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a b s t r a c t 

The amount of data that is generated during the execution of a business process is growing. As a con- 

sequence it is increasingly hard to extract useful information from the large amount of data that is pro- 

duced. Linguistic summarization helps to point business analysts in the direction of useful information, by 

verbalizing interesting patterns that exist in the data. In previous work we showed how linguistic sum- 

marization can be used to automatically generate diagnostic statements about event logs, such as ‘for 

most cases that contained the sequence ABC, the throughput time was long’. However, we also showed 

that our technique produced too many of these statements to be useful in a practical setting. Therefore 

this paper presents a novel technique for linguistic summarization of event logs, which generates linguis- 

tic summaries that are concise enough to be used in a practical setting, while at the same time enriching 

the summaries that are produced by also enabling conjunctive statements. The improved technique is 

based on pruning and clustering of linguistic summaries. We show that it can be used to reduce the 

number of summary statements 80–100% compared to previous work. In a survey among 51 practition- 

ers, we found that practitioners consider linguistic summarization useful and easy to use and intend to 

use it if it were commercially available. 

© 2017 Elsevier Ltd. All rights reserved. 
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1. Introduction 

More and more data is being produced during the execution of

business processes. This data potentially provides a valuable source

of information that can be used to improve the performance of

business processes. Among other things, information can be ex-

tracted from the data to help diagnose and resolve problems that

may exist, such as bottlenecks, particular types of customer cases

that are especially hard or expensive to handle, and mistakes that

are made at specific points in the process. However, due to the

large amount of data that is available, finding relevant information

and patterns in data is a chore that is infeasible without proper

automated support. 

Linguistic summarization is a technique that can help people to

extract information from data [1–3] . In particular, linguistic sum-

marization can be used to find pre-defined patterns in data and

verbalize those patterns. The verbalized patterns are of the form:

‘Q cases [for which condition C held] had property P’, where Q

is a quantifier, such as ‘a few’ or ‘many’, and the part between

the square brackets is optional. Quantifier Q and linguistic values

C and P are modeled with fuzzy sets [4] . Thus linguistic summa-
∗ Corresponding author. 
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ization can be used to automatically produce statements such as

many cases that contained a sequence like < receive request, for-

ard request > had a long throughput time’ and ‘most cases that

oncerned a building application had the property that they were

ejected’. These statements have great value for business analysts,

ho can use them to quickly zoom in on operational problems that

xist in a business process. 

In previous work we presented a technique for linguistic sum-

arization of business process event logs [5,6] . However, this tech-

ique had as a drawback that it produced hundreds to thousands

f summary statements for a single log. This number was so large

hat it was not useful for human interpreters. One of the issues

hat causes this problem, is that there may exist many small vari-

tions of the execution of a case. Each of those small variations

otentially leads to a separate statement, thus generating the im-

ractically large summaries. 

Therefore, this paper proposes a technique that generates far

ore concise summaries that are useful in practice. We evaluate

he technique by both determining to which extent it can reduce

he number of summary statements and by determining whether

ractitioners would use the technique. 

The technique contributes to previous work [5,6] , by: 

• enabling the creation of summary statements that contain con-

junctive conditions; 

http://dx.doi.org/10.1016/j.is.2017.03.009
http://www.ScienceDirect.com
http://www.elsevier.com/locate/is
http://crossmark.crossref.org/dialog/?doi=10.1016/j.is.2017.03.009&domain=pdf
mailto:r.m.dijkman@tue.nl
mailto:a.m.wilbik@tue.nl
http://dx.doi.org/10.1016/j.is.2017.03.009
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Table 1 

Example business process log. 

c_id e_id e_name c_customer e_start e_end e_resource 

1 11 Register Mr. Smith 9:00 9:10 John 

1 12 Revise Mr. Smith 9:20 9:25 Susan 

2 21 Register Ms. Smith 9:05 9:17 John 

2 22 Accept Ms. Smith 9:45 10:15 Susan 

2 23 Archive Ms. Smith 10:20 10:30 John 

3 31 Register Mr. Johnson 11:00 11:08 John 

3 32 Reject Mr. Johnson 11:20 11:45 Susan 

3 33 Archive Mr. Johnson 11:45 11:55 John 
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• exploring different measures of similarity to determine which

summary statements are similar enough to be clustered and

presented as one summary statement; and 

• developing an efficient algorithm for exploring and pruning the

large space of possible summary statements. 

Consequently, the contribution of this paper is primarily found

n Section 4.2, 4.2, 5 , and 6 , which present the algorithms for clus-

ering and pruning, their evaluation in combination with different

imilarity metrics, and their practical evaluation. 

Against this background the remainder of this paper is struc-

ured as follows. Section 2 presents preliminary definitions re-

uired in the paper. Section 3 presents our technique for linguis-

ic summarization of business process event logs, which has also

een covered in previous work. Section 4 introduces the efficient

lgorithm for linguistic summarization, which explains the way in

hich the space of possible summary statements is built, clus-

ered and pruned. Section 5 evaluates the algorithm on an event

og from practice. Section 6 evaluates the usefulness of linguistic

ummarization of event logs in practice. Section 7 presents related

ork and Section 8 the conclusions. 

. Preliminaries 

To define an event log, we require the definition of a sequence.

efinition 1 (Sequence, Length, Containment) . Let � be a non-

mpty finite set of elements. Then a sequence σ of length n over

lements from � is a mapping σ : { 1 , 2 , . . . , n } → �. Note that

 σ | = n . We also represent σ ( i ) as σ i and σ as σ1 σ2 . . . σn . �
∗ is

he set of all sequences over �. 

To count the number of times σ contains υ, we define the

unction contains (σ, υ) = |{ i | i ∈ { 1 , . . . , | σ | − | υ|} ∧ σi . . . σi + | υ| =
}| 

A business process log is a collection of cases, each of which

s associated with a sequence. In this paper we use the notation

ntroduced by van der Aalst [7] . Detailed definitions can be found

n his book. In these definitions we use the more specific set of

lements E, which represents the set of possible business events,

o generate sequences over. 

efinition 2 (Case, Event Sequence, Log, Attribute) . Let C be the

et of all cases and E be the set of all events. The event sequence

f a case c ∈ C, denoted ˆ c , is defined as ˆ c ∈ E ∗. A log L is a set of

ases, L ⊆ C. Let A be a set of attributes and V be a set of attribute

alues, where V a is the set of possible values of the attribute a ∈ A .

or some attribute a ∈ A and case c ∈ C, # a c ∈ V a is the value of

ttribute a in case c , # a e ∈ V a is the value of attribute a in event e .

For illustrative purposes, Table 1 shows a log represented

s a table. The log contains the cases C = { 1 , 2 , 3 } , the

vents E = { 11 , 12 , 21 , 22 , 23 , 31 , 32 , 33 } , and the attributes A =
 c _ id , e _ id , e _ name , c _ customer , e _ start , e _ end , e _ resource } , where

e prefixed attributes of cases with ‘c’ and attributes of events
ith ‘e’. The table shows the values of the attributes. For exam-

le, # c _ customer 1 = Mr . Smith and # e _ start 11 = 9 : 00 . 

efinition 3 (Fuzzy set, Intersection, Union) . Let X be a universe

f discourse. Then the fuzzy set S in X is defined as a set of pairs

 x, μS ( x )), where μS : X −→ [0 , 1] is the membership function of S

nd μS ( x ) ∈ [0, 1] is the grade of membership (or the truth value)

f an element x ∈ X in the fuzzy set S . 

Let A and B be two fuzzy sets in X . The intersection of A and B

 A ∩ B ) is μA ∩ B (x ) = μA (x ) ∧ μB (x ) , for each x ∈ X where “∧ ” is the

inimum operation. 

