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Abstract. A large and growing E}d}' of wﬂ explores the use of seman-
tic annotation of business process designs, but these annotations can be
difficult and expensive to acquire. This paper presents a data-driven app-
roach to nﬂng these annotations (and specifically post-conditions) from
event logs in process execution histories which describe both task execu-
tion events (typically contained innucess logs) and state update events
(which we record in effect logs). We present an empirical evaluation,
which suggests that the approach provides generally reliable results.

Keywords: Semantic annotation - Data-driven - Process logs - Effect
logs

1 Introduction
)
A large and growing Endy of work explereathe use of semantic annotation of
business process designs [4,5,10,16,29,32]. A large body of work also addresses
the problem of semantic annotation of web services in a similar fashion [24-
26,28]. Common to all of these approaches is the idea that semantic annotation
of process tasks or services provides value in ways that the process or service
model alone cannot. Our focus in this paper is on pest-conditions of tasks in the
context of process models (pre-conditions are also of interest and we believe that
an extension of the machinery presented here can address these, but are outside
the scope of the present work). Ideally process designs annotated with post-
conditions help answer the following question for any part of a process design:
what changes will have occurred in the process context if the process were to exe-
cute upto this point? Arguably, a sufficiently detailed process model (for instance
one that decomposes tasks down to the level of individual read or write opera-
tions) will require no additional information to answer this question. However,
process models are most valuable when described at higher levels of abstraction,
in terms of concepts and activities that stakeholders are familiar with. Processes
annotated with post-conditions thus serve a crucial modeling function, providing
an effective summary of a substantial body of knowledge regarding the “lower-
level” workings of a process. Annotation with post-conditions can also help solve
a range of proe:m:-; such as process compliance management [10], change man-
agement [20], enterprise process architectures [13] and the management of the
iness process life cycle [21].
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The modeling and acquisition of these post-conditions poses a particularly
difficult challenge. It is generally recognized that process modeling involves sig-
nificant investment in time and effort, which would be multiplied manyfold if
there were an additional obligation to specify semantic annotations. Analysts
also tend to find semantic annotation difficult, particularly if the intent is to
make these formal (as is required by all of the use cases referred to above).
This paper seeks to address this challenge by offering a set of techniques that
mine readily available data associated with process execution to generate largely
accurate “first-cut” post-conditions for process tasks. Our approach leverages
the generally understood notion of event logging. The events that occur in a
process execution context can be vie in general terms as being of two tyffgs:
(1) events that describe the start or end of the execution of process tasks and
(2) events that describe state changes in the objects impacted by a process. In
many settings, the existing event logging machinery is capable of logging both
kinds of events. In other settings, we need to instrument object state monitors
(for either physical objects or computational objects, or both) to ohtq‘events
of the second kind. In line with the literature addressing these, we re erga
time-stamped record of events of the first kind as a process log. We shall refer
to a time-stamped record of events of the second kind as an effect log (in view
of the fact that the state transitions being recorded are in fact effects of the
process in question). We leverage these two types of logs in juxtaposition, and
the time-stamped sequences of task execution events and state-change events
thus obtained, to generate the sequence database taken as input by a sequential
rule miner (CMRules [6] in our instance, but others could be used instead). The
key idea is to identify commonly occurring patterns of task execution events,
followed by sequences of state change events (or effects). As we show, the app-
roach is generally quite effective. We also define techniqu which leverage a
state update operator (that defines how a specification of a state of affairs is
updated as a consequence of the execution of an action) and the actual history
of process execution provided by the juxtaposed process and effect logs to deter-
mine whether the mined effects, if accumulated using the state update operator,
would indeed generate the available execution histories. This forms a validation
step for the mined results.

