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a b s t r a c t 

Monitoring process performance is an important means for organizations to identify opportunities to 

improve their operations. The definition of suitable Process Performance Indicators (PPIs) is a crucial task 

in this regard. Because PPIs need to be in line with strategic business objectives, the formulation of PPIs 

is a managerial concern. Managers typically start out to provide relevant indicators in the form of natural 

language PPI descriptions. Therefore, considerable time and effort have to be invested to transform these 

descriptions into PPI definitions that can actually be monitored. This work presents an approach that 

automates this task. The presented approach transforms an unstructured natural language PPI description 

into a structured notation that is aligned with the implementation underlying a business process. To do 

so, we combine Hidden Markov Models and semantic matching techniques. A quantitative evaluation on 

the basis of a data collection obtained from practice demonstrates that our approach works accurately. 

Therefore, it represents a viable automated alternative to an otherwise laborious manual endeavor. 

© 2017 Elsevier Ltd. All rights reserved. 
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. Introduction 

Many organizations adopt a process-orientated view to iden-

ify opportunities for improving their operations [1] . Monitoring

rocess-related Key Performance Indicators, so-called Process Per-

ormance Indicators (PPIs), represents an important prerequisite in

his strive for continuous process optimization [2] . A key task for

anagers, therefore, is to define suitable PPIs, which are aligned

ith the strategic business objectives of the organization [3] . Typ-

cally, they achieve this by describing relevant PPIs using natural

anguage descriptions [4,5] . This has the great advantage that PPIs

an be easily specified and understood by all stakeholders [6] . 

However, to successfully monitor PPIs, it must be clear how

hey relate to the technical implementation of a business process

n a Workflow Management or Enterprise Resource Planning Sys-

em [7] . For instance, the “Average time to complete a received or-

er ” PPI requires a system to a) infer that an average time mea-
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ure has to be computed across all process instances and b) de-

ermine which events in the process indicate the receipt and the

ompletion of an order, i.e. the start and end points of the time to

e measured. One way to capture this information is through the

se of a structured notation for specifying the contents of PPIs and

heir relation to business process elements (cf. [3,4,8] ). The prob-

em is that such structured notations are not at all similar to the

nstructured natural language descriptions used and preferred by

anagers. 

Currently, a manual transformation is the only way to obtain

 structured specification of the contents of PPIs and their rela-

ions to business process elements [9] . Such a transformation re-

uires considerable time and effort from a number of resources.

o illustrate the causes of this, consider the situation we observed

uring our extensive research collaboration with the Andalusian

ealth Service [5,10,11] . There, the IT department received requests

o measure PPIs for all organizational processes, as specified by

ther departments in natural language. The IT department had to

anually establish SQL queries in order to compute the desired

alues for these PPIs. In many cases, the necessary interactions

etween business and IT led to miscommunication. For example,

s a result of misinterpretations or incomplete specifications, the
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Fig. 1. Process model for an order handling process. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

PPIs for the order handling example. 

ID Description 

PPI1 Number of accepted orders. 

PPI2 Average time between receipt and completion of an order. 

PPI3 Average time to complete a received order. 

PPI4 The percentage of rejected orders. 

PPI5 The maximum time to transport an order. 

PPI6 The total order amount per customer. 

Table 2 

Example of a structured notation for PPI 2. 

Slot Value 

ID PPI2 

Description Average time between receipt and completion of an order 

Measure type time 

Aggregation average 

Start event Order received 

End event Order completed 
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IT department often obtained incorrect PPI values. The time re-

quired to clear up these differences was considerable. In the gen-

eral case, this necessary effort is even more problematic in light

of the potentially vast size of process model repositories (possibly

containing hundreds or even thousands of models [12] ) and be-

cause processes and performance measures are subject to contin-

uous change [13] . In sum, this makes the task of manually trans-

forming PPIs into a structured notation hardly manageable in prac-

tice. 

To overcome the problems associated with a manually per-

formed transformation, this paper presents an approach to auto-

matically translate natural language PPI descriptions into PPIs de-

fined according to a structured notation. The proposed approach

first transforms an unstructured natural language description into a

structured format. In this step, we extract information on concepts

relevant to the calculation of a PPI from the PPI description. For in-

stance, we recognize “average ” from the exemplary PPI as an aggre-

gation function over the process instances. Secondly, our approach

aligns the process concepts contained in the description with the

corresponding elements of a process model. To this end, our ap-

proach establishes links between a PPI description and the imple-

mentation of the process, for instance, by identifying the system

event that corresponds to the completion of an order. As a result,

the approach delivers structured and aligned PPI descriptions that

can be directly used for automated monitoring of process perfor-

mance. 

The remainder of this paper is structured as follows. First,

Section 2 illustrates the problem addressed by our approach and

describes streams of related work. Section 3 then defines templates

that we use for the structured notation of PPIs. Section 4 describes

our automated approach for the transformation of natural language

PPI descriptions into this structured notation. In Section 5 , we

present a quantitative evaluation of our approach. The limitations

of our transformation approach and the evaluation are discussed in

Section 6 . Finally, we conclude the paper and describe directions

for future research in Section 7 . 

2. Background 

2.1. Problem illustration 

To illustrate the challenges associated with the transformation

of natural language PPI descriptions into a structured notation,

consider the process model shown in Fig. 1 . This figure depicts a

simplified order handling process using the Business Process Model

and Notation (BPMN). Table 1 provides six exemplary PPI descrip-

tions related to this process. These descriptions use linguistic pat-
erns that are similar to those that have been observed in prac-

ice [5] . 

To actually compute values for these PPIs, the natural language

escriptions must be transformed into a structured notation. In

ome cases, this transformation is relatively straightforward. For

nstance, it is clear that the description of PPI 1 refers to the num-

er of process instances for which the “Accept order ” activity is ex-

cuted. For PPI 2, we are interested in the average time between

he “order received ” and “order handling completed ” events. Table 2

rovides an example of how this PPI can be captured in a struc-

ured manner. Here we use measure type and aggregation to spec-

fy that the PPI computes the average time over process instances,

hereas we use start event and end event to establish the link be-

ween the PPI and the events of the process model depicted in

ig. 1 . However, in other cases, the automated transformation of a

PI description into a structured definition is associated with con-

iderable challenges. These challenges mainly relate to the flexible

nd inherently ambiguous nature of natural language, as preferred

y human users, but much less suitable for automated interpreta-

ion [14,15] . We identify three main challenges in this regard. 

The first challenge to overcome is that natural language de-

criptions do not follow a specific structure or notation. These

escriptions can express the same PPI using a broad variety of

yntactic patterns [16] . PPI 2 and PPI 3, for instance, both refer to

he average time between the receipt and completion of an order.

owever, the two PPI descriptions use clearly distinct patterns to
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escribe this measure. PPI 2 refers explicitly to the start and end

oints of the measure in chronological order. By contrast, PPI 3 de-

cribes these two points in a reverse order, i.e. the end point “com-

leted ” is described before the start point “received .”

The second challenge to overcome is that natural language PPI

escriptions can depend on implicit knowledge for their proper

nterpretation. Consider, for example, PPI 4, “The percentage of re-

ected orders ”. This PPI refers to some fraction, where the numera-

or refers to the number of process instances in which the “Reject

rder ” activity is executed. However, the PPI description does not

pecify the denominator for this fraction, i.e. it is not clear from

he description by what number this numerator should be divided.

nstead, the description depends on the implicit assumption that

he denominator, most likely, refers to the total number of received

rders. 