Let A and B be two fuzzy sets in X . The union of A and B ( A ∪ B )

s μA ∪ B (x ) = μA (x ) ∨ μB (x ) , for each x ∈ X where “∨ ” is the maxi-

um operation. 

For example, we can have a fuzzy set of hot temperatures over

he universe of discourse of temperatures X = {−50 , . . . , 50 } (in de-

rees centigrade) with μhot = 0 , if x < 25 ;μhot = (x − 25) / 5 , if x ≥
5 ∧ x < 30 ;μhot = 1 , if x ≥ 30 . For this fuzzy set a temperature of

9 has a truth value of 0.8 for being hot. While we use the min-

mum and maximum operation to compute the membership of

ntersections and unions in this paper, a different t-norm or t-

onorm can be used as well [8] . 

. Linguistic summaries of event logs 

A linguistic summary is a textual representation of patterns

hat may exist in a business process execution log. A linguistic

ummary consists of statements that are created according to pre-

efined templates, which are also called protoforms. We focus on

he approach that was proposed by Yager [9] and then improved

nd implemented by Kacprzyk et al. [10] . In previous work we

dapted this approach to create summaries for business process

vent logs [5] . Accordingly, we distinguish the following proto-

orms: 

The simple protoform , which is expressed as: 

 cases had the property P 

he extended protoform , which is expressed as: 

 cases that met the condition R had the property P 

In these protoforms: 

• a quantifier Q is a linguistic value that describes quantity [11] .

We focus here on so-called proportional quantifiers or relative

quantifiers, such as many, most , and almost all . 
• a summarizer P is a linguistic value for an attribute a ∈ A .

Using a summarizer, we could, for example, speak of short

throughput time or high cost . We consider the sequence of the

activities that were performed for a case as a special type of at-

tribute, such that summarizers of the form ‘the case contained

the sequence σ ’ can also be used. 
• a qualifier R is also a linguistic value for an attribute a ∈ A ,

similar to a summarizer P , but the role of a qualifier is to define

a subset of the log L and narrow the scope of the summary.

Qualifiers of the form ‘the case contained the sequence σ ’ can

also be used. 

Here, a linguistic value is a natural language term, e.g. “young”

or the linguistic variable “age”. A linguistic value is associated

ith a membership function, usually a fuzzy set, that defines the

orrespondence of this linguistic value with numerical values. 

Using these different protoforms, we can make various linguis-

ic statements about event logs. An example of a statement that

ollows the simple protoform is: ‘ most cases had a short through-

ut time ’. In this statement, the quantifier most applies to cases

hat have the property short for the attribute throughput time . An



116 R. Dijkman, A. Wilbik / Information Systems 67 (2017) 114–125 

1

0 10.5

truth

frac�on

m
any

m
ost

allm
ost 
all

Fig. 1. Quantifier membership functions. 
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example that follows the extended protoform is: ‘ most cases that

met the condition the throughput time was long contained the se-

quence < hold hearing, write advice, ask for revision > ’. In this state-

ment, the qualifier long is applied to the attribute throughput time

to select a particular set of cases. To this set of cases, the quantifier

most applies, to the sequences < hold hearing, write advice, ask for

revision > . 

It should also be noted that the (fuzzy) conditions that we ap-

ply can also be composed using conjunctions and disjunctions as

defined in Definition 3 , such that we can speak of, for example:

“most cases that contained the sequence ‘Register, Revise’ and had

the topic ‘building permit’ had a long throughput time”. 

The challenge of linguistic summarization is to automatically

extract true summary statements. One (naive) strategy to linguistic

summarization is to simply iterate over all possible statements and

keep the ones that are true. We use Zadeh’s calculus of quantified

propositions [12] to calculate the truth values of linguistic sum-

maries. Specifically, given a log L , the truth values for the simple

protoform is computed as [13] : 

T (Q cases had the property P ) = μQ 

( 

1 

| L | 
∑ 

c∈ L 
μP (c) 

) 

In the remainder of this paper, we will also refer to this truth

value as T (Q, P ) . To perform these calculations, we must de-

fine the membership functions μ for quantifiers and summarizers.

For example, assuming that we have the formulas for μmost and

μthroughput time = short , this enables us to compute the truth

value for the statement: ‘ most cases had a short throughput time ’. 

We define the membership functions for μQ and μa = v as trape-

zoidal functions over their domains. The quantifier membership

functions are commonly defined as follows [14] : 

Definition 4 (Quantifier membership functions) . Given a fraction

x : [0, 1] of elements for which a particular property holds, the frac-

tion has the value ‘almost all’, ‘most’, ‘many’ with truth values: 

μal most al l (x ) = T rap[0 . 9 , 0 . 95 , 1 , 1] 

μmost (x ) = T rap[0 . 5 , 0 . 8 , 1 , 1] 

μmany (x ) = T rap[0 . 3 , 0 . 6 , 1 , 1] 

Here, Trap [ a, b, c, d ] defines a function that linearly increases from

0 to 1 between a and b , then is 1 between b and c and linearly

decreases to 0 again between c and d . Formally: 

T rap[ a, b, c, d](x ) = 

⎧ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎩ 

0 , if x ≤ a 
x −a 
b−a 

, if a < x ≤ b 

1 , if b < x ≤ c 
d−x 
d−c 

, if c < x ≤ d 

0 , if d < x 

Fig. 1 graphically represents the membership functions. It

shows that, for example, when there is a fraction of 0.6 (of cases

that have a short throughput time), we are talking about many

cases to a degree of 1 and we are talking about most cases to a

degree of 0.33. 

Similarly, the membership function for μa = v can be defined as

a trapezoidal function as follows: 
efinition 5 (Fuzzy attribute value membership functions) . Given

n attribute a ∈ A , a linguistic attribute value v , and a case c ∈
 , the truth value μa = v (c) can be defined as a membership func-

ion: 

v (# a c) = T rap[ w, x, y, z] 

In this function x, y, z , and w are parameters that must be set

ccording to the business analyst’s interpretation of whether # a c

s v (e.g. whether a particular throughput time is considered high).

hese parameters are commonly configured by asking the opinion

f multiple business analysts for multiple values and then configur-

ng the parameters such that the truth values match these opinions

s closely as possible. In the remainder of this paper the authors

et the values of these parameters according to their own interpre-

ation. 

To calculate the truth value for the extended protoform, we can

xtend the truth calculation formula as follows [13] . 

T (Q cases that met the condition R had the property P ) = 

μQ 

(∑ 

c∈ L μR (c) ∧ μP (c) ∑ 

c∈ L μR (c) 

)
In the remainder of this paper, we will also refer to this truth

alue as T (Q, R, P ) . We can further extend these formulas to also

alculate the truth values for the sequence-based statements. This

equires the definition of a membership function μσ ( c ) that com-

utes whether a particular case c contains a particular sequence σ .

 simple way to define this membership function is as the function

hat returns 1 when the sequence is contained in the case and 0

hen the sequence is not contained in the case. 

efinition 6 (Exact sequence containment) . Given a sequence σ
nd a case c ∈ C the truth value of whether the sequence ˆ c contains

he sequence σ can be defined as a membership function: 

σ (c) = 1 , if | contains ( ̂  c , σ ) | ≥ 1 

= 0 , otherwise 

. A practical algorithm for linguistic summarization 

A problem that arises when generating linguistic summaries in

his manner is that the number of summary statements that are

reated may be very large, because a statement can be created for

ach combination of a quantifier, a qualifier, and a summarizer. 

