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Abstract. Process-aware information systems must encompass business
process flexibility support due to business needs and factors coming from
assorted sources, changing market conditions, customer needs, and regu-
lations. However, flexibility may not be always achieved by pre-specified
processes whereby, when context information is only available at runtime,
decision making should be deferred to execution time. The late selection
pattern defers the selection of placeholder activities’ implementations,
binding applicable process fragments at runtime. This paper presents
the foundations of a novel approach for an end-to-end variability man-
agement of process models through late selection of fragments by means
of: (i) managing process fragments separately from the base model, (ii)
resolving variation points automatically considering constraints and con-
text data at runtime, and (iii) enabling process fragment recommenda-
tions based on experience logs.

Keywords: Business Process Flexibility, Late Binding, Runtime
Variability, Process Mining.

1 Introduction

Nowadays, organizations have to deal with constant change and uncertainty so
as to adapt and gain competitive advantage to ensure their future, i.e., they
need to deal with the increasing challenges of customer satisfaction, market
evolution, and new requirements. At the same time, they are forced to deal with a
growing rate of change in which they need to react to new market circumstances.
In those dynamic business environments, Process-aware Information Systems
(PAISs) should provide flexibility [1].

The notion of flexibility has emerged as a main research topic in Business
Process Management (BPM) over the last decade [2]. Many research approaches
for business process (BP) flexibility have been proposed and some of them have
been implemented in commercial [3] and open-source community [4,5,6] flexible
PAISs. However, in dynamic business environments where neither processes can
be fully pre-specified nor process variants can be established, fully structured

X. Franch and P. Soffer (Eds.): CAiSE 2013 Workshops, LNBIP 148, pp. 371–385, 2013.
c© Springer-Verlag Berlin Heidelberg 2013



372 A. Murguzur et al.

processes are too restrictive and have problems dealing with change [7]. There-
fore, PAISs must be able to deal with uncertainty, deferring decisions regarding
the exact control flow to runtime and providing a certain degree of looseness.
This looseness may be achieved by deferring placeholder activities binding (Late
Selection, also referred to as runtime variability), completing the composition
at runtime (Late Modeling), or allowing the whole process creation at execution
phase (Late Composition) [8].

Concerning those flexibility patterns, there exist trade-offs regarding degree
of control, expressiveness and user support, which involve the selection of a par-
ticular pattern for defining and executing loosely-specified processes in dynamic
business environments [1]. In Late Modeling/Composition patterns compared to
Late Selection, the degree of decision deferral is further increased. Hence, in-
stead of just being able to select from a set of pre-specified process fragments
or activity implementations, respective fragments may be modeled or composed
dynamically during enactment. The largest degree of freedom is provided by Late
Composition which can be useful in highly dynamic business environments, due
to lack of domain knowledge or given the complexity of task combination. Never-
theless, composition task gives rise to a number of drawbacks. The computation
cost may be unacceptable when the number of tasks is fairly large, which di-
rectly impacts scalability. In Late Selection of process fragments, the number of
variants for each placeholder activity is narrow, so scalability problems may be
reduced and system’s performance may be better as composition needs higher
computational memory. Moreover, although the planner gets most of the time
a solution during the composition task, the solution may not be always feasible
(known NP-hard problem).

Taking Late Selection pattern as a base, this paper introduces the LateVa
approach (Late Variability of Process Models through Automated Selection
of Fragments). In particular, it provides an automated solution for selecting
the most appropriate implementation from a set of available fragments. LateVa
approach also allows variability modeling of business processes by describing all
possible variation points and applicable fragments.

The remainder of the paper is organized as follows. In Section 2 we present
the background and motivation of this work. Then, we use an elevator mainte-
nance case study in Section 3 to exemplify our findings. After, in Section 4, we
introduce the foundations of the LateVa approach, describing loosely-specified
process models phases: modeling, execution, and evaluation. Section 5 discusses
related work, and finally, in Section 6, the paper draws conclusions and summa-
rizes future plans.

2 Background and Motivation

2.1 Flexibility in PAISs

Over the last several years BP flexibility has attracted significant attention which
has resulted in the emergence of a number of taxonomies [9,8]. The taxonomy
of Reichert et al. [8] basically differs four types of process flexibility:
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1. Variability: Variability handles different process variants depending on a
particular context [10]. Process variants essentially share a common part of
a core process whereas, concrete parts fluctuate from variant to variant, us-
ing a behavioral (i.e., defining all configurations in a single process model)
or structural approach (i.e., using different models for variability representa-
tion).

