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We overview the key principles of process mining 

Chapters 1, 6. Process Mining. W. van der Aalst

192 7 Conformance Checking

Fig. 7.1 Conformance checking: comparing observed behavior with modeled behavior. Global
conformance measures quantify the overall conformance of the model and log. Local diagnostics
are given by highlighting the nodes in the model where model and log disagree. Cases that do not
fit are highlighted in the visualization of the log

(e.g., 85% of the cases in the event log can be replayed by the model) and local
diagnostics (e.g., activity x was executed 15 times although this was not allowed
according to the model). The interpretation of non-conformance depends on the
purpose of the model. If the model is intended to be descriptive, then discrepancies
between model and log indicate that the model needs to be improved to capture re-
ality better. If the model is normative, then such discrepancies may be interpreted
in two ways. Some of the discrepancies found may expose undesirable deviations,
i.e., conformance checking signals the need for a better control of the process. Other
discrepancies may reveal desirable deviations. For instance, workers may deviate to
serve the customers better or to handle circumstances not foreseen by the process
model. In fact, flexibility and non-conformance often correlate positively. For exam-
ple, in some hospitals the phrase “breaking the glass” is used to refer to deviations
that are recorded but that actually save lives. Nevertheless, even if most deviations
are desired, it is important that stakeholders have insight into such discrepancies.

When checking conformance, it is important to view deviations from two an-
gles: (a) the model is “wrong” and does not reflect reality (“How to improve the
model?”), and (b) cases deviate from the model and corrective actions are needed
(“How to improve control to enforce a better conformance?”). Conformance check-
ing techniques should support both viewpoints. Therefore, Fig. 7.1 shows deviations
on both sides.

In Chap. 1, we related process mining to corporate governance, risk, compliance,
and legislation such as the Sarbanes-Oxley Act (SOX) and the Basel II Accord.
Corporate accounting scandals have triggered a series of new regulations. Although
country-specific, there is a large degree of commonality between Sarbanes-Oxley
(US), Basel II/III (EU), J-SOX (Japan), C-SOX (Canada), 8th EU Directive (EURO-
SOX), BilMoG (Germany), MiFID (EU), Law 262/05 (Italy), Code Lippens (Bel-
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192 7 Conformance Checking

Fig. 7.1 Conformance checking: comparing observed behavior with modeled behavior. Global
conformance measures quantify the overall conformance of the model and log. Local diagnostics
are given by highlighting the nodes in the model where model and log disagree. Cases that do not
fit are highlighted in the visualization of the log

(e.g., 85% of the cases in the event log can be replayed by the model) and local
diagnostics (e.g., activity x was executed 15 times although this was not allowed
according to the model). The interpretation of non-conformance depends on the
purpose of the model. If the model is intended to be descriptive, then discrepancies
between model and log indicate that the model needs to be improved to capture re-
ality better. If the model is normative, then such discrepancies may be interpreted
in two ways. Some of the discrepancies found may expose undesirable deviations,
i.e., conformance checking signals the need for a better control of the process. Other
discrepancies may reveal desirable deviations. For instance, workers may deviate to
serve the customers better or to handle circumstances not foreseen by the process
model. In fact, flexibility and non-conformance often correlate positively. For exam-
ple, in some hospitals the phrase “breaking the glass” is used to refer to deviations
that are recorded but that actually save lives. Nevertheless, even if most deviations
are desired, it is important that stakeholders have insight into such discrepancies.

When checking conformance, it is important to view deviations from two an-
gles: (a) the model is “wrong” and does not reflect reality (“How to improve the
model?”), and (b) cases deviate from the model and corrective actions are needed
(“How to improve control to enforce a better conformance?”). Conformance check-
ing techniques should support both viewpoints. Therefore, Fig. 7.1 shows deviations
on both sides.

In Chap. 1, we related process mining to corporate governance, risk, compliance,
and legislation such as the Sarbanes-Oxley Act (SOX) and the Basel II Accord.
Corporate accounting scandals have triggered a series of new regulations. Although
country-specific, there is a large degree of commonality between Sarbanes-Oxley
(US), Basel II/III (EU), J-SOX (Japan), C-SOX (Canada), 8th EU Directive (EURO-
SOX), BilMoG (Germany), MiFID (EU), Law 262/05 (Italy), Code Lippens (Bel-
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Fitness measures “the proportion of behaviour in the event 
log possible according to the model”.  

Of the four quality criteria,  
fitness is the closest to conformance. 

A naïve approach toward conformance checking would be to 
count the fraction of cases that can be “replayed”  

(i.e., the proportion of cases corresponding to firing 
sequences leading from [start] to [end]).
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Can the net  replay the trace  ? 

is equivalent to ask if 

does  ? 
(is  in the language of  ?) 

when  we say that 
 is non-fitting for 

N σ

σ ∈ L(N)
σ N

σ ∉ L(N)
σ N
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7.2 Token Replay 195

Table 7.1 Event log Lfull: a = register request, b = examine thoroughly, c = examine casually,
d = check ticket, e = decide, f = reinitiate request, g = pay compensation, and h = reject request

Frequency Reference Trace

455 σ1 ⟨a, c, d, e,h⟩
191 σ2 ⟨a, b, d, e, g⟩
177 σ3 ⟨a, d, c, e,h⟩
144 σ4 ⟨a, b, d, e,h⟩
111 σ5 ⟨a, c, d, e, g⟩
82 σ6 ⟨a, d, c, e, g⟩
56 σ7 ⟨a, d, b, e,h⟩
47 σ8 ⟨a, c, d, e, f, d, b, e,h⟩
38 σ9 ⟨a, d, b, e, g⟩
33 σ10 ⟨a, c, d, e, f, b, d, e,h⟩
14 σ11 ⟨a, c, d, e, f, b, d, e, g⟩
11 σ12 ⟨a, c, d, e, f, d, b, e, g⟩

9 σ13 ⟨a, d, c, e, f, c, d, e,h⟩
8 σ14 ⟨a, d, c, e, f, d, b, e,h⟩
5 σ15 ⟨a, d, c, e, f, b, d, e, g⟩
3 σ16 ⟨a, c, d, e, f, b, d, e, f, d, b, e, g⟩
2 σ17 ⟨a, d, c, e, f, d, b, e, g⟩
2 σ18 ⟨a, d, c, e, f, b, d, e, f, b, d, e, g⟩
1 σ19 ⟨a, d, c, e, f, d, b, e, f, b, d, e,h⟩
1 σ20 ⟨a, d, b, e, f, b, d, e, f, d, b, e, g⟩
1 σ21 ⟨a, d, c, e, f, d, b, e, f, c, d, e, f, d, b, e, g⟩

which places p1 and p2 are merged into a single place. Such a model will have a
fitness of 0