This problem is mainly caused by the large number of possi-

le combinations of quantifiers, qualifiers, and summarizers. This

s especially true, when qualifiers are combined using conjunction.

or example, we can combine the qualifiers ‘concerned a building

ermit’ and ‘contained the sequence < hold hearing, write advice,

sk for revision > ’, in the summary statement “most cases that

oncerned a building permit and contained the sequence < hold

earing, write advice, ask for revision > , had a long throughput

ime”. Obviously the number of summary statements that can be

roduced in this manner grows exponentially with the number of

ossible qualifiers and summarizers that are used. For example, for

he log that we used for our evaluation, we had 1.4 · 10 19 possible

imple summary statements (see Section 5 ). 

The problem is also caused by making statements about subse-

uences of a case, because there are simply too many of them. In

he event log from practice that we used for evaluation purposes,

e could derive 314 subsequences of at least length 2, thus fur-

her increasing the number of potential summary statements when

ombined with different quantifiers, qualifiers and summarizers. 

In this paper we resolve the problem caused by the large num-

er of subsequences, by clustering statements about similar subse-

uences, i.e. instead of making linguistic statements along the lines
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f ‘in most cases the sequence ABCD had a long throughput time’,

e make linguistic statements along the lines of ‘in most cases se-

uences like ABCD had a long throughput time’. In this way, if the

equences ABD, ABCDE, and ACBD also had a long throughput time,

e just need one instead of four statements. Nonetheless, we do

ot lose expressive power, because - due to the way in which we

se clustering - the user can still zoom in on the statement and de-

ermine exactly which sequences ‘like ABCD’ had a long throughput

ime. 

We resolve the problem caused by the large number of combi-

ations of quantifiers, qualifiers, and summarizers, by using prun-

ng techniques. We will show how the space of possible summary

tatements can be created in the form of a tree. Then, we will

how how that tree can be pruned. 

The remainder of this section is structured as follows.

n Section 4.1 we present different clustering techniques. In

ection 4.2 we present an algorithm for linguistic summarization

hat exploits clustering to reduce the number of summary state-

ents that are presented. In Section 4.3 , we extend the algorithm

o efficiently explore and reduce the space of possible summary

tatements. 

.1. Sequence clustering techniques 

For purposes of linguistic summarization, a sequence clustering

lgorithm is used to: 

1. determine clusters of sequences that are similar to each other,

but different from the sequences in other clusters; and 

2. for each cluster determine the sequence (also called the

‘medoid’) that is most representative for the sequences in that

cluster, such that we can make statements about ‘sequences

like the medoid’. 

To achieve this goal, each sequence clustering algorithm needs

hree components: 

1. a function to determine the similarity of the sequences, which

can be used to establish which sequences belong to the same

cluster; 

2. the actual algorithm to put the sequences in the clusters; and 

3. a means to establish the desired number of clusters. 

.1.1. Similarity metrics 

In previous work, similarity metrics have been established [15] ,

n particular also to do sequence clustering [16,17] . The chal-

enge lies in adapting those techniques to be used in combina-

ion with linguistic summarization. This is especially challenging

or sequence clustering based on Markov chains [16] , because this

oes not work based on similarity between sequences, but rather

ased on the probability that a particular sequence is generated by

 Markov chain. Therefore, we use adapted versions of the tech-

iques that are introduced in previous work [15–17] for comput-

ng the similarity between sequences for purposes of clustering se-

uences in summary statements. 

String similarity works by considering sequences as strings and

omputing the similarity between those strings. Several alterna-

ives to computing string similarity exist, such as string kernel sim-

larity [18] , the simple matching coefficient, and the most frequent

-character distance. In this paper, we use edit distance similar-

ty, which is based on the number of activities that must be in-

erted, deleted or replaced in one sequence to arrive at the other

equence. We use this metric, because it is based on the Leven-

htein distance, which is often used when measuring similarity of

usiness process activity labels [15] . 
efinition 7 (Edit distance similarity) . Let σ and υ be two se-

uences. Furthermore, let ed(σ, υ) be the minimum number of in-

erts, deletes and replacements to change σ into υ or vice versa.

hen the edit distance similarity is: 

im E (σ, υ) = 

ed(σ, υ) 

max (| σ | , | υ| ) 
Jaccard similarity between sequences is based on the distance

etween two sequences in a vector space. The dimensions in

he vector space are business process activities and the value for

 sequence vector in a dimension equals the number of times

hat a business process activity occurs in that sequence. This dis-

ance metric has been used before for sequence clustering in the

rea of business process management [17] . It is interesting to see

ow Jaccard similarity performs compared to edit distance simi-

arity, because while the order of elements in a sequence matters

hen computing edit distance similarity, it does not matter when

omputing Jaccard similarity. Theoretically, the difference between

hese two metrics should be small, because previous work shows

hat information on sequential relations plays less of a role in (pro-

ess) sequence similarity than one might think, possibly caused by

he hypothesis that: “if a sequence contains the tasks A, B, and C,

he order in which they happen plays less of a role in similarity

han the fact that they happen.” [15] . 

efinition 8 (Jaccard similarity) . Let � be a set of activities. Fur-

hermore let a : { 1 , 2 , . . . , | �|} → � be a bijection that maps an in-

ex number to an activity. 

Each sequence σ over the alphabet � now determines a vec-

or of length | �|, denoted σ , such that for each element of the

ector σ i = |{ σ j = a (i ) | j ∈ { 1 , 2 , . . . , | σ |}}| is the number of occur-

ences of activity a ( i ) in the sequence σ . 

Given two sequences σ and υ over the alphabet �, the Jaccard

imilarity is: 

im J (σ, υ) = 

�| �| 
i =1 

min ( σ i , υ i ) 

�| �| 
i =1 

max ( σ i , υ i ) 

Markov clustering has also been used before in the area of busi-

ess process management [16] . In this paper, we use an adapted

ersion, which we call Markov similarity, that enables computation

f the similarity between sequences. The original Markov cluster-

ng algorithm does not allow for this. The similarity is used in the

ctual linguistic summarization algorithm to determine medoids

nd truth values. Both Markov clustering and Markov similarity are

ased on the creation of a Markov chain from the set of sequences

n the event log of a business process. The Markov chain expresses,

iven a current state, what the probability is that a certain activity

ill be produced next in a sequence. A first-order Markov chain

nly takes into account what the previous activity was that was

xecuted in a sequence to determine possible next activities with

heir probabilities. A second-order Markov chain takes two last two

ctivities into account, etc. A first-order Markov chain can easily be

omputed from an event log, by determining for each activity, how

ften it was followed by a particular activity. Consequently, we can

ompute the Markov chain for an event log as follows. 

efinition 9 (First-order Markov Chain of an Event Log) . Given an

vent log L that contains sequences over the alphabet �. Further-

ore let a : { 1 , 2 , . . . , | �|} → � be a bijection that maps an index

umber to an activity. The first-order Markov chain for the event

og L can be represented as a | �| + 1 by | �| matrix M . In this ma-

rix M 0 j is the probability that activity a ( j ) was the first activity in

 sequence: 

 0 j = 

|{ c| c ∈ L ∧ ∃ υ : ˆ c = a ( j) υ}| 
| L | 
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For i ≥ 1, M ij is the probability that activity a ( i ) is followed by ac-

tivity a ( j ) in the log: 

M i j = 

�c∈ L | contains ( ̂  c , a (i ) a ( j)) | 
�c∈ L | contains ( ̂  c , a (i )) | 

The similarity of two sequences in a Markov chain can be de-

fined as the probability that one sequence is created from the

other by taking some different moves in the Markov chain. The

combined probability of the moves that are different determines

the overall probability that the two sequences actually represent

similar cases. 

Definition 10 (Markov similarity) . Given two sequences σ and

υ over the alphabet � and a Markov chain M with a bijection

a : { 1 , 2 , . . . , | �|} → � that maps an index number to an activity.