2. Adaptation: Adaptation represents the ability to deal with changes and
consequently adapt process behavior and its structure. Two types of drivers
trigger process adaptation: (i) special situations, which are not foreseen in
the process model, and (ii) exceptions, which are foreseen and often require
process deviations. Those exceptions may be anticipated or not, however
in most of the cases it is hardly to foresee all exceptions, so unanticipated
exceptions support is required.

3. Evolution: Evolution represents the ability of process instances to change
when the corresponding process schema evolves. Business processes can evolve
over time, so it is necessary to include mechanisms to support evolutionary
changes. In this evolution case, the assumption is that process model changes
will affect new and running instances, migrating later instances to the new
specification.

4. Looseness: Looseness is related to knowledge-intensive processes which sup-
port loosely-specified BP models. Different decision deferral patterns might
be used to achieve loosely-specified models: (i) Late Selection deferring the
selection of a placeholder activity to runtime, (ii) Late Modeling deferring
the modeling of a placeholder activity to runtime, and (iii) Late Composition
deferring the whole plan creation to runtime.

Traditional PAISs have focused on repetitive and predictable processes [1]. Still,
such processes need to operate in dynamic business environments where flexibil-
ity becomes a prerequisite, healthcare offers a clear example [11]. For instance,
in the diagnostic and treatment process of a particular patient where various or-
ganizationally somewhat separate units are involved, a pre-specified process for
a case treatment can often be influenced by tests, drug’s side effects or patient’s
progress. Consequently, respective BP flexibility needs should not be ignored
with the aim of offering an elastic solution able to adapt to changes and cope
with uncertainty in such dynamic conditions.

2.2 Dynamic Business Environments

In our view, featuring the business changing environments, the dynamic nature
results from three main factors (see Fig. 1):

– Degree of change of the environment: The degree of change of the
environment is related to the number of changes that happen in a specific
domain.

– Degree of change predictability: The degree of change predictability
refers to how likely is to find out in advance changes that occur during ex-
ecution. In particular, users are empowered to defer decisions to runtime
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where the system may detect and therefore react against unforeseen situa-
tions.

– Phase of decision making: The phase of decision making determines the
stage in which changes can be identified and managed. Design-time deci-
sion making deals with the definition of processes and all possible exception
handlers at design-time. Such processes, called structured processes [7] or
pre-specified processes [8], after having been modeled, may be repeatedly in-
stantiated and executed in a predictable and controlled manner. However,
in scenarios where changes are unclear or, even, if processes are to a large
extend unstructured, runtime decision making is required.

With the below figure in mind and referenced to the flexibility needs, BP design-
time variability techniques may be regularly applied to static environments in
order to deal with large amount of similar processes (i.e., process families). In
contrast, when the dynamism of environments grows, there is a need of sup-
porting adaptation and evolution by pre-specified processes. However, where
changes are not anticipated and consequently processes are unclear, processes
demand a certain degree of looseness. Late Selection pattern might be valid
for dynamic business environments where uncertainty is not an extreme issue
and BP design-time variability management becomes a rigid solution (e.g., the
upper part of the first and second quadrants of Fig. 1). Specifically, from our
viewpoint, runtime variability may take advantage when the following conditions
are satisfied: (i) large number of instances are required, (ii) fragment selection
depends on context information only available at runtime, (iii) process execu-
tion may not be interrupted (i.e., system 24/7 availability is required), and (iv)
enactment and historical data become crucial for variant selection. Finally, Late
Modeling/Composition are better sustained by unpredictable conditions.
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2.3 Problem Statement

Focusing on Late Selection pattern, it clearly separates modeling (design-time),
in which pre-specified parts and placeholder activities are defined, and execu-
tion (runtime) in which activity selection is allowed. According to [8], decisions
on how to concretize a loosely-specified process model during runtime may be
made in different ways: goal-based where the selection is based on process goals,
rule-based where the selection is based on pre-defined rules, user-based decisions
where the selection is done manually, and experience-based where decisions may
use previous activities’ executions or even past instances’ execution informa-
tion. Similarly, the selection of the placeholder implementation can either be
automated (i.e., the selection is accomplished automatically), system-supported
(i.e., the selection can be realized interactively by end-users) or manual (i.e., the
selection is done by end-users).