Our intent is to mine the context-independent effects (or immediate effects) of
each task. These are contextualized via iterated applications nf@ state update
operator to obtain the contexrt-dependent effects of each task (in the context of
a process model)—a complete collection of these for each task or event provides
a semantically annotated process model. For instance, the immediate effect of
turning a switch on is to complete a circuit. In the context of a light bulb circuit,
the context-dependent effect of this task would be to turn the bulb on. In the
context of a switching circuit for a chemical reactor, the context-dependent effect
of that same task would be to bring the chemical reactor to an operational state.
We elmlge the machinery we present below g used in the following manner:
given as input a process log, an effect log, a ess model (or a set of process
models in the event that the logs describe the execution of instances of multiple
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process designs) and a state update operator, the machinery would generate the
immediate effects of each task referred to in the process log. These effects could
be used directly in annotating process models, or might be viewed as “first-cut”
specifications, to be edited and refined by expert analysts.

We provide mgl*G1111d on semantic annotation of processes and on process
and effect logs in Sect.2. In Sect. 3, present our approach to mining task
effects and validating these. In Sect.4, we present results of an experimental
evaluation exercise, before presenting concluding remarks.

2 Background

Semantic Annotation: We assume that each task or event in a process is asso-
ciated with effects written as conjunctive normal form sentences in the underly-
ing formal state description language, which might be propositional or first-order
(we do not consider temporal logics in this work, but extensions are possible).
We assume that each task or event has context-independent immediate effects
that can be contextualized via iterated applications of a state update operator as
in [10] and [16]. We permit the contextualized effects to be non-deterministic—
at any given point in a process, the actual effects that might accrue would be
one of a set eﬂect scenarios. We need to support this non-determinism for
two reasons. First, in any process with XOR-branches, one might arrive at a
given task via multiple paths, and the contextualized effects achieved must be
contingent on the path taken. Since this analysis is done at design time, we need
to admit the possibility of non-deterministic effects since the specific path taken
can only be determined at run-time. Second, many state update operators gener-
ate non-deterministic outcomes, since inconsistencies (that commonly appear in
state update) can be rfgflved in multiple different ways. Of the two well-known
state update operators in the literature—the Possible Models Approach (PMA)
and the Possible Worlds Approach (PWA)—our wigk leverages the PWA [11].
Specifically, we use the operator @& defined below. In the following, we assume
that all consistency checks implicitly include a background knowledge base (KCB)
containing rules and axioms. Thus, the statement that e; Ue; is consistent effec-
tively entails the statement that e} Ue;U KB is consistent. We omit references
to KB for ease of exposition.

For two effects e; and e;, and the knowledge base KB, if ¢; £ L and e; }& L,

then the pair-wise effect accumulation (or state update) e; & e; is defined as:
15

eide; = {mJe; e Ce;nesUe UKB = L A
there does not exist €.’ such that e/ C e/ Ce; A
ef Ue; UKB |-~ 1}

The outcome of the state update operation is not a unique effect specification,
but a set of non-deterministic effect scenarios. To see why this might be the case,
consider a task T with a single associated effect scenario given by {p, ¢} which is
followed by task T’ whose immediate effect is to make r true. Given a background
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knowledge base consisting of a single rule r — (—=p V —g), the & operator would
give us two distinct outcomes: {p,r} and {q,r}.

To obtain a complete annotation of a process model, we repeatedly apply
the & operator over pairs of contiguous tasks in a process model, with the first
argument being an effect scenario associated with the prior task and the second
argument being the immediate effect of the later task. Special techniques are
provided for dealing with XOR and AND gateways in proposals such as [10,16]
and [32], but these are not directly relevant for our current exposition and we
omit details here.
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Fig. 1. A semantic effect-annotated BPMN process model for Holiday Booking process

Figurel illustrates a section of a semantically annotated BPMN process
model for a Holiday Booking process followed by a travel agent. 1 out-
lines the semantic annotations of some of its tasks. The background knowledge
base is given by a set of rules including the following representative examples.
We use the standard convention of starting variables with upper-case letters.