1391 = 0, because none of the traces can be replayed. This fitness notion
seems to be too strict as most of the model seems to be consistent with the event log.
This is especially the case for larger process models. Consider, for example, a trace
σ = ⟨a1, a2, . . . , a100⟩ in some log L. Now consider a model that cannot replay σ ,
but that can replay 99 of the 100 events in σ (i.e., the trace is “almost” fitting). Also
consider another model that can only replay 10 of the 100 events in σ (i.e., the trace
is not fitting at all). Using the naïve fitness metric, the trace would simply be classi-
fied as nonfitting for both models without acknowledging that σ was almost fitting
in one model and in complete disagreement with the other model. Therefore, we use
a fitness notion defined at the level of events rather than full traces.

In the naïve fitness computation just described, we stopped replaying a trace
once we encounter a problem and mark it as nonfitting. Let us now just continue
replaying the trace on the model but record is all situations where a transition is
forced to fire without being enabled, i.e., we count all missing tokens. Moreover,
we record the tokens that remain at the end. To explain the idea, we first replay
σ1 on top of WF-net N1. Note that σ1 can be replayed completely. However, we

1391 cases
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

194 7 Conformance Checking

Therefore, it should no longer be acceptable to only check a small set of samples
off-line. Instead, all events in a business process can be evaluated and this can be
done while the process is still running. The availability of log data and advanced
process mining techniques enables new forms of auditing (also see the work done
in the PoSecCo project [74]). Process mining in general, and conformance checking
in particular, provide the means to do so.

7.2 Token Replay

In Sect. 5.4.3, we discussed four quality criteria: fitness, precision, generalization,
and simplicity. These were illustrated using Fig. 5.24. In this figure, one event log
is given and four process models are shown. For each of these models, a subjective
judgment is given with respect to the four quality criteria. As the models are rather
extreme, the scores for the various quality criteria are evident. However, in a more
realistic setting it is much more difficult to judge the quality of a model. This section
shows how the notion of fitness can be quantified. Fitness measures “the proportion
of behavior in the event log possible according to the model”. Of the four quality
criteria, fitness is most related to conformance.

To explain the various fitness notions, we use the event log Lfull described in
Table 7.1. This is the same event log as the one used in Fig. 5.24. There are 1391
cases in Lfull distributed over 21 different traces. For example, there are 455 cases
following trace σ1 = ⟨a, c, d, e,h⟩, 191 cases following trace σ2 = ⟨a, b, d, e, g⟩,
etc.

Figure 7.2 shows four models related to event log Lfull. WF-net N1 is the process
model discovered when applying the α-algorithm to Lfull. WF-net N2 is a sequential
model that, compared to N1, requires the examination (activity b or c) to take place
before checking the ticket (activity d). Clearly, N2 does not allow for all traces in
Table 7.1. For example, σ3 = ⟨a, d, c, e,h⟩ is not possible according to WF-net N2.
WF-net N3 has no choices, e.g., the request is always rejected. Many traces in Ta-
ble 7.1 cannot be replayed by this model, e.g., σ2 = ⟨a, b, d, e, g⟩ is not possible
according to WF-net N3. WF-net N4 is a variant of the “flower model”: the only
requirement is that traces need to start with a and end with g or h. Clearly, all traces
in Table 7.1 can be replayed by N4.

A naïve approach toward conformance checking would be to simply count the
fraction of cases that can be “parsed completely” (i.e., the proportion of cases corre-
sponding to firing sequences leading from [start] to [end]). Using this approach the
fitness of N1 is 1391

1391 = 1, i.e., all 1391 cases in Lfull correspond to a firing sequence
of N1 (“can be replayed”). The fitness of N2 is 948

1391 = 0.6815 because 948 cases
can be replayed correctly whereas 443 cases do not correspond to a firing sequence
of N2. The fitness of N3 is 632

1391 = 0.4543: only 632 cases have a trace correspond-
ing to a firing sequence of N2. The fitness of N4 is 1391

1391 = 1 because the “flower
model” is able to replay all traces in Table 7.1. This naïve fitness metric is less suit-
able for more realistic processes. Consider for instance a variant of WF-net N1 in

naïve fitness The net can ``replay’’ any trace
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Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

194 7 Conformance Checking

Therefore, it should no longer be acceptable to only check a small set of samples
off-line. Instead, all events in a business process can be evaluated and this can be
done while the process is still running. The availability of log data and advanced
process mining techniques enables new forms of auditing (also see the work done
in the PoSecCo project [74]). Process mining in general, and conformance checking
in particular, provide the means to do so.

7.2 Token Replay

In Sect. 5.4.3, we discussed four quality criteria: fitness, precision, generalization,
and simplicity. These were illustrated using Fig. 5.24. In this figure, one event log
is given and four process models are shown. For each of these models, a subjective
judgment is given with respect to the four quality criteria. As the models are rather
extreme, the scores for the various quality criteria are evident. However, in a more
realistic setting it is much more difficult to judge the quality of a model. This section
shows how the notion of fitness can be quantified. Fitness measures “the proportion
of behavior in the event log possible according to the model”. Of the four quality
criteria, fitness is most related to conformance.

To explain the various fitness notions, we use the event log Lfull described in
Table 7.1. This is the same event log as the one used in Fig. 5.24. There are 1391
cases in Lfull distributed over 21 different traces. For example, there are 455 cases
following trace σ1 = ⟨a, c, d, e,h⟩, 191 cases following trace σ2 = ⟨a, b, d, e, g⟩,
etc.

Figure 7.2 shows four models related to event log Lfull. WF-net N1 is the process
model discovered when applying the α-algorithm to Lfull. WF-net N2 is a sequential
model that, compared to N1, requires the examination (activity b or c) to take place
before checking the ticket (activity d). Clearly, N2 does not allow for all traces in
Table 7.1. For example, σ3 = ⟨a, d, c, e,h⟩ is not possible according to WF-net N2.
WF-net N3 has no choices, e.g., the request is always rejected. Many traces in Ta-
ble 7.1 cannot be replayed by this model, e.g., σ2 = ⟨a, b, d, e, g⟩ is not possible
according to WF-net N3. WF-net N4 is a variant of the “flower model”: the only
requirement is that traces need to start with a and end with g or h. Clearly, all traces
in Table 7.1 can be replayed by N4.

