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Abstract

Process mining is a relatively new discipline focusing on gaining process-centric knowledge from event logs collected

by enterprise systems. Various techniques have been developed to automatically discover process models, analyze

the compliance of real-life processes to the process models, predict operational frictions, recommend possible actions

to mitigate emerging risks, etc. In recent years, the techniques have been adopted in various industries, such as

healthcare, manufacturing, logistics, and finance. Now there are over 40 commercial products based on process

mining techniques, such as Celonis, SAP Signavio, Minit (Microsoft), MyInvenio (IBM), and open-source tools such

as ProM, PM4Py, and bupaR. In this work, we analyze the process mining literature in depth using text mining and

machine learning techniques. More in detail, we 1) analyze the main research topics in process mining and their

trends, 2) investigate the relationship between the topics, and 3) predict the expansion of the topics in the near future.

To that end, we analyzed 2,207 process mining articles from 2002 to 2021 using a range of techniques such as topic

modeling, exploratory data analysis, network and community detection, and future prediction.
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1. Introduction

The development of SMACIT (i.e., Social, Mobile, Analytics, Cloud, and Internet of Things) and other digital

technologies have enabled the growth of new organizational values with the aim of digital transformation [1, 2, 3].

In particular, there have been many efforts to identify and improve operational processes based on IT-enabled tech-

nologies, and the increase in the availability of data has expedited it [4, 5]. Process mining has emerged in such an

environment and played a crucial role in implementing digital transformation [5, 6].

Process mining is a relatively young discipline focused on deriving process-oriented knowledge from event logs

collected by enterprise systems [7]. The discipline leverages process science, a family of methods for improving

operational processes, including business process management and simulation, and data science deriving value from

data, such as machine learning and artificial intelligence [7].
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Under the circumstances, there have been many approaches to three research branches: (i) technical, (ii) applica-

tion, and (iii) supportive aspects. Regarding the technical viewpoint, many efforts have been devoted to developing

process discovery techniques [8] that automatically produce process models from event logs without prior knowledge

and presenting innovative works on conformance checking [9], process monitoring [10], and predictions [11]. From

the view of the application, i.e., the business perspective, this discipline has provided availability to be applied in

multiple domains, e.g., healthcare, education, services, and manufacturing, and the ability to create a new implication

[12, 13, 6]. Also, from the supportive aspect, process mining has been utilized to enhance efficiency and improve the

accuracy of other disciplines, such as simulation, business process management, and machine learning [14, 7, 15].

Such interests in process mining and researchers’ efforts have guided the advancement and expansion of this

research field. A process mining research community, i.e., the IEEE task force on process mining, has emerged,

and much research has been published in the independent international conference on process mining series. This

well-marked progress requires an in-depth understanding of the research scopes, specific research topics, fashionable

techniques, relationships of research topics, and future trends of process mining. Therefore, it requires a comprehen-

sive review to understand the discipline in essence.

There have been several comprehensive reviews on process mining [8, 16, 17, 18, 19, 20, 21, 22]. Corallo et

al. [21] employ a systematic mapping method to describe research matters, techniques, and applications in process

mining. Zerbino et al. [22] reconcile process mining research based on the multiple viewpoints of contributions,

algorithms, perspectives, sectors, business, and management. In addition, there is research work to detail a specific

topic, including process discovery [8], conformance checking [16], event abstraction [17], and concept drift [18],

while others have handled the applications for a specific context, such as healthcare [19] and education [20].

However, the existing studies employ a qualitative review by a group of experts centered on the authors. Although

knowledge-based reviews by experts have produced mature and worthwhile results, they have some disadvantages

in that it is based on subjective judgments and discussions. As a result, bias or preconceived notions may arise in

recognizing research topics and identifying meaningful trends, and there may be limitations in predicting the potential

for future technology development. As a means of overcoming these limitations, this study attempts to analyze

the process mining literature in depth using text mining and machine learning techniques. That is, we propose a

quantitative literature review method. To the best of our knowledge, this study is the first case of discovering new

values and knowledge by directly utilizing process mining-related literature as data.

In this paper, we prepared the following research questions to clarify the purpose and direction of data analysis.

• RQ1. What are the main research topics of process mining, and how has the trend changed over time?

• RQ2. What process mining techniques are mutually cooperative, and how does each research topic relate to the

other?

• RQ3. How much will process mining evolve and expand in the near future, and what research topics will be the

focus?
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To resolve these research questions, we collected 2,207 process mining articles and conference proceedings from

2002 to 2021. Such documents have been explored with the pre-trained model-based topic modeling, exploratory data

analysis with key features, network and community detection, and future prediction for research trends with a deep

learning model. This research has the following contributions:

• More straightforward results, e.g., research topics and trends, are presented through quantitative analysis, such

as text mining and machine learning.

• Rather than simply enumerating the process mining review results, we describe in-depth analysis outcomes,

such as discovering relationships between research topics and identifying research themes.

• Finally, we suggest a method for identifying the potential of process mining and each specific research topic

through a time-series forecasting model based on historical data.

This paper is organized as follows. A series of methods for deriving process mining research topics and meaningful

bibliometric results are provided in Section 2. Section 3 presents topic modeling results and describes the details of

process mining research fields. Then, Section 4 investigates the discovered research fields with the common aspects

of publications. Section 5 explains the interrelationships between research topics, and Section 6 identifies the future

of process mining. Section 7 discusses the results, and Section 8 concludes this paper by preparing future works.

2. Method

This section proposes a quantitative method for understanding the process mining discipline by analyzing research

fields and trends based on text mining and machine learning. As shown in Figure 1, the proposed framework consists

of five steps: (1) data preparation, (2) research field (RF) identification, (3) RF investigation, (4) RF relation identifi-

cation, and (5) future prediction for RF. In step 1, we prepare a collection of process mining research documents using

a bibliographic search. Then, the feasible data is constructed based on a series of data preprocessing techniques. Step

2 aims to identify research fields by employing the latest topic modeling approach. Afterward, step 3 investigates the

derived research fields on yearly trends, publication types, and nationality. Step 4 identifies the relations between re-

search fields based on network analysis. Finally, we predict the future of each research field by employing a machine

learning technique in step 5.