(R1) VHotel, Dates, 3Cust hotel{Hotel, Dates) — hotel-pref(Cust, Hotel)

(R2) YFlight, Airline, ClassO fTravel, Dates, DepartTime, Arrivelime,
ACust flight-available(Flight, Airline, ClassOfTravel, Dates, DepartTime, Arriv-
eTime) — travel-dates(Cust, Dates) A airlines-preferences(Cust, Airline) A
airline-classoftravel(Cust, ClassOfTravel) /N departure-preferences(Cust, Depart-
Time) A arrival-prefs(Cust, Arrive Time)

Process and Effect Logs: We assume that process executi ta is available
in the form a process log and an effect log. A process log (or event log) is a set
of triples of the form (Casel D, TimeStamp, TaskID). The TimeStamp value
indicates the start time of TaskiD while CaselD identifies the process instance
that TaskID belongs to. We permit possibly many process instances (of the same
process design or distinct process designs) to be executed at the same time.
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Table 1. Annotation of holiday booking process in Fig. 1

Obtain customer requirements travel-dates( Cust, Dates) N
 airline-preferences( Cust, Airline) N
| atrline-classoftravel( Cust, ClassOfTravel) A
- departure-preferences(Cust, Depart Time) A
| arrival-prefs(Cust, ArriveTime) A
| meal-constraints{Cust. MealConstraints) N
| freq-flyer(Cust, FreqFlyerDetails) A
| hotel-pref(Cust, Hotel) N
| room-prefs(Cust, RoomPrefs) A
| tour-prefs(Cust, TourPrefs)

Check Hotel Availability | hotel-available(Hotel, Dates)

Check Hight availability flight-available{Flight, Airline, ClassOfTravel,
5 Depart Times, ArriveTimes)

Check tour availability | tour-available(Tour, DepartTimes, Depart-
| Location, Route, Stops)
Determine feasibility itinerary | feasible-itinerary(Flight, Hotel, Tour)

Consult customer - customer-confirmation(Cust, Itinerary)

20
Table 2 shows a part of a process g describing the execution of multiple
instances of Ia process model in Fig. 1.

11 effect log consists of a set of tuples (f;,e;) where t; is a timestamp and
e; is an effect assertion in the underlying state description langua; he effect
log records observed changes in the states of objects impacted by a process. It is
important to note that only changes in state are recorded (and not state descrip-
tions that persist). Effect logs can be obtained by instrumenting the process
environment with object state monitors (both for physical objects as well as
for computational /business objects). The underlying state description language
might involve propositional state variables—the changes to describe would then
be propositions becoming true or false, or more generally as disjunctions (in case
state monitors have limited sensing capabilities). The underlying language might
also admit non-Boolean state variables, in which case the effects logged would be
the new value assignments to these variables. In many settings, it is convenient
to represent effects in terms of first-order sentence schemas. In a travel book-
ing process, the “Obtain customer requirements” task would lead to a ground
instance of the sentence schema airline-preference(Cust, Airline) becoming
available. In this setting, the precise grounding of the Cust and Airline vari-
ables are not of particular interest. Indeed, recording the actual values of these
variables in the effect log would lead to the effect mining procedure treating
different groundings of the variables as distinct effects, when in fact we are only
interested in recording the effect that a ground instance of that sentence schema
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Table 2. A process Eg of the BPMN process model in Fig. 1

case ID | task ID | timestamp | case ID | task ID | timestamp

1 T t 2 Ts 103
2 ENE 1 ITs [t
2 ._Tz I tog j3 I Ts t1as
3 | Tl_ t_-ﬂ __3 ;Tﬁ :tlﬁrﬁ
1 Ts tos 1 T tir2
3 ._Ts taz 1 17 ti74
2 | T | tag |4 T | tar7
1 T tas Rl T3 | tara
3 | T3 | tn |4 | Ty | tass
2 | Ty I tso 4 | T | tia0
.3 _:T.g jt,ﬁ,ﬁ _-4 Tr, :t-1ﬁl
1 Ts tos 4 Ts tar1
2 Ts tos

Notes: T1: Receive Hinerary, To: Check Flight Availability, Ts:
Check Hotel Availability, Ty: Check Tour Availability, Ts: Deter-

mine Feasible Itineraries, Tg: Consult Customer, T7: Book Hotel

becomes available. For effects of this sort, we only record a propositional effect
of the form airline-preference-known. In other settings, we are interested in the
precise instantiations of the variables in a sentence schema of the form p(X,Y),
in which case the full ground instance of .Y') is recorded in the effect log.