Lastly, the third challenge that a transformation approach must

ddress are problems caused by differences in terminology be-

ween PPI descriptions and process models. For example, the de-

cription of PPI 5 refers to the time it takes to transport orders ,

hereas the process model refers to this action as product ship-

ent . Such differences occur in particular because PPIs and pro-

ess models are generally defined by organizational stakeholders

hat have different perspectives on a process [17] . 

In summary, an automated transformation approach must be

ble to deal with (i) a variety of syntactic patterns, (ii) partially im-

licit PPI descriptions, and (iii) differences in terminology between

escription and model. In Section 2.2 we review existing work that

elates to these challenges. 

.2. Related work 

This paper presents the first work on transforming natural lan-

uage PPI descriptions into a structured notation that allows for

he automatic computation of the respective PPI values. However,

here are several approaches that relate to our work or partially

ddress similar challenges. To properly reflect on this, we review

hree main streams of research that are related to the goal of our

pproach: (i) structured notations of PPIs, (ii) information extrac-

ion from natural language, and (iii) research on model matching. 

.2.1. Structured PPI notations 

Performance measurement is an active research field in man-

gement science, which has gained interest in both academia and

usiness [8] . Much work has been performed on the identifica-

ion and classification of Key Performance Indicators in general set-

ings [18] and those relevant for specific domains such as logistics,

roduction, and supply chains (cf. [19–22] ). Within the context of

rocess Performance Measurement , great effort has been put on the

ormalization of PPI definitions. This has resulted in a number of

otations and frameworks for the description and monitoring of

PIs [4,5,8,23–28] . The main differences among them are found in

heir expressiveness, i.e. the different types of PPIs that can be de-

ned, and their features to directly support monitoring. 

Most of the aforementioned frameworks can be used to cap-

ure PPIs in a structured notation and automatically monitor their

alues. In this work, we describe an approach that works indepen-

ent of a specific framework. Our approach takes as input an un-

tructured natural language PPI description and transforms it into

 structured PPI definition. The structured notation that we define

or this purpose is generic; its components can be mapped to con-

epts used in specific PPI frameworks, such as PPINOT [5] or nota-

ions used in [4,24] . Since our approach can transform an unstruc-

ured PPI description into a structured notation, it addresses the

econd challenge we described in Section 2.1 . To achieve this, we

ake use of information extraction techniques. 
.2.2. Information extraction from natural language 

To transform a natural language PPI description into one in a

tructured notation, we need to identify the parts of a PPI descrip-

ion that correspond to concepts of the structured notation. This

ask resembles a so-called template-filling problem [29] . In this con-

ext, a template consists of fixed sets of slots , which take as val-

es slot-fillers belonging to particular classes. The task of template

lling is then to fill the slots with information extracted from a

ext. By performing such an information extraction, we can deal

ith the variable structure of natural language PPI descriptions.

herefore, template filling addresses the first challenge denoted in

ection 2.1 . 

Template filling, which is also referred to as slot filling [30] or

emantic-based understanding [31] , has been extensively studied

nd applied in a variety of contexts. A major application area for

hese techniques is spoken language understanding , where infor-

ation is extracted from unstructured natural language text in

he context of a dialog system [32] . To achieve this, many ap-

roaches employ probabilistic models, such as (variations on) Hid-

en Markov Models (HMMs) [33,34] . These and other existing ap-

roaches have been shown to work well in specification applica-

ion contexts. However, Jurafsky [29] notes that their good perfor-

ance is partially due to certain constraints. Namely, in the eval-

ated application scenarios, all texts are known to be relevant for

he specific task and are relatively small. Furthermore, the slots of

he templates are to be filled with snippets from the text itself. The

ormer two constraints are also applicable in the context of this

ork. Yet, the latter is not applicable here. Instead of filling slots

ith information directly extracted from textual descriptions, we

eed to establish links between the concepts contained in these

escriptions and the actual implementation of a business process.

n the context of slot-filling problems, this task is referred to as en-

ity linking [35] . To achieve this, we build on techniques from the

rea of model matching, as we describe in the next sub section. 

.2.3. Model matching 

The definition of automatically computable PPIs also depends

n the establishment of links between concepts described in a PPI

escription and the elements of the process model that capture the

ctual process implementation. The task of identifying such rela-

ions between concepts in different artifacts is generally referred to

s semantic matching [36] . This data integration task has received

ide attention in the form of (database) schema matching [37–

9] and ontology matching [40,41] . In the context of business pro-

esses and process modeling, process model matchers have been

stablished, which automatically identify correspondences between

ctivities and events of process models [42] . Process model match-

rs exploit a variety of process model features, including natural

anguage [43] , model structure [44] , and behavior [45] . Other ap-

roaches also consider the establishment of links between process

odels and other artifacts, such as event logs [46] and textual

rocess descriptions [47,48] . All of these approaches deal with the

hird challenge identified for the approach presented here: dealing

ith differences in terminology between the concepts of various

rtifacts. Therefore, we will use techniques applied in approaches

hat consider the semantic similarity between terms and the struc-

ural relations between process model elements. 

The contribution of this paper is a transformation approach that

eals with the challenges associated with the automated transfor-

ation of unstructured PPI descriptions into a structured notation.

o achieve this, we build on the three research areas that we re-

ected upon in this section. We combine information extraction

nd model matching techniques in a novel manner. Furthermore,

his work is the first to apply these techniques in the context of

rocess performance measurement. 
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Table 3 

PPI templates and examples. 

Slot Value Slot Value 

ID PPI1 ID PPI2 

Description Number of accepted orders Description Average time between receipt and completion of an order 

Measure type count Measure type time 

Aggregation sum Aggregation average 

Counted event Accept order < completed > Start event Order received 

Group-by – End event Order completed 

Group-by –

ID PPI4 ID PPI6 

Description The percentage of rejected orders Description The total order amount per customer. 

Measure type fraction Measure type data 

Aggregation sum Aggregation sum 

Numerator Reject order < completed > Measured attr. Order [amount] 

Denominator Order received Group-by customer 

Group-by –

Fig. 2. Semantic concepts in a PPI definition. 
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3. PPI templates 

In this paper we set out to transform a natural language PPI

description into a structured notation that allows to automatically

compute the PPI value. This requires us to first define the struc-

tured notation into which we aim to transform the unstructured

descriptions. We define this structured notation in the form of PPI

templates . Each PPI template captures the different concepts of a

PPI definition that are required for its automated computation. We

refer to the placeholder of each concept in the template as a slot ,

to which a value, a so-called slot filler , must be assigned when

defining a PPI. For the definition of these templates, we build on

the PPINOT metamodel [5] . We have selected this metamodel be-

cause of its high degree of expressiveness and because it explic-

itly establishes links to process model elements. This metamodel

can be used to define structured PPIs whose values can be com-

puted in an automated manner. Specifically, we base the templates

for our approach on the templates and associated linguistic struc-

tures defined in [10] . In Section 3.1 , we introduce the slots that

correspond to the different semantic concepts that constitute the

PPI templates. Section 3.2 describes the value domains with which

each of these slots can be filled. 

3.1. Template slots 

We define four different PPI templates, each corresponding to

a different type of measure that may underly a PPI: numerical,

temporal, data-based , and fractional PPIs. These templates can cap-

ture the vast majority of PPIs that have been observed in empirical

studies (cf. [5,9] ). Table 3 presents the four templates and provides

an example for each of them. 