A naïve approach toward conformance checking would be to simply count the
fraction of cases that can be “parsed completely” (i.e., the proportion of cases corre-
sponding to firing sequences leading from [start] to [end]). Using this approach the
fitness of N1 is 1391

1391 = 1, i.e., all 1391 cases in Lfull correspond to a firing sequence
of N1 (“can be replayed”). The fitness of N2 is 948

1391 = 0.6815 because 948 cases
can be replayed correctly whereas 443 cases do not correspond to a firing sequence
of N2. The fitness of N3 is 632

1391 = 0.4543: only 632 cases have a trace correspond-
ing to a firing sequence of N2. The fitness of N4 is 1391

1391 = 1 because the “flower
model” is able to replay all traces in Table 7.1. This naïve fitness metric is less suit-
able for more realistic processes. Consider for instance a variant of WF-net N1 in

443 cases do not correspond to a firing sequence
�a, d, c, e, h⇥177
�a, d, c, e, g⇥82
�a, d, b, e, h⇥56
...
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Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

194 7 Conformance Checking

Therefore, it should no longer be acceptable to only check a small set of samples
off-line. Instead, all events in a business process can be evaluated and this can be
done while the process is still running. The availability of log data and advanced
process mining techniques enables new forms of auditing (also see the work done
in the PoSecCo project [74]). Process mining in general, and conformance checking
in particular, provide the means to do so.

7.2 Token Replay

In Sect. 5.4.3, we discussed four quality criteria: fitness, precision, generalization,
and simplicity. These were illustrated using Fig. 5.24. In this figure, one event log
is given and four process models are shown. For each of these models, a subjective
judgment is given with respect to the four quality criteria. As the models are rather
extreme, the scores for the various quality criteria are evident. However, in a more
realistic setting it is much more difficult to judge the quality of a model. This section
shows how the notion of fitness can be quantified. Fitness measures “the proportion
of behavior in the event log possible according to the model”. Of the four quality
criteria, fitness is most related to conformance.

To explain the various fitness notions, we use the event log Lfull described in
Table 7.1. This is the same event log as the one used in Fig. 5.24. There are 1391
cases in Lfull distributed over 21 different traces. For example, there are 455 cases
following trace σ1 = ⟨a, c, d, e,h⟩, 191 cases following trace σ2 = ⟨a, b, d, e, g⟩,
etc.

Figure 7.2 shows four models related to event log Lfull. WF-net N1 is the process
model discovered when applying the α-algorithm to Lfull. WF-net N2 is a sequential
model that, compared to N1, requires the examination (activity b or c) to take place
before checking the ticket (activity d). Clearly, N2 does not allow for all traces in
Table 7.1. For example, σ3 = ⟨a, d, c, e,h⟩ is not possible according to WF-net N2.
WF-net N3 has no choices, e.g., the request is always rejected. Many traces in Ta-
ble 7.1 cannot be replayed by this model, e.g., σ2 = ⟨a, b, d, e, g⟩ is not possible
according to WF-net N3. WF-net N4 is a variant of the “flower model”: the only
requirement is that traces need to start with a and end with g or h. Clearly, all traces
in Table 7.1 can be replayed by N4.

A naïve approach toward conformance checking would be to simply count the
fraction of cases that can be “parsed completely” (i.e., the proportion of cases corre-
sponding to firing sequences leading from [start] to [end]). Using this approach the
fitness of N1 is 1391

1391 = 1, i.e., all 1391 cases in Lfull correspond to a firing sequence
of N1 (“can be replayed”). The fitness of N2 is 948

1391 = 0.6815 because 948 cases
can be replayed correctly whereas 443 cases do not correspond to a firing sequence
of N2. The fitness of N3 is 632

1391 = 0.4543: only 632 cases have a trace correspond-
ing to a firing sequence of N2. The fitness of N4 is 1391

1391 = 1 because the “flower
model” is able to replay all traces in Table 7.1. This naïve fitness metric is less suit-
able for more realistic processes. Consider for instance a variant of WF-net N1 in

759 cases do not correspond to a firing sequence
�a, b, d, e, g⇥191
�a, b, d, e, h⇥144
�a, c, d, e, g⇥111
...
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Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

194 7 Conformance Checking

Therefore, it should no longer be acceptable to only check a small set of samples
off-line. Instead, all events in a business process can be evaluated and this can be
done while the process is still running. The availability of log data and advanced
process mining techniques enables new forms of auditing (also see the work done
in the PoSecCo project [74]). Process mining in general, and conformance checking
in particular, provide the means to do so.

7.2 Token Replay

In Sect. 5.4.3, we discussed four quality criteria: fitness, precision, generalization,
and simplicity. These were illustrated using Fig. 5.24. In this figure, one event log
is given and four process models are shown. For each of these models, a subjective
judgment is given with respect to the four quality criteria. As the models are rather
extreme, the scores for the various quality criteria are evident. However, in a more
realistic setting it is much more difficult to judge the quality of a model. This section
shows how the notion of fitness can be quantified. Fitness measures “the proportion
of behavior in the event log possible according to the model”. Of the four quality
criteria, fitness is most related to conformance.

To explain the various fitness notions, we use the event log Lfull described in
Table 7.1. This is the same event log as the one used in Fig. 5.24. There are 1391
cases in Lfull distributed over 21 different traces. For example, there are 455 cases
following trace σ1 = ⟨a, c, d, e,h⟩, 191 cases following trace σ2 = ⟨a, b, d, e, g⟩,
etc.

Figure 7.2 shows four models related to event log Lfull. WF-net N1 is the process
model discovered when applying the α-algorithm to Lfull. WF-net N2 is a sequential
model that, compared to N1, requires the examination (activity b or c) to take place
before checking the ticket (activity d). Clearly, N2 does not allow for all traces in
Table 7.1. For example, σ3 = ⟨a, d, c, e,h⟩ is not possible according to WF-net N2.
WF-net N3 has no choices, e.g., the request is always rejected. Many traces in Ta-
ble 7.1 cannot be replayed by this model, e.g., σ2 = ⟨a, b, d, e, g⟩ is not possible
according to WF-net N3. WF-net N4 is a variant of the “flower model”: the only
requirement is that traces need to start with a and end with g or h. Clearly, all traces
in Table 7.1 can be replayed by N4.