Table 3 illustrates a part of a effect log describing the effects of the execution
of multiple instances of the process in Fig. 1.

3 Mining and Validating Effects

The effect mining technique w@scribe below takes as input: (1) a semantically
annotated process model, (2) a state update operator &, (3) a process log, and
(4) an effect log (where both logs refer to the same history of process execution)
and generates as output the immediate effect er, for every task T; referred to
in the process log (these tasks may belong to one or more process designs). Our
approach involves first mining a first-cut version of the immediate effects, and
then filtering these by validating them against the process execution history as
represented in the process log and effect log.

Effect mining procedure: Our approach to effect mining is predicated on the
observation that the effects of executing a task occur soon after the execution
of the task. Effects that manifest a long period after the execution of a task
are typically not effects of that task alone, but of that task plus some others
(e.g., one may think of the arrival of a traditional “snailmail” letter 3 days after
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Table 3. An eEect log of the BPMN process model in Fig. 1

timestamp  effects

ta travel-dates-knoun

ta _ airline-preferences-known
ty - airline-classoftravel-known
ty - departure-preferences-known
t;a | uﬂivﬂi—pm_ﬁs—kmuum

tg - meal-constraints-known

te | freg-flyer-known

tr - hotel-pref-knoum

tr - room-prefs-known

tr . tour-prefs-known

tg _ travel-dates-knouwn

tio - airline-preferences-known
t12 airline-classoftravel-known
tia departure-preferences-known
f14 _ arrival-prefs-known

tig | meal-constraints-known
tig . freg-flyer-known

t17 - hotel-pref~-knoun

tis - room-prefs-known

tas tour-prefs-known

tag flight-available-knoumn

posting as an effect of the action of letter-posting, when it actually involves
several other tasks executed by the postal service). The key pattern we leverage
in mining effects is the sequence that involves the execution of a task and the
manifestation of its effects, using a sequential pattern miner. We are interested
in identifying all the effects that occur always (or most of the time) after each
task is executed. Since the task executions are recorded in the process log and
the effects occurrences are recorded in the effect log, we must first establish the
correlations between the two logs to obtain a joined table that serves as the
sequence database for a sequential rule miner. We use the CMRules algorithm
[6] although a number of other candidates exist [3,7,8,15], and the framework
is flexible enough to allow the use of any of these.

While our focus is on the sequential patterns that relate tasks to effects, we
are not interested in the relative sequencing amongst effects. Indeed, it is unde-
sirable for our purposes to have the sequential rule miner to view the sequences
(T, p,q) and (T, g, p) as being distinct. We therefore enforce the rule that a con-
tiguous sequence of effects in the sequence database must always be represented
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in lexicographic order (this would require the second sequence above to be re-
written as the first sequence).

We consider the problem of effect mining in two settings: (1) Settings char-
gterized by the unique task assumption which stipulates that only one task
may be performed at any point in time. This permits us to correlate all of the
effects observed between the execution of a given task and the start of the next
task with the first task. (2) Settings characterized by the concurrent task
assumption which admits the possibility of mulfslle tasks executing concur-
rently (these could be tasks associated with distinct instances of the same process
or associated with different processes). The second setting is more general, but
the first setting simplifies the effect mining problem, and is worth considering if
appropriate. We will apply the CMRules algorithm in both settings.

Both in settings with the unique task assumption and in settings with con-
current tasks, we create a joined table from the process log and the effect log.
of the form:

where each (T;,T;41) pair represents contiguous tasks and each e;; represents
the j-th effect observed after the start of task T; and before the start of task T;.
This table represents the sequence database provided as input to the sequential
rule miner. A special provision is needed for the last task in case it does not have
any subsequent task. Instead of using the last record in the process log as the
end timestamp, we assume that we have prior information about the maximal
time of process execution, €, and use it as the end time of the last task in any
case.