2.1. Data Preparation

The data preparation aims to build feasible data to understand process mining. To this end, we first exploit a biblio-

graphic search from the Web of Science database produced by Clarivate. The bibliographic search signifies identifying

a suitable collection of research papers by combining publications’ diverse fields, such as authors, keywords, and ab-

stracts, with search words relating to a specific research discipline. In this research, we retrieve research documents

containing process mining and workflow mining in the title, keyword, and abstract. This is because process mining is
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Figure 1: The five steps of the proposed method

the discipline directly connected to this study, while workflow mining is a similar area of research conducted before

process mining was first introduced. Also, only publications written in English in the form of articles and conference

proceedings are extracted. As a result of this, we collect 2,271 research papers.

In the data preprocessing phase, we apply a series of methods to the collected data. First, duplicated records with

the same title and authors are removed from the collected data. These include cases of deriving a partial development

from the previously conducted research or publishing the same article on multiple sites. As such, we delete these 10

redundant records. Second, we remove records that do not contain essential fields of publications, i.e., title, source,

publication type, authorities, abstract, addresses, and year. As such, 55 documents that do not contain any of the fields

are removed from the data, leading to a total of 2,207 publications as the feasible dataset. Also, we eliminate numbers,

symbols, and stopwords in the abstract of the papers since these are the factors hindering effective topic extractions

when a topic modeling approach is applied. In addition to this, we apply case conversion and lemmatization, i.e., the

most fundamental preprocessing for text data, to reduce unnecessary noise and increase the accuracy of the results.

2.2. Research Field Identification

Based on the feasible data related to the process mining discipline derived from the previous step, this step aims

to derive specific research fields based on topic modeling techniques. Topic modeling is a text mining technique

that identifies the topics in a collection of words or documents by discovering the hidden semantic structure of doc-

uments [23]. There are several popular techniques, such as Latent Semantic Analysis [24], Latent Dirichlet Allo-

cation [25], and BERTopic [26]. In this work, we employ BERTopic to utilize a pre-trained language model, e.g.,
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BERT(Bidirectional Encoder Representations from Transformers) [27], to compensate for the short history of the

process mining field.

BERTopic consists of three steps: document embedding, clustering, and topic representation. First, the document

embedding produces real-valued vectors for given words and sentences using a BERT-based pre-trained language

model. A BERT framework is an approach that only employs the self-attention of the encoder in the transformer

structure, which is one of the representative generation-based self-supervised learning methods that derive semantic

features of language using masked sentences as input. Based on this framework, numerous pre-trained language

models have been constructed, and we utilize sentence-BERT(SBERT) pre-trained model to embed our data into

vector spaces. Second, the embedded data are clustered to group documents with similar topics into the same clusters.

To that end, we apply dimension reduction techniques [28], e.g., PCA, t-SNE, and UMAP, and clustering techniques

[29], including K-means and HDBSCAN. Finally, the topic representation step produces a collection of important

keywords for each cluster to understand the topics. A class-based TF-IDF is used for this purpose and formalized as

follows:

Wx,c = t fx,c · log
(
1 +

A
t fx

)
(1)

, where c is a cluster derived as a result of clustering and x a term included in cluster c. Here, t fx,c indicates the

Term Frequency (TF) of x in cluster c. t fx and A represent the TF of x in the whole document before clustering and

the average number of words per class, respectively. Then, the Inverse of Document Frequency (IDF) becomes the

logarithm of A divided by t fx. Note that 1 is added to hinder the output of the negative value. By combining these two

values, i.e., TF and IDF, we measure the importance of the term x in cluster c.

Based on a set of clusters and the critical keywords for each cluster, we transform the discovered clusters into

meaningful research fields. As such, a qualitative method based on expert reviews is used, and as a first step, candidates

of research fields are derived by analyzing keywords included in each cluster. After that, we reconstruct and group

the research fields in consideration of the goals and surroundings and finalize a set of the research fields of a specific

discipline. The results will be explained in Section 3.

2.3. Research Field Investigation

This step investigates the derived research fields to obtain meaningful insights by identifying common aspects

of them. In this regard, this study focuses on the three viewpoints among the multitude: yearly pattern analysis,

bibliographic analysis, and geographical analysis.

First, the yearly patterns attempt to find out the trends for process mining and the specific research fields over time.

To this end, it is possible to determine the exemplars of the advancement of research topics, such as dominant groups

that have been in the spotlight from the past to the present, skyrocketing groups that have recently gained attention,

and deep-cut groups that do not currently receive interests unlike in the past.
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Second, the bibliographic analysis investigates the publication types of the process mining discipline. In detail, we

can figure out what type of publications the researchers prefer, i.e., journals or conference proceedings, for the whole

discipline and each category. Also, it delivers the most popular sources of research papers in the process mining field,

which helps to understand what sources people consider to be a target for publication on a particular topic.

The geographical analysis aims to identify which geographical areas are the most advanced to study in process

mining. To this end, we only consider the nationality of the corresponding authors of articles to make it more clear.

The results for the yearly pattern analysis, bibliographic analysis, and geographical analysis will be presented in

Section 4.

2.4. Relation Identification

This section presents a network analysis method to obtain insights into the relationship between the research fields.

The network analysis method used in this study is similar to a typical social network. In other words, the network is

composed of research topics as nodes and the similarity between topics as edges [30]. To accomplish this, we perform

a series of steps: keyword extraction for each research topic, similarity measurement between research topics based

on the keywords, network derivation, and community detection.

The keyword extraction aims to derive key terms of research topics that are used as the inputs of the similarity

measurement. To this end, we do not consider the results from topic modeling because the goals for performing these

tasks are different. In the research field identification step, the method, i.e., class-based TF-IDF, aims at elicitating

keywords representing only a specific topic but not included in other groups. However, it is necessary to investigate

keywords that can describe a particular group rather than comparing different groups for this similarity analysis.

For this reason, we employ an alternative method to resolve these issues. It is possible to use all kinds of effective

methods, including YAKE! [31], KP-Miner [32], RakUn [33], LexRank [34], and SIFRank+ [35]. Among them, we

utilize YAKE!, i.e., an unsupervised lightweight statistical method that derives the most relevant keywords based on

the statistical text features due to the advantage of few restrictions on document size and a high-quality of extracted

keywords.

Next, the similarity measurement aims to investigate the noticeable relations between research fields to build a

network. To that end, we adopt the Jaccard similarity commonly employed in the natural language processing area

[36]. The Jaccard similarity is defined as follows:

J (KA,KB) =
|KA ∩ KB|

|KA ∪ KB|
=

|KA ∩ KB|

|KA| + |KB| − |KA ∩ KB|
(2)

, where KA is the set of keywords for research topic A and KB is the set of keywords for research topic B extracted by

YAKE!. KA and KB are directly compared to assess how much they overlap quantitatively. Note that the similarity is

calculated as 1 when all the items of two fields are overlapped and 0 in the opposite case.