A naïve approach toward conformance checking would be to simply count the
fraction of cases that can be “parsed completely” (i.e., the proportion of cases corre-
sponding to firing sequences leading from [start] to [end]). Using this approach the
fitness of N1 is 1391

1391 = 1, i.e., all 1391 cases in Lfull correspond to a firing sequence
of N1 (“can be replayed”). The fitness of N2 is 948

1391 = 0.6815 because 948 cases
can be replayed correctly whereas 443 cases do not correspond to a firing sequence
of N2. The fitness of N3 is 632

1391 = 0.4543: only 632 cases have a trace correspond-
ing to a firing sequence of N2. The fitness of N4 is 1391

1391 = 1 because the “flower
model” is able to replay all traces in Table 7.1. This naïve fitness metric is less suit-
able for more realistic processes. Consider for instance a variant of WF-net N1 in

“flower model” (poorly structured)

The net can ``replay’’ any trace
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This naïve fitness notion seems to be too strict as traces can 
differ only slightly and not be counted at all. 

Consider a model N1 that cannot replay σ ,  
but that can replay 99 of the 100 events in σ. 

Then, consider another model N2 that can only replay  
10 of the 100 events in σ.  

Using the naïve fitness metric, the trace would simply be 
classified as non-fitting for both models without 

acknowledging that σ was almost fitting  
in N1 and in complete disagreement with N2.

7.2 Token Replay 195

Table 7.1 Event log Lfull: a = register request, b = examine thoroughly, c = examine casually,
d = check ticket, e = decide, f = reinitiate request, g = pay compensation, and h = reject request

Frequency Reference Trace

455 σ1 ⟨a, c, d, e,h⟩
191 σ2 ⟨a, b, d, e, g⟩
177 σ3 ⟨a, d, c, e,h⟩
144 σ4 ⟨a, b, d, e,h⟩
111 σ5 ⟨a, c, d, e, g⟩
82 σ6 ⟨a, d, c, e, g⟩
56 σ7 ⟨a, d, b, e,h⟩
47 σ8 ⟨a, c, d, e, f, d, b, e,h⟩
38 σ9 ⟨a, d, b, e, g⟩
33 σ10 ⟨a, c, d, e, f, b, d, e,h⟩
14 σ11 ⟨a, c, d, e, f, b, d, e, g⟩
11 σ12 ⟨a, c, d, e, f, d, b, e, g⟩
9 σ13 ⟨a, d, c, e, f, c, d, e,h⟩
8 σ14 ⟨a, d, c, e, f, d, b, e,h⟩
5 σ15 ⟨a, d, c, e, f, b, d, e, g⟩
3 σ16 ⟨a, c, d, e, f, b, d, e, f, d, b, e, g⟩
2 σ17 ⟨a, d, c, e, f, d, b, e, g⟩
2 σ18 ⟨a, d, c, e, f, b, d, e, f, b, d, e, g⟩
1 σ19 ⟨a, d, c, e, f, d, b, e, f, b, d, e,h⟩
1 σ20 ⟨a, d, b, e, f, b, d, e, f, d, b, e, g⟩
1 σ21 ⟨a, d, c, e, f, d, b, e, f, c, d, e, f, d, b, e, g⟩

which places p1 and p2 are merged into a single place. Such a model will have a
fitness of 0

1391 = 0, because none of the traces can be replayed. This fitness notion
seems to be too strict as most of the model seems to be consistent with the event log.
This is especially the case for larger process models. Consider, for example, a trace
σ = ⟨a1, a2, . . . , a100⟩ in some log L. Now consider a model that cannot replay σ ,
but that can replay 99 of the 100 events in σ (i.e., the trace is “almost” fitting). Also
consider another model that can only replay 10 of the 100 events in σ (i.e., the trace
is not fitting at all). Using the naïve fitness metric, the trace would simply be classi-
fied as nonfitting for both models without acknowledging that σ was almost fitting
in one model and in complete disagreement with the other model. Therefore, we use
a fitness notion defined at the level of events rather than full traces.

In the naïve fitness computation just described, we stopped replaying a trace
once we encounter a problem and mark it as nonfitting. Let us now just continue
replaying the trace on the model but record is all situations where a transition is
forced to fire without being enabled, i.e., we count all missing tokens. Moreover,
we record the tokens that remain at the end. To explain the idea, we first replay
σ1 on top of WF-net N1. Note that σ1 can be replayed completely. However, we
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We next introduce a more accurate fitness notion. 

When computing the naïve fitness,  
we stop replaying a trace as soon as we find a problem  

(and tag that trace as non-fitting).  

Let us instead just continue replaying the trace on the model 
but record all situations where a transition is  

forced to fire without being enabled,  
i.e., we count all missing tokens.  

Moreover, we record the tokens that remain at the end.
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p (produced tokens) 

c (consumed tokens) 

198 7 Conformance Checking

1 and the p counter is incremented by 2. Therefore, p = 3 and c = 1 after firing
transition a. Then we replay the second event (c). Firing transition c results in p = 4
and c = 2. After replaying the third event (i.e. d) p = 5 and c = 3. They we replay e.
Since e consumes two tokens and produces one, the result is p = 6 and c = 5. Then
we replay the last event (h). Firing h results in p = 7 and c = 6. At the end, the
environment consumes a token from place end. Hence the final result is p = c = 7
and m = r = 0. Clearly, there are no problems when replaying the σ1, i.e., there are
no missing or remaining tokens (m = r = 0).