Aside from an identifier and the natural language description,

all of the templates capture four distinct semantic concepts, as il-

lustrated by Fig. 2 : (i) measure type, (ii) aggregation function, (iii)
roup-by property, and (iv) one or more process concepts. The first

hree semantic concepts together characterize the measure of a

PI. The fourth concept links components of the PPI to the actual

mplementation of a business process. We now elaborate on these

emantic concepts. 

easure type. The measure type classifies the nature of the mea-

ure underlying a PPI. In this work, we focus on the four most

ommon measure types according to [10] : count, time, data, and

raction measures. A count PPI measures the number of times

omething happens. For instance, PPI 1 from the order handling

xample measures the number of orders that are accepted. Time

easures consider the duration between two instants, i.e. the start

r completion of an activity or the execution of an event. PPI 2

nd PPI 3 represent examples of such time measures. Data mea-

ures consider the attribute values of data objects. For example,

PI 6 sums the amounts associated with “order ” data objects. Fi-

ally, fraction measures divide the value of one measure by an-

ther. For example, PPI 4 divides the number of rejected orders by

he number of received orders . 

ggregation function. Aggregation functions are used to aggregate

he values of multiple process instances. The most common func-

ions are sum, maximum, minimum , and average [10] . For example,

PI 2 and PPI 3 consider the average time of individual order han-

ling instances, whereas PPI 5 considers the maximum time it takes

o transport an order. Note that the aggregation function is an op-

ional slot in the templates, since it is not necessary to specify it

or every measure. 

roup-by property. Group-by properties can be applied on mea-

ures with an aggregation function in order to compute a value

ggregated over those process instances that have a certain prop-

rty. These properties can be based on data attributes or on re-
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Table 4 

Domains associated with template slots. 

Slot type Domain values 

Measure type count, time, data, fraction 

Aggregation function minimum, maximum, average, sum 

Group-by property Process model resource roles & data attributes 

Process concepts Process model activities, states, events, & data attributes 
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ources that are involved in the execution of a process instance.

or example, PPI 6 uses a group-by property in order to determine

he total order amounts per customer . A group-by property is an

ptional slot in a PPI template. If no such property is defined, the

ggregated measure is simply applied on all process instances. 

rocess concepts. A process concept refers to a value or an occur-

ence of something during the execution of a business process rel-

vant to the computation of a PPI. As shown in Fig. 2 , process con-

epts, in the context of a PPI template, can refer to different things.

or instance, an activity is started, a process model event occurs,

r the value of a data attribute changes. Each PPI template has one

r more slots associated with process concepts. The exact num-

er and the semantics of these slots differ per measure type. In

articular, we define the following semantic roles for the different

easure types: 

• count measure: counted event ; 
• time measure: start event, end event ; 
• data measure: measured attribute ; 
• fraction measure: numerator, denominator . 

Each of the semantic roles associated with a particular measure

ype should be filled with at least one process concept. For exam-

le, a time measure should always have a start and an end event.

urthermore, a slot may be filled with multiple events. For exam-

le, a count measure can be used to measure the total number

f occurrences of multiple events, such as the number of accepted

nd the number of rejected orders. 

.2. Slot domains 

As illustrated in the previous section, PPI templates contain

our different types of slots: measure types, aggregation functions,

roup-by properties, and process concepts. In a structured PPI def-

nition, each of these slot types can only be filled with values from

 closed class, i.e. from a specific domain . By filling slots with val-

es from known domains, we can ensure that values for the de-

ned PPIs can actually be computed in an automated manner. Con-

ider, for example, the textual description of PPI 2. This description

efers to the “completion of an order ”. Without incorporating do-

ain knowledge, it is not clear to which process concept this state-

ent exactly refers. Therefore, it is not possible to compute a value

or this PPI based on just this information. If we, instead, fill this

lot with a value from the appropriate slot domain, i.e. by associ-

ting the slot with the “Order handling completed” process model

vent, we overcome this issue. Then, we know that the computa-

ion of a value for this PPI requires us to stop the measurement

hen this specific event occurs. Table 4 summarizes the domains

or the four different slot types. 

easure type & aggregation. The domains for measure type and

ggregation function slots are independent of the process to which

he PPI relates. A measure type slot always receives a value from

ne of the four measure types considered by our approach: count,

ime, data, and fraction. Similarly, the domain for aggregation func-

ions covers the most common functions identified in [10] : min-

mum, maximum, average, and sum. The semantics of these ag-

regation functions differ per measure type. For instance, for time
easures an average function will yield the average time between

wo events. By contrast, when this same function is applied to a

ata measure related to an “Order [amount] ” attribute, the function

ields the average order amount. 

roup-by property. The domain for group-by properties depends

n the contents of the process model to which the PPI relates.

he group-by property describes a data attribute or resource role

hat is used to aggregate process instances. Therefore, the domain

or slots of this type depends on the set of resource roles R and

he attributes of the data objects D included in the process model.

or instance, the group-by property of PPI 6 corresponds to the re-

ource role customer ∈ R . 

rocess concepts. Process concept slots are filled with references

o parts of a process implementation. Therefore, the domain as-

ociated with these slots differs per process model. This domain

s based on the activities, events, and data attributes of a process

odel. Given these elements, a process concept slot can be filled

n three different ways, as previously indicated in Fig. 2 . 

First, process concepts in a PPI definition can refer to the state

hange of a process model activity. We consider state changes of

ctivities, rather than activities as a whole, because the calculation

f PPIs often requires the consideration of an exact time instant.

or example, in order to compute the time it takes to ship prod-

cts, we are interested in the difference between the time instants

f the start and completion of the activity execution. These two,

tart and completion, represent the most common state change

f activities. However, PPIs can also refer to other states, such as

ausing or cancellation of activities. Second, process concept slots

an correspond to the triggering of process model events . Since such

vent occurrences are always instantaneous, this is not associated

ith a state change. As an example, consider PPI 2. There, both the

tart and end times refer to process model events, i.e. to the “or-

er received ” and “order handling completed ” events. Third, process

oncept slots can be associated with data attribute values. For ex-

mple, to compute PPI 6, “The total order amount per customer ”, we

ave to consider the value of the data attribute amount of the order

ata object. 

In the next section, we present our approach, which automat-

cally fills the defined templates for natural language PPI descrip-

ions. 

. Transformation approach 

To transform an unstructured natural language PPI description

nto a structured notation, we define the transformation task as

 template-filling problem. In this section, we describe a transfor-

ation approach that addresses this problem. Given a natural lan-

uage PPI description, our approach aims to obtain the informa-

ion necessary to fill the slots of a PPI template. To achieve this,

he transformation approach performs two subsequent steps, as

epicted in Fig. 3 . 

First, the approach parses a natural language description in or-

er to identify the parts of the description that correspond to slots

f the PPI template. For this parsing step we employ HMMs. We

efer to this parsing task as semantic annotation . 

Second, the approach determines the appropriate slot-fillers by

atching the semantically annotated parts to values in the rel-

vant domain, e.g. by matching concepts from the natural lan-

uage description to activities in a process model. We refer to

his task as domain value resolution . In the remainder of this sec-

ion, Sections 4.1 and 4.2 respectively describe the semantic an-

otation and domain value resolution tasks in detail. Afterwards,

ection 4.3 considers the operationalization of our approach and

ts extensibility. 
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Fig. 3. Overview of the proposed transformation approach. 