Next, the network derivation aims to derive graph G = (V, E, #,w) based on the similarity between research topics.

The set of nodes V = RF × T is a set of pairs of a research field and a time step, e.g., (r f , t) ∈ V is the node for
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the research field r f ∈ RF at time t ∈ T . The set of edges E ⊆ V × V is a set of node pairs such that, for any

e = ((r f1, t1), (r f2, t2)) ∈ E, r f1 = r f2. A count function # ∈ V → N maps nodes to publication counts. A weight

function w ∈ E → R maps edges to Jaccard similarities, i.e., for any e = (v1, v2) ∈ E, w(e) = J (kw(v1), kw(v2)), where

kw is a function mapping a node to a set of keywords.

The derived network basically has the advantage of grasping the relationship between research topics at a glance.

Nevertheless, our study intends to in-depth explore the relationship among the research fields based on a community

detection method. Community detection refers to assembling nodes with high connection density into a single group

[37]. Through this, it is possible to analyze which communities exist on the entire network and what characteristics

each community has. In this study, we employ Louvain algorithm that can derive a community in a quick and

effective manner [38]. The Louvain algorithm utilizes modularity to compare the density of links of inner- and inter-

community. More in specific, this algorithm uses the modularity delta concept defined in Equation 3, which aims to

determine whether shifting a specific node v into a community C is feasible.

∆Q(v→ C) =

∑in +kv,in

2m
−

(∑
tot +kv

2m

)2 − ∑in

2m
−

(∑
tot

2m

)2

−

(
kv

2m

)2 (3)

In the formula, m,
∑

in, and
∑

tot indicate the sum of all link weights in the network, the sum of link weights

between nodes in community C, and the sum of all link weights of nodes in C, respectively. Also, kv,in is the sum

of link weights between nodes in C and node v, whereas kv is the sum of all link weights of node v. The modularity

delta, ∆Q, represents the difference in modularity contribution before and after merging node v in the community C,

i.e., optimization. This phase is repeated until the modularity is optimized, and the finally obtained communities are

compressed into super-nodes, i.e., aggregation. After that, the optimization of the modularity delta at the super-nodes

level continues. We obtain a set of communities by persisting these two optimization and aggregation steps.

The results for the similarity measurement, network detection, and community detection will be presented in

Section 5.

2.5. Future Prediction

This section aims to predict future research trends for the identified research fields. To this end, this work employs

the results of previous steps in the method part. More in detail, we build a prediction model to predict the number

of papers for each research field in the future based on the given historical number of papers for fields and their

similarities. Also, we employ Long-Short Term Memory neural networks (LSTM) since it is robust for learning

temporal dependency [39].

In order to predict the number of publications in a specific research field in the future, we use a three-dimensional

publication presentation matrix R ∈ R|RF|×|RF|×|T | where RF and T are the set of research fields and time steps, respec-

tively. As shown in Figure 2(a), an element of the matrix, ri, j,t ∈ R, refers to the contribution value of research field r fi

at time step t − 1 to research field r f j at time step t. Given network G = (V, E, #,w) used in Subsection 2.4, ri, j,t ∈ R is

formalized as follows:

7



Figure 2: (a) Three-dimensional publication representation matrix, (b) Feature vector, (c) Training and prediction procedures

ri, j,t =
w((r fi, t − 1), (r f j, t))∑

1≤k≤|RF| w((r fk, t − 1), (r f j, t))
× #((r f j, t)) (4)

, where (r fi, t − 1) ∈ V indicates research field r fi at time step t − 1 and (r f j, t) ∈ V indicates research field r f j at time

step t.

Next, we transform the three-dimensional publication presentation matrix R ∈ R|RF|×|RF|×|T | into a feature vector

F ⊆ R|RF| such that, for any f vt ∈ F, f vt = [ f v1,t, f v2,t, . . . , f v|RF|,t] where f v j,t = [ri, j,t |1 ≤ i ≤ |RF|] for 1 ≤

j ≤ |RF|, as shown in Figure 2(b). For instance, f v1 = [ f v1,1, f v2,1, . . . , f v|RF|,1] is a feature vector at time t = 1

where f v1,1 = [r1,1,1, r2,1,1, . . . ] indicates the contribution values of all research fields to research field r f1 at t = 1,

f v2,1 = [r1,2,1, r2,2,1, . . . ] indicates the contribution values of all research fields to research field r f2 at t = 1, etc.

As shown in Figure 2(c), the LSTM model is trained to predict the feature vector at t + 1, given the last 1 ≤ p ≤ t

feature vectors. Therefore, the i-th training sample consists of x(i) = [ f vi, f vi+1, . . . , f vi+p−1] and y(i) = f vi+p. For

instance, given p = 3, the first training sample consists of x(1) = [ f v1, f v2, f v3] and y(1) = f v4, while the second

training sample consists of x(2) = [ f v2, f v3, f v4] and y(2) = f v5. Based on the predicted feature vector at t + 1, i.e.,

f vt+1, we compute the predicted number of papers, for research field r f j at t+1, i.e., R j,t+1, as
∑

1≤i≤|RF|[ri, j,t ∈ f v j,t+1].

3. Identification of research fields in process mining

In this section, we explain the topics discovered from the topic modeling presented in Subsection 2.2. First, we

map each discovered topic into the existing field of process mining by analyzing the keywords and group the topics
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into three categories by qualitatively analyzing the similarity between topics. Next, we explain the individual topics

in detail according to the categories.

3.1. Topic Mapping & Grouping

First, we map the discovered topics from text mining to the existing fields in process mining by analyzing the

keywords representing each topic. Figure 3(a) shows the discovered topics mapped to the existing fields in process

mining. For instance, topic 6 is mapped to general process discovery since it contains keywords such as discovery,

discovered, discovering, etc. Topic 7 is mapped to conformance checking since its keywords include conformance,

compliance, checking, etc. Moreover, Topic 29 is mapped to healthcare since it includes keywords such as patient,

clinic, hospital, etc.

Next, we categorize the topics 1) by merging the topics that share the same goals and 2) by classifying them

into three categories. We merge the topics based on the similarities in the associated fields, as shown in Figure 3(b),

resulting in 32 merged topics. For instance, workflow mining, genetic algorithm-based mining, region-based mining,

pattern mining, Petri-nets, and general process discovery are merged into process discovery since they all aim to

discover process models from event logs (but in different formalism with different approaches). Conformance checking

and alignments are merged into conformance checking since alignments is an approach to conformance checking.