Despite the previous research efforts in this field, such as the Worklets ap-
proach [4], and static process-based service composition approaches [12,13,14],
these proposals present some limitations referred to: (i) managing process frag-
ments separately from the base model (i.e., separation of concerns), (ii) deferring
the resolution of variation points by selecting pre-defined alternatives automat-
ically based on constraints and context information during runtime, and (iii)
making decisions by relying on past experiences made in similar context.

From our perspective, as placeholder activities are resolved during runtime
and knowledge is acquired via experience, it is important to consider experience
logs in order to select automatically the most appropriate variant given a partic-
ular context. Hence, the resolution of the placeholder activity could be different
taking past experiences into consideration. This decision making method lever-
ages static pre-defined rules or goals, bringing Late Selection pattern to its full
potential for dynamic business environments with a touch of uncertainty.

3 Case Study: Elevators Maintenance

The elevators maintenance plans (e.g., corrective, preventive, and predictive)
ensure adjustments and parts that need to be replaced with the aim of extend-
ing the working life of elevators. In this context, the elevators remote predictive
maintenance and monitoring process plays an important role. This process in-
cludes a series of tasks in order to ensure operational safety and, if necessary,
detect potential failures that could happen in the near future. In the follow-
ing points, the predictive maintenance and monitoring process of two types of
elevators, ElA and ElB, are described (see Fig. 2).

Example 1. ElA and its modules are constructed by LiftCorp company and in-
stalled in a detached house of Spain. ElA sends data about its modules status
(e.g., door and pulley) to a central maintenance and monitoring system in a pre-
defined time frame (every 15 min). Once the central remote maintenance system
receives data, it checks the contract type of the particular client. Depending
on such maintenance agreement, the predictive maintenance system starts by
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Fig. 2. Illustrative Elevators Maintenance Process

analyzing if each module is working as expected or could be accompanied by
any anomaly. In this particular case, the customer has paid for a premium 24h
non-stop maintenance, so the support is maximum for elevator’s modules, i.e.,
all maintenance methods for failure prediction are enabled. Each fragment im-
plements a different online failure prediction method with its own particularities
(e.g., computation time, level of detail of the analysis, etc.) [15]. After data pro-
cessing, in this case F3 and F2 are executed, the system detects that the pulley
could be broken in a few days, so it calls to the scheduler finding any available
maintenance slot. The scheduler finds an adequate maintenance appointment
that is sent to the person in charge of elevator’s maintenance. Finally, the person
in charge validates the proposed maintenance date updating operator’s schedule.

Example 2. ElB and its pulley are assembled by LiftCorp company but the door
is provided by ConveyingCorp company. The elevator is installed in a building
of Switzerland. As well as ElA elevator, door and pulley status are sent to a
central maintenance system (every 20 min). ElB’s customer has paid for a basic
maintenance, so the spectrum of failure prediction methods for each module is
reduced (e.g., F3 is excluded for door predictive maintenance). Once data is
processed, in this case F1 and F2 are executed, the system detects that the door
needs further maintenance so calls the scheduler to find an appropriate revision
date given the available resources from ConveyingCorp company and customer’s
contract type. After that, the proposed maintenance date is sent to LiftCorp
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supervisors to verify that really ElB requires for an inspection. The supervisors
validate the date so the task is assigned to a ConveyingCorp operator.

As extracted from the examples above, the remote predictive maintenance and
monitoring system has to consider different types of elevators, modules, mainte-
nance contracts, and operators, therefore variability should be managed. In this
particular case, as illustrated in Fig. 2, the selection of a placeholder activity
(in boxes with VarPoint, colored in blue) should be made just-in-time based
on current context information (i.e., the specific data sent by an elevator) for
selecting an appropriate online failure prediction method exposed as fragment
for each module type. In addition, elevators remote predictive maintenance and
monitoring service could provide users with a machine that runs at peak per-
formance 24/7, so it is seemingly inconceivable to interrupt the system. Finally,
selection of applicable process fragments for modules’ maintenance could make
use of historical data in order to select the best variant given the actual context
information. Under these conditions, variability should be treated and managed
at runtime.

4 The LateVa Approach

LateVa (Late Variability of Process Models through Automated Selection of
Fragments) supports the different phases of the BP life-cycle [16], i.e., modeling
by the Process Modeler, execution by the Runtime Engine, and evaluation by the
Process Explorer. Fig. 3 shows the LateVa framework architecture and it also
points out the relationship among the implementation of the different framework
components in our prototype platform. The core components of the framework
technology are independent providing a decoupled integration solution.