Furthermore, let s, u ∈ { 1 , 2 , . . . , | �|} denote states in the Markov

chain. These states are initially 0, the state in which no activity

has occurred yet, such that sim M 

(σ, υ) = sim M 

(σ, υ, 0 , 0) . where: 

sim M 

(σ, υ, s, u ) = ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

1 if σ = ∅ ∧ υ = ∅ 
M si · sim M 

(σ ′ , υ, i, u ) if ∃ i : σ = a (i ) σ ′ ∧ υ = ∅ 
M iu · sim M 

(σ, υ ′ , s, i ) if σ = ∅ ∧ ∃ i : υ = a (i ) υ ′ 
sim M 

(σ ′ , υ ′ , i, j) 
if ∃ i : σ = a (i ) σ ′ ∧ ∃ j : υ = a ( j) υ ′ ∧ a (i ) = a ( j) 
max (M si · sim M 

(σ ′ , υ, i, u ) , M ju · sim M 

(σ, υ ′ , s, j)) 
if ∃ i : σ = a (i ) σ ′ ∧ ∃ j : υ = a ( j) υ ′ ∧ a (i ) � = a ( j) 

4.1.2. Clustering algorithms 

We explore two clustering algorithms in combination with the

similarity metrics: Single Linkage (SL) [19] - which is a form of hi-

erarchical clustering [20] - and Non-Euclidian Relational Fuzzy C-

Means (NERF-CM) [21] . This allows us to study two of the four

most commonly used types of clustering techniques [22] : hier-

archical clustering and centroid based clustering. The other two

types, distribution based clustering (of which Markov clustering

is an example) and density based clustering, are less suitable in

our context, because these types of algorithms cannot be used to

measure some of the properties that are important for linguistic

summarization’, in particular: (i) what ‘the most representative se-

quence’ (medoid) is in a cluster; or (ii) the degree to which a

case is executed ‘like’ a particular sequence. In the clustering algo-

rithms, we refer to sim (σ, υ) to mean one of the similarity metrics

defined above. 

The SL algorithm works as follows: 

1. Let C be the clustering, which is a partition of the sequences in

the log. Initially the clustering is such that each sequence is in

its own cluster. 

2. Find the pair of clusters c 1 , c 2 ∈ C that contains the sequences

σ ∈ c 1 , υ ∈ c 2 with the maximum similarity sim (σ, υ) . Merge

those clusters into a single cluster. 

3. Repeat step 2 until the desired number of clusters k is found. 

Usually, the number of clusters in SL clustering is determined

by visual inspection of the dendrogram that can be created as a

result. However, because we want to fully automate the clustering

algorithm, we use the technique in step 3 above instead. 

The NERF-CM algorithm works as follows (for details we refer

to the paper [21] ): 

1. Choose the desired number of clusters k . 

2. Compute the dissimilarity matrix D , in which D συ represents

the dissimilarity of sequences σ and υ: 1 − sim (σ, υ) . 
3. Randomly initialize the partition matrix u , in which u σ j that

represents the degree to which a sequence σ from the log is

a member of cluster j . 

4. For each cluster i , compute the sequence σ i that is at the center

of the cluster, based on the partition matrix u and the dissimi-

larity matrix D . 

5. Recompute the partition matrix u , based on the computed clus-

ter centers and the dissimilarity of the sequences to the cluster

centers. 

6. Repeat steps 3–5 until the membership matrix does not change

substantially anymore. 

.1.3. Metrics to select a number of clusters 

Both algorithms require that the desired number of clusters k is

etermined. We use the Cluster Correlation Validity (CCV) [23] (Us-

ng Pearson’s R as correlation measure) to establish the desired

umber of clusters. To do so, we determine the correlation be-

ween the values in the dissimilarity matrix D , and the values

n the partition matrix M that represents for each pair of cases

hether they are in the same cluster. For both algorithms the ma-

rix D is computed, such that D συ = 1 − sim (σ, υ) . For NERF-CM

his matrix is computed as part of the algorithm. For SL the matrix

 can trivially be computed, such that M συ = 1 , if σ and υ are

n the same cluster (i.e. ∃ c ∈ C : σ ∈ c ∧ υ ∈ c), and M συ = 0 , oth-

rwise. For the NERF-CM algorithm we take M = u . The correlation

etween values in D and M is high if cases with high similarity are

n the same cluster and if cases with low similarity are in differ-

nt clusters. We can now compute the desired number of clusters

y clustering for different numbers of clusters k and selecting the

umber of clusters that has the highest correlation. 

Once we have determined the clusters, we can identify the

ost representative sequence for each cluster. We use the clus-

er medoid for these purposes. The cluster medoid is easily deter-

ined as the sequence that has the highest similarity to all other

equences in the cluster. 

efinition 11 (Medoid) . Given a cluster C ⊆ E ∗ consisting of se-

uences and a similarity metric sim : E ∗ × E ∗ → [0 . . . 1] that, given

wo sequences, returns the similarity of those sequences. The

edoid of the given cluster based on the given similarity metric,

enoted medoid sim 

( C ), is defined as the sequence σ ∈ C that has

he highest value for �υ∈ C sim (σ, υ) . 

.2. Linguistic summarization algorithm with clustering 

Algorithm 1 shows the pseudocode for a linguistic summariza-

ion algorithm that exploits clustering to reduce the number of

ummary statements that are produced. The algorithm assumes

hat we have predefined a set quantifiers over which we want to

ummarize (e.g. {many, most, almost all}), as well as a set of qual-

fiers and a set of summarizers, both of which consist of the set of

ttributes that we are interested in, paired with the set of linguis-

ic values for that attribute (e.g. {low, medium, high}). 

As an example, consider the log that is given in Table 1 and

uppose that we are interested in subsequences of length 2 or

ore and that truth values above 0 are considered to represent

rue statements. 

First, we create all subsequences in the log of length 2 or

ore (line 9): ‘Register, Revise’, ‘Register, Accept’, ‘Accept, Archive’,

Register, Accept, Archive’, ... Subsequently, we cluster these subse-

uences using one of the clustering algorithms and similarity met-

ics sim from Section 4.1 (line 10). We then determine the medoid

f each cluster and add those medoids as possible qualifiers and

ummarizers for statements of the form “contains a sequence like”

line 12). Depending on exact settings, we will most likely end up
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Algorithm 1 Calculating the linguistic summary with clustering. 

1: parameters: 

2: θ : [0 . . . 1] is a threshold 

3: L is a log 

4: Q is the set of quantifiers, e.g. Q = { many , . . . } 
5: P is the set of summarizers and qualifiers, 

6: e.g. P = { long throughput time , . . . } 
7: 

8: result = ∅ 
9: Ss = subsequences ({ ̂ c | c ∈ L } ) 

10: Cs = cluster sim 

(Ss ) 

11: for each C ∈ Cs do 

12: P = P ∪ { contains a sequence like medoid sim 

(C) } 
13: end for 

14: R = P 

15: for each q ∈ Q, p ∈ P, r ∈ R do 

16: if T ( q cases that met the condition r had the property p) 

then 

17: result=result ∪ { q cases that met the condition r had the 

property p} 

18: end if 

19: end for 
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Fig. 2. A graph with possible qualifiers or summarizers. 
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ith two clusters: one that only contains the (sub)sequence ‘Reg-

ster, Revise’, which obviously is also the medoid in that case, and

ne that contains the other (subsequences) and has either ‘Regis-

er, Accept, Archive’, or ‘Register, Reject, Archive’ as a medoid. 

