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Abstract. Process querying targets the filtering and transformation of
business process representations, such as event data recorded by infor-
mation systems. This paper argues for the application of models and
methods developed in the general field of Complex Event Processing
(CEP) for process querying. Specifically, if event data is generated contin-
uously during process execution, CEP techniques may help to filter and
transform process-related information by evaluating queries over event
streams. This paper motivates the use of such event-based process query-
ing, and discuss common challenges and techniques for the application of
CEP for process querying. In particular, focusing on event-activity cor-
relation, automated query derivation, and diagnostics for query matches.
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1 Introduction

Process querying is concerned with models and methods to filter and transform
representations of business processes [14]. As such, it supports various use cases,
including process modeling support, variation management, performance simula-
tion, and compliance verification. Although process querying is often performed
based on model-based process representations, this paper focuses on querying
techniques that target the abundance of event data recorded by information
systems during the execution of business processes, i.e., event-based process
querying.

The notion of event data relates to process representations that capture the
recorded behavior of a process, such that an event denotes that a certain state
has been reached (e.g., an order request has been received) or that an activity
has been executed as part of a specific process instance [4]. Event data is often
formalized as an event log, a set of traces, each trace being a finite sequence
of events that denotes past behavior for a particular process instance. Process-
related data may also be available as an event stream, a potentially infinite
sequence of events that represent the ongoing behavior of a process.
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Complex Event Processing (CEP) defines models and methods to make sense
of such event streams [7]. It defines languages to express queries, which are then
evaluated over an event stream. CEP methods employ continuous filtering, trans-
formation, and pattern detection, which are closely related to aspects of process
querying. Therefore, it suggests itself to adopt event-based process querying
through CEP when process-related information is represented by event streams.
While CEP is developed for online event processing, event-based process query-
ing also enables various use cases for offline event analysis. This is achieved by
replaying event logs, which renders online event-based techniques applicable to
static event data.

This paper outlines how CEP methods can be used for event-based process
querying. It serves as accompanying material for the keynote presentation at
the 4th International Workshop on Process Querying and comprises a shortened
version of a book chapter on event-based process querying using CEP [2]. In
the remainder, Sect. 2 motivates the use of event-based process querying, Sect. 3
briefly introduces CEP, Sect. 4 highlights essential challenges and techniques,
prior to concluding in Sect. 5.

2 Motivation

Event-based process querying can be seen as a special variant of process query-
ing, where the filtered and transformed process representations assume the form
of event data. Given the event data of a process, event-based querying supports
a variety of analysis questions, which may relate to qualitative as well as quan-
titative properties of a process.

Qualitative process properties relate to recorded execution dependencies [6],
e.g., whether two activities have been executed in a specific order or a particular
number of times. The analysis of such properties is, in particular, relevant to
compliance verification of a process, in which recorded event data is compared
to the expected behavior of a process, cf., [6,10]. Based on a formalization of
compliance requirements, event-based process querying helps to identify cases of
non-compliant process execution [22]. Such mechanisms are particularly useful
if applied to event streams representing the most recent behavior of a process:
Detecting a compliance violation shortly after it occurred enables the immediate
implementation of mitigation and compensation schemes.

Quantitative process properties may be defined in terms of execution and
wait times, or costs assigned to activity executions [17]. The analysis of such
properties is part of performance monitoring, which recognizes the importance
of efficient process execution for many processes. Event-based process querying
helps to measure these properties: It selects events that are used as input for the
computation of performance indicators [8], e.g., the average activity execution
time, the delay with which a particular activity is executed after activation, or
the accumulated costs induced by a specific type of process instance. At the same
time, outliers that represent process execution with anomalous performance can
be extracted [16]. Again, given that immediate detection of performance issues
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is a prerequisite for effective countermeasures, the analysis of event streams
performed by event-based querying can be highly beneficial.