We then apply the CMRules algorithm, with the best results obtained when
the values of minSeqSup and the minSeqCon f are bounded from below by the
number of distinet case-ID in which a specific task occurs (as with any association
rule mining technique, minSeqSup and minSeqCon f represent the support and
confidence respectively—higher values of these can give us more reliable results
but rule out potentially interesting rules and vice versa). In unigue task settings
with noi:-;e, the sequence of effects following the exection of each task and
prior to the execution of the next task in the process instance should be largely
identical if the process design is fixed—we apply CMRules mainly to mitigate
the effects of noise. In concurrent task settings, these could vary significantly
since the effects that follow a task might not be its effects but those of a distinet
concurrent task. In these settings, the sequential rule miner is essential to identify
the m@mly occurring patterns of effects following a given task. In general
terms, a sequential rule X — Y consists of two parts: the antecedent X and
the cc-nseq. Y, which are both assumed to be sequences of transactions. The
rule states that if the elements of X occur in a given sequence in the sequence
database being mined, then the elements of ¥ will follow in the same sequence
and in a manner that preserves the sequential relations between the elements of
X and between the elements of ¥'. All sequential rules must also satisfy certain
criteria regarding their accuracy (minimum confidence) and the proportion of
the data that they actually represent (minimum support).
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For example, consider case 1 in Table 2. The first task, task 77 has timestamp
t; and the next task in the case, T5, has timestamp fag; therefore, we group task
T7 with all effects in the effect log with the timestamp #; until f25, which gives us
the sequence (17 )( travel-dates-known ) ( airline-prefs-known ) ( airline-classoftravel-
known)( departure-prefs-known) (arrival-prefs-known) (meal-constraints-known)
(freg-flyer-known) (hotel-prefs-known) (room-prefs-known) (tour-prefs-known)
(travel-dates-known)( airline-prefs-known) (airline-classoftravel-known) (depar-
ture-prefs-known) (arrival-prefs-known) (meal-constraints-known) (freq-flyer-
known)( hotel-pref-known ) ( room-prefs-known ) tour-prefs-known). Similarly, task
T5 is grouped with all effects with timestamp from fog until £35, and so on. Apply-
ing the same process to all the other cases, we obtain the sequences for task T,
T5, T3, until T5. Next, these sequences are grouped into sequence databases based
on their task ID, for instance the sequence for task T from case 1 goes into the
same sequence database with the task T sequence from case 2 (along with task
T sequences from other cases).

Although the CMRules algorithm is able to generate all sequential rules
from the sequence databases, further post-processing is required. Since we are
interested only in relations between a task and effects, only rules with a single
task ID as antecedent are included in the results and all other rules are discarded.

Validation: We can use the state update operator and the available data to
perform additional validation steps on the effects mined in the manner described
above. In settings characterized by the unique task assumption, an element of
the joined process log and effect log can be viewed as semantic execution trace
of the form:

(((TM ((Ell}s T {ele-}))'- wEsReny {Tr'-: “Qﬁl}: s {ﬂirn}}}: SR (Tpt {{6131}1 =y <EIJJ~'}}}