Next, we iterate over all possible combinations of quantifiers,

ualifiers and summarizers (line 15). For the combination where

he quantifier is ‘most’, the qualifier consists of the attribute ‘has a

equence like’ and the medoid ‘Register, Revise’, and the summa-

izer consists of the attribute ‘throughput time’ and the linguistic

alue ‘long’, we can compute the truth value (line 16) using the

ormula: 

most 

(∑ 

c∈ L μlike ‘ Register, Re v ise ′ (c) ∧ μthroughput time is long (c) ∑ 

c∈ L μthroughput time is long (c) 

)

his formula corresponds to the statement ‘most cases that con-

ained a sequence like ‘Register, Revise’ had a long throughput

ime’. We keep that statement as part of the linguistic summary, if

he truth value returned by the formula is higher than 0. Note that,

ecause the clustering is already done in line 10 of the algorithm,

t is not necessary to produce all possible linguistic summaries.

nstead, linguistic summaries are only produced for the cluster

edoids, thus substantially reducing the number of sequences that

ust be inspected. 

The formulas that correspond to the summary statements re-

urn a truth value. In the example above, this is the value

hat is ultimately returned by the formula μmost ( x ) as given in

efinition 4 . These truth values could be used further, for exam-

le to define a threshold that determines the minimal truth value

hat a statement should have to be included in the summary, or to

rder summary statements according to their truth value by pre-

enting the ‘most true’ statement first. 

The overall complexity of the algorithm is high order polyno-

ial: O (n 5+ i ) , where i is the number of qualifiers and summariz-

rs that is considered in the summary. This is because generating

ubsequences is quadratic and generating clusters is quadratic as

ell. The subsequent generation of the statements is polynomial

ver the number of quantifiers, qualifiers and summarizers (as is

pparent from the for-loop on line 15 of the algorithm), where at

east one dimension (the quantifier dimension) is considered. 
.3. Linguistic summarization algorithm with pruning 

We can further reduce the search space of Algorithm 1 , by

runing the number of quantifier-qualifier-summarizer combina-

ions that the algorithm explores (line 15). The search space ex-

lodes when we allow qualifier and summarizer conditions to be

omposed as conjunctive conditions. For a set of attributes A ⊆ A ,

he number of possible conjunctive conditions is: �a ∈ A (|V a | + 1) .

lus one, because we also consider the situation where the at-

ribute is not part of the conjunctive condition. 

We can prune the space of possible conjunctive conditions, by

onstructing those conditions in the form of a graph with vertices

 and edges E ⊆V × V , such that each vertex is labeled with a

articular conjunction of conditions. Fig. 2 shows an example of

 graph of possible conjunctive conditions that is computed for

he attributes a and b , which have the possible values a 1 , a 2 and

 1 , b 2 , respectively. Each vertex is labeled with a set that repre-

ents that the attributes in the set must have the specified values.

or example, the vertex {( a, a 1 ), ( b, b 2 )} represents the condition

 = a 1 ∧ b = b 2 . The graph can be created by first creating the set

f all possible conjunctive conditions ( Algorithm 2 ). Subsequently,

 vertex can be created for each condition and an edge can be

dded from a vertex v 1 to another vertex v 2 , when the condition

f v 2 can be created by adding a single conjunct to the condition

f v 1 . 

lgorithm 2 Calculating all possible conjunctions. 

1: function allConjuncts( A , con juncts ) 

2: result = con juncts 

3: for each a ∈ A do 

4: for each v ∈ V a do 

5: r esult = r esult ∪ allConjuncts( A − { a } , con juncts ∪ { (a, v ) } ) 
6: end for 

7: end for 

8: return result 

We can use the graph to prune conjunctions of attribute values,

y traversing it breadth first, and pruning each branch of which

he root vertex represents a statement that does not hold. 

roposition 1 (Prune conjunctions) . Let ( V, E, l ) be a tree of con-

unctive conditions. If a linguistic statement with quantifier Q and

ummarizer S, represented by v s ∈ V, has a truth value T (Q, S) , then

he truth values of a linguistic statement with the same quantifier

, and a summarizer S ′ that is represented by vertex v s ′ ∈ V that is

eachable from v s , has a truth value T (Q, S ′ ) ≤ T (Q, S) . 

Consequently, if the linguistic statement with quantifier Q and

ummarizer S does not hold (i.e. has a truth value that is too low),

hen the linguistic statement with quantifier Q and summarizer S ′ 
oes not hold either, should not be included in the summary, and can

e pruned. 

This pruning rule follows directly from ( Definition 3 ), which

tates that the truth value of a conjunction of fuzzy attributes

( a ∧ b ) is computed as the minimum of the truth values of those

ttributes min ( μ( a ), μ( b )), and from the fact that - by construction

 a node from the tree of conjunctive conditions that is reachable

rom another node only adds conjunctive statements. 
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Table 2 

Number of simple sequence-based summary statements. 

sim E sim J sim M 

SL NERF-CM SL NERF-CM SL NERF-CM 

Possible statements 942 

True statements 54 

After quantifiers 46 

After all pruning 16 

After clustering 24 7 20 6 5 6 

After all 11 4 11 4 4 5 
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Linguistic statements that also contain a qualifier R can be

pruned analogously, by also constructing a tree for the conditions

that constitute the qualifier R . 

We can also prune statements that are implied by other state-

ments. There are two possibilities for this. 

First, considering the definitions of ‘many’, ‘most’, and ‘almost

all’ ( Definition 4 ), it is implied that if a particular condition holds

for ‘almost all’ cases, it also holds for ‘most’ cases and for ‘many’

cases. Similarly, it is implied that if a particular condition holds for

‘most’ cases, it also holds for ‘many’ cases. Consequently, we can

prune cases as follows. 

Proposition 2 (Prune implied quantifiers) . If a linguistic statement

with quantifier Q, qualifier R and summarizer S has truth value

T (Q, R, S) , then a linguistic statement that has the same qualifier R

and summarizer S and a quantifier Q 

′ that has μQ ′ (x ) ≥ μQ (x ) for

all x, has a truth value T (Q 

′ , R, S) ≥ T (Q, R, S) . 

Consequently, if the linguistic statement with quantifier Q, qualifier

R and summarizer S holds (i.e. has a high enough truth value), the lin-

guistic statement with quantifier Q 

′ , qualifier R and summarizer S also

holds. Thus, it is implied, does not provide any additional information,

and can be pruned. 

It may seem counter-intuitive that this pruning rule removes

statements that have a higher truth value in favor of statements

that have a lower truth value. This is caused by the fact that ‘more

distinguishing’ statements are bound to have a lower truth value

than statements that are ‘less distinguishing’, because they are im-

plied by other statements. For example, ‘almost all cases have a

long throughput time’ will have a lower (or equal) truth value than

the less distinguishing - implied - statement ‘many cases have a

long throughput time’. However, since we prefer to keep only one

statement, we keep the ‘more distinguishing’ statement with the

lower truth value: ‘almost all cases have a long throughput time’. 

Second, a statement with a summarizer that is a subset of the

conjuncts of another statement is implied by that statement. For

example, ‘most cases have a long throughput time’ is implied by

‘most cases have a long throughput time and concern a building

application’. 

Proposition 3 (Prune implied summarizers) . If a linguistic state-

ment with quantifier Q, qualifier R and summarizer S ∧ S ′ has truth

value T (Q, R, S ∧ S ′ ) , then a linguistic statement that has the same

quantifier Q and qualifier R and a summarizer S, has a truth value

T (Q, R, S) ≥ T (Q, R, S ∧ S ′ ) . 
Consequently, if the first statement holds, the second statement

must hold as well. Thus it provides no additional information and can

be pruned. 

Similarly, a statement with a qualifier that is a superset of the

conjuncts of another statement is implied by that statement. For

example, ‘most cases that concern a building application and in-

volve person A, have a long throughput time’ is implied by the

statement ‘most cases that concern a building application, have a

long throughput time’ and also by the statement ‘most cases that

involve person A, have a long throughput time’. 

Proposition 4 (Prune implied qualifiers) . If a linguistic statement

with quantifier Q, qualifier R and summarizer S has truth value

T (Q, R, S) , then a linguistic statement that has the same quanti-

fier Q and summarizer S and a qualifier R ∧ R ′ , has a truth value

T (Q, R ∧ R ′ , S) ≥ T (Q, R, S) . 

