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Abstract. Proactive process adaptation facilitates preventing or mit-
igating upcoming problems during process execution, such as process
delays. Key for proactive process adaptation is that adaptation decisions
are based on accurate predictions of problems. Previous research focused
on improving aggregate accuracy, such as precision or recall. However,
aggregate accuracy provides little information about the error of an indi-
vidual prediction. In contrast, so called reliability estimates provide such
additional information. Previous work has shown that considering reli-
ability estimates can improve decision making during proactive process
adaptation and can lead to cost savings. So far, only constant cost func-
tions have been considered. In practice, however, costs may differ depend-
ing on the magnitude of the problem; e.g., a longer process delay may
result in higher penalties. To capture different cost functions, we exploit
numeric predictions computed from ensembles of regression models. We
combine reliability estimates and predicted costs to quantify the risk of
a problem, i.e., its probability and its severity. Proactive adaptations are
triggered if risks are above a pre-defined threshold. A comparative eval-
uation indicates that cost savings of up to 31%, with 14.8% savings on
average, may be achieved by the risk-based approach.

Keywords: Predictive monitoring · Proactive adaptation · Risk · Busi-
ness process · Machine learning

1 Introduction

Proactive process adaptation allows preventing the occurrence of problems or
mitigating the impact of upcoming problems during process execution [29].
Thereby, proactive process adaptation addresses shortcomings of reactive adap-
tation, such as loss of money (e.g., due to contractual penalties) or time-con-
suming roll-back and compensation activities [1,20].

Proactive adaptation relies on predictive process monitoring to forecast
potential problems [1]. Predictive process monitoring predicts how an ongoing
process instance will unfold up to its completion [19,22]. If a potential problem
is predicted, this problem is analyzed and adaptation decisions are triggered
to prevent or mitigate the predicted problem. As an example, a delay in the
expected delivery time for a freight transport process may incur contractual
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penalties [6,14]. If during the execution of such freight transport process a delay
is predicted, alternative and thus faster transport services (such as air deliv-
ery instead of road delivery) can be scheduled before the delay actually occurs,
thereby avoiding contractual penalties.

Problem Statement. A key requirement for proactive adaptation is that
the adaptation decisions are based on accurate predictions. Informally, predic-
tion accuracy characterizes the ability of a prediction technique to forecast as
many true violations as possible, while – at the same time – generating as few
false alarms as possible [29]. Prediction accuracy is important for two main
reasons [23]. First, accurate predictions mean more true violations and thus
triggering more required adaptations. Each missed required adaptation means
one less opportunity for proactively preventing or mitigating a problem. Second,
accurate predictions mean less false alarms, and thus triggering less unnecessary
adaptations. Unnecessary adaptations incur additional costs for executing the
adaptations, while not addressing actual problems.

Previous research on predictive process monitoring and proactive adaptation
(see Sect. 5) focused on aggregate accuracy, such as precision or recall. How-
ever, aggregate accuracy does not provide direct information about the error
of an individual prediction. In contrast, so called reliability estimates provide
such additional information [2]. As an example, an aggregate accuracy of 75%
means that, for all predictions, there is the same 75% chance that a prediction
is correct. In contrast, the reliability estimate of one prediction may be 60%
while for another prediction it may be 90%. Reliability estimates thus facilitate
distinguishing between more and less reliable predictions on a case by case basis.
In our previous work, we have introduced a predictive monitoring approach that
considers such reliability estimates [21]. Experimental results indicate that con-
sidering reliability estimates during proactive process adaptation may lead to
better decisions in 83% of the cases, entailing cost savings of 14% on average.

Yet, previous work is based on simplistic cost models that only consider
constant cost functions. In practice, however, costs may differ depending on the
magnitude of the problem (e.g., see [17,24,30]). As an example, a longer delay
in the freight transport process may result in higher penalties.