The fitness of a case with trace σ on WF-net N is defined as follows:

fitness(σ,N) = 1
2

(
1 − m

c

)
+ 1

2

(
1 − r

p

)

The first parts computes the fraction of missing tokens relative to the number of
consumed tokens. 1 − m

c = 1 if there are no missing tokens (m = 0) and 1 − m
c = 0

if all tokens to be consumed were missing (m = c). Similarly, 1 − r
p = 1 if there

are no remaining tokens and 1 − r
p = 0 if none of the produced tokens was actually

consumed. We use an equal penalty for missing and remaining tokens. By definition:
0 ≤ fitness(σ,N) ≤ 1. In our example, fitness(σ1,N1) = 1

2(1 − 0
7 ) + 1

2 (1 − 0
7) = 1

because there are no missing or remaining tokens.
Let us now consider a trace that cannot be replayed properly. Figure 7.4 shows

the process of replaying σ3 = ⟨a, d, c, e,h⟩ on WF-net N2. Initially, p = c = 0 and
all places are empty. Then the environment produces a token for place start and the
p counter is updated: p = 1. The first event (a) can be replayed. After firing a, we
have p = 2, c = 1, m = 0, and r = 0. Now we try to replay the second event. This is
not possible, because transition d is not enabled. To fire d , we need to add a token
to place p2 and record the missing token, i.e., the m counter is incremented. The p
and c counter are updated as usual. Therefore, after firing d , we have p = 3, c = 2,
m = 1, and r = 0. We also tag place p2 to remember that a token was missing. Then
we replay the next three events (c, e, h). The corresponding transitions are enabled.
Therefore, we only need to update p and c counters. After replaying the last event,
we have p = 6, c = 5, m = 1, and r = 0. In the final state [p2, end], the environment
consumes the token from place end. A token remains in place p2. Therefore, place
p2 is tagged and the r counter is incremented. Hence, the final result is p = c = 6
and m = r = 1. Figure 7.4 shows diagnostic information that helps to understand
the nature of non-conformance. There was a situation in which d occurred but could
not happen according to the model (m-tag) and there was a situation in which d was
supposed to happen but did not occur according to the log (r-tag). Moreover, we can
compute the fitness of trace σ3 on WF-net N2 based on the values of p, c, m, and r :

fitness(σ3,N2) = 1
2

(
1 − 1

6

)
+ 1

2

(
1 − 1

6

)
= 0.8333

As a third example, we replay σ2 = ⟨a, b, d, e, g⟩ on top of WF-net N3. Now the
situation is slightly different because N3 does not contain all activities appearing in
the event log. In such a situation it seems reasonable to abstract from these events.
Hence, we effectively replay σ ′

2 = ⟨a, d, e⟩. Figure 7.5 shows the process of replay-
ing these three events. The first problem surfaces when replaying e. Since c did not

r (remaining tokens) 

m (missing tokens)

equally weighted

ideally m=r=0

proportions of misplacement
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

the environment produces a  
token for place start
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

replaying a is possible 
one token is consumed, two produced

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

Example: none missing, 
none remaining
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

replaying c is possible 
one token is consumed, one produced

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

Example: none missing, 
none remaining
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

replaying d is possible 
one token is consumed, one produced

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

Example: none missing, 
none remaining
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

replaying e is possible 
two tokens are consumed, one produced

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

Example: none missing, 
none remaining
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196 7 Conformance Checking

Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

replaying h is possible 
one token is consumed, one produced

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

Example: none missing, 
none remaining
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Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

7.2 Token Replay 197

Fig. 7.3 Replaying
σ1 = ⟨a, c, d, e,h⟩ on top of
WF-net N1. There are four
counters: p (produced
tokens), c (consumed tokens),
m (missing tokens), and r
(remaining tokens)

At the end,  
the environment consumes  

a token from place end.

198 7 Conformance Checking

1 and the p counter is incremented by 2. Therefore, p = 3 and c = 1 after firing
transition a. Then we replay the second event (c). Firing transition c results in p = 4
and c = 2. After replaying the third event (i.e. d) p = 5 and c = 3. They we replay e.
Since e consumes two tokens and produces one, the result is p = 6 and c = 5. Then
we replay the last event (h). Firing h results in p = 7 and c = 6. At the end, the
environment consumes a token from place end. Hence the final result is p = c = 7
and m = r = 0. Clearly, there are no problems when replaying the σ1, i.e., there are
no missing or remaining tokens (m = r = 0).

The fitness of a case with trace σ on WF-net N is defined as follows:

fitness(σ,N) = 1
2

(
1 − m

c

)
+ 1

2

(
1 − r

p

)

The first parts computes the fraction of missing tokens relative to the number of
consumed tokens. 1 − m

c = 1 if there are no missing tokens (m = 0) and 1 − m
c = 0

if all tokens to be consumed were missing (m = c). Similarly, 1 − r
p = 1 if there

are no remaining tokens and 1 − r
p = 0 if none of the produced tokens was actually

consumed. We use an equal penalty for missing and remaining tokens. By definition:
0 ≤ fitness(σ,N) ≤ 1. In our example, fitness(σ1,N1) = 1

2(1 − 0
7 ) + 1

2 (1 − 0
7) = 1

because there are no missing or remaining tokens.
Let us now consider a trace that cannot be replayed properly. Figure 7.4 shows

the process of replaying σ3 = ⟨a, d, c, e,h⟩ on WF-net N2. Initially, p = c = 0 and
all places are empty. Then the environment produces a token for place start and the
p counter is updated: p = 1. The first event (a) can be replayed. After firing a, we
have p = 2, c = 1, m = 0, and r = 0. Now we try to replay the second event. This is
not possible, because transition d is not enabled. To fire d , we need to add a token
to place p2 and record the missing token, i.e., the m counter is incremented. The p
and c counter are updated as usual. Therefore, after firing d , we have p = 3, c = 2,
m = 1, and r = 0. We also tag place p2 to remember that a token was missing. Then
we replay the next three events (c, e, h). The corresponding transitions are enabled.
Therefore, we only need to update p and c counters. After replaying the last event,
we have p = 6, c = 5, m = 1, and r = 0. In the final state [p2, end], the environment
consumes the token from place end. A token remains in place p2. Therefore, place
p2 is tagged and the r counter is incremented. Hence, the final result is p = c = 6
and m = r = 1. Figure 7.4 shows diagnostic information that helps to understand
the nature of non-conformance. There was a situation in which d occurred but could
not happen according to the model (m-tag) and there was a situation in which d was
supposed to happen but did not occur according to the log (r-tag). Moreover, we can
compute the fitness of trace σ3 on WF-net N2 based on the values of p, c, m, and r :

fitness(σ3,N2) = 1
2

(
1 − 1

6

)
+ 1

2

(
1 − 1

6

)
= 0.8333

As a third example, we replay σ2 = ⟨a, b, d, e, g⟩ on top of WF-net N3. Now the
situation is slightly different because N3 does not contain all activities appearing in
the event log. In such a situation it seems reasonable to abstract from these events.
Hence, we effectively replay σ ′