Moreover, smart artifacts and Internet of Things (IoT) security are merged into IoT.

We group the merged fields into three categories: Technique, Application, and Support. The technique cate-

gory contains process mining techniques, whereas the application category contains topics that focus on applying

such process mining techniques in different domains such as healthcare, software, education, manufacturing, etc. In

addition, the support category contains topics that provide the fundamentals for the development of process mining

techniques. Figure 3(c) shows the grouping of different fields. For instance, process discovery, conformance checking,

and performance-driven process mining are classified into the technique category, whereas healthcare, software, and

education are grouped into the application category. Moreover, machine learning, business intelligence, and business

process management are categorized into the support category.

3.2. Topic Description

In this subsection, we explain the 32 merged topics from the previous subsection based on the three categories.

3.2.1. Technique Category

Figure 4 shows a word cloud representing keywords that explain topics that belong to this category. The keywords

include workflow, discovery, algorithm, behavior, time, and trace.

Below are the topics in the technique category:

• T1: Process Discovery (451 articles) aims to discover process models from event logs. Different articles

propose different process discovery techniques by varying the modeling formalism of the discovered process

9



Figure 3: (a) Mapping 47 discovered topics to 47 existing fields of process mining based on the associated keywords, (b) Merging 47 research

fields into 32 fields, (c) Classifying 32 research fields into three categories

model, such as Petri nets, BPMNs, UML diagrams, etc. Moreover, for the same modeling formalism (e.g., Petri

nets), different articles propose different approaches (e.g., region-based approaches, genetic algorithm-based

approaches, etc.).

• T2: Conformance Checking (136 articles) aims to compute the conformance of event logs to process mod-

els using various conformance measures. Different articles propose different techniques to tackle different
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Figure 4: Word cloud representing keywords associated with the technique category

conformance measures (e.g., fitness, precision, simplicity, and generalization). Among different approaches

to computing such conformance measures, alignment-based techniques are distinguished as the most-frequent

subtopic, studied in 28 articles.

• T3: Performance-driven Process Mining (52 articles) aims to compute performance measures from event

logs. Different articles deal with performance measures from different perspectives: case perspective (e.g., the

throughput time of cases), activity perspective (e.g., the service time of activities), and resource perspective

(e.g., the workload of resources).

• T4: Organizational Mining (71 articles) aims to analyze organizational aspects of business processes based

on event logs. Subtopics include 1) discovering the organization of business processes, 2) discovering the social

network of business processes, and 3) discovering resource allocation rules.

• T5: Process Monitoring (71 articles) aims to monitor business processes by analyzing streaming event logs.

Different techniques focus on different monitoring targets. For instance, anomaly detection focuses on moni-

toring cases in a business process that show infrequent/anomalous behavior. Concept drift detection focuses on

monitoring change points in a business process.

• T6: Predictive Process Monitoring (51 articles) aims to predict process behavior by learning prediction

models from event logs. 51 articles belong to this topic. Different techniques focus on predicting different

process behavior (e.g., the next activity of cases, the service time of activities, and key performance indicators

of business processes). Moreover, different approaches are taken for learning prediction models, including ones

based on process models, ones based on machine learning algorithms, etc.

• T7: Trace Clustering (48 articles) aims to produce clusters of process instances (i.e., traces) from event
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logs. Different techniques focus on 1) deriving process features that represent process instances, 2) computing

coherent clusters using different clustering algorithms, 3) and explaining the discovered clusters.

• T8: Streaming Process Mining (17 articles) aims to analyze streaming event logs, unlike other process mining

techniques that analyze historical event logs. Different techniques focus on 1) storing streaming event logs, 2)

discovering process models from streaming event logs, and 3) checking the conformance of running process

instances.

• T9: Semantic Process Mining (25 articles) aims to leverage semantic information in the form of knowledge

graphs and process ontology to enhance the existing process mining techniques. Different techniques focus on

enhancing different process mining techniques using different forms of semantic information.

• T10: Process Model Repair (18 articles) aims to support repairing process models to reflect reality. Existing

techniques first uncover differences between observed behavior (i.e., event logs) and modeled behavior (i.e.,

process model) and then modify process models while ensuring the soundness of the model.

• T11: Variant Analysis (17 articles) aims to analyze different forms of variants existing in business processes.

First, process variant analysis aims to improve the original reference model such that it fits variant process

models. Second, trace variant analysis aims to analyze unique sequences of activities by different process

instances based on event logs.

• T12: Privacy-preserving Process Mining (15 articles) aims to protect event data privacy such that the data

conform to privacy regulations on the technical design and the organizational application of process mining

techniques. Existing work provides privacy-preserving data publishing techniques to anonymize event data

while maintaining the utility of the data.

• T13: Process Mining Framework, Guideline, & Tool (72 articles) aims to provide frameworks to develop

process mining techniques, guidelines to apply process mining techniques in various domains, and tools to

support the implementation of process mining techniques. The ProM framework provides a software framework

to support the process mining tooling, and the process mining manifesto describes opportunities and challenges

in process mining.

• T14: Event Logs (101 articles) provides various techniques to support the management of event logs. First,

extraction techniques support the extraction of event logs from source systems (e.g., SAP ERP systems). Sec-

ond, sampling techniques support the sampling of event logs to enhance the performance of various process

mining techniques such as conformance checking. Finally, log quality techniques support the assessment of log

qualities and their enhancement, e.g., by handling missing information.
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• T15: Process Mining Visualization (18 articles) aims to provide various visualizations of process mining

insights. Existing techniques focus on improving the visualization of process models by applying graph layout

algorithms and supporting the visualization of social networks using various diagrams, e.g., Chord diagram.

• T16: Process Model Comparison (13 articles) aims to analyze the similarity of process models. Some of the

techniques analyze the structure of process models, whereas others analyze the semantics of process models.

• T17: Others (56 articles) contains articles that provide the design/implementation of process mining tech-

niques but do not belong to a specific existing field. Such articles deal with Big Data, agile development,

natural language processing, etc.

3.2.2. Application Category

Figure 5 shows a word cloud representing keywords that explain topics that belong to the application category.

The keywords include case study, healthcare, knowledge, and application.

Figure 5: Word cloud representing keywords associated with the technique category

Below are the topics in the application category:

• A1. Healthcare (267 articles) aims to analyze healthcare-related business processes using process mining

techniques. Existing articles present clinical pathway patterns from medical behaviors and analyses of the

length of hospital stay based on process discovery and performance-driven process mining techniques.