Contributions. We introduce a risk-based proactive process adaptation app-
roach that can capture different cost functions. We understand risk as the com-
bination of the severity and the probability of a potential problem (e.g., see ISO
31000 [27]). Risk severity is computed by feeding the predicted magnitude of
the problem into the respective cost function. The magnitude of the problem is
predicted using ensembles of neural-network regression models. Risk probabil-
ity is given by the reliability estimate of the prediction. Similar to our previous
work, reliability estimates are computed from neural-network ensembles. During
run time, an adaptation is triggered if a risk is detected that is greater than a
pre-defined risk threshold.

We experimentally analyze the effect of considering risks during proactive
adaptation in terms of cost savings. To this end, we perform a comparative
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evaluation of the risk-based approach with our previous approach, which was
based on binary predictions computed from ensembles of classification models.

The remainder of the paper is structured as follows. Section 2 describes
the risk-based adaptation approach. Section 3 explains the experimental design,
while Sect. 4 presents the experimental results. Section 5 discusses related work,
and Sect. 6 concludes with an outlook on future work.

2 Risk-Based Adaptation

This section provides a conceptual overview of our approach for risk-based proac-
tive process adaptation. It explains how we build and combine the prediction
models and implement the approach using machine learning technology.

2.1 Conceptual Overview

Figure 1 depicts how our approach computes risk r during process execution,
and how this risk is considered for proactive process adaptation.

Fig. 1. Overview of risk-based process adaptation (Ensemble size n)

As mentioned above, we quantify risk as a combination of two factors: the
probability of the occurrence of a risk event and the severity of that risk event
(e.g., such as in ISO 31000 [27]). In our approach, a risk event is the violation
of a service level objective; e.g., a delay in a transport process.

Our approach uses an ensemble of regression models to compute the two
aforementioned risk factors. Ensemble prediction is a meta-prediction technique
that combines the predictions of n prediction models trained to perform the same
task [26]. The main aim of ensemble prediction is to increase predictive perfor-
mance and, in particular, aggregate prediction accuracy. Additionally, ensemble
prediction facilitates computing reliability estimates (e.g., see [2,21]).

In our approach, each prediction model i ∈ {1, . . . , n} gives a prediction ai

pertaining to the service level objective of interest.
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We use these n predictions to compute the two risk factors as follows.
Risk probability. The reliability estimate, ρ, of the prediction gives the risk

probability. The intuition here is that a higher reliability of a predicted violation
indicates a higher probability for that risk event to actually occur.

The reliability estimate ρ is computed by counting how many models in the
ensemble agree on their prediction. Assuming an expected service level objective
A for a given process instance, ρ is computed from the predictions ai as follows:

ρ = maxi=1,...,n(
|i : ai |= A|

n
,
|i : ai �|= A|

n
),

with ai |= A meaning that the predicted service level objective fulfills the
expected service level objective.

Risk severity. For risk severity, first the average predicted deviation, δ, from
the expected service level objective A is computed as:

δ =
1
n

·
∑

i=1,...,n

(ai − A)

A δ > 0 indicates a violation. Without loss of generality, we assume that a
smaller service level objective value is better.

Using a penalty function, penalty(δ), this gives the predicted penalty (see
Sect. 3.2 for a definition of this function).

Risk. Together, these two risk factors give risk as r = ρ · penalty(δ). During
run time, numeric predictions are generated using process monitoring data col-
lected for the specific process instance. A running process instance is proactively
adapted if r > R, with R being a pre-defined risk threshold.

2.2 Implementation

We use artificial neural networks (ANNs [15]) as prediction models, which have
shown good success in our earlier work [21,22]. In particular, we use multilayer
perceptrons as a specific form of ANNs. We use the implementation of multilayer
perceptrons (with their standard parameters) of the WEKA open source machine
learning toolkit1. As attributes for the prediction models, we take the expected
and actual times for all services of the process until the point of prediction.

To automatically train the ensembles of ANNs and to compute reliability
estimates as well as predicted deviations, we developed a Java tool that exploits
the libraries of the WEKA machine learning toolkit.