3 Complex Event Processing

Complex Event Processing (CEP) emerged as a computational paradigm to han-
dle streams of event data [7]. The focus of CEP is on the detection of specific
event patterns, which are sets of events that are correlated in terms of their
ordering, payload data, and context. Such event patterns are detected by apply-
ing event queries to event streams.

Events. An event is a recording of some state change that is considered to be
of relevance for a particular setting. In the context of process querying, such
state changes typically refer to the progress of process execution as, for instance,
indicated by the execution of an activity in a process instance. Whereas events
can be defined using different formalisms, events should at least be associated
with a unique identifier, a timestamp, and an event type. Using a relational
model for the payload of events, Table 1 lists three exemplary events for a Lead-
to-Quote process. Each event is of type Act (representing that an activity has
been executed), while an attribute name captures milestones (e.g., QR for quote
request received) and activities (e.g., ED for entering details).

Table 1. Three example events for a Lead-to-Quote scenario.

id timestamp type order id name client price

11 21.09.18,15:12:36 Act O23 QR Franklin 745,00

12 21.09.18,15:12:36 Act O67 QR Meyers 282,00

42 24.09.18,09:72:10 Act O23 ED Franklin 745,00

Event Streams. An event stream is defined by a potentially infinite set of
events E and an order relation ≺⊆ E×E (either partial or total). The fact that
a stream is potentially infinite means that, in practice, processing is based on the
stream at a specific point in time, i.e., the prefix of the stream up to this time.
The identical timestamps of events 11 and 12 in Table 1 illustrate that events
may happen concurrently (e.g., a batch of quote requests is received), inducing
a partial order over the stream.

Event Query Languages. Numerous models and languages for the definition
of event queries have been proposed in recent years (see [13] for an overview).
There is currently no common standard for event query languages. Rather, CEP
systems define their own languages, differing in syntax and semantics. Never-
theless, it has been noted that many languages for the specification of event
queries, share at least a set of common operator types, such as disjunction and
conjunction, sequencing, Kleene closure, and data predicates [23].
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4 Challenges and Solutions

The application of CEP models and methods as discussed above in the context
of event-based process querying has to cope with several challenges. This section
considers three main challenges in this regard and discusses how state-of-the-art
techniques address them. In particular, we focus on: event-activity correlation
(Sect. 4.1), automatic event query derivation (Sect. 4.2), and diagnostics for event
query matches (Sect. 4.3).

4.1 Event-Activity Correlation

A fundamental requirement for analysis techniques involving event data along-
side other representations of a process, i.e., process models, is that observed
event types can be linked to process model elements, such as activities or deci-
sion points. For instance, in compliance verification, the expected behavior of
a process may be formalized by a process model, against which the recorded
events are compared. Typically, however, such required event-activity correlation
is not readily available [12]. Manually establishing correlation is often unfeasi-
ble because analysts rarely possess the necessary knowledge on the details of
a process implementation [21]. Consequently, it is highly beneficial to establish
event-activity correlation in an automated fashion. However, to reliably achieve
this, challenges including noisy and non-compliant behavior, as well as complex
event-activity relations must be taken into account [3].

Several techniques have been developed that aim to overcome such challenges,
cf., [5,18]. These techniques consider various aspects to establish a proper corre-
lation, most prominently analyzing label and behavioral information. The labels
assigned to recorded events and process activities represent valuable informa-
tion for the establishment of event-activity correlation, e.g., an event with the
label project information submitted may correlate to an activity labeled enter
project details. Correlation techniques employ similarity measures that quantify
the similarity between different labels, considering both syntactic and seman-
tic similarity. Behavioral information can, furthermore, be highly relevant when
establishing event-activity correlation. Correlation techniques consider behav-
ioral properties in different ways, for instance by quantifying similarity based on
the average position in which events or activities occur in process instances [1]
or comparing behavioral relations among events and activities [5].