Table 5 

Tag set used for semantic annotation. 

Tag Description Examples 

AGR Aggregator function average, sum, maximum 

GBI Group by indicator per, for each 

GBC Group by concept category, customer, department 

CMI Count measure indicator number of, volume of, number of times 

CE Counted event accepted orders, incidents 

TMI Time measure indicator time, duration, throughput time 

TSI Time start indicator from, between 

TSE Time start event order received, product picking 

TEI Time end indicator to, until 

TEE Time end event order completion, product shipment 

TBE Time start and end event service interruptions, product packaging 

FMI Fraction measure indicator percentage of, ratio of, proportion for 

FNE Fraction numerator event rejected orders 

FDI Fraction division indicator divided by, relative to, as a percentage of 

FDE Fraction denominator event received orders 
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4.1. Semantic annotation 

The first step of our approach identifies those parts of a natu-

ral language PPI description that correspond to the semantic con-

cepts contained in the PPI templates. For example, for PPI 5: “the

maximum time to transport an order ”, we aim to identify that

“maximum ” corresponds to the concept of an aggregation function,

“time ” corresponds to the measure type, and “transport an order ”

describes the events to be measured. For this semantic annota-

tion task, we define a tag set M that can be used to annotate

relevant semantic concepts in natural language PPI descriptions.

Section 4.1.1 describes this tag set and provides exemplary anno-

tations. In Section 4.1.2 , we then illustrate how we employ HMMs

to automatically annotate unstructured PPI descriptions. 

4.1.1. Semantic tags 

Table 5 presents the tag set we use for the semantic-annotation

step. We establish this tag set M by defining two sorts of tags.

First, M includes tags that correspond to each of the semantic con-

cepts from the PPI templates. For example, we use AGR to refer to

an aggregation function and FNE to denote a numerator event of

a fraction PPI. Second, M contains tags used to annotate textual

indicators that signal the transition of the description to a new se-

mantic concept. For example, we use the tag TEI , i.e. a time end in-

dicator , to show that a time end event will be described next. This

can be seen for PPI 2, “Average time between receipt and completion

of an order ”, where the term and denotes a transition from the de-

scription of the start event ( receipt ) to the end event ( completion

of an order ). Here, it is important to note that the term and only

denotes this transition in this specific context, i.e. when it occurs

in the description of a time measure and between the description

of two events. In other contexts, this term likely has a considerably

different meaning. Being able to deal with such context-dependent

meanings of terms is a particular strength of the HMMs that we

employ for the annotation. 
When annotating a PPI description, our approach assigns tags

o parts, i.e. chunks , of a PPI description rather than to individ-

al words. Each word in the description is part of exactly one

hunk and each chunk is assigned exactly one tag. We use π = <

 1 , . . . , ϕ n > to denote the chunks of a partitioned description and

 = < m 1 , . . . , m n > to describe the sequence of tags assigned to

he chunks, where m i ∈ M is the tag that corresponds to the chunk

i ∈ π . 

To illustrate the usage of the tag set, consider the following an-

otation of PPI 2 from the order handling process: 

π\ M = average \ AGR, time \ TMI, between \ TSI,
eceipt \ TSE, and \ TEI, completion of an order \ TEE . 

From this annotation, we can learn that “average ” corresponds

o the aggregation function slot of a PPI template, “receipt [of an

rder] ” to the start event and “completion of an order ” to the end

vent. 

In the tag set M , we purposefully do not define separate tags

or data measures, because their semantic structure generally fol-

ows a similar syntactic pattern as other measures. Consider, for in-

tance, PPI 6: “the total order amount per customer ”. This description

f a data measure follows an identical structure as a count mea-

ure would. However, in the context of this process model amount ,

t refers to a data attribute of an order rather than describing a

egular count measure. Since such distinctions solely depend on

he contents of the process model, i.e. on its data objects, we leave

he differentiation between data and other measure types for the

econd step of our approach. 

.1.2. Semantic annotation using HMMs 

To automatically annotate a PPI description, we use an HMM,

 so-called probabilistic sequence classifier. A sequence classifier is

 model that assigns a label or class to each unit in a sequence,

hus mapping a sequence of observations to a sequence of labels.

n the context of our approach, it assigns a tag to chunks of natural

anguage PPI descriptions. HMMs are probabilistic in the sense that

hey compute a probability distribution over all possible sequences

f tags and choose the best tag sequence [29] . Formally, given a

ord sequence W that constitutes a PPI description, the goal of

he HMM is to find the semantic representation of the meaning

 that has the maximum a posteriori probability P ( M | W ) [33] . This

robability is given by the following equation: 

ˆ 
 = arg max 

M 

P (M| W ) = arg max 
M 

P (W | M) P (M) (1)

Eq. (1) shows that, to compute ˆ M , the HMM combines two sep-

rate models: a semantic prior P ( M ) and a lexicalization model

 ( W | M ). We now briefly describe how these models work in the

ontext of our transformation approach. For a more detailed ex-

lanation of the technical aspects underlying HMMs, we refer the

nterested reader to [49] . 

emantic prior. The semantic prior P ( M ) assigns a probability to an

nderlying semantic structure M . Intuitively, it models the proba-

ility that a PPI description follows a certain semantic structure,
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Fig. 4. Fragment of a semantic prior P ( M ). 
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.e. a sequence of tags from M . The model can be represented as a

robabilistic finite automaton. The states of this automaton corre-

pond to labels in the set M . The transition probabilities between

tates denote the probabilities that these states follow each other

n a semantic structure. 

These probabilities can be learned by training an HMM on a

ollection of (partially) annotated PPI descriptions. Section 4.3 ex-

lains the training of an HMM in detail. 

The semantic prior that results from a training phase can be

sed to determine the likelihood that PPI descriptions follow a cer-

ain semantic structure. As an example, consider the fragment of a

emantic prior depicted in Fig. 4 . This figure shows the semantic

rior relevant to the annotation of time measures. 1 From this se-

antic prior, we can observe that, despite the huge variability that

atural language PPI descriptions can use to describe time mea-

ures, there is much less diversity in the semantic structure that

hey follow. For example, the prior shows that if a time measure

in this training set) has an aggregation function , this is the first

emantic concept that is described, whereas an optional group-by

roperty occurs at the end of a description. Furthermore, the prior

hows that a time measure indicator (TMI) is followed by a speci-

cation of an event that describes both the beginning and end of

he measure (TBE) with a probability of 0.61, i.e. TMI → TBE has

 probability of 0.61. In the other cases, TMI is followed by a time

tart indicator (TSI). By contrast, a TSI is always followed by a time

tart event (TSE) (probability of 1.00), because there are no other

emantic structures in which a TSI occurs. This means that a TSI

ill never be directly followed by, for instance, a time end event

r a group-by indicator. 

exicalization model. The lexicalization model P ( W | M ) quantifies

he probability that a given word sequence W is used to model

 certain semantic structure M . Intuitively, it quantifies the proba-

ility that W is used to convey a meaning M . In particular, it mod-

ls the transition probabilities between words given a certain con-

ext, i.e. a certain semantic concept. Probabilities in the lexicaliza-

ion model have the form P (word n | word n −1 , context) , which is the

robability of taking a transition from one word to another given

 particular context [34] . For example, P ( time | throughput, TMI ) is

he probability that the word time follows the word throughput in

he context of a TMI (time measure indicator). As for the seman-

ic prior, these probabilities are learned from a (partially) anno-

ated training set. By training a lexicalization model, we can, for

nstance, learn that the word for is much more likely to be fol-

owed by the word each in the context of a group by indicator (GBI)

han in the context of a time start event (TSE). Therefore, the HMM

ill assign a higher likelihood to the possibility that “for each ” in-

icates a group-by property than that it is part of the description of

 start event. 
1 Note that we only visualize non-zero transition probabilities. 

t  

n  

r  
PI annotation. Once the HMM has been trained, it can be used

o assign tags to a previously unseen PPI description. To find the

est tag sequence ˆ M , the optimization problem denoted by Eq.