2 = ⟨a, d, e⟩. Figure 7.5 shows the process of replay-
ing these three events. The first problem surfaces when replaying e. Since c did not

Example: none missing, 
none remaining
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

the environment produces a  
token for place start

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

replaying a is possible 
one token is consumed, one produced7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

replaying d is NOT possible 
one token is missing,  

one produced, one consumed

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

replaying c is possible 
one token is produced, one consumed

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

replaying e is possible 
one token is produced, one consumed

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

replaying h is possible 
one token is produced, one consumed

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge
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7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

7.2 Token Replay 199

Fig. 7.4 Replaying σ3 = ⟨a, d, c, e,h⟩ on top of WF-net N2: one token is missing (m = 1) and
one token is remaining (r = 1). The r-tag and m-tag highlight the place where σ3 and the model
diverge

At the end,  
the environment consumes  

a token from place end.

198 7 Conformance Checking

1 and the p counter is incremented by 2. Therefore, p = 3 and c = 1 after firing
transition a. Then we replay the second event (c). Firing transition c results in p = 4
and c = 2. After replaying the third event (i.e. d) p = 5 and c = 3. They we replay e.
Since e consumes two tokens and produces one, the result is p = 6 and c = 5. Then
we replay the last event (h). Firing h results in p = 7 and c = 6. At the end, the
environment consumes a token from place end. Hence the final result is p = c = 7
and m = r = 0. Clearly, there are no problems when replaying the σ1, i.e., there are
no missing or remaining tokens (m = r = 0).

The fitness of a case with trace σ on WF-net N is defined as follows:

fitness(σ,N) = 1
2

(
1 − m

c

)
+ 1

2

(
1 − r

p

)

The first parts computes the fraction of missing tokens relative to the number of
consumed tokens. 1 − m

c = 1 if there are no missing tokens (m = 0) and 1 − m
c = 0

if all tokens to be consumed were missing (m = c). Similarly, 1 − r
p = 1 if there

are no remaining tokens and 1 − r
p = 0 if none of the produced tokens was actually

consumed. We use an equal penalty for missing and remaining tokens. By definition:
0 ≤ fitness(σ,N) ≤ 1. In our example, fitness(σ1,N1) = 1

2(1 − 0
7 ) + 1

2 (1 − 0
7) = 1

because there are no missing or remaining tokens.
Let us now consider a trace that cannot be replayed properly. Figure 7.4 shows

the process of replaying σ3 = ⟨a, d, c, e,h⟩ on WF-net N2. Initially, p = c = 0 and
all places are empty. Then the environment produces a token for place start and the
p counter is updated: p = 1. The first event (a) can be replayed. After firing a, we
have p = 2, c = 1, m = 0, and r = 0. Now we try to replay the second event. This is
not possible, because transition d is not enabled. To fire d , we need to add a token
to place p2 and record the missing token, i.e., the m counter is incremented. The p
and c counter are updated as usual. Therefore, after firing d , we have p = 3, c = 2,
m = 1, and r = 0. We also tag place p2 to remember that a token was missing. Then
we replay the next three events (c, e, h). The corresponding transitions are enabled.
Therefore, we only need to update p and c counters. After replaying the last event,
we have p = 6, c = 5, m = 1, and r = 0. In the final state [p2, end], the environment
consumes the token from place end. A token remains in place p2. Therefore, place
p2 is tagged and the r counter is incremented. Hence, the final result is p = c = 6
and m = r = 1. Figure 7.4 shows diagnostic information that helps to understand
the nature of non-conformance. There was a situation in which d occurred but could
not happen according to the model (m-tag) and there was a situation in which d was
supposed to happen but did not occur according to the log (r-tag). Moreover, we can
compute the fitness of trace σ3 on WF-net N2 based on the values of p, c, m, and r :

fitness(σ3,N2) = 1
2

(
1 − 1

6

)
+ 1

2

(
1 − 1

6

)
= 0.8333

As a third example, we replay σ2 = ⟨a, b, d, e, g⟩ on top of WF-net N3. Now the
situation is slightly different because N3 does not contain all activities appearing in
the event log. In such a situation it seems reasonable to abstract from these events.
Hence, we effectively replay σ ′

2 = ⟨a, d, e⟩. Figure 7.5 shows the process of replay-
ing these three events. The first problem surfaces when replaying e. Since c did not
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Fig. 7.5 To replay σ2 = ⟨a, b, d, e, g⟩ on top of WF-net N3, all events not corresponding to ac-
tivities in the model are removed first. Replaying σ ′

2 = ⟨a, d, e⟩ shows that two tokens are missing
(m = 2) and two tokens are remaining (r = 2) thus resulting in a fitness of 0.6

fire, place p3 is still empty and e is not enabled. The missing token is recorded
(m = 1) and place p3 gets an m-tag. After replaying σ ′

2, the resulting marking is
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and also place end gets an m-tag. Moreover, two tokens are remaining: one in place
p1 and one in place p5. The places are tagged with an r-tag, and the two remaining
tokens are recorded r = 2. This way we find a fitness of 0.6 for trace σ2 and WF-net
N3 based on the values p = 5, c = 5, m = 2, and r = 2:

fitness(σ2,N3) = 1
2

(
1 − 2

5

)
+ 1

2

(
1 − 2

5

)
= 0.6

Moreover, Fig. 7.5 clearly shows the cause of this poor conformance: c was sup-
posed to happen according to the model but did not happen, e happened but was not
possible according to the model, and h was supposed to happen but did not happen.