We use bagging (bootstrap aggregating) as a concrete ensemble technique.
Bagging uses a single type of prediction technique (ANNs in our case), but
uses different training data sets to generate different prediction models. Bagging
generates n new training data sets from the whole training set by sampling from
the whole training data set uniformly and with replacement. For each of the
n new training data sets an individual prediction model is trained. Bagging is
generally recommended and used for ANNs [9].
1 http://www.cs.waikato.ac.nz/ml/weka/.

http://www.cs.waikato.ac.nz/ml/weka/
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We introduce a normalization factor for deviations in our implementation
that ensures that δ lies in the interval [0, 1]. This is not a limitation of the
approach, but serves to define alternative cost functions in a comparable way.
The normalization factor can be computed using the largest observed actual
deviation from the training data set, i.e., the data set which is used to train
the prediction models. Together with normalizing the cost functions to [0, 1] this
gives normalized risks values r ∈ [0, 1].

3 Comparative Evaluation

This section explains our experimental design and execution, in particular focus-
ing on the cost model with the different considered cost functions.

We aim to experimentally analyze the effect that considering risk has on
the overall costs of process execution. We perform a series of experiments,
using a real-world process model and data set from the transport and logis-
tics industry. We compare our risk-based approach with the baseline approach
introduced previously [21]. This baseline approach uses binary predictions (i.e.,
“violation”/“non-violation” predictions) computed from ensembles of classifica-
tion models. The baseline approach only considers constant cost functions.

3.1 Cost Model

We consider two cost factors of proactive process adaptation [21,23]. On the one
hand, one may face penalties in case an adaptation is missed or not effective,
as problems remain. On the other hand, an adaptation of the running processes
may require effort and resources, and thus incur costs. Figure 2 shows a cost
model (in the form of a decision tree) that incorporates these cost factors.

Costs
Adapta on Cost

Adapta on Cost 
+ Penalty

r > R

r ≤ R No 
Adapta on

Adapta on

Predicted Risk r

Viola on

Non-Viola oneffec ve

not 
effec ve

0

PenaltyViola on

Non-Viola on

Fig. 2. Costs of proactive process adaptation

In this model, the actual costs of executing a single process instance depend
on three main factors: (1) the predicted risk and whether it triggers an adapta-
tion; (2) the fulfillment of the service level objective after a triggered adaptation;
(3) the fulfillment of the service level objective if no adaptation is triggered.
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3.2 Costs Functions

Penalties and adaptation costs may differ depending on the magnitude of devi-
ation (δ) from expected service level objectives and the extent of adaptation
required. As an example, penalties faced in the transport process may be higher
if the actual delays in a transport process are longer. Also, using an air transport
service for an alternative transport leg may be more expensive compared with
using a road transport service.

In particular, this means the cost functions for penalties and adaptation costs
may take different shapes. Different types of cost functions have been identified
in the literature (e.g., see [18,24,30]). These cost functions share two main char-
acteristics [18]: (1) Cost functions are monotonically increasing; e.g., the penalty
for a longer delay is never smaller than the penalty for a shorter delay; (2) Cost
functions have a point discontinuity. Before that and including that point, the
costs are generally 0, beyond this point costs incur. For our experiments we
consider the point discontinuity to be at δ = 0.

To keep the complexity of our experiments manageable, we have chosen three
cost functions that represent typical shapes of costs as described in the literature
and which may be faced in the transport and logistics domain (the domain of
our data set; see Sect. 3.4). The variants of these shapes, as we use them, are
shown in Fig. 3. For the step-wise costs, we consider 5 steps, i.e., s = 5, for our
experiments (the higher s the closer the function will be to the linear function).

To ensure a fair comparison among the resulting costs when using the differ-
ent cost functions, we choose the parameters for the cost models such that their
average costs (across δ ∈ [0, 1]) are the same. This means, cconst = 1/2 · clin and
cstep = s/(s + 1) · clin.

Fig. 3. Different shapes of cost functions
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3.3 Experimental Variables

In our experiments, we consider cost as a dependent variable. For each process
instance, we compute its individual costs according to the cost model defined in
Sect. 3.1. The two cost drivers considered are penalties in case of violations and
the costs for proactive process adaptation. The total costs are the sum of the
individual costs of all process instances.

We consider the following independent variables.

