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Process mining spectrum
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Business Process provenance
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Two types of event data:

post and pre mortem

* “Post mortem” event data refer to information about
cases that have completed, i.e., these data can be
used for process improvement and auditing, but

the cases they refer to.

* “Pre mortem” event data refer to cases that have not
yet completed. If a case is still running, i.e., the case
Is still “alive” (pre mortem), then it may be possible
that information in the event log about this case (i.e.,
current data) to ensure the correct
or efficient handling of this case.
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Two types of models: “de jure models”

and “de facto models”

A dejure model is normative, i.e., it specifies how
things should be done or handled. For example, a
process model used to configure a BPM system is
normative and forces people to work in a particular
way.

* A de facto model is descriptive and its goal is not to
steer or control reality. Instead, de facto models aim
to capture reality.
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Auditing

Detect. Compares de jure models
with current “pre mortem” data. The
moment a predefined rule is
violated, an alert is generated
(online).

Check. The goal of this activity is to
pinpoint deviations and quantify the
level of compliance (offline).

Compare. De facto models can be
compared with de jure models to see
In what way reality deviates from
what was planned or expected.

Promote. Promote parts of the de
facto model to a new de jure model.
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Navigation

* Explore. The combination of event
data and models can be used to
explore business processes at
run-time.

* Predict. By combining information
about running cases with models,
it is possible to make predictions
about the future, e.g., the
remaining flow time and the
probability of success.

« Recommend. The information
used for predicting the future can
also be used to recommend
suitable actions (e.g. to minimize
costs or time).
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Operational support:

online process mining using “pre mortem” event data

current I I @ I
state H|< > HI<E> HI
known | unknown | | I
R . EEX? 7 BN
I
| detect: b does not fit the predict: some prediction is recommend: based on past
m I C d model (not allowed, too made about the future (e.g. experiences c is recommended
| late, etc.) completion date or outcome) (e.g., to minimize costs)
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Let us focus one time

case id trace

12 19 25 26 32 33 35 40 50 54
1 <asmrt ’ acomplete ? bSlCli’t ? dSICH’I ? bcomplere “ecomplete? Cstart > ecomplete ? hSICH’f "ecomplete >
17 23 28 30 32 38 50 59 70 73
2 <a;f5aﬁ ’ agg}ﬂ plete’ d%s*tzart ? Cgfsart ? dcom ,géete’ i%m plete? eitsal‘ﬁ ggm plete’ g ggai’f ? gS %om pl ete>
3 <aSl‘6H‘T ’ a&omplete » Cstart » C&ornplere ? du;‘fai’l‘ ? dcomplete » Estart > ecomplere Wstart ’fcomplete ?
b60 d62 b65 67 680 687 90 98 >
start> = start’ Y complete’ ““complete’® ~ start’ = complete’ Estart »8 com plete
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Operational support: Detect

partial trace
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Declare specifications for

detecting violations

oy » Satisfied: the LTL formula
compensation evaluates to true for the
g current partial trace.

* - Temporarily violated: the
cl LTL formula evaluates to
Tocide false, however, there is a
c3 longer trace that evaluates
h to true.

reject . . .

request Permanently violated: the
LTL formula evaluates to
false for current trace and
all its extensions

register
request
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Conflicting constraints

* A Declare specification is
satisfied for a case if all of its

pay . .
compensation constraints are satisfied.
g , * A Declare specification is
c N temporarily violated by a case if
a cl o for the current partial trace at
_ . least one of the constraints iIs
register decide ] _
request  c5 3 violated, however, there is a
h possible future in which all
reject constraints are satisfied.
request

* A Declare specification is
permanently violated by a case if
no such future exists.

Note that c1, c2, and c3 imply that e cannot
be executed without permanently violating
the specification.
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Operational support: Predict

partial trace

enterprise @ operational
information support

system system

predicted completion
date: 25-4-2011
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event log
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Examples of predictions

* the predicted remaining flow time is 14 days;

* the predicted probability of meeting the legal
deadline is 0.72;

 the predicted total cost of this case is 4500 euro;

* the predicted probability that activity a will occur is
0.34;

* the predicted probability that person r will work on
this case is 0.57;

* the predicted probability that a case will be rejected
Is 0.67; and

* the predicted total service time is 98 minutes.
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Annotated transition system
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Collect results per state

[a] Astart % [start]

acomplete

[p1,p2] dsge  [P1.d] deompiere  [P1,P4]

»

Cstart
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m b “0q
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b(:omplete Ccomplete bcomplete Ccomplete bcomplete [2]_ 35,5831, ... ]

3,p2 > 4
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Dstart Cstart Oegart
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., average remaining
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PAGE 20

[¢]

Ocomplete hcomplete

[pS]




Operational support: Recommend

partial trace

: S , learn
enterprise o operational - ,
: . recommendation
information support
model
system system
; X (85% certainty)
- y (12% certainty)
suggestion: z (3% certainty)
do x -
recommendation -
event log
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Recommend

* Possible recommendations:
— next activity;
— suitable resource; or
— routing decision.
 Arecommendation is always given with respect to a
specific goal.
« Examples of goals are:
— minimize the remaining flow time;
— minimize the total costs;
— maximize the fraction of cases handled within 4 weeks;
— maximize the fraction of cases that is accepted; and

— minimize resource usage.




Relation between prediction and

recommendation
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Process mining spectrum
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