Figures 7.3, 7.4, 7.5 illustrate how to analyze the fitness of a single case. The
same approach can be used to analyze the fitness of a log consisting of many cases.
Simply take the sums of all produced, consumed, missing, and remaining tokens,
and apply the same formula. Let pN,σ denote the number of produced tokens when
replaying σ on N . cN,σ , mN,σ , rN,σ are defined in a similar fashion, e.g., mN,σ

is the number of missing tokens when replaying σ on N . Now we can define the
fitness of an event log L on WF-net N :

fitness(L,N) = 1
2

(
1 −

∑
σ∈L L(σ ) × mN,σ∑
σ∈L L(σ ) × cN,σ

)
+ 1

2

(
1 −

∑
σ∈L L(σ ) × rN,σ∑
σ∈L L(σ ) × pN,σ

)

Note that
∑

σ∈L L(σ )×mN,σ is total number of missing tokens when replaying the
entire event log, because L(σ ) is the frequency of trace σ and mN,σ is the number
of missing tokens for a single instance of σ . The value of fitness(L,N) is between
0 (very poor fitness; none of the produced tokens is consumed and all of the con-
sumed tokens are missing) and 1 (perfect fitness; all cases can be replayed without
any problems). Although fitness(L,N) is a measure focusing on tokens in places, we
will interpret it as a measure on events. The intuition of fitness(L,N) = 0.9 is that
about 90% of the events can be replayed correctly.1 This is only an informal charac-
terization as fitness depends on missing and remaining tokens rather than events. For
instance, a transition that is forced to fire during replay may have multiple empty
input places. Note that if two subsequent events are swapped in a sequential pro-
cess, this results in one missing and one remaining token. This seems reasonable,
but also shows that the relation between the proportion of events that cannot be re-
played correctly and the proportion of tokens that are missing or remaining is rather
indirect.

By replaying the entire event log, we can now compute the fitness of event log
Lfull for the four models in Fig. 7.2

fitness(Lfull,N1) = 1

fitness(Lfull,N2) = 0.9504

fitness(Lfull,N3) = 0.8797

fitness(Lfull,N4) = 1

1In the remainder of this book, we often use this intuitive characterization of fitness, although from
a technical point of view this is incorrect as fitness(L,N) is only an indication of the fraction of
events that can be replayed correctly.
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Fig. 7.6 Diagnostic information showing the deviations (fitness(Lfull,N2) = 0.9504)

This shows that, as expected, N1 and N4 can replay event log Lfull without any prob-
lems (i.e., fitness 1). fitness(Lfull,N2) = 0.9504. Intuitively, this means that about
95% of the events in Lfull can be replayed correctly on N2. As indicated earlier, this
can be viewed in two ways:

• Event log Lfull has a fitness of 0.9504, i.e., about 5% of the events deviate.
• Process model N2 has a fitness of 0.9504, i.e., the model is unable to explain 5%

of the observed behavior.

The first view is used when the model is considered to be normative and correct
(“the event log, i.e. reality, does not conform to the model”). The second view is
used when the model should be descriptive (“the process model does not conform
to reality”). fitness(Lfull,N3) = 0.8797, i.e., about 88% of the events in Lfull can be
replayed on N3. Hence, process model N3 has the lowest fitness of the four models.

Typically, the event-based fitness is higher than the naïve case-based fitness. This
is also the case here. WF-net N2 can only replay 68% of the cases from start to end.
However, about 95% of the individual events can be replayed.

Figure 7.6 shows some the diagnostics than can be generated based on replaying
event log Lfull on process model N2. The numbers on arcs indicate the flow of
produced and consumed tokens. These show how cases flowed through the model,
e.g., 146 times a request was reinitiated, 930 requests were rejected and 461 requests
resulted in a payment. The places tagged during replay (i.e., the m and r-tags in
Figs. 7.3, 7.4, and 7.5) can be aggregated to diagnose conformance problems and
reveal their severity. As Fig. 7.6 shows, 443 times activity d happend although it was
not supposed to happen and 443 times activity d was supposed to happen but did
not. The reason is that d was executed before b or c, which is not possible according
to this sequential model.

Similarly, diagnostic information is shown for N3 in Fig. 7.7. There the problems
are more severe. For example, 566 times a decision was made (activity e) without
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Fig. 7.7 Diagnostic information showing the deviations (fitness(Lfull,N3) = 0.8797)

being examined casually (activity c), and 461 cases did not reach the end because
the request was not rejected.

As Fig. 7.8 shows, an event log can be split into two sublogs: one event log
containing only fitting cases and one event log containing only non-fitting cases.
Each of the event logs can be used for further analysis. For example, one could
construct a process model for the event log containing only deviating cases. Also
other data and process mining techniques can be used. For instance, it is interesting
to know which people handled the deviating cases and whether these cases took
longer or were more costly. In case fraud is suspected, one may create a social
network based on the event log with deviating cases (see Sect. 8.3).

One could also use classification techniques to further investigate non-conform-
ance. Recall that a decision tree can be learned from a table with one response
variable and multiple predictor variables. Whether a case fits or not can be seen as
the value of a response variable whereas characteristics of the case (e.g., case and
event attributes) serve a predictor variables. The resulting decision tree attempts to
explain conformance in terms of characteristics of the case. For example, one could
find out that cases from gold customers handled by Pete tend to deviate. We will
elaborate on this in Sect. 8.5.

The idea to replay event logs on process models is not limited to Petri nets. Any
process modeling notation with executable semantics allows for replay. See also the
replay techniques used in [31, 50, 123, 124]. However, having explicit places and
a clear start and end place in WF-nets facilitates the generation of meaningful di-
agnostics. Replay becomes more complicated when there are duplicate and silent
activities, e.g., transitions with a τ label or two transitions with the same label. In
general, there can be a many-to-many relationship between event names in the event
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An event log can be split into two sublogs:  
one event log containing only fitting cases and  
one event log containing only non-fitting cases. 

The second event log can be used to discover a different 
process model. 

Also other data and process mining techniques can be used. 
For instance, it is interesting to know which people handled 

the deviating cases and whether these cases took  
longer or were more costly.  

In case fraud is suspected, one may create a social  
network based on the event log with deviating cases.
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Fig. 7.8 Conformance checking provides global conformance measures like fitness(L,N) and
local diagnostics (e.g., showing activities that were executed although not allowed according to
the process model). Moreover, the event log is partitioned into fitting and non-fitting cases. Both
sublogs can be used for further analysis, e.g., discovering a process model for the deviating cases

log and activity names in the process model. Activities that appear in the event log
but that have no counterpart in the model are easy to handle; as illustrated when
computing fitness(σ2,N3) one can simply discard these events. For handling du-
plicate and silent activities, local state-space explorations can be used to find the
corresponding (most likely) path in the process model [80]. For instance, τ -labeled
transitions in the model that do not correspond to events in the log are only executed
if they can enable transitions that correspond to subsequent events in the event log.
The drawback is that such local state-space explorations can be time-consuming for
larger event logs. Moreover, local state-space exploration provides only a heuristic.
For example, if two transitions with the same label are enabled, then randomly tak-
ing one of them can have effects on the fitness of the model at a later stage in the
trace; see [80] for details. Also see the more advanced replay technique described in
[2]. Here, a variant of the A∗ algorithm is used to find an “optimal” replay of cases.