During the modeling phase, the Base Model, the Variation Model and frag-
ments can be validated against inconsistencies and errors, and simulated to en-
sure the right execution before deployment to the Models Repository. In this
case, the Resolution Model creation is performed during process execution. The
particularities of each component are described in the following subsections.

4.1 Process Modeler

The Process Modeler allows for the development of reference process models
(i.e., process schemes) with the corresponding variation points and process frag-
ments (i.e., variation point implementations). To that end, we make use of the
Base-Variation-Resolution (BVR) modeling approach from the Software Product
Line Engineering (SPLE), which clearly states the separation of model common-
alities, possible variants, and their configurations in different models [17]. The
authors basically defined three different models for variability modeling: a base
model (representing commonalities), a variation model (representing individual-
ities), and a resolution model (representing model configurations). Hence, vari-
ability is not explicitly applied to individual Domain Specific Languages (DSLs)
(e.g., Business Process Modeling Notation (BPMN)), so the base model is not
overloaded with variant specific information.
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Base Model. The base model describes, using a BP modeling language (e.g.,
BPMN), the commonalities shared by all model variants and placeholder ac-
tivities that are subjected to vary. Placeholder activities (i.e., variation points)
identify process parts that contain variability and in which variant binding oc-
curs, as illustrated in Fig. 4. In formal terms, a base model is defined as:

Definition 1. Base Model BM is defined as a 2-tuple <C, VP>, being C the
set of commonalities and VP the set of possible variation points. Every process
schema S derived from BM consists of a subset of commonalities and a subset
of variation points: ∀ S ∈ BM, S = ({c/c ∈ C}, {vp/vp ∈ VP}).
The resolution of variation points (i.e., binding) may be solved either at design-
time (when the selection of a particular implementation for the placeholder ac-
tivity depends on initial static preferences) or at runtime (when the selection
for a particular implementation for the placeholder activity depends on dynamic
context information of a process instance). Late Selection pattern is focused on
the latter where only parts of the process are pre-specified at build-time, while
the implementation for the actual placeholder activity can be concretized during
runtime by selecting it from a set of available fragments. Considering context
information, LateVa is capable of dynamically binding variations points at run-
time, as in Dynamic Software Product Lines (DSPLs) [18,19].

Albeit an unique base model with N variation points and M fragments may
serve to support runtime variability of multiple instances, performance overhead
exponentially may grow when a certain threshold of variation points (N) or
fragments (M) is reached, which clearly impacts scalability. Thereby, we have also
considered a partial resolution of the primary base model extracting a pattern
with a small number of fragments inspired by [20], i.e., simplifying the spectrum
of fragment choices for runtime.

Variation Model. The variation model gathers all the individualities intro-
duced by each process model variant describing individualities and constraints.
Individualities are characterized by process fragments which in turn are related
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to one or more variation points (see Fig. 5). Thus, each variation point may have
a number of possible implementations with nested variation points. These rela-
tionships are subjected to changes, since new fragments may be added during
process instance execution. A variation model is formalized as follows:

Definition 2. (Variation Model) Variation Model VM is defined as a 4-
tuple <P, VP, F , O>, being P the variability sub-model made up of the set of
features, VP the set of variation points of a base model, F the set of possible
applicable fragments, and O the constraint sub-model made up of features and
fragment constraints.

Variability Sub-Model. The variability sub-model is characterized by two types of
variability representations: feature variability and product realization variability.
The former, just like in feature modeling, represents the features present in a
particular domain as (mandatory/optional feature, dependencies, XOR/OR, and
cardinality). The latter, in turn, defines relationships between variation points
described in a base model and possible applicable fragments.

Constraint Sub-Model. As well as in the variability sub-model, constraints may
be defined at two levels: dependencies among features and constraints among
fragments. While the former specifies interdependencies of the features of the
domain model, the latter represents the dependencies among different place-
holder activities implementations (i.e., fragments) of different variation points.
Concerning to feature constraints, those may be hard (i.e., they are to be nec-
essarily satisfied) or soft (i.e., only express a preference of some solution, and so
there is not an obligation to fulfill them). Thus, if a feature constraint is hard,
the corresponding fragment have to be selected. On the other hand, the selec-
tion of one fragment may be directly influenced by another fragment selection.
Two types of relations may be considered in this part: requires and excludes.
The requires relationship is a relation defined between two or more fragments
where the instantiation of one of them in a specific variation point forces the
instantiation of the related fragments in others variation points. In contrast, the
excludes relationship is defined as a relation between two or more fragments
where the instantiation of one of them in a specific variation point forces the no
instantiation of the related fragments in other variation points.
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ResolutionModel. The resolution model specifies which alternatives described
within the variation model are valid for placed placeholder activities in the base
model given a particular context (see Fig. 6). A resolution model is formalized
as follows:

Definition 3. (Resolution Model) Resolution Model RM is defined as a 3-
tuple <CV, V, RF >, being CV the set of context variables, V the set of context
values, and RF the set of relevant fragments.