for a process instance (case) with p tasks, with each T} representing a task ID
and each e;; representing the j-th effect associated with task T;. In other words,
the sequence of effects associated with each t-n( in the trace above represents
the cumulative effects obtained at that point in the process instance. We shall
refer to the sequence of tasks (T1,...,T,) as the signature of the semantic exe-
cution trace above, and note that multiple semantic execution traces might be
obtained for the same signature (due to the fact that we might find the process
in one of many possible non-deterministic effect scenarios after the execution of a
sequence of tasks). To validate the immediate effects mined using the procedure
described in this section, we must establish for each semantic execution trace
in the joined process log and effect log and for each task 7} in that trace that
the following condition holds, where es; is given by e;; A eja A ... A € with
m being the number of effect log entries associated with T;: es; = e for some
e € er, Ber, B...Her, where each er, denotes the mined immediate effects of
task T;. This represents a soundness condition, in the sensdifhat we guarantee
that every observed set of accumulated effects includes the accumulation of all
mined effects of the tasks executed upto that point. For a sufficiently extensive
collection of process and effect logs, we may also require that there must exist,
for every e € ep, ® er, @ ... @ er,, some entry in the joined process-effect log
with an es; associated with T; such that es; = e. A completeness condition
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would reverse the entailment relation (i.e., e = es;). If the mined effects failed
all of these tests, a weaker condition of consistency (es; A e = L) would sug-
gest that the mined results were not entirely incorrect. In settings characterized
by concurrent tasks, we cannot guarantee tHfff the effects observed between the
start of a task and the start of the next task in the same process instance
are necessarily the effects of the former task (since concurrent tasks from other
process instances might have led to these effects). In such settings, we validate by
creating modified sequence databases, parameterized by a task sequence length
parameter n for use with CMRules. For instance, when the task sequence length
parameter is 2, for each contiguous pair of tasks (T, T} ), we take seq@eﬁ of the
form (T;,ei1,...,ein) and (T}, €;1,...,€3n) Where the tasks belong to the same
process instance and where the timestamps associated with each e;;, is earlier
than the start of T; and create an entry in this modified sequence database of the
form (T3, T}, €i1, ..., €in, €51, ..., €jm,) by removing any effect e;;, associated with
the earlier task T; where ejA KB = —ej for some ej; (B is the background
knowledge base). Since the effect log records only changes (and not persistent
effects or non-changes), we perform the last step to ensure some form of state
update is reflected in the combined sequence for (7;,T;). We use CMRules to
obtain rules of the form (T}, T;) — (ey,...,e,) with the support and confidence
being set as earlier to refer only to those process instances where T; and T}
appear contiguously. The following condition then provides a weak form of vali-
dation: e; A ... A e, = er; @ er,. The approach generalizes to task sequences of
arbitrary length, but we omit details due to space constraints. A gen valida-
tion strategy is to consider all task sequences of length i = 1,.... n where n is

the length of the longest task sequence that conforms to the process design.

4 Evaluation

Evaluation with synthetic process models: Our aim is to establish that
our approach generates reasonably reliable results. We ran the first set of exper-
iments with a synthetic semantically annotated process model (i.e., a hand-
crafted one with T},T5s,... ete., for task names and p,q,... for effects). The
model had 8 tasks, with an AND-split nested inside an XOR-split and with each
task semantically annotated with 1 or 2 literals (in the 2 literal case, the effects
were conjunctions of the 2 literals), and one rule in the KB. We simulated a
large number of possible execution traces of this model, and obtained synthetic
process and effect logs. These logs involved the execution of multiple concurrent
process instances. There were multiple effect scenarios associated with some of
the tasks, owing to the fact that XOR gateway contributed to alternative flows
that could have led to the same point (none of the effect scenarios were generated
by alternative means of resolving inconsistency in the st ipdate operator).
We then investigated the effect of scaling up the complexity of the process model,
by generating a second synthetic process model with 12 tasks with an XOR-split
leading to two alternative flows, one of which included a nested AND-split and
the other a nested XOR-split. The semantic annotations were 2 or 3 literals long
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and involved a mix of conjunctions and disjunctions. The background KB had
4 rules. There were multiple effect scenarios associated with most of the tasks
and these were generated both by alternative flows that could lead to a task (on
account of XOR gateways) and by alternative resolutions of inconsistency by the
state update operator.