4.2 Event Query Derivation

Establishing relevant event queries is a crucial aspect of event-based process
querying to enable, for instance, compliance verification of a process. The actual
translation of process properties into event queries is cumbersome, since it
requires the formalization of the requirements in a (commonly declarative) query
model. To overcome this problem, automatic techniques for query derivation
have been developed. Two general directions are followed by such approaches:
model-driven and data-driven derivation.
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Model-Driven Query Derivation. If a specification of the expected behavior
of a process is available in terms of a process model (and an event-activity corre-
lation has been obtained), event queries may be formulated to detect any devia-
tion of the recorded from the modeled behavior. These queries can be derived by
first computing behavioral relations for the process model, e.g., using (causal)
behavioral profile relations [20] or the relations of the 4C spectrum [15]. Such
relations define constraints that should hold between process activities accord-
ing to a process model. Given a set of behavioral relations, these can then be
turned into monitoring queries, where each query identifies when the behavioral
relation is not satisfied, i.e., when a compliance violation occurs.

Data-Driven Query Derivation. In case a suitable process model is not avail-
able, historic event data may serve as the basis for process querying when such
data has been annotated with the situation of interest, e.g., a compliance viola-
tion or the attainment of a milestone. The necessary annotations can be obtained
by retrospectively recording when such a situation of interest occurred in a pro-
cess. While the annotations then identify the point in time at which the situa-
tion occurred, the actual event pattern leading to the situation is not necessarily
known. The problem of event query discovery then becomes a supervised learning
problem, which aims to construct a query that matches whenever an annotation
indicates that the situation of interest occurred.

For sequential query patterns, query discovery can be framed as frequent
sequence mining [19], detecting the subsequences that are shared among all
annotated sequences. A few tailored algorithms have been proposed for more
complex event query discovery, e.g., iCEP [11] and the IL-Miner [9], which dis-
cover queries built of sequence operators, data predicates, and time windows.

4.3 Diagnostics for Event Query Matches

The interpretation of results obtained by event-based process querying can be
challenging. Query matches need to be interpreted as a violation of some nor-
mative behavior. Here, diagnostics are important, as fine-granular queries may
lead to an overload of monitoring alerts for certain behavioral anomalies: e.g.,
a single out-of-order event may trigger a large amount of order violations, even
though these all stem from the same source. To avoid such an overload, monitor-
ing alerts can be filtered by identifying the earliest indicator of non-compliant
behavior in a set of compliance violations, i.e., the trigger of the violations.
Feedback on compliance violations can, furthermore, be filtered by recognizing
violations that logically follow from the violations already observed, so-called
consecutive violations [22].

Next to the identification of particular events that resulted in compliance
violations, it is possible to assess whether there are dependencies between vio-
lations and their occurrence context as reflected in data attributes associated
with process instances. That is, the goal is to check for attribute values that
differentiate cases with the violation from cases without the violation. In this
way, it is possible to discover that certain violations occur in a specific con-
text, e.g., purchase orders originating from a particular country and which are
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related to a specific order type may be more likely to be delivered too late. The
automatic detection of such context-related issues can be achieved by applying
classification techniques on an annotated set of process instances. Classifiers that
produce human interpretable output, such as decision trees, are particularly use-
ful for this setting. These techniques can produce clear rules indicating in which
contexts monitoring violations have been observed.

5 Discussion

This paper outlined how Complex Event Processing methods can be leveraged
for process querying that works on event-based representations of processes. In
particular, event-based process querying can be used both for online querying,
through the analysis of event streams, as well as for offline querying, by replaying
event logs containing static event data. We argued that using CEP methods for
event-based process querying faces several challenges, which may be addressed
by three essential techniques: event-activity correlation, automatic event query
derivation, and diagnostics for event query matches.

Open research directions in relation to the challenges discussed in this paper
include: dealing with uncertainty in event-activity correlations, identifying the
semantically most relevant monitoring queries, and optimizations of event query
discovery algorithms in order to overcome scalability issues.
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