1) considers the product of the probabilities from the semantic

rior P ( M ) and lexicalization P ( W | M ) models. The combination of

hese two models follows intuitively, because the probability that

 word sequence W corresponds to a certain semantic structure

 , depends on both the likelihood of this semantic structure oc-

urring P ( M ) and the likelihood that the individual words in W are

ssociated with a certain semantic meaning P ( W | M ). Because this

ptimization problem refers to the most likely tag sequence for an

ntire PPI description, HMMs are able to assign the correct tag to

erms that have context-specific semantics, such as described in

ection 4.1.1 . 

The task of finding the optimal sequence of labels ˆ M is also re-

erred to as decoding . The most common decoding algorithm for

MMs is the viterbi algorithm [29] . The viterbi algorithm is a form

f dynamic programming that is applied in a wide range of natural

anguage processing contexts, including machine translation [50] ,

art-of-speech tagging [51] , and spoken language processing [52] .

ecause of the common application of the algorithm and the fact

hat it only affects the computational efficiency of the optimization

roblem and not the final outcome, we abstract from its details

nd refer the reader to [29,53] for a more detailed explanation.

ection 4.1.1 already showed the semantic annotation obtained in

his manner for PPI2. For the remaining three PPI descriptions con-

idered in Section 3 , we obtain the following semantic annotations:

P P I1 : π1 \ M 1 = number \ CMI of accepted orders \ CE 
P P I4 : π4 \ M 4 = the percentage \ FMI of rejected

rders \ FNE 
P P I6 : π6 \ M 6 = the total \ AGR order amount \ CE

er \ GBI customer \ GBC 
We take these semantic annotations as input for the next step

f our approach: the domain value resolution step. 

.2. Domain value resolution 

In the second step of our approach, we obtain a PPI definition

y filling the slots of a PPI template with values from the appro-

riate domains. The semantic annotations obtained in the previous

tep tell us which chunks of text correspond to which slots in a

PI template. For example, from the annotation of PPI 2, we know

hat the chunk ϕ6 : “completion of an order ” corresponds to the end

vent slot in a template. We illustrate the full connection between

emantic annotation and template on the left-hand side of Table 6 .

owever, this only presents an intermediate result of our approach.

o be able to actually measure the value of this PPI definition, links

ave to be established to the events that occur during the execu-

ion of the process. For example, to compute a value for PPI 2 we

eed to determine to which process model event the chunk ϕ6 cor-

esponds. Therefore, in this second step of our approach, we fill the
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Table 6 

Domain value resolution for PPI 2. 

(a) Fillers from semantic annotation (b) Fillers after domain value resolution 

Slot Value Slot Value 

Measure type time Measure type time 

Aggregation “average” Aggregation average 

Start event “receipt” Start event Order received 

End event “completion of an order” End event Order completed 

Group-by – Group-by –
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template slots with values from the appropriate domains in order

to obtain a template as depicted in Table 6 . 

To perform this domain value resolution for aggregation func-

tions and group-by properties, we consider the semantic similarity

between a chunk ϕ and the respective domain values. For process

concepts, we combine semantic similarity with constraints , which

we impose based on the semantics of the various measure types.

In the remainder, Sections 4.2.1 and 4.2.2 describe semantic simi-

larity and the additional constraints in detail. 

4.2.1. Semantic similarity 

We use semantic similarity to determine for a given chunk ϕ ∈
π which value in its associated domain D ϕ has the most similar

meaning. We consider semantic rather than (just) syntactic simi-

larity for this task because it allows us to deal with semantically

related terms, such as synonyms. For example, by considering se-

mantic similarity, we can learn that the chunk “transport an order ”

is most closely related to the “product shipping ” activity. 

Tokenization. To determine the semantic similarity, we first apply

a tokenization function on a chunk ϕ and on the domain values

D ϕ . This function performs three tasks. First, it splits the textual

contents of a chunk or a domain value into individual terms. Sec-

ond, the function filters out stop words like “the ”, “an ”, and “from ”,

since they have been found to be of little use when consider-

ing similarity between texts [54] . Finally, the tokenization func-

tion lemmatizes the remaining terms. This means that all remain-

ing terms are transformed into their grammatical base form, which

is also referred to as lemma . For instance “is ” and “been ” are both

transformed into “be ”. To implement these steps we use the Stan-

ford Parser and the associated toolkit [55] . We denote the result-

ing bag-of-words for a chunk ϕ with ω ϕ . As an example, the tok-

enization function yields the following bag-of-words for the chunk

ϕ = “completion of an order ”: ω ϕ = {completion, order} . 

Semantic similarity computation. Given two bags-of-words ω ϕ and
ω d , we quantify the semantic similarity using a similarity measure
proposed by Mihalcea et al. [56] . This measure combines the se-
mantic similarity of individual terms with word specificity scores.
Eq. (2) presents this measure for a chunk ϕ and a domain value d .

sim (ϕ, d) = 

1 

2 

⎛ 

⎜ ⎝ 

∑ 

t∈ ω ϕ 
maxSim (t, ω d ) × idf (t) 

∑ 

t∈ ω ϕ 
idf ( t) 

+ 

∑ 

t∈ ω d 
ma xSim ( t, ω ϕ ) × idf (t) 

∑ 

t∈ ω d 
idf ( t) 

⎞ 

⎟ ⎠ 

(2)

In Eq. (2) , maxSim ( t, ω) determines the maximum semantic

similarity between a single term t and a bag-of-words ω. Formally,

this is computed as follows: 

maxSim (t, ω) = max { sim (t, t ′ ) | t ′ ∈ ω} (3)

In this equation, sim ( t, t ′ ) captures the semantic similarity be-

tween two terms. We compute this value using a so-called second

order similarity method [57] . Second order similarity is based on
he statistical analysis of co-occurrences of terms in large text col-

ections. These methods have the great advantage that they can

eal with context-specific terms, such as typically found in the

usiness settings relevant to our presented approach [58] . The

unction sim ( t, t ′ ) returns a value in the range [0, 1], where 1.0

ndicates perfect semantic similarity, i.e. the terms are equal. 

Lastly, Eq. (2) incorporates word specificity scores in the form of

he well-established inverse document frequency (idf). The idf gives

 low weight to common terms, because they have relatively low

iscriminating power, and a high weight to relatively uncommon

erms. 

The calculation of semantic similarity suffices for aggregation

unction and group-by property slots, since the appropriate val-

es for these slots solely depend on the textual similarity between

hunk and domain value. By contrast, for the filling of process con-

ept slots, we also have to consider constraints related to the se-

antics of a measure type. 