• A2. Software (103 articles) aims to analyze software development processes and software behavior using

process mining techniques. Whereas the former focuses on analyzing business processes related to software

developments, the latter focuses on the system/user behavior of the developed software.
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• A3. Education (78 articles) aims to analyze the learning processes of students in different formats of education,

e.g., online learning, self-regulated learning, etc. Process discovery techniques are often deployed to provide an

overview of students’ learning behavior.

• A4. Manufacturing (51 articles) aims to analyze end-to-end manufacturing processes, including planning

(i.e., balancing demand and supply), sourcing (i.e., procuring materials), making (i.e., transforming materials to

finished products), delivering (i.e., providing finished products to retailers), and returning (i.e., managing used

products) processes. Various manufacturing domains have been studied, such as semiconductor manufacturing,

make-to-order manufacturing, the automotive industry, etc.

• A5: Logistics (12 articles) aims to analyze business processes related to logistics and storage management.

The application focuses on predicting the Estimated Time of Arrival (ETA), scheduling transport, improving

warehouse layout, etc. The proposed applications rely on tagging systems such as the Radio Frequency Identi-

fication (RFID) system to identify the movement of goods.

• A6: Internet of Things (50 articles) aims to analyze the data generated or captured by the Internet of Things

(IoT) using process mining techniques. On the one hand, the existing application focuses on analyzing human

behavior patterns, e.g., the behavior pattern of residents in a nursing home based on a wireless tracking system.

On the other hand, the application concerns the detection of misbehavior in IoT-based systems to enhance the

security of the system.

• A7: Web and Cloud Services (32 articles) aims to analyze processes in Web and Cloud services, e.g., Google

Cluster, to optimize resources. To that end, process mining techniques are used to discover user behavior by

analyzing execution logs and monitoring the violation of business constraints. Furthermore, the insights from

process mining techniques are used to optimize the scheduling of resources.

• A8: E-business (18 articles) aims to analyze customer journeys in online business processes on the web.

The existing application uses the click stream data of users to automatically discover customer journey maps.

Comparative process mining techniques are applied to compare the behavior of different types of customers,

e.g., the behavior of bargain shoppers and surgical shoppers.

• A9: Customer Support Services (15 articles) aims to analyze business processes of help desks and customer

services that resolve reported issues. As well as the insights from process mining are used to improve the

process, they are used to develop new customer support services, e.g., adaptive automated teller machines

based on the insights from the usage analysis of automated teller machines.

• A10: Protocols (13 articles) aims to analyze protocols of software systems. On the one hand, the existing

application aims to discover protocols of proprietary legacy software systems, e.g., TCP/IP-Protocol. On the
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other hand, the application concerns the detection of anomalies in protocol traces, e.g., a mail bonnet attack in

DNS protocol traces.

• A11: Others (121 articles) contains articles that employ process mining but do not belong to a specific domain.

Such articles are engaged in the following domains: e-mail, smart manufacturing, industry 4.0, robotic process

automation), blockchain, etc.

3.2.3. Support Category

Figure 6 shows a word cloud that represents keywords explaining topics in this category. The keywords include

user, resource, knowledge, and modeling.

Figure 6: Word cloud representing keywords associated with the technique category

Below are the topics in the support category:

• S1: Machine Learning and Business Intelligence (73 articles) relates techniques for machine learning and

business intelligence to enable process mining techniques such as process discovery, conformance checking,

performance analysis, etc. For instance, statistical relational learning supports the discovery of process models,

and frequent itemset mining supports organizational mining.

• S2: Business Process Management and Business Process Redesign (77 articles) relates techniques in busi-

ness process management and business process redesign. The formal provides the fundamentals of process

models that are used as modeling formalism employed in process discovery techniques, whereas the latter in-

troduces redesign patterns in business processes that support the process improvement based on the insights

from process mining techniques.

• S3: Process Simulation (40 articles) refers to the study related to discrete event simulation of business pro-

cesses. Based on the existing simulation techniques, process mining provides techniques for discovering such
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simulation models to automate the design and implementation of the simulation models. Some techniques auto-

matically discover simulation models with more advanced constructs, such as the presence of multitasking and

availability constraints.

• S4: Decision Support (16 articles) refers to the design and implementation of decision support systems. The

suggested decision support systems support the adoption of process mining techniques to realize informed

decisions based on data-driven insights and automatically generate recommendations (i.e., decisions).

4. Investigation into research fields in process mining

This section investigates the research fields derived in Section 3 based on the relevant common aspects: yearly

patterns, bibliographic analysis, and geographical analysis.

4.1. Yearly Patterns

Figure 7 presents the number of publications in each research field by year. As depicted in the figure, the pro-

cess mining discipline was introduced in the early 2000s and has been gradually developed due to many efforts. In

particular, the number of publications has been over 100 since 2013, and almost half of the papers were published

in the last five years. In other words, this field has recently received more attention. Also, compared to the support

category, both technique and application domains have been in the same flow by year. That is, a bunch of applications

specialized in various industries has appeared with the development of numerous process mining techniques.

Figure 7: The number of publications in each category by year

Next, we explore the yearly patterns for each research field in the fine-grained viewpoints, which aims at clas-

sifying them into the following archetypes: dominant, skyrocketing, and deep-cut patterns. Figure 8(a) presents the

number of publications by year for each research field in the technique category.
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(a) Technique category

(b) Application category

(c) Support category

Figure 8: The number of publications in each research field by year
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In the technique category, process discovery (T1), conformance checking (T2), and process mining framework,

guideline, & tool (T13) belong to the dominant groups. For example, T1 is the most fundamental field in the process

mining discipline. In other words, it has been constantly studied every year, and new algorithms have been developed

even recently. More in detail, this field first appeared as workflow mining techniques, such as alpha-algorithm. Also,

it covered both initial process discovery algorithms, e.g., heuristic mining and fuzzy mining, and modern techniques,

e.g., inductive mining.

Moreover, researchers in the process mining community have taken a keen interest in conformance checking, i.e.,

T2. It first emerged with initial research on measuring conformance based on the token replay approach in 2008.

Since then, it has been steadily researched and stands as an essential research topic in process mining with modern

techniques, such as multi-perspective, stochastic, and online conformance checking. Regarding T13, we can easily

understand that they belong to the dominant group since process mining framework, guideline, and tools are the

essential components of process mining.