– Penalty cost function: We use each of the three cost functions introduced
in Sect. 3.2 for determining penalties. Penalty functions serve two purposes:
(1) we use the penalty function to compute the predicted penalty and thus
severity of the risk (see Sect. 2.1); (2) we use the penalty function to compute
the actual penalty according to the cost model in Sect. 3.1.

– Adaptation cost function: We consider different shapes of adaptation costs
by using each of the three cost functions from Sect. 3.2. Together with the
three cost functions used for penalties, this leads to nine combinations of cost
functions considered during our experiments.

– Adaptation effectiveness α ∈ (0, 1]: If an adaptation helps achieve the expected
service level objectives, we consider such adaptation effective. We use α to
represent the fact that not all adaptations might be effective. More concretely,
α represents the probability that an adaptation is effective; e.g., α = 1 means
that all adaptations are effective.

– Risk threshold R ∈ [0, 1]: An adaptation is triggered if risk r > R. We vary R
to reflect difference attitudes towards process risks.

Note that for a concrete problem situation in practice, the concrete values
for all of the aforementioned independent variables – with the exception of the
risk threshold – are given. The penalty cost function is defined by the respective
service level agreement (SLA). The adaptation cost function and the adaptation
effectiveness are characteristics of the process execution environment.

3.4 Industry Data Set and Experiment Execution

The data set we use in our experiments stems from operational data of an inter-
national freight forwarding company. The data set covers five months of business
operations and includes event logs of 3,942 business process instances, compris-
ing a total of 56,082 service executions2.

The processes and event data comply with IATA’s Cargo 2000 standard3.
Figure 4 shows the BPMN model of the business processes covered by the data
set. Up to three smaller shipments from suppliers are consolidated and in turn
shipped together to customers to benefit from better freight rates or increased
cargo security. The process involves the execution of transport and logistics
services, which are labeled using the acronyms of the Cargo 2000 standard.
2 The industry data set is available from http://www.s-cube-network.eu/c2k. The

predictions used in our experiments are available from https://uni-duisburg-essen.
sciebo.de/index.php/s/oYnNH2PAudkWDfg.

3 Cargo 2000 (now Cargo iQ: http://cargoiq.org/) is an initiative of IATA.

http://www.s-cube-network.eu/c2k
https://uni-duisburg-essen.sciebo.de/index.php/s/oYnNH2PAudkWDfg
https://uni-duisburg-essen.sciebo.de/index.php/s/oYnNH2PAudkWDfg
http://cargoiq.org/
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RCS: Receive freight at departure warehouse
RCF: Store freight at arrival warehouse

Point of
Predic on

DEP: Deliver freight to aircra
DLV: Deliver freight from arrival warehouse

Fig. 4. Cargo 2000 transport process and services

In our experiments, we predict, during process execution, whether a trans-
port process instance violates its stipulated delivery deadline. Predictions may
be performed at any point in time during process execution, but the point of pre-
diction has an impact on prediction accuracy; e.g., earlier points usually imply
lower prediction accuracy [22]. For our experiments, we perform the predictions
immediately after the synchronization point of the incoming transport processes
as indicated in Fig. 4. Our earlier work indicated reasonably good prediction
accuracy (>70%) for this point in process execution, while still leaving time to
execute actions required to respond to violations or mitigate their effects [22].

4 Experimental Results

Here, we present and discuss the results of our experimental evaluation.

4.1 Results

Figure 5 gives a first impression of the effect of risk-based proactive adaptation
on costs. The figure shows the relative cost savings of our risk-based approach
compared with the baseline approach of our previous work for all nine combi-
nations of cost functions. We have chosen α = 0.9, which is a relatively high
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probability of effective process adaptations. Our previous approach has already
shown high cost savings for such high α, and thus poses a more challenging
baseline for further savings.
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Fig. 5. Relative cost savings [%] when considering risk-based adaptation for α = 0.9

As can be seen from Fig. 5, the risk-based approach performs worse than the
baseline if we face constant penalties. This is not surprising, as in such case the
severity of the risk is constant and thus does not have an effect of risk-based
decision making. However, the risk-based approach shows clear cost savings if
penalties are non-constant. For the chosen α = 0.9, cost savings can be as high
as 26%. Cost savings are achieved for all combinations of the non-constant cost
functions for risk thresholds that are greater than 0.3.