.2.2. Constraints on event alignment 

When filling the slots of a PPI template, it is important that

he end result makes sense from a semantic perspective. For in-

tance, the start event of a time measure should always occur be-

ore its end event. Otherwise, the resulting metric will be semanti-

ally invalid. For this reason, we impose certain constraints on the

nter-relations of the process model elements assigned to process

oncept slots. To achieve this, we formulate the slot-filling task for

vent slots as an alignment problem. Alignments capture relations

hat exist between concepts from different artifacts. In the context

f this work, an alignment σ consists of a number of pair-wise cor-

espondences , each between a tagged chunk from a PPI description

∈ π e and an element of a process model m ∈ M , denoted as ϕ ∼
 . We impose constraints on an alignment σ through a constraint

unction �. In particular, we use � to impose three semantic con-

traints. The first constraint applies to time measures, the other

wo relate to fraction measures. Because the constraints are appli-

able to the inter-relations that exist between the correspondences

ssigned to different slots, we do not define constraints for count

easures, which only have a single slot to be filled through the

orrespondences. 

ime measures. For time measures, we impose an ordering con-

traint on the events and activities associated with the start event

nd end event slots. From a semantic viewpoint, a PPI in which

he start event occurs after the end event does not make sense.

herefore, we ensure that the model element m i aligned to the

tart event slot π i occurs in the process model before the ele-

ent m j associated with the end event slot π j . We achieve this

y considering the strict order relation � that exists between the

vents and activities in a process model, where a �b denotes that

n element a never occurs after the element b [59] . We thus im-

ose the constraint that given, an alignment for a time measure

= { πi ∼ m i , π j ∼ m j } , it must hold that m i �m j . 

on-trivial fractions. For fraction measures, we make sure that the

btained result is not a trivial measure, i.e. that the defined mea-
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ure does not always yield 1.0. For this reason, we ensure that

he numerator slot πn and denominator slot πd are not aligned to

he same model element. Therefore, given an alignment σ = { πn ∼
 n , πd ∼ m d } , it must hold that m n � = m d . 

omputable fractions. Lastly, we ensure that a fraction measure can

ctually be computed, instead of resulting in a divide-by-zero error.

herefore, we must ensure that the denominator slot is filled, even

or those cases where a PPI description does not explicitly men-

ion a denominator. This can, for example, be seen for PPI 4, which

imply specifies “the percentage of rejected orders ”, without specify-

ng a denominator. In these cases, we align the slot πd by default

o a process concept that represents a more coarse-granular ver-

ion of the process concept aligned to the numerator slot πn . There

re two possibilities for such default numerators. If pi n is aligned

o a data object with a specific status, e.g. “order [updated] ”, we

lign pi d to the data object without the status specification, e.g.

he “order ” data object, if any. As such, we obtain a fraction mea-

ure that divides the number orders that have been updated by the

otal number of orders. For all other alignments of pi n , we align

he denominator by default to the start event(s) of a process. In

his way, the denominator corresponds to the total number of pro-

ess instances. For example, PPI 4 will then divide the number of

ejected orders by the total number of received orders . 

We combine these constraints with semantic similarity scores.

herefore, we set out to obtain an alignment that has the highest

ossible sum of semantic similarity scores for the correspondences

n σ , as long as σ abides to the alignment constraints �. The align-

ents obtained in this way, in combination with the domain value

esolution of the other slot types, then provide the final result of

ur transformation approach: a filled-in PPI template. 

.3. Operationalization and extensibility 

The transformation approach described in this section can be

egarded as an extensible framework for the transformation of nat-

ral language PPI descriptions into measurable indicators. In this

aper, we have so far described an instantiation of this framework

hat covers the most common types of PPIs according to insights

btained from practice [3,5,10] . A prototypical implementation of

he approach, which we also employ in the quantitative evaluation

f Section 5 , is made publicly available. 2 This approach comes with

 pre-trained HMM and is, therefore, ready to use to transform

PIs that suit the currently used set of templates. However, should

sers desire to extend our approach, for example, by incorporating

ifferent measure types, this can be achieved in a straightforward

anner. 

An extension requires the specification of new (or adapted) PPI

emplates and a re-training of the HMM. By designing new PPI

emplates in accordance to a structured PPI notation, such as the

PINOT metamodel [3] , it can be ensured that also the values of

hese newly covered measure types can be computed in an auto-

ated manner. Once a new template has been defined, the HMM

ust be adapted to be able to generate PPI definitions in accor-

ance to this template. To this end, tags must first be defined to

over newly introduced semantic concepts. As previously explained

n Section 4.1.1 , two tags must be defined for each new semantic

oncept: (i) a tag for the semantic concept itself and (ii) a tag for

n indicator of the concept. Once the adapted tag set has been de-

ned in accordance with these guidelines, several additional PPI

escriptions must be annotated with these tags in order to retrain

he HMM to incorporate the newly defined measure type. 

The amount of new training data required depends on the (ex-

ected) variety of linguistic patterns that can be used to describe
2 Download from: www.hanvanderaa.com/downloads/ppi-transformation . 
he measures. As the evaluation in the next section illustrates for

raction measures, sometimes only a handful of annotated PPI de-

criptions suffices. Two approaches are possible to train the HMM.

n case an available training set T is fully annotated, i.e. all PPI de-

cription in the training set are annotated, the models P ( M ) and

 ( W | M ) can be learned by simply counting [33] . For instance, we

an learn the probability that a TEE tag follows a TMI tag by taking

he number of descriptions in T that contains the subsequence <

MI, TEE > divided by the total number of descriptions in T con-

aining < TMI > . In case T is only partially annotated, estimation

lgorithms can be used to compute the probability distributions.

he most commonly used are forward-backward algorithms, such

s the Baum-Welch method (see e.g. [49] ). Due to the ability of

hese methods to work with partially annotated data, it is possible

o add large amounts of additional training data, without the need

o annotate them all. 

Through similar adaptations, the approach can be extended in

ther ways. For example, new aggregation functions can be in-

luded, the functionality of group-by properties can be extended,

r the HMM can be trained to work on specific application do-

ains. 

. Evaluation 

To demonstrate the capabilities of our transformation approach,

e conduct a quantitative evaluation by comparing automatically

enerated structured PPI definitions to a manually created gold

tandard . The goal of this evaluation is to learn how well the auto-

ated approach approximates manual transformations of PPI de-

criptions. If our transformation approach can automatically gen-

rate high quality PPI definitions, i.e. definitions that closely re-

emble those created manually by experts, our approach can be

egarded as a viable and efficient alternative to an otherwise time-

onsuming manual endeavor. To assess this potential, we use a test

ollection consisting of 129 PPIs obtained from industry. Both the

ata collection and prototypical implementation used in this eval-

ation are made publicly available. 3 

.1. Test collection 

To evaluate our approach, we use a collection of process models

nd accompanying natural language PPI descriptions from practice.

art of the test collection consists of an industrial data set stem-

ing from prior research on the formalization of PPI definitions

nd service level agreements [5,9] . In particular, this set consists

f processes from three different organizations: (i) a healthcare in-

titute, (ii) a university, and (iii) a telecommunications provider.

his data collection was originally provided in Spanish, but trans-

ated to English in collaboration with the respective industrial part-

ers for the, aforementioned, earlier research projects. We aug-

ented the industrial data set with a number of process mod-

ls and PPIs from the SCOR (Supply Chain Operations Reference)

eference framework. From the SCOR framework, we selected pro-

esses with a high number of associated performance indicators

er process and a considerable complexity of the associated pro-

ess model. The selected processes cover different aspects of the

ogistics domain: procurement, production, and delivery. The PPI

escriptions obtained in this manner were not altered with respect

o their contents. The set of descriptions varies greatly with regard

o their language and structure. Due to these varying characteris-

ics in combination with the different nature of the organizations

rom which they were obtained, we believe that the collection is

ell-suited to achieve a high external validity of the results. 
3 Download from: www.hanvanderaa.com/downloads/ppi-transformation . 

http://www.hanvanderaa.com/downloads/ppi-transformation
http://www.hanvanderaa.com/downloads/ppi-transformation
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Table 7 

Overview of the test collection. 

