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Abstract. Currently, process mining literature is primarily focused on the dis-

covery of comprehensible process models that best capture the underlying behav-

ior in event logs. Consequently, the resulting models a) aggregate information, 

based on algorithm-specific assumptions, and b) transform information into a 

simplified representation. Both characteristics, which are valuable in certain, dif-

ferent contexts, suffer from the inability to describe objectively the behavior that 

is inherent to the event log at hand. In this paper, we present the need for log-

based process metrics to capture the process behavior in an event log, without the 

need to first discover a model. The metrics provide a process owner with unbi-

ased, algorithm-agnostic information of the event log, as a starting point of the 

process analysis. The constructed metrics also serve as a mean to objectively 

compare different event logs in terms of time-related and variance aspects.  

Keywords: Process mining • Operational excellence • Process behavior • Log-

based process metrics 

1 Introduction 

Process mining is intended to detect strategic insight from business processes by ex-

tracting valuable information from event logs. Next to discovering process models from 

event logs, process mining is also used to check the conformance between a process 

model and reality and to extend process models with extra information [12]. Starting 

point for performing a process mining task is an event log. When performing a discov-

ery task on an event log, a process model is extracted without using any additional 

information [13]. Many discovery algorithms have been introduced [3], [15] and each 

has its specific assumptions resulting in models not suited for or aimed at describing 

the behavior that is inherent to the event log objectively and in a detailed fashion.  

Looking from a Business Process Management perspective to models, business pro-

cesses should be modified and improved continuously driven by the continuous im-

provement concept. This concept is related to methodologies such as lean management, 

Six Sigma and business process improvement and reengineering [1], [4].  
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In literature, it has been suggested that process mining can be used to support oper-

ational excellence in companies [12,13,14]. However, if process mining is used to im-

plement methodologies such as lean management or Six Sigma, it can be cumbersome 

to decide which discovery algorithms and assumptions to choose. Moreover, process 

models discovered from an event log are not always perfect representations of reality.  

Therefore, the goal of this paper is to present the need for log-based process metrics, 

which are measures indicating how the current process is running, without the need of 

a process model. In contrast to traditionally used KPIs (for measuring performance), 

the proposed metrics are constructed on the level of the event log or the activities exe-

cuted in the event log instead of the output level. The metrics provide an unbiased pic-

ture of the present process behavior.  

2 Log-Based Process Metrics 

Building on the idea to calculate the distance between two event logs, which was pre-

sented in [11], the goal of this research is providing process metrics to identify and 

quantify the behavior of a process. Four categories of process performance indicators -

quality, time, costs and flexibility- have been defined in [6]. Quality and costs can be 

seen as derivatives of process behavior. Time and flexibility, however, are inherent to 

the way in which a process is carried out. In this paper, we will focus on the dimensions 

time and structuredness. Structuredness is chosen because we want to measure how 

structured -and not how flexible- the behavior in the event log is. Although structured-

ness is defined in [15] as a quality metric to measure the ease of interpretation of a 

process model, we define structuredness as the level of variation in the event log.  

According to the study on model-log evaluation metrics in [2], only one dimension 

or level of analysis should be measured by each metric, in order to remain comprehen-

sible. Building on the different feature scopes presented in [11], possible levels of anal-

ysis are: the log level, which represents the complete event log, the trace level, repre-

senting characteristics of sequences of activities, and the activity level, representing 

characteristics of the activity types, aggregated over the entire log. 

2.1 Time 

Interesting concepts for the time dimension are, among others, the duration, the actual 

processing time and the waiting time of cases or activities. If we, for example, have a 

look at the actual processing time, or service time, of an activity in the event log, a list 

of summary statistics can be interesting to get a notion of the duration of each activity 

in the process. Building from this, a bottleneck activity can be revealed. In a process, a 

bottleneck is an activity that obstructs other activities to be executed properly and de-

termines the continuation of the whole process [10]. According to the theory of con-

straints [5], bottlenecks or constraints should be eliminated from a process because ‘a 

process is only as strong as its weakest link’. A bottleneck indicator could be calculated 

by searching for the activity in the process that has the longest duration compared to 

the duration of the other activities in the process. 
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2.2 Structuredness 

Concepts to analyze the structuredness of an event log can be variance, self-loops, rep-

etitions and the presence of batch processing. A first notion of the structuredness or 

variance in an event log is the number of patterns, or distinct traces, that are recorded. 

Next to this, the minimum number of traces that is required to cover for example 80 % 

of the cases can also be of interest to a company. Moreover, the frequency of specific 

traces or specific activity types can help a company to get an insight in which activities 

or sequences of activities should be paid the most attention to. An overview of which 

activities are usually the last activity in a case or the amount of different end activities 

in an event log can be an indication of the number of pending cases. 

The key goal of lean management is avoiding non-value adding activities or waste 

[16]. Activity instances of the same activity type that are executed more than once im-

mediately after each other are in a self-loop (length-1-loop), what might be an indica-

tion of not adding value to the process. Next to this, repetitions of activities in a case, 

not immediately after each other, might also be an indication of waste.  

Another form of waste is batch processing, which can be defined as activities piled 

and handled simultaneously by the same resource [9], [16]. This results in cases waiting 

to be handled while other cases are handled immediately. The importance of identifying 

batch processing in event logs is put forward in [8]. For example, a comparison between 

the duration of activities executed in a batch and the same activities executed not in a 

batch can provide the company with an overview of activities for which it is more ben-

eficial to be handled together instead of handling them immediately at arrival time. 

3 Implementation and Evaluation 

All metrics will be implemented in the R-package edeaR [7], which stands for Explor-

atory and Descriptive Event-based data Analysis in R. To evaluate the added value of 

the metrics, all metrics will be applied to both artificial and real event logs.  

4 Conclusions and Future Work 

From literature, we can infer that plenty of metrics exist for checking the conformance 

of process models with reality or for measuring the performance of discovery algo-

rithms. However, choosing the right process discovery technique and its specific as-

sumptions can be cumbersome for companies that have dynamic and rapidly changing 

processes. Moreover, the resulting process models are not suited for or aimed at de-

scribing objectively the behavior that is inherent to the event log. Therefore, log-based 

process metrics are needed, which provide business people with an objective start to 

look at their processes. All metrics will be discussed with people from industry, imple-

mented in the edeaR-package in R [7] and applied in a real life case study. 

However, some challenges and different perspectives can provide an even better in-

dication of the process behavior observed in an event log. First, the resources level of 

analysis can be of interest to see which worker is executing a task. Next to this, an 
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alternative metric on relevance of a trace, other than frequency, would add incremental 

value to the current metrics. Moreover, other dimensions of behavior can be taken into 

account to provide business people with an overall view of their business processes. 

Finally, metrics should not be considered to be independent from each other. The results 

of one metric can be the input of or complement other metrics as stated in [6]. 
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