The techniques described in [2, 80] can deal with the situation that the set of
activities in the model AM differs from the set of activities in the event logAL.
The activities in the log but not in the model (AL \ AM ) are simply ignored and
the activities in the model but not in the log (AM \ AL) are considered to be silent.
This may lead to rather optimistic conformance values. Alternatively, one can also
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Given a workflow net, the play-out technique can be used to 
extract a local complete set of traces. 

If we see the set of traces as an event log (without 
multiplicities), then we can derive the relation >. 

Then, we can construct the footprint (i.e. a matrix showing 
causal dependencies between events) of the net model 

based on such relation >. 

 (From the viewpoint of a footprint matrix, an event log is 
complete if and only if all activities that  

can follow one another do so at least once in the log.) 
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Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by

⟨a b d e g⟩ ⟨a c d e f b d e g⟩

⟨a d b e f d c e h⟩ ⟨a d b e f c d e h⟩
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Footprints are available for logs and models (nets). 
This allows for: 

log vs model conformance 
(do the log and the model agree?) 

model vs model conformance 
(quantification of their similarities) 

log vs log comparison 
(concept drift: how does the work changes in sub-logs?)
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The conformance based on footprints can be computed by 
taking: 

: total number of cells in the footprint matrix 
  

: number of cells in the same positions  
but with different content between the two matrices

n

d

1� d

n
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Table 7.2 Footprint of Lfull
and N1

a b c d e f g h

a # → → → # # # #

b ← # # ∥ → ← # #

c ← # # ∥ → ← # #

d ← ∥ ∥ # → ← # #

e # ← ← ← # → → →
f # → → → ← # # #

g # # # # ← # # #

h # # # # ← # # #

Table 7.3 Footprint of N2
shown in Fig. 7.2 a b c d e f g h

a # → → # # # # #

b ← # # → # ← # #

c ← # # → # ← # #

d # ← ← # → # # #

e # # # ← # → → →
f # → → # ← # # #

g # # # # ← # # #

h # # # # ← # # #

Table 7.4 Differences
between the footprints of Lfull
and N2. The event log and the
model “disagree” on 12 of the
64 cells of the footprint
matrix

a b c d e f g h

a →: #

b ∥ :→ →: #

c ∥ :→ →: #

d ←: # ∥ :← ∥ :← ←: #

e ←: # ←: #

f →: #

g

h

and log “agree” on the ordering of activities. However, the same approach can be
used for log-to-log and model-to-model comparisons. Comparing the footprints of
two process models (model-to-model comparison) allows for the quantification of
their similarity. Comparing the footprints of two event logs (log-to-log comparison)
can, for example, be used for detecting concept drift. The term concept drift refers
to the situation in which the process is changing while being analyzed. For instance,
in the beginning of the event log two activities may be concurrent whereas later in
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Fig. 7.2 Four WF-nets: N1, N2, N3 and N4

use this example to introduce the notation. Figure 7.3 shows the various stages of
replay. Four counters are shown at each stage: p (produced tokens), c (consumed
tokens), m (missing tokens), and r (remaining tokens). Let us first focus on p and c.
Initially, p = c = 0 and all places are empty. Then the environment produces a
token for place start. Therefore, the p counter is incremented: p = 1. Now we need
to replay σ1 = ⟨a, c, d, e,h⟩, i.e., we first fire transition a. This is possible. Since
a consumes one token and produces two tokens, the c counter is incremented by
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preprocess the model and log such that both agree on the set of activities. After
this preprocessing step, events referring to activities that do not appear in the model
and the skipping of activities that do not appear in the log are considered to be
deviations.

In this section, we focused exclusively on fitness (i.e., the proportion of events
in the log that can be explained by the process model). This is only one of the four
quality criteria discussed in Sect. 5.4.3. For conformance checking, the other three
quality criteria are less relevant. However, replay techniques can also be used to an-
alyze precision (avoiding underfitting models) and generalization (avoiding overfit-
ting models). This can be done by keeping track of the number of enabled transitions
during replay. If, on average, many transitions are enabled during replay, the model
is likely to be underfitting. If, on average, very few transitions are enabled during
replay, the model is likely to be overfitting. For example, in the “flower model” N4
in Fig. 7.2, activities b, c, d , e, and f are all continuously enabled in-between start
and end. The relatively high mean number of enabled transitions when replaying
the log using N4, suggests that the model is underfitting. See [33, 78, 80] for more
information.

7.3 Comparing Footprints

In Sect. 5.2, we defined the notion of a footprint, i.e., a matrix showing causal depen-
dencies. Such a matrix characterizes the event log. For instance, Table 7.2 shows the
footprint matrix of Lfull. This matrix is derived from the “directly follows” relation
>Lfull . Clearly, process models also have a footprint: simply generate a complete
event log, i.e., Play-out the model and record execution sequences. From the view-
point of a footprint matrix, an event log is complete if and only if all activities that
can follow one another do so at least once in the log. Applying this to N1 in Fig. 7.2
results in the same footprint matrix (i.e., Table 7.2). This suggests that the event log
and the model “conform”.

Table 7.3 shows the footprint matrix generated for WF-net N2, i.e., Play-out N2
to record a complete log and derived its footprint. Comparing both footprint matrices
(Tables 7.2 and 7.3) reveals several differences as shown in Table 7.4. For example,
the relation between a and d changed from → to #. When comparing event log Lfull
with WF-net N2 it can indeed be seen that in Lfull activity a is directly followed by
d whereas this is not possible in N2. The relation between b and d changed from ∥
to →. This reflects that in WF-net N2 both activities are no longer parallel. Besides
providing detailed diagnostics, Table 7.4 can also be used to quantify conformance.
For instance, 12 of the 64 cells differ. Hence, one could say that the conformance
based on the footprints is 1 − 12

64 = 0.8125.
Conformance analysis based on footprints is only meaningful if the log is com-

plete with respect to the “directly follows” relation >L. This can be verified using
k-fold cross-validation (see Sect. 3.6.2).

Interestingly, both models and event logs have footprints. This allows for log-
to-model comparisons as just described, i.e., it can be checked whether and model