As far as the skyrocketing patterns are concerned, we can consider process monitoring (T5), predictive process

monitoring (T6), privacy-preserving process mining (T12), and event logs (T14) in the technique category. Process

monitoring and predictive process monitoring, i.e., research areas that have expanded from the naive performance

analysis, have achieved much growth with the development of machine learning-related technologies in recent years.

Research on T5 has been more actively published since 2017 with the aim of catching sudden changes in performance

measurements in the process environment with machine learning approaches, including anomaly detection and con-

cept drift. On the other hand, predictive process monitoring, i.e., T6, has received much attention since 2019 based

on multiple deep learning algorithms to predict performance at the process instance level. Regarding T12, there have

been some efforts to preserve the privacy of event logs in recent years, with a trend that data security has become

essential in the data science field. Also, T14 has been steadily progressing in research in various directions, including

event abstraction, complex event processing, data cleansing, and quality. Furthermore, it has recently received strong

attention due to the emergence of a new type of event logs, e.g., object-centric event logs.

Lastly, we classify the process model comparison topic (T16) into the deep-cut group. This topic aims to compare

the two given process models structurally, and recent studies have been reduced due to limitations in their utilization

and, thus, low demands for new technological developments.

The yearly pattern results for the application and support categories are depicted in Figure 8(b) and Figure 8(c),

respectively. Among the research fields, the followings are included in the dominant group: healthcare (A1), software

(A2), education (A3), manufacturing (A4), machine learning and business intelligence (S1), and business process

management and business process redesign (S2). The healthcare domain is one of the representative fields where

process mining is actively and steadily employed. The articles in this field have covered various healthcare processes,

including outpatient, inpatient, and emergency departments, and they triggered the publication of review papers on

process mining in healthcare. In addition, process mining has been consistently applied to the software, education,

and manufacturing areas from the past to the present. In the support category, the number of publications in S1 and
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S2, i.e., machine learning and business process management, is insufficient compared to other classes, but these also

have been popular subjects for researchers. Also, we identify only two research fields in the application category,

i.e., internet of things (A6) and e-business (A8) are considered as the skyrocketing groups, whereas customer support

services (A9), protocols (A10), and decision support (S4) are the topics deep-cut.

4.2. Bibliographic analysis

This section aims to obtain new insights about bibliographic features by research fields and the whole process

mining discipline. In more detail, we investigate the proportions of publication types and specific sources mainly

published in process mining.

First, Figure 9 shows the result of comparing the proportions of articles according to the publication type for each

category and the whole. The process mining discipline has published 32% of journal articles and 68% of conference

proceedings, which is similar to the distribution of general computer science disciplines. In addition, by exploring the

results at the category level, we can identify that application-oriented articles have been published more in journals

than those in the technique and support categories.

Figure 9: The proportions of publication types in process mining

Next, we perform the same analysis for each research field, and Figure 10 presents its results. It is recognizable

that the number of conference proceedings exceeds that of journal articles in most cases. Specifically, semantic pro-

cess mining (T9), process mining framework, guideline, & tool (T13), customer support services (A9), and decision

support (S4) have a significantly higher proportion of conference proceedings. On the other hand, the number of

journal articles is more than the number of conference proceedings in logistics (A5) and process model repair (T10).

Next, we identify the most frequently published publication sources in journals and conference proceedings for

each category and the whole discipline. Table 1 describes the results to identify the top seven sources of publications.

Many journal articles have been published in the disciplines of computer science, information systems, software
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Figure 10: The proportions of publication types for each research field

engineering, and management science, such as Information Systems, Expert Systems with Applications, Decision Sup-

port Systems, and Software and Systems Modeling. This tendency is similar in the technique and support categories.

However, the application-oriented articles show disparate results, i.e., they have been published in multi-disciplinary

journals focusing on producing case studies of process mining, such as IEEE Access, Applied Sciences, and Sen-

sors. Furthermore, domain-specific journals, e.g., the healthcare-specialized, are listed in Table 1 as well, including

International Journal of Environmental Research and Public Health and Journal of Biomedical Informatics.

As far as the conference proceedings are concerned, there is no significant discrepancy in results by the whole

and each category. Most of the research papers have been published in conferences on Business Process Management

(BPM), Advanced Information Systems Engineering (CAiSE), Enterprise Information Systems (ICEIS), and On The

Move To Meaningful Internet Systems (OTM). After the initialization of the Process Mining Conference (ICPM) in

2019, a large number of up-to-date research articles have been published through this.
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Table 1: The top 7 journals and conference proceedings by the whole and categories

Journal Conference Proceedings

Information Systems Business Process Management (BPM)

IEEE Access Advanced Information Systems Engineering (CAiSE)

Expert Systems with Applications Enterprise Information Systems (ICEIS)

Decision Support Systems ICT and Knowledge Engineering (ICT-KE)

Software and Systems Modeling On The Move To Meaningful Internet Systems (OTM)

IEEE Transactions on Services Computing Process Mining (ICPM)

Applied Sciences Enterprise Distributed Object Computing (EDOC)

Information Systems Business Process Management (BPM)

IEEE Access On The Move To Meaningful Internet Systems (OTM)

Expert Systems with Applications Advanced Information Systems Engineering (CAiSE)

Software and Systems Modeling Enterprise Information Systems (ICEIS)

Decision Support Systems Enterprise Distributed Object Computing (EDOC)

IEEE Transactions on Services Computing Process Mining (ICPM)

Data and Knowledge Engineering Conceptual Modeling (ER)

International Journal of Environmental Research

and Public Health

Business Process Management (BPM)

IEEE Access ICT and Knowledge Engineering (ICT-KE)

Expert Systems with Applications Enterprise Information Systems (ICEIS)

Journal of Biomedical Informatics Biomedical Engineering Systems and Technologies

(BIOSTEC)

Applied Sciences Learning Analytics & Knowledge (LAK)

Sensors Advanced Information Systems Engineering (CAiSE)

Information Systems Process Mining (ICPM)

Information Systems Business Process Management (BPM)

Software and Systems Modeling Advanced Information Systems Engineering (CAiSE)

IEEE Transactions on Services Computing Enterprise Information Systems (ICEIS)

Expert Systems with Applications Simulation Conference (WSC)

Decision Support Systems Process Mining (ICPM)

Data and Knowledge Engineering Enterprise Distributed Object Computing (EDOC)

Computers in Industry Business Information Systems (BIS)
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4.3. Geographic Analysis

The final goal of investigating research articles in process mining is to identify the discrepancy of geographical

aspects by research fields. To this end, we uncover the leading countries that frequently publish process mining

articles. To obtain more explicit insights, we analyze the country where the affiliation of the corresponding author of

each paper is located. Table 2 describes the results of this.