This model consists of two main blocks: context information representing condi-
tions (CV and V) and relevant fragments representing conclusions.

Context Information. Context information details conditions that must be satis-
fied to select a desired fragment. Conditions are specified by determining which
context variables have to be evaluated and their values. Two types of context
variables are distinguished: static context variables and dynamic context vari-
ables. The big difference between them is that dynamic variables are only avail-
able when the selection of a placeholder activity occurs (i.e., just-in-time), while
static variables are known just before the process instantiation.

Relevant Fragments. Fragments are associated with the resolution of variation
points depending on the given context information. If a set of context variables
are fulfilled then the fragment indicated for the resolution of that variation point
will be invoked.

4.2 Runtime Engine

The Runtime Engine is the heart of LateVa. It is a process engine that runs pro-
cess models and invokes the Fragment Selector and the Fragment Recommender
in order to resolve variation points using an automated reasoning of features or
even a process mining mechanism depending on the received context data.

Context and Fragment Selection. The Process Engine monitors new pro-
cess instance requests. Based on this data, the resolution of variation points is
performed in two stages, as illustrated in Fig. 7.
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The first stage deals with static preferences to conclude which fragments are
still applicable after process instantiation (e.g., F3 is excluded for door due to
basic maintenance contract). LateVa uses an automated reasoning mechanism
for that purpose. It transforms variation model specification into a Constraint
Satisfaction Problem (CSP), inspired by [21], in which different solutions may
be found: (i) just one solution with no preferences, (ii) all solutions, (iii) an
optimal solution by means of an objective function defined in terms of one or
more context variables. As a result, if all variation points are not resolved, the
Fragment Selector creates a partially resolved resolution model in the Model
Repository and the Process Engine starts with process instance execution.

In the second stage, the Fragment Selector also employs a CSP to conclude
which fragments are satisfied by dynamic data. Compared to the previous phase,
selection starts just before placeholder activity execution. At this precise point in
time, a comprehensive analysis of hard/soft constraints and constraints among
fragments is accomplished to deduce a convenient fragment.

If a solution is sought (e.g., derived from a set of constraints. A CSP con-
tains a set of constraints (hard and soft) which model the domain of variables
and restrictions that have to be fulfilled), the resolution model is completed by
setting up a link to a fragment implementation (e.g., F2 is selected for pulley
due to “fdc1010 in 300..400” constraint). In case of more than one solutions are
applicable, the fragment selection is delegated to the Fragment Recommender
looking at Experience Logs Repository for suggestions of all similar conditions.

Selection Aided by a Fragment Recommender System. The Fragment
Recommender System uses process mining based on historic information in Expe-
rience Logs Repository to provide operational decision support. Process mining
may be used to check conformance, predict the future, and recommend appro-
priate actions [22]. In this particular case, LateVa focuses on process instances
(cases) that have not yet completed and uses process mining to recommend
possible applicable fragments on the basis of actual context information.

Fragment logs are stored in the repository for each variation point resolu-
tion. Nevertheless, if variation points can be solved by more than one variant
(extracted by the Fragment Selector), the Fragment Recommender makes use of
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historic functional and non-functional data in order to suggest a fragment given
a desired behavior (e.g., F1 is recommended for door predictive maintenance
based on current context data). Users are empowered to configure the Fragment
Recommender by adjusting source, status, and dimension properties. The reply
from the recommender is forwarded to the Process Engine which continues with
process instance execution. Thus, LateVa provides a system capable of solving
automatically variation points depending on context information.

4.3 Process Explorer

LateVa Process Explorer provides access to the Runtime Engine for process ad-
ministrators. It includes three key functionalities:

1. Variability Management: This module offers the possibility to manage and
change pre-defined variation sub-models. Variability and constraint models
are altered in order to customize system behavior by changing constraints
and adding new fragments to the variation model. This is one of the main
advantages of applying Late Selection pattern, i.e., the system may adapt
its functionality by adding/changing fragments.