Source P E PPIs Count Time Data Frac. Aggr. Group-by 

Industry 10 12.5 47 25 20 1 7 12 8 

SCOR 3 8.3 76 27 21 24 4 39 1 

Total 13 11.5 129 52 41 25 11 51 9 
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We had to exclude nine PPI descriptions from the original data

collection. These PPI descriptions could not be manually trans-

formed into a structured notation based on the contents of the

available process models, i.e. their computation required informa-

tion that is not conveyed in the model. The resulting test collection

consists of 12 process models with a total of 129 associated PPIs.

Table 7 presents an overview of the further characteristics of the

collection. This table shows the average number of elements (ac-

tivities and events) per process model E , the number of PPIs per

type, and the number of PPIs that are associated with an aggrega-

tion function (aggr.) or group-by property. 

5.2. Setup 

To conduct the evaluation, we implemented the presented

transformation approach in the form of a Java prototype. The pro-

totype uses the Stanford CoreNLP toolkit [55] for the tokeniza-

tion of PPI descriptions and the semantic similarity implementa-

tion DISCO [57] to calculate second order similarity scores. We use

this prototype to generate structured definitions for the PPI de-

scriptions included in the test collection. 

We compare the generated definitions to a manually created

gold standard . For the creation of this gold standard, we mostly

built on formalized definitions for the industrial PPIs that were

created in the context of earlier work [5,11] . For the remaining

processes, we let two researchers independently establish a gold

standard. This yielded an inter-annotator agreement of 0.97. The

five discrepancies between the two gold standards were resolved

through a discussion. 

To perform the comparison between the generated definitions

and the gold standard, we computed the well-known precision and

recall metrics. We used A to denote the set of slots filled by our

approach and R for the slots filled in the gold standard. 4 Preci-

sion then reflects the fraction of slots that our automated approach

filled correctly according to the gold standard. Recall represents the

fraction of slots filled in the gold standard that were also correctly

filled by our approach. Eqs. (4) and (5) provide the formal defi-

nitions of the metrics. Furthermore, we report the f 1 -score as the

harmonic mean of precision and recall. 

prec(A , M ) = 

|A ∩ R| 
|A| (4)

rec(A , M ) = 

|A ∩ R| 
|R| (5)

Since the presented work provides the first transformation ap-

proach for PPI descriptions, there is no established benchmark

against we can compare its performance. To be able to still provide

some benchmark, we compare the performance of our approach

to earlier work presented in [11] . That work uses a heuristic-based

three-step approach to establish alignments between a PPI descrip-

tion and the elements of a process model. Although our transfor-

mation approach addresses a wider problem, both approaches es-

tablish links between PPI descriptions and process model elements.

Therefore, the work from [11] provides a suitable benchmark for
4 Note that we exclude null values assigned to the optional aggregation function 

and group-by property slots from consideration. 

 

a  

l  

o

ne of the most important parts of our approach. We refer to the

esults obtained by the existing approach, on the same data collec-

ion, as the baseline . 

To compute the evaluation results, we train our approach on a

art of the PPI collection, referred to as the training set , and ap-

ly it on the remainder of the data collection, the test set . To avoid

ny bias in the result due to sampling, we perform a repeated k-

old cross-validation . In k -fold cross-validation, a data set D is ran-

omly split into k mutually exclusive subsets (i.e. folds), D 1 , . . . , D k 

f approximately equal size [60] . In each experiment run, our ap-

roach is then tested k times. Each time t ∈ { 1 , 2 , . . . , k } we trained

he HMM on D \ D t and tested it on D t . By repeating the cross-

alidation with different random splits of the data set, we can

earn how much the results are affected by a particular partition-

ng of the data collection. 

The repeated cross-validation furthermore enables the use of

tatistical tests to compare the distribution of the results achieved

y our transformation approach to the baseline. We employ the

ell-known Kolmogorov–Smirnov test (see e.g. [61] ) for this pur-

ose. Let F t, n and F b,n ′ be the distribution functions of the results

btained by the cross-validation for, respectively, our approach and

he baseline. The Kolmogorov–Smirnov test evaluates the null hy-

othesis that F t, n and F b,n ′ are equal, i.e. that there is no statistical

ignificant difference between the results obtained using our ap-

roach and the baseline. 

.3. Results 

In this section, we present the results of our evaluation ex-

eriments. Section 5.3.1 first gives an overview of the results.

ection 5.3.2 then provides details about how our approach com-

ares to the baseline. Section 5.3.3 finally discusses the challenges

ur approach faces in the context of a post-hoc analysis. 

.3.1. Overview 

We used our prototype to conduct a k-fold cross-validation with

 = 10 , which we repeated 30 times. We performed this cross-

alidation for the industry and SCOR data collections separately, as

ell as for the combined collection. Table 8 summarizes these re-

ults for our approach and the baseline. It shows that our trans-

ormation approach performs well, obtaining an average F 1 -score

f 0.85. The approach achieves an average precision of 0.89, rang-

ng between 0.78 for group-by properties and 0.93 for aggrega-

ion functions. The average recall obtained by the approach is 0.82,

anging from 0.72 for the alignment of process concepts and 0.96

or the identification of aggregation functions. From the low ob-

erved standard deviations (0.01 for the entire set of slots), we can

earn that the performance of the approach is stable in the con-

ext of this data set. Furthermore, we observe that the alignment

f process concepts differs considerably between the two data col-

ections. For the other slot types, the average performance is com-

arable. 

Lastly, it is interesting to consider that our approach achieved

 fully correct transformation for 67% of the PPIs in the data col-

ection. Furthermore, the transformation approach returns at most

ne incorrect slot filler for a total of 86% of the PPIs. 
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Table 8 

Evaluation results. 

Data source Slot type Baseline Approach 

prec. rec. F 1 prec. rec. F 1 

Measure type 0.82 0.82 0.82 0.90 0.90 0.90 

Process concepts 0.63 0.59 0.61 0.67 0.63 0.65 

Industry Aggregators – – – 0.92 1.00 0.97 

Group-by – – – 0.74 0.74 0.74 

Total 0.71 0.68 0.69 0.78 0.76 0.77 

Measure type 0.87 0.87 0.87 0.94 0.94 0.94 

Process concepts 0.85 0.67 0.75 1.00 0.80 0.89 

SCOR Aggregators – – – 1.00 1.00 1.00 

Group-by – – – – – –

Total 0.88 0.77 0.82 0.98 0.88 0.93 

Measure type 0.87 0.87 0.87 0.92 0.92 0.92 

Process concepts 0.75 0.63 0.69 0.87 0.72 0.79 

Full collection Aggregators – – – 0.93 0.96 0.94 

Group-by – – – 0.78 0.78 0.78 

Total 0.79 0.71 0.74 0.89 0.82 0.85 
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.3.2. Baseline comparison 