Table 4 below deseribes the results of 4 experiments with each of these two
process models. We used progressively larger numbers of overlapping instances of
each process (i.e., T; in instance 2 would start after the start of T} in instance 1,
but before the start of T;4 in instance 1, and so on). We note that our problem
would be no harder if the multiple concurrent process instances were of multiple
distinet process models. We obtained progressively larger sizes of the sequence
abaﬁe, We recorded the precision (number of correct effect mined over the
total number of effects mined) and recall (the number of correct effects mined
over the total number of actual effects. Although not entirely monotonically
improving, the results for process 2 confirm the intuition that better results are
obtained with larger datasets. The results for process 2 also showed that the
effects mined tended to be incorrect for the last task in a process instance (in
those settings where precision and recall values were less than 1). This was due
to the sequence of effects for the final task not being bounded by the start of the
next task, but rather by the end of the log (artificially determined by length of
the longest process).

Table 4. The recall and precision measures from the evaluation
| Process model 1 ' Process model 2
Number of instances |5 |10 100 500 5 10 100 500
Size of sequence DB 48 | ll][]'- 1082 | 5352 : GG | 133 : 1297 | 6512
Recall 1.0/1.0 1.0 1.0 |0953 1.0 |0.981 0.989
Precision [1.0[10 10 10 [10 [0988/10 |10

The synthetic process and effect logs used in these examples considered all
possible flows. Real-life data might involve more imperfections (such as certain
XOR flows never being executed, certain tasks never being executed and so on).
We have also considered cases where noise is artificially added to the logs - we do
not report these results here due to space constraints, but, as expected, precision
and recall suffer as noise increases. We do not present an evaluation of the
technique we propose for settings where we can make a unique task assumption,
both because of space constraints and because the technique is simple, and, in our
experience, almost always accurate. We do not present in detail an evaluation of
the validation techniques from the previous section, but our experience suggests
that it is effective in filtering uﬁ"xmccurate effects.

User-mediated evaluation: To evaluate our approach in a more real-life set-
ting, we took a real-life semantically annotated process model (Fig.1) and
obtained a set of process and effect logs from an expert process modeler. We




Mining Process Task Post-Conditions 525

obtained a process log describing 10 execution instances (many of them with
temporal overlaps) with a total of 110 entries, and an effect log with 154 entries.

We found that about 1in 9 tasks, the effects mined were incorrect. The best
explanation of this appears to be the fact that in the user-generated process log,
there were other tasks that were exactly concurrent with the task for which the
wrong effects were mined.

5 Related Work

A few examples of the benefits that can be exploited from semantically anno-
tated business process models including compliance checking [4,10,14,17], man-
agement level strategic alignment of business processes [22], and exception han-
dling [9]. Tw@oups of studies can be defined based on the purpose of adding
semantics to business process mcldel: to specify the dynamic behaviour of
the business process [32,34], and (2) to speci@e meaning of the entities in
the business process model itself [4,22,30]. In order to assist business analysts
and process designers in the process of business process modelling, many studies
have proposed frameworks to provide more user-friendly tools to add semantics
into business process models (2,16, 18].

In regards of assisting designers and analysts, many studies have emerged
in harnessing historical data, specifically on software repositories, to discover
useful information, with data such as programmer interaction history [23], soft-
ware revision history [35,36], email history [1], visited web pages [27], and bug
reports [19]. Particularly in business prdg#3s modeling, there are extensive stud-
ies on process minin@at exploit the historical data of process model execu-
tions, i.e. event logs. Process mining algorithms—such as alpha @rithm [l
heuristic miner [33], and fuzzy miner [12]—extract the structure of the process
model.

Our research integrates these two approaches of (1) ing historical data to
discover useful information and (2) adding semantics to business process models,
in order to support the business process modeling. W’E data sources similar
to those used in process mining, which is the business process execution history
he form of event log or process log, but our research does not generate the
structure of the process model, instead it discovers the semantics of the business
processes.

6 Conclusions and Future Work

This paper offers an approach to mining business process task post-conditions (or
effects) from process logs and logs of state changes in the process context. The
empirical evaluation suggests that the results are generally reliable, pointing
to prospects for further development of techniques that leverage these post-
conditions in semantic analysis.
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