2. Instance Inspection: Basically, process administrators should be able to in-
spect and filter details of running process instances by accessing this module.

3. Statistical Historic Data Inspection: This module allows for managing his-
toric data and customizing recommender properties. It is important to su-
pervise historical data to ensure proper system operation.

5 Related Work

The use of Software Product Lines (SPLs) for BPM has been successfully ap-
plied during the last decade [23]. Regarding process variability, there exists a
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number of approaches mainly focused on design-time variability management
[24]. VxBPEL [25] enables to capture variation points, variants, and realization
relations between variation points within a Business Process Execution Language
(BPEL) process extending ActiveBPEL for variability support in service-centric
systems. The Provop approach [26] was motivated by the fact that “process vari-
ant can be created by adjusting a given process model to a given context”. It
gathers process context by means of process variables and also manages sepa-
rately process fragments from the base model.

Similarly, the BVR approach has been transferred to the BPM field for man-
aging variability of process model variants [27], using BPMN. In this particu-
lar case, once process variant instances are running, authors employ MoRE-BP
engine to adapt and evolve running instances to a new base model definition
depending on context data. Baresi et al. [28] present an analogous approach
based on CVL and BPEL for managing process reconfiguration at runtime. This
approach uses DyBPEL which enables the adaptation of BPEL processes. These
proposals has been focused on providing a variability management solution to
handle BP variants at design-time, however, we make use of the BVR approach
to bind variation points at runtime.

Previous research efforts have applied different engineering techniques to deal
with BP runtime variability though employing Late Selection pattern. In general,
they can be classified into two categories. The first category consist of work that
aims only at the BP layer. The work that is closer to our proposal is the one pre-
sented in [4]. Here, the authors presents the Worklets approach which enables a
dynamic runtime selection of self-contained sub-processes aligned to each activ-
ity depending on the context of the particular instance. Hence, when activities be-
come enabled the selection of the appropriate fragment is achieved through the use
of Ripple Down Rules (RDR), which include a hierarchically organized selection
rules. However, in this work, the selection of sub-processes does not take historical
data into account and even the selection is realized interactively by end-users.

Work in the second category focuses on static process-based Web service com-
position within the service layer [12,13,14]. For instance, the Discorso frame-
work [14] offers a comprehensive service-based solution for specifying and man-
aging flexible and responsive business processes. At runtime, the framework
oversees the enactment of the different activities’ execution and responds to
failures or Quality of Service (QoS) violations enabling the QoS-based service
selection. As well as Discorso, Canfora et al. [12] propose a QoS-aware bind-
ing approach, based on Genetic Algorithms, which supports runtime rebinding
whenever QoS estimations deviate. Similarly, concerning QoS properties, pro-
cess instance self-management capabilities are introduced by aspect-orientation
in [13], using AO4BPEL. In those approaches, decision making method leverages
static pre-defined rules or goals, leaving experience-based selection aside.

Automated reasoning of feature models have been proposed by [21], but Lat-
eVa employs a CSP for selecting the suitable fragment at runtime given a par-
ticular context. Process mining based on historic information hidden in logs is
used in various cases. Aalst et al. [22] provide the ProM tool for time-based
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operational support to predict the remaining processing time and recommend
activities that minimize flow times. In [29], context-sensitive process recommen-
dations based on the analysis of user behavior, crowd processes, and continuous
application of process detection are provided. In this paper, process mining is
used to recommend possible applicable fragments.

6 Conclusions and Future Work

Managing process variability could bring benefit to both multiple stakeholders
working in dynamic business environments and process designers who are dealing
with large collections of process variants. From our analysis of process flexibility,
dynamic business environments and industrial case study, we have introduced
the foundations of the LateVa approach to provide an end-to-end solution for
BP runtime variability management. LateVa improves BP runtime variability
management by employing CSP and process mining for selecting automatically
relevant fragments from a set of available ones. Moreover, our novel approach
has practical implication for BP runtime variability management and develop-
ment by means of: (i) separation of concerns in BP variability management, (ii)
automatically selecting process fragments using CSP and context data, and (iii)
making decisions by relying on past experiences made in similar context.

In our future work, we will concentrate on developing a tool to provide an
end-to-end solution for BP runtime variability management. Furthermore, we are
working on the LateVa modeler by integrating the Common Variability Language
(CVL)1 with Activiti BPMN2 Engine2, and we are also involved in the runtime
engine to support dynamic process variability execution and optimization.
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