Consequently, if the first statement holds, the second statement

must hold as well. Thus it provides no additional information and can

be pruned. 

This proposition is a special case of Proposition 1 , which pro-

poses pruning for linguistic statements that do not include qual-
fiers. This proposition extends that proposition with pruning of

ualifiers. 

The complexity of the pruning algorithm is polynomial: O ( n 2 )

O ( log ( n )). This is because it first generates a tree in polynomial

omplexity and then prunes that tree in logarithmic complexity.

his means that overall - including both summary generation and

runing - the algorithm is high-order polynomial, where the de-

ree of the polynomial is determined by the number of qualifiers

nd summarizers that are considered and the size of the polyno-

ial is determined by the number of values of the qualifiers and

ummarizers (including the number of sequences). Consequently,

he complexity of the execution can be managed primarily by

eeping the number of qualifiers and summarizers low. 

. Evaluation 

We implemented the algorithm in Matlab ( http://is.ieis.tue.nl/

esearch/summarization/ ) and evaluated it to determine whether it

an provide a linguistic summary with a feasible number of state-

ents. First, we show the effects of the algorithm in a case study.

econd, we investigate the effects of pruning in more detail in two

dditional case studies. Third, we investigate the effects of cluster-

ng in more detail. 

.1. Case study 

As a case study, we applied the algorithm to the execution log

f a Dutch municipality. Fig. 3 provides an overview of the pro-

ess. It should be noted that not all sequences that are present in

he log are also represented in the figure. The most common flow

hrough the process follows the activities marked a-h. Alternative

aths lead to the rejection of the appeal, asking the citizen to sub-

it a revised appeal, the citizen withdrawing the appeal, or the

ppeal being sent to a different department. The log that we used

ontained 1268 cases and in total 48 unique sequences. These 48

equences had 314 unique subsequences of length 2 or more. 

To test the effect of clustering on the number of summary

tatements that are generated, we generate all simple sequence-

ased statements that are present in the log, using the quantifiers

any, most, and almost all. Table 2 shows the results. The first row

hows the number of possible statements that can be produced.

he second row shows the number of statements that are true (i.e.

as a truth value greater than zero). Next, we see the effects of

runing, pruning only quantifiers ( Proposition 2 ) and pruning also

ualifiers and summarizers ( Propositions 3 and 4 ), as well as the

ffect of clustering. The table shows the results for the different

imilarity measures and algorithms presented in Section 4.1 . 

The results clearly show that both clustering and pruning re-

uce the size of a linguistic summary, in total by 80–93%. While

hese results are merely illustrative and not statistically significant,

hey reflect what can be expected when applying a clustering al-

orithm. The different results between the clustering algorithms

re striking. This difference is primarily due to the way in which

e determine the number of clusters for SL and NERF-CM. SL

http://is.ieis.tue.nl/research/summarization/
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Register
appeal (a)

Send on (i)

Confirm
recep�on

(b)

Reject
appeal (j)

Ask for
revision (l)

Register
document
receipt (c)

Archive (h)

Write dra�
advice (k)

Withdraw
appeal (m)

Hold hearing
and dra�
advice (d)

Send
advice (e)

Create
dossier (f)

Process
decision (g)

Fig. 3. Appeals process. 

Table 3 

Simple sequence-based summary statements. 

Quantifier Sequence sim E sim J sim M 

SL NERF-CM SL NERF-CM SL NERF-CM 

Many abcdefg X X 

Many abcdef X 

Most abcde X 

Many abcde X X 

Many cde X 

Most abcd X 

Almost all abc X X X 

Most bc X X 

Many bcde X 

Many cdefg X 

Many defg X X 

Many defg X 

Many efgh X X 

Many efg X 

Many fgh X X 

Many ef X 

Many gh X 

Many abcdd X 

Many abjc X 

Many bjc X 

Most abj X X 

Many abcdm X 

Many abm X X 

Many bcm X 

Many abcdl X 

Many abcl X 

Many bcl X 

Many abl X X 
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epeatedly merges the two clusters with a smallest distance be-

ween two of their elements, while NERF-CM minimizes the over-

ll distance of cluster points to the cluster center. As a conse-

uence, differences between individual elements are less impor-

ant in NERF-CM than in SL. Therefore, NERF-CM can be expected

o form larger clusters. Table 3 shows the summary statements

hat are produced after clustering and pruning, using the cluster-

ng method and the similarity metric in the column, in more detail

i.e. it details the numbers in the last row of Table 2 ). Each row

n Table 3 represents a summary statement, by listing a quantifier

nd a sequence by referring to the letters in Fig. 3 . For example the

ow ‘many’ ‘ef’ should be read as: many cases contain a sequence

ike ‘send advice’, ‘create dossier’. 

Table 3 shows that there are differences between the summary

tatements that are returned by using edit distance similarity or
accard similarity on the one hand and Markov similarity on the

ther hand. This is not surprising, because Jaccard and edit dis-

ance similarity both only work based on the presence of activities

n the sequences, while Markov similarity also considers the fre-

uency with which activities occur in the log. Both edit distance

nd Markov similarity consider the order in which activities oc-

ur in a sequence, while Jaccard distance does not. However, the

rder in which activities occur does not appear to have an influ-

nce on the summary statements that are produced. As noted in

ection 4.1 this is expected, because previous work shows that in-

ormation on sequential relations plays less of a role in (process)

equence similarity than one might think, possibly caused by the

ypothesis that: “if a sequence contains the tasks A, B, and C, the

rder in which they happen plays less of a role in similarity than

he fact that they happen.” [15] . 

Table 3 also shows an important difference between the two

lustering algorithms that were used: sequences that correspond

outcomes’ of the process (i.e. whether the appeal is accepted, re-

ected, withdrawn, ...) different from the outcome of the main flow

re mostly produced by the SL algorithm and not by the NERF-

M algorithm. This is due to the fact that the SL algorithm re-

urns more clusters than the NERF-CM algorithm, as can be seen

n Table 2 . This is an important observation, because, depending

n what a human interpreter is looking for, the SL algorithm or

he NERF-CM algorithm may produce the more interesting results. 

.2. The effects of pruning 

To study the effects of pruning in more detail, we look at the

umber of extended statements that are produced with and with-

ut pruning, in which we exclude sequence-based statements for

easons of simplicity. We create summaries for the execution log

hat is described above, using the attributes: 

• throughput time, which describes the total time taken to pro-

cess a customer, using the possible values: short, medium and

long; 
• service time, which describes the total time that employees

spent working for a customer, using the same possible values; 
• waiting time, which describes the total time that a customer

spent waiting, using the same possible values; 
• number of activities, which describes the number of activities

that were executed for a particular case, using the same possi-

ble values; 
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Table 4 

Number of summary statements. 

Log 1 Log 2 Log 3 

Events 7,604 262,200 38,944 

Cases 1,268 13,087 937 

Sequences 48 4,366 917 

Activities 13 36 363 

Possible simple statements 1.7 · 10 15 2.0 · 10 6 3.7 · 10 11 

Simple Extended Simple Extended Simple Extended 

Vertices (qualifier graph) 1374 4601 53,139 

Vertices (summarizer graph) 1625 13,299 113 59,472 286,719 3.7 · 10 8 

True statements 491 276 79 4663 205,821 6.2 · 10 7 

After pruning quantifiers 457 181 103 2462 145,407 3.8 · 10 7 

After all pruning 15 38 3 98 83 1771 

Reduction 97% 86% 96% 98% 100% 100% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5 

Cluster around the sequence cdefg. 