Table 2: The top 7 countries by the whole and categories

Whole Technique Application Support

Netherlands Netherlands Italy Germany

China China China Netherlands

Italy Germany Netherlands China

Germany Italy Spain Brazil

Spain Australia France France

South Korea South Korea Germany Spain

France U.S. Thailand Belgium

C
ou

nt
ry

Based on the results, we can identify that the Netherlands has occupied the most dominant position in the process

mining discipline. In addition, China, Italy, and Germany have remarkably contributed to the development of the

process mining field as well. These four countries have published almost 40% of the whole research articles, especially

the Netherlands and China occupied 12.9% and 10.7% of the total, respectively.

The technique category shows a similar pattern to the whole process mining discipline. The Netherlands, China,

Germany, and Italy have also contributed significantly to technique-related publications. However, unlike the overall

distribution, many techniques have been developed in Australia and the United States as well. The application-

oriented articles have been published by authors in Italy, China, and the Netherlands. Besides, Spain and France also

have contributed to the emergence of the application of process mining to various domains. In the support category,

Germany and the Netherlands have occupied a large part of this. In addition, Brazil and Belgium are also included in

the list as the key regions for the support field.

5. Relation identification between research fields in process mining

This section aims at discovering noticeable relations between research fields in process mining. To achieve this

objective, we employed a series of methods, e.g., similarity analysis, network construction, and community detection,

as introduced in Subsection 2.4.
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5.1. Similarity analysis

Before measuring the similarity between research fields, we apply YAKE! presented in Subsection 2.4 to extract

principal terms to represent them. Then, we measured the similarity between research fields based on the Jaccard

similarity method. Figure 11 describes the result of the Jaccard similarity measurements between research topics.

Figure 11: The Jaccard similarity results between research fields

In Figure 11, grey-filled items represent relations that have relatively high similarity values compared to others.

Regarding the intra-relations of research topics belonging to the same category, we can identify high similarities

between topics within the technique category and the support category. However, compared to these, the research

topics in the application category have weak connectivity among each other. That is, applications in different domains

apply different goals, techniques, and tools, leading to less intersection with each other.

Regarding the inter-relations of research fields between the different categories, we can identify that the topics in

the technique and support categories have high similarities. On the contrary, it is hard to find meaningful relations

between the application and other categories. This is because the extracted keywords for the application category are

mainly relevant to a specific domain.

Next, we focus on the similarities between the individual research fields in the technique category. First, there is a

strong relationship between process discovery (T1) and other fields, such as conformance checking (T2), performance-

driven process mining (T3), process mining framework, guideline, & tool (T13), event logs (T14), and others (T17).

This indicates that process discovery has played a pivotal role in process mining, linked to other research topics such as

conformance checking, event logs, and performance-driven techniques. Also, process mining framework, guideline,

and tool (T13) has high similarity values with not only process discovery (T1) but also conformance checking (T2),

semantic process mining (T9), and process mining visualization (T15). Thus, various technical algorithms have been
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developed to utilize a process mining framework or tool as a standard. In addition, it is noteworthy that there is a

high similarity between trace clustering (T7) and variant analysis (T11) since both topics pursue the similar goal of

analyzing processes at a fine-grained level.

In the application category, there is no notable identification of the relationships, whereas the research fields in the

support show high similarities with multiple topics in the technique category. More in specific, a couple of research

topics, e.g., machine learning & business intelligence (S1) and BPM & BPR (S2), show a high similarity with the

technical algorithms, e.g., process discovery, organization mining, and process mining visualization. Also, BPM &

BPR (S2) and process simulation (S3) have been studied with performance-driven process mining, indicating that it

plays an essential role in implementing business processes.

5.2. Network derivation and community detection

Based on the results obtained in previous sections, we first discover a network representing relations of research

fields. Figure 12(a) presents the derived network.

(a) The network of research fields (b) The derived communities in the network

Figure 12: The results for network derivation and community detection

In the network, nodes indicate the research fields identified in Section 3, whereas edges indicate the similarity

between the research fields measured in Subsection 5.1. Also, the node size indicates the number of publications be-

longing to each research field, while the thickness of the edge represents the degree of similarity. Based on the derived

network, we can recognize that many studies have focused on process discovery (T1), conformance checking (T2),

healthcare (A1), and software (A2) topics. Also, process discovery (T1) and process mining framework, guideline,

and tool (T13) have been the central points to connect other research fields, as discussed in Subsection 5.1.

Next, we derive research communities by applying the Louvain algorithm on the basis of the network. Figure 12(b)

depicts the derived communities. Applying the modularity delta threshold of 2.21 in discovering communities, we

found four groups, e.g., representative, organizational, performance-centric, and manufacturing & IoT communities,

and six individual topics.
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• Representative community is composed of process discovery (T1), conformance checking (T2), streaming

process mining (T8), semantic process mining (T9), process mining framework, guideline, & tool (T13), event

logs (T14), others (T17), healthcare (A1), and software (A2). This community includes process discovery, con-

formance checking, healthcare, and software research fields where active research has been steadily conducted

since the past. In addition, research on event logs and process mining frameworks, guidelines & tools are

included in this community. Also, we can identify a couple of cutting-edge process mining techniques, includ-

ing semantic process mining and streaming process mining. These are emerging research fields derived from

process discovery and event log topics. Based on these results, we understand that this community represents

process mining and consists of the most fundamental components of this discipline.

• Resource-oriented community is composed of organizational mining (T4), privacy-preserving process mining

(T12), process mining visualization (T15), web and cloud services (A7), e-business (A8), machine learning and

business intelligence (S1), Business process management and business process redesign (S2), and decision sup-

port (S4). This community represents the research topics from the business process management perspective,

centered on resources and organizations. Specifically, it includes organizational mining and process mining vi-

sualization, e.g., social networks, in the technique category. In addition, a couple of support research fields, e.g.,

business intelligence and BPM, belong to this community, where resource-oriented data are actively utilized.

Also, this community holds the web service and E-business fields in the application area.