Table 1 shows the maximum cost savings for different values for α. These
results show an interesting trend. The smaller the chance of effective process
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adaptation, the higher the cost savings of the risk-based approach when com-
pared to the baseline. We attribute this to the fact that the risk-based approach
is more conservative and precise when deciding on whether to proactively adapt,
and thus would rather avoid an adaptation. This in particular leads to benefits
in situations where adaptations might not be effective.

Table 1. Maximum relative cost savings [%] for given α

Table 2 shows how different risk threshold values impact on cost savings.
The table shows the cost savings for given values of R, averaged over α =
{0.1, 0.2, 0.3, . . . , 1}. As can be seen from the results, higher thresholds ensure
that cost savings (highlighted in gray) will be achieved in more situations. Yet,
these cost savings may be smaller than the cost savings that may be achieved
for thresholds in the medium range.

Table 2. Relative cost savings [%] averaged over α = {0.1, 0.2, 0.3, . . . , 1}

Overall, in our experiments the risk-based approach led to cost savings of
14.8% on average. Considering non-constant cost models only, the risk-based
approach led to cost savings of 23.4% on average. The maximum savings we
measured in our experiments were 31%.
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4.2 Discussion

Below we discuss the experimental results with respect to potential threats to
validity and limitations in practice.

Internal Validity. To minimize the risk of bias in our results, we performed
a 10-fold cross-validation for training and testing the prediction models.

The success of ensemble prediction depends on the accuracy of the individual
models, but also on the so called diversity among these models [4]. To ensure
diversity of the ensemble, we used bagging to generate the individual models
(see Sect. 2.2). As bootstrap size (which is the size of the newly generated train-
ing data set), we used 80%. Our previous experiments indicated that different
bootstrap sizes did not impact the general shape of the experimental results [21].

We used an ensemble of size 100 in our experiments. The size of the ensemble
did not lead to different principal findings in our experiments. Yet, by using
such a large ensemble, we gain more fine-grained reliability estimates than by
using a smaller ensemble. In our case, the ensemble of size 100 delivers reliability
estimates with a granularity of 0.01. Training such a large ensemble, however,
takes more time than training a smaller ensemble. In our experimental setting,
training the ensemble took around one day on a standard desktop PC.

External Validity. Our experimental results are based on a relatively large,
industry data set. We have specifically chosen different risk thresholds (R), differ-
ent probabilities of effective process adaptations (α), as well as different shapes
of penalties and adaptation costs to cover different possible situations that may
be faced in practice. The process model covers many relevant workflow pat-
terns [31]: sequence; exclusive choice and simple merge; cycles; parallel split and
synchronization. Still, our data set is from a single application domain which
thus may limit generalizability.

Construct Validity. We took great care to ensure we measure the right
things. In particular, we used normalized costs as a common reference to perform
the comparative evaluation between the risk-based approach and the baseline
approach. Yet, so far, we have not considered aggregate or frame SLAs. In these
kinds of SLAs, the presence of multiple service level objective violations incurs
penalties; e.g., if more than 5% of the process instances are delayed (e.g., see [6,
14]). To address these kinds of SLAs, we plan to explore approaches for predicting
aggregate process outcomes (e.g., see [25]).

5 Related Work

We discuss related work from three angles: reliability, cost and risk.
Reliability-based Prediction and Adaptation. Research on predictive

process monitoring (such as [3,5,7,12,13,22,33]) and proactive adaptation (such
as [1,20,23]) focused on aggregate prediction accuracy. Only recently, reliability
estimates have been considered in the context of predictive process monitoring.

Maggi et al. [19] use decision tree learning for prediction and for computing
reliability estimates. They observe that filtering predictions using reliability esti-
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mates may improve aggregate accuracy. However, they do not factor in reliability
for decision making during process adaptation.