Sequence Similarity Cluster membership 

de 0.4 0.41 

ef 0.4 0.33 

cde 0.6 0.44 

def 0.6 0.6 

cdef 0.8 0.79 

defg 0.8 0.46 

bcdef 0.6 0.46 

cdefg 1 0.85 

bcdefg 0.83 0.71 

cdefgh 0.83 0.52 

bcdefgh 0.71 0.54 

abcdefgh 0.63 0.26 
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• number of employees, which describes the number of differ-

ent employees that were involved in a particular case, using the

same possible values; 
• topic, which describes the topic that an appeal was about, with

52 possible values; 
• 21 attributes that represent whether a particular employee was

involved in the execution of a case, this attribute has two pos-

sible values: the employee was involved, or the employee was

involved many times. 

With these attributes, when also allowing for conjunction, we

have a number of possible simple statements that equals 4 · 4 · 4 ·
4 · 4 · 53 · 3 21 · 3 = 1 . 7 · 10 15 . (The last ‘times3 ′ is because there are

three possible quantifiers.) 

In the same way, we test the effects of pruning for two more

logs [24,25] . Table 4 shows the properties of the logs, the num-

bers of statements that are produced, and the effect that prun-

ing has on the numbers of statements that are produced. It shows

this number for simple statements and for extended statements.

Although some attributes were similar for all three logs (notably

the attributes ‘resource’ and ‘activity’), most attributes differed,

which led to different numbers of possible statements for each log.

We can construct the possible conjunctive statements for both the

qualifier and the summarizer in the form of graphs, as described in

Section 4.3 . Using pruning rules ( Proposition 3 and 4 ), the number

of vertices in these graphs can be limited, because once the truth

value for a node is false, its branches do not have to be created. By

subsequently pruning possible implied quantifiers ( Proposition 2 )

and qualifiers and summarizers ( Proposition 3 and 4 ), the number

of true statements can be reduced. 

The results clearly show that the number of statements that

must be explored can be reduced greatly, by representing conjunc-

tive statements in the form of a tree and pruning that tree. The

results also show that the number of statements that are returned

can be reduced greatly by using pruning. In particular for the sim-

ple summaries, the number of statements that are returned with-

out pruning is in the hundreds of even thousands of statements.

These are infeasible numbers to go over for a human. The num-

ber of statements that are returned after pruning are a couple of

dozen at most, which is a feasible number to go over. The over-

all reduction ranges from 86%-100% of the initial number of true

statements. 

It must be noted that the features that are selected to produce

the summary over, are the most important factor to determine the

number of summaries that are produced. When the number of fea-

tures that are selected is high, an infeasible number of statements

may be produced. For example, the number of possible extended

statements for the third log is 1,771; too many to explore manu-

ally. It can be reduced by decreasing the number of features that

are considered when creating the summary. This shows that lin-
uistic summarization is an interactive activity, where the process

nalyst should adjust parameters based on results. 

Some examples of interesting statements that are included in

he summaries, are the simple statements: “many cases have the

ctivity ‘confirm reception’ and the activity ‘register appeal’ and in-

olve the employee ‘person A’ ”; and “many cases have the activity

register appeal’ and involve the employee ‘person J’ ”; as well as

he extended statements “most cases with long throughput time

ave a long waiting time and a medium number of activities”; and

most cases that involve employee ‘person A’ have a long through-

ut time and a medium number of activities”. From these state-

ents we can learn that person A and person J are key people in

he process, that a long throughput time is related to (and likely

aused by) a long waiting time and that a long throughput time

s related to the involvement of person A. Note that this does not

mply causation: one possible explanation is that person A is sim-

ly involved in many cases and for that reason also in the ones

hat have a long throughput time. However, it is certainly worth

nvestigating, because another explanation is that person A is over-

oaded with work. It is important to note that, while all of the al-

orithms reduce the number of statements, pruning only removes

tatements that are false, or implied by other statements. Conse-

uently, no expressive power of the linguistic summaries is lost

ue to pruning. 

.3. The effects of clustering 

While clustering does reduce the number of statements, it

erely does so to produce an overview. It is always possible to

oom in on a particular cluster and view the sequences that are a

art of that cluster. In this way, the original summary statements

an always be inspected and no expressive power is lost due to

lustering either. For example, Table 5 shows the traces contained

n the cluster around the sequence cdefg. This cluster represents
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Table 6 

Descriptive statistics of respondents. 

Function Sector 

Professional who does the work 2 Financial services 9 

Manager 14 Government 8 

Consultant at consultancy firm 17 Healthcare 2 

Consultant in-house 10 Professional services 9 

Other 8 Research and Education 5 

Software 10 

Other 8 

Years of working experience Company size 

< 1 1 Small ( < 50 employees) 13 

1-4 8 Medium (50–250 employees) 5 

5-10 8 Large ( > 250 employees) 33 

> 10 34 
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he fuzzy statement: “many cases contain a sequence like ‘register

ocument receipt’, ‘hold hearing and draft advice’, ‘send advice’,

create dossier’, ‘process decision’ ”. Each of the contents of the

luster shown in Table 5 represents a corresponding exact state-

ent. For example, the sequence de contained in the cluster repre-

ents the exact statement: “many cases contain the exact sequence

hold hearing and draft advice’, ‘send advice’ ”. 

Table 5 shows that the clusters that we identify are strongly

but not solely) sequence-based. This is a logical consequence of

he way in which we determine the similarity between the se-

uences that form a cluster. It would be interesting to investigate

o which extent it would be possible to identify clusters based

n control-flow constructs, for example, identifying a statement

ike “Most cases that contain the parallel execution of ‘send ad-

ice’ and ‘create dossier’ have a short throughput time”. This re-

uires an overhaul of the algorithms that we currently use to clus-

er sequences of cases. These must be changed into algorithms that

roup sequences of cases into control-flow constructs. We identify

his as a potential direction for future work. 

. Practical evaluation 

We also evaluated the practical applicability of the technique,

sing the well-known Technology Acceptance Model (TAM) [26,27] ,

y presenting professionals from the area of Business Process Man-

gement with a linguistic summary and asking them a number of

uestions to determine whether they considered linguistic summa-

ization useful and easy to use and whether they would use it if it

as available. It has been shown in previous research [26,27] that

hese factors are good indicators of whether technology is indeed

sed in practice. 

We constructed the questionnaire by adapting it from the orig-

nal TAM research. Appendix A shows the questionnaire. There

re six questions that reflect the perceived usefulness of linguis-

ic summarization (PU1-6), five that reflect perceived ease of use

PEOU1-5), and three that reflect the intention to use linguistic

ummarization (ITU1-3). All questions were asked on a 1–5 Lik-

rt scale from ‘strongly disagree’ to ‘strongly agree’. In addition we

sked some questions to characterize the population. We sent the

uestionnaire to a mailing list that is hosted by the university and

o which business process management professionals can subscribe

o stay up to date about the developments in the area of business

rocess management. 

The mailing list contained 334 members at the time of submit-

ing the questionnaire. 51 people responded. Table 6 shows the de-

criptive statistics of the respondents. 

To validate the results from the questionnaire, we used a partial

east squares (PLS) approach to test whether original TAM results

ould be reproduced. We used the tool SmartPLS [28] to perform
ur tests. PLS does not place strong requirements on the (normal)

istribution of the answers [29] , but does place requirements on

he sample size and the collinearity of the constructs. With 51 re-

pondents, the sample size just exceeds the recommended sample

ize of 50. We tested collinearity using the Variance Inflation Fac-

or, which was below the recommended level of 5 for each of our

onstructs as illustrated in Table 7 . 