• Performance-oriented community consists of performance-driven process mining (T3), process monitoring

(T5), predictive process monitoring (T6), trace clustering (T7), variant analysis (T11), process model com-

parison (T16), and process simulation (S3). Unlike the prior two communities, the technical research topics

comprise most of this community. In particular, performance-driven process mining plays a key role, and other

relevant research topics are connected to this. For example, a series of connections of similar technologies, such

as performance-driven process mining, process monitoring, and predictive process monitoring, show changes in

technological trends and advancements. In addition, trace clustering, variant analysis, and process model com-

parison technologies have mutual similarities. In more detail, sub-event logs derived through trace clustering

have been utilized as input for the variant analysis and process model comparison. Finally, process simulation

aligns with process mining-based performance measurement and scenario analysis.

• Manufacturing & IoT community invloves manufacturing (A4) and internet of things (A6). This community

implies that sensor-based event logs in various domains, especially manufacturing environments, have been col-

lected, and numerous case studies based on these have been conducted to analyze the end-to-end manufacturing

processes.

Also, six individuals are not included in the communities: process model repair (T10), education (A3), manufac-

turing (A5), customer support services (A9), protocols (A10), and others (A11). Most of these research fields belong
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to the application category, and they selectively utilize different algorithms to resolve problems for a specific domain.

Also, the process model repair is independent of the communities because it has only been conducted recently and is

slightly linked to many other topics.

6. Forecasting future trends of research fields in process mining

This section aims to analyze future trends for the research topics. To that end, we predict the number of publi-

cations in a research field for the upcoming years (e.g., the number of publications in T1, i.e., process discovery, for

2023) by leveraging 1) the historical publication records of the research field (e.g., the number of T1’s publications

for the last three years) and 2) the historical records of other research fields that are highly correlated to the research

field (e.g., the number of publications for conformance checking and performance-driven process mining).

6.1. Prediction Model

As presented in Subsection 2.5, we use LSTM models due to their robustness to learning temporal dependen-

cies [39]. In the following, we describe the training procedure and validations of the model.

The LSTM model consists of 2 layers where the number of hidden states in the first layer is 2048 and the number

of hidden states in the second layer is 4096. We train the model using the training data over 14 years with Adam

optimizer algorithm [40] such that RMSE(Root Mean Squared Error) and MAE(Mean Absolute Error) between the

predicted value ŷ and the actual value y are minimized [41]. RMSE represents the root mean of squared errors (i.e.,

(ŷ − y)2) as below:

RMS E =

√√
1
n

n∑
i=1

(ŷi − yi)2 (5)

MAE represents the mean of absolute errors (i.e., |ŷ − y)|) as below:

MAE =
1
n

n∑
i=1

|ŷi − yi| (6)

To improve model generalizability, we use Dropout [42] and Batch Normalization [43].

To evaluate the performance of the trained model, we adopt time-series cross validation [44] since k-fold validation

has limitations in validating time series data (e.g., due to its random selection of independent data points). We use the

test data over four years. Table 3 shows the RMSE and MAE resulting from the time-series cross-validation.

Table 3: RMSE and MAE of the trained model that results from the time-series cross-validation

RMSE MAE

5.63 ± 1.02 3.98 ± 0.55
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6.2. Prediction Results

Based on the prediction model, we predict the number of publications in all the identified research fields for the

upcoming two years. To that end, we first predict the number of publications in 2022 using the historical records and

then predict the number of publications in 2023 using the predicted record in 2022 as well as the historical records.

Figure 13 shows the prediction results for the research fields in the technique category. For instance, the left-top

chart depicts the predicted number of publications for T1 (process discovery) in 2022 and 2023, as well as the historical

records from 2019 to 2020. The number of publications in 2019 is 29, decreasing to 22 in 2020 and increasing to 26

in 2021. The predicted number of publications in 2022 is around 29, and the one in 2023 is around 31, showing an

increasing trend in the research field.

Most of the research fields in the technique category are forecasted to be strengthened in 2022 compared to 2021.

In particular, T2 (conformance checking), T3 (performance-driven process mining), T5 (process monitoring), and

T8 (streaming process mining) are predicted to show tremendous increases in the number of publications in 2022.

However, a few research fields are anticipated to show decreasing advances with fewer publications, e.g., T11 (variant

analysis) and T13 (process mining framework, guideline, & tool).

In 2023, most of the research fields are predicted to have fewer publications than in 2022. For instance, T2

(conformance checking), T3 (performance-driven process mining), T5 (process monitoring), T7 (trace clustering),

and T8 (streaming process mining) are anticipated to have fewer publications in 2023 compared to 2022. However,

such research fields still show the predicted number of publications higher than the average number of publications

in the last three years, demonstrating the ongoing expansion of the research fields. For instance, the average number

of publications of T2 from 2020 to 2022 is around 13, whereas the predicted number of publications in 2023 is above

14.

Figure 14 shows the prediction results for the research fields that belong to the application category. For instance,

the chart on the left-top corner describes the predicted number of publications for A1 (healthcare) in 2022 and 2023,

as well as the historical records of the last three years. The number of publications in 2019, 2020, and 2021 is 35, 52,

and 19, respectively. The predicted number of publications in 2022 and 2023 is around 35 and 34, respectively.

Similar to the technique category, the research fields in the application category are anticipated to expand in terms

of the number of publications in 2021 compared to the previous year. For instance, the number of publications in A1

(healthcare) is forecasted to increase from 19 in 2021 to around 35 in 2022, and the number of publications in A3

(education) is anticipated to increase from 10 to 12. The predicted number of publications in 2023 remains similar to

2022, only showing slight increases and decreases depending on research fields. The number of publications for A1

is predicted to decrease marginally in 2023 compared to 2022, whereas the predicted number of publications for A2

is slightly higher than the one in 2022.

Figure 15 describes the predicted number of publications for the research fields in the support category. For

instance, the left-top chart shows the number of publications for S1 (machine learning and business intelligence) in

27



Figure 13: The predicted number of publications in 2022 and 2023 for the research fields of the technique category, along with the historical number

of publications from 2019 to 2021
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Figure 14: The predicted number of publications in 2022 and 2023 for the research fields of the application category, along with the historical

number of publications from 2019 to 2021

Figure 15: The predicted number of publications in 2022 and 2023 for the research fields of the support category, along with the historical number

of publications from 2019 to 2021

2022 and 2023, along with the historical records of the last three years. The number of publications in 2019, 2020,

and 2021 is 7, 9, and 5, respectively. The predicted number of publications in 2022 and 2023 is around 8 in both years.

The number of publications in S1 (machine learning and business intelligence) and S2 (business process man-

agement and business process reengineering) is predicted to increase in 2022 and remain similar in 2023. Although
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the predicted number of publications in S3 (process simulation) and S4 (decision support) shows similar trends, the

absolute number of publications