are aligned with the goals and achieve desired
satisfaction levels are selected. Three algorithms for such a selection were explicitly
explained. The selected subset becomes the basis for conventional process discovery.
The resulting model can be compared to a model discovered from the original event log
to reveal new insights about the ability of different forms of process models to satisfy
the goals. Learning from good behaviors that satisfy goals and detecting bad behaviors
that hurt them is an opportunity to redesign models so they are better aligned with
goals.
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