We tested the quality of our constructs by checking the fac-

or loadings. The variable PEOU1 had a factor loading that was too

ow and variable PU6 had a cross loading on PEOU. Therefore, we

emoved these variables. Table 7 shows the resulting factor load-

ngs, demonstrating that all factor loadings are above the recom-

ended 0.7 threshold (all loadings are significant at the 0.01 level)

nd there are no cross loadings above the 0.7 threshold. Further-

ore, Table 7 shows that construct validity is above the recom-

ended 0.5 threshold for AVE and 0.7 for composite reliability and

ronbach’s alpha. Finally, we confirmed that the TAM model rela-

ions between PEOU and PU, and between PEOU and ITO and PU

nd ITO were significant. Coefficients for these relations were 0.66,

.43, and 0.31 and were significant at the 0.01 level. 

Since our measurements confirm the findings of the original

AM, we consider them reliable. Table 8 shows the overall results.

he results show a clear tendency to agree that linguistic summa-

ization is easy to use and useful. The results also show a clear

ntention to use. 

. Related work 

The algorithm presented in this paper is related to both work

n the area of process mining and work in the area of linguistic

ummarization. To the best of our knowledge, the work by the au-

hors is the first work to combine these two areas and facilitate

inguistic summarization of event logs. This paper is an extension

f previous work by the authors [5] . The previous work shows the

heoretical possibilities of linguistic summarization of event logs,

ut generates linguistic summaries that are too long for practical

se. This paper extends that work by presenting variations of an

lgorithm that produces more concise summaries. 

The work described in this paper can be considered a form of

rocess mining, which is about the analysis of business process

vent logs in general [7] . Especially related is the work on ‘process

xtension’ [7] , which is concerned with annotating business pro-

ess models with additional performance information. Dotted chart

nalysis can also be used to get an insight into performance details

irectly [30] as well as the work on process cubes [31,32] . Diagnos-

ics with respect to how well a process is followed in practice can

lso be done [33] . The work described in this paper differs from

ther work on process performance analysis in that it presents re-

ults in natural language. 

There exists work on natural language processing in the area of

usiness process management [34] , which is related in the sense

hat this paper is also about natural language processing, although

here are some noted differences between natural language pro-

essing and linguistic summarization [35] . Of particular interest in

his context is the work on returning natural language statements

n the differences between event logs [36] , although this work dif-

ers in focus. The work on verbalizing differences provides a more

n-depth way of comparing process sub-structures, which can be

n interesting extension to the work in this paper which just con-

iders sequences. At the same time, the work in this paper is richer

hen it comes to identifying the conditions under which certain

lternatives are executed. 

Linguistic summarization is about the verbalization of patterns

hat are present in data. It is studied by a number of research

roups for various applications [10,37–43] . In particular, the work

escribed in this paper is based on the work of Yager [9] and
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Table 7 

Analysis of the constructs. 

Construct Factor loadings 

Variable ITO PEOU PU AVE CR alpha VIF 

Intention to Use (ITO) ITO1 0.88 0.66 0.64 0.66 0.85 0.75 3.50 

ITO2 0.72 0.34 0.32 

ITO3 0.83 0.47 0.41 

Perceived Ease of PEOU2 0.41 0.73 0.43 0.67 0.89 0.83 3.45 

Use (PEOU) PEOU3 0.66 0.87 0.57 

PEOU4 0.37 0.82 0.54 

PEOU5 0.59 0.84 0.59 

Perceived PU1 0.56 0.68 0.85 0.79 0.95 0.93 3.21 

Usefulness (PU) PU2 0.50 0.56 0.91 

PU3 0.47 0.57 0.87 

PU4 0.52 0.58 0.91 

PU5 0.57 0.54 0.92 

Table 8 

Analysis of the constructs. 

Construct Variable Strongly Disagree Disagree Neutral Agree Strongly Agree 

Intention to Use (ITO) ITO1 1 7 5 29 9 

ITO2 1 8 22 17 3 

ITO3 1 8 12 26 4 

Perceived Ease of PEOU2 6 10 16 13 6 

Use (PEOU) PEOU3 1 9 12 22 7 

PEOU4 1 6 12 28 4 

PEOU5 0 9 10 25 7 

Perceived PU1 1 13 17 19 1 

Usefulness (PU) PU2 2 11 15 20 3 

PU3 1 11 14 24 1 

PU4 0 12 16 23 0 

PU5 1 12 13 23 2 
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Kacprzyk et al. [10] , which was previously extended for summa-

rizing behavioral data [44] . This paper further extends the work

on linguistic summarization, by making it suitable for activity se-

quences. 

Linguistic summarization originates from the area of fuzzy

logic, which also has some applications in the area of process min-

ing [45,46] . In addition to that, we exploit well-known clustering

algorithms, which have also been used in the area of process min-

ing [16,17] . 

Linguistic summarization is related to association rule mining.

This is acknowledged in prior work from the area of linguistic

summarization [47] , which states that “an association rule may be

viewed as a special case of a linguistic summary”. Both linguistic

summarization and association rule mining try to find properties

in a dataset that frequently occur together. Linguistic summariza-

tion then continues to verbalize such patterns. Indeed association

rule mining can be used in the generation of linguistic summaries

[48] (but not the other way around). 

8. Conclusion 

This paper presents an algorithm for generating linguistic sum-

maries of an event log, which are practically usable by a human in-

terpreter. The statements that constitute a linguistic summary are

of the form ‘Q cases [for which the condition C held] had prop-

erty P’, where Q is one of ‘many’, ‘most’, or ‘almost all’ and the

part between the square brackets is optional. The algorithm takes

the result of previous work and improves on it by also allowing for

the use of conjunctive conditions and properties and by reducing

the number of statements that are produced to a practical number

by introducing techniques for clustering and pruning. 

An evaluation on a log from practice shows that the number

of summary statements that are produced can be reduced by 80–

97% by using the proposed pruning and clustering techniques. This
eduction does not limit the expressive power of a linguistic sum-

ary, because the summary statements that represent each cluster

an themselves be seen as summaries of the statements within the

luster. Also, it is possible to zoom in on a cluster to see the origi-

al statements. 

An evaluation with practitioners, using the well-known tech-

ology acceptance model (TAM) questionnaire, showed that over-

ll practitioners consider the technique easy-of-use and useful and

ntend to use of the proposed technique if it were available. 

The paper showed that, depending on the exact selection of at-

ributes that is used in the creation of a linguistic summary, the

umber of statements in the summary can still explode far beyond

umbers that can be practically interpreted. Consequently, we en-

ision the development of a tool in which the human interpreter

an interactively select the attributes that he or she considers to

e interesting for summarization. This requires that the algorithms

hat are developed are fast enough to allow for interactive use. 

While the clustering technique reduces the number of state-

ents that are created for a log, the clustering of the sequences

s based purely on similarity of those sequences. It is possible to

nvision a more semantically rich grouping of sequences. For ex-

mple, by grouping sequences that can be produced by the same

ontrol-flow construct. This is a possible topic for future work. 

ppendix A. Linguistic summarization acceptance 

uestionnaire 

PU1 Linguistic summarization would enable me to accomplish

tasks more quickly 

PU2 Linguistic summarization would improve my job perfor-

mance 

PU3 Linguistic summarization would increase my productivity 

PU4 Linguistic summarization would enhance my effectiveness

on the job 
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PU5 Linguistic summarization would make it easier to do my

job 

PU6 I would find linguistic summarization useful in my job 

PEOU1 Learning to use a linguistic summary would be easy for

me 

PEOU2 I would find it easy to get the information that I need

out of a linguistic summary 

PEOU3 A linguistic summary would be clear and understand-

able 

PEOU4 It would be easy to become skillful at interpreting a lin-

guistic summary 

PEOU5 I would find a linguistic summary to be easy to use 

ITU1 If I had access to linguistic summarization, I would use it 

ITU2 I intend to find out more about linguistic summarization 

ITU3 If I had material on linguistic summarization, I would

study it 
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