Francescomarino et al. [11] use decision trees and random forests. Only if
the reliability of a prediction is above a certain threshold, the prediction is con-
sidered. In their experiments, they measure “failure rate” to assess the perfor-
mance of their predictions. “Failure rate” is defined as the percentage of process
instances for which no reliable prediction could be given. Yet, they do not further
analyze the effectiveness of their approach in case a process adaptation is made.

In our previous work [21], we employed ensembles of classification models
to compute reliability estimates. We have analyzed the effect of using these
reliability estimates for process adaptation and have measured an increase of
non-violation rates, i.e., the rates of successful process executions.

Cost-based Adaptation. Different ways of factoring in costs during predic-
tive monitoring and proactive adaptation have been presented in the literature.
On the one hand, costs may be considered by the prediction technique itself.
A prominent class of approaches is cost-sensitive learning [10]. Cost-sensitive
learning incorporates asymmetric costs into the learning of prediction models to
minimize costs due to prediction errors [34,35]. However, existing cost-sensitive
learning techniques do not consider reliability estimates.

On the other hand, costs may be considered when deciding on proactive
process adaptations. Cost-based adaptation attempts to minimize the overall
costs of process execution and adaptation. Leitner et al. [17] consider the costs
of adaptation when deciding on the adaptation of service-oriented workflows.
They formalize an optimization problem taking into account costs of violations
and costs of applying adaptations. Their experimental results indicate that cost
reductions of up to 56% may be achieved. Aschoff and Zisman [1] consider
response time and cost values during the proactive adaptation of service com-
positions. Their experimental results indicate that the cheapest executions were
selected in 85% of the cases. However, both aforementioned cost-aware proactive
adaptation approaches do not consider prediction reliability.

In our previous work [21], we analyzed the effect of using reliability estimates
on costs. In 82.9% of the situations, considering reliability estimates had a pos-
itive effect on costs, leading to cost savings of up to 54%, with 14% savings on
average. However, we only used a simple cost model with constant costs and did
not consider different shapes of costs.

Risk-aware Process Management. Risk-aware process management aims
to (1) minimize risks in business processes by design, and (2) to monitor the
emergence of risks and apply risk mitigation actions at run time [32]. While
research focused mainly on (1), a few approaches have been presented for (2).

Conforti et al. [8] augment process models with so called risk sensors, which
collect information from running process instances and exploit historical process
data. Each sensor is associated to a risk condition that combines the probability
of a problem with a risk threshold. If the probability is greater than the thresh-
old, process managers are notified. Pika et al. [25] follow an approach similar to
risk sensors. They propose defining so called process risk indicators, which are
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patterns observable in event logs that may indicate risks. While the aforemen-
tioned authors focused on risk detection and prediction, Kim et al. [16] propose
an integrated risk management approach that facilitates proactively mitigating
risks at run time. Risk mitigation strategies are expressed as event-condition-
action rules. All three aforementioned approaches, however, only quantify the
probability of a risk event, but do not quantify the severity of the risk event.
Also, the approaches have not been evaluated with respect to how such risk
information may improve overall process adaptation; e.g., in terms of costs.

Rogge-Solti and Weske [28] focus on the risk of missing a process deadline.
They consider costs incurred by a deadline violation in addition to the probability
of that deadline violation. They use stochastic Petri nets to predict the risk of
missing a given process deadline. For each of these deadlines specific costs may
be assigned. However, the specific costs for each deadline are always constant
and thus independent of the magnitude of the deadline violation. In contrast,
our approach takes into account cost functions that depend on the magnitude
of deviation from expected service level objectives.

6 Conclusion

We have introduced a risk-based approach for proactive process adaptation,
which exploits ensembles of regression models to compute the probability and
the severity of service level objective violations. Our comparative evaluation
provided empirical evidence that risk-based proactive process adaptation may
lead to additional cost savings when compared with proactive adaptation based
on probability only. Additional cost savings were 14.8% on average (23.4% if
considering non-constant cost models), with maximum savings of 31%.

Building on these promising results, we plan to gather further empirical evi-
dence by replicating our experiments using other process models and data sets,
such as from port logistics and e-commerce. Further, to handle aggregate and
frame SLAs, we will extend our approach to consider penalties caused by multi-
ple service level objective violations.
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