Comparing the performance of our approach against the base-

ine, the results show that our transformation outperforms the

aseline approach from [11] . The Kolmogorov–Smirnov test reveals

hat these results are significant ( p < 0.01) for all metrics and

cross both applicable slot types. With respect to the identifica-

ion of measure types , our approach achieved precision and recall

cores of 0.92, whereas the baseline obtained scores of 0.87 for

oth metrics. This difference can be attributed to the more error-

rone, keyword-based classification method used by the baseline

pproach. This classification method can make mistakes, because

t looks at terms in isolation and does not consider the position

f terms in the PPI description. By contrast, our approach consid-

rs the semantics of the entire PPI description, i.e. all terms and

heir positions, rather than focusing on individual words for the

lassification. Similar to the identification of measure types, our

pproach outperforms the baseline with respect to slots contain-

ng process concepts . Our approach achieves an F 1 -score of 0.79,

hereas the baseline approach achieves an F 1 -score of 0.69. This

ifference can mainly be attributed to the usage of an HMM for

he semantic annotation step. The HMM represents a parser that

s specifically tailored to deal with PPI descriptions. Therefore, it

an identify these chunks of a PPI description that describe pro-

ess concepts with high accuracy. Since the baseline approach uses

 more generic parser (i.e. a general parser for grammatical struc-

ures), it fails to achieve the same level of accuracy. 

.3.3. Post-hoc analysis 

The quantitative evaluation shows that our transformation ap-

roach achieves a high result accuracy. A post-hoc analysis of these

esults reveals that the approach faces two main types of chal-

enges. One challenge corresponds to the semantic annotation step

nd the other to the domain value resolution step of our approach.

The usage of HMMs for semantic annotation enables our ap-

roach to deal with a broad variety of linguistic patterns, even if a

PI description contains previously unseen terms or syntactic con-

tructs. However, the parser can produce incorrect annotations if

nseen terms play a prominent role in a PPI description. For in-

tance, the collection of PPI descriptions from the SCOR framework

ontains a single PPI description that uses the term “leadtime ” in

 time measure. Because this is a unique occurrence in the used

ata collection, the HMM parser does not recognize this impor-

ant term. Therefore, it incorrectly annotates this PPI description

s a count measure, which results in an incorrect measure type

rediction. Furthermore, due to the semantic difference between

ount and time measures, it also results in an incorrect alignment
f process concepts. A count measure refers to only a single pro-

ess event, whereas a time measure requires both a start and an

nd event. Therefore, the misclassification will also lead to at least

ne event not being correctly aligned. Still, such cases are rare and

heir occurrences can be mitigated by extending the data collection

sed to train the HMM. 

The domain value resolution step of our approach has to deal

ith the highly complex task of identifying the event that a chunk

f text describes. The main challenge here is that certain corre-

pondences depend on context-specific information for their iden-

ification. As an illustration, consider a PPI description from the in-

ustrial collection: “the elapsed time between the technician arrival

o headquarters and the closure of the intervention ”. The start event

f this description corresponds to the chunk “the technician arrival

o headquarters ”, as is correctly identified in the parsing step. How-

ver, identifying the correct process concept for this chunk is far

rom trivial. The process model accompanying this PPI does not

ontain any activity or event that describes an “arrival ” or “head-

uarters ”. Instead, the event corresponds to the start of an activ-

ty labeled “Perform field intervention ”. To identify this correspon-

ence correctly, background knowledge is required to establish the

onnection between the “arrival of a technician ” and the start of a

field intervention ”. Our automated approach does not take such do-

ain knowledge into account and, in some cases, identifies incor-

ect alignments between the PPI description and a process model.

rom the results described in Table 8 , it becomes clear that such

ases are particularly present in the industrial data collection. 

Despite these challenges, the evaluation results demonstrate

hat the PPI definitions generated by our automated approach

losely approximate PPI definitions manually created by experts.

herefore, we can conclude that our automated approach presents

n efficient alternative for an otherwise highly tedious, manual

ask. 

. Limitations 

Our quantitative evaluation demonstrates that our approach

chieves promising results in practical settings. However, these re-

ults need to be considered against the background of certain lim-

tations. In particular, we identify limitations related to the trans-

ormation approach and limitations related to the evaluation of the

pproach. 

Regarding the transformation approach itself, we identify two

imitations. First, our transformation approach provides an auto-

ated alternative to a highly complex task. As a result, the PPI def-

nitions the approach generates are accurate, but not one hundred
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percent perfect. If desired, inaccuracies can be manually resolved

by experts. This arguably requires less manual effort than it takes

to manually define all PPIs from scratch. As such, our transforma-

tion approach allows users to trade-off between invested time and

effort versus result quality. Second, it has to be considered that our

transformation currently is not able to detect when it is dealing

with a PPI description that it cannot transform based on the avail-

able information. Such a situation can occur if the PPI describes a

measure type that is currently not included in the set of templates

or if the PPI description requires information that is not captured

in a process model. The latter case was observed for the nine PPI

descriptions that we had to exclude in the evaluation. 

The presented quantitative evaluation results are bound to the

specifics of the employed data collection. This data collection is not

representative in a statistical sense. In fact, the creation of a statis-

tically representative sample is hardly feasible due to the variabil-

ity of PPI descriptions. This variability manifests itself in two man-

ners. First, the utilized data collection is not guaranteed to provide

a statistically representative coverage of the types of measures that

exist in practical scenarios. As a result, the included templates do

not cover all imaginable PPIs, but rather the ones most observed

in our empirical studies. As stated earlier, the impact of this lim-

itation is diminished by the extensibility of our approach. Second,

within each measure type, the data collection presents a sample of

the natural language patterns that can be used to specify measures

of this type. It is possible that in other organizations, measures are

described in different ways. 

These factors should be taken into account when interpreting

the specified results. Still, we aimed to compose a data collection

that is as heterogeneous as possible by obtaining data from var-

ious sources. Therefore, we are confident that our evaluation in-

deed shows a realistic picture of the performance of our approach

in practice. 

7. Conclusion 

In this paper, we presented an approach for the automated

transformation and alignment of natural language descriptions of

PPIs. Our approach takes as input a natural language PPI descrip-

tion and produces a structured, template-based notation of a PPI

of which the value can be computed automatically. To achieve this,

the approach builds on HMMs as a linguistic parser to identify the

parts of a PPI description that correspond to slots in a PPI tem-

plate. Then, we use semantic similarity measures and semantic

constraints to fill the slots with the appropriate values belonging

to particular domains. We evaluated the performance of our ap-

proach with a set of real-world PPI descriptions and accompanying

process models obtained from various industrial sources. The eval-

uation revealed that the structured PPI definitions generated by

our approach are a good approximation of those created by manual

experts. Furthermore, the evaluation demonstrated that our trans-

formation approach significantly outperforms an existing approach,

which also tackled a problem with a more limited scope. There-

fore, our approach represents a viable, automated alternative to an

otherwise highly laborious and time-intensive, manual task. 

In future work, we aim to pursue two main directions. First,

we intend to improve the accuracy and coverage of our transfor-

mation by addressing the aforementioned limitations. For this we

can exploit the extensibility of our approach. If data on other mea-

sure types is available, the approach can be extended by simply in-

troducing additional semantic tags and, optionally, alignment con-

straints. A second promising direction is to find the process model

related to a PPI description or vice versa. This could, for instance,

be used to develop a querying technique that automatically identi-

fies the PPIs that are relevant for a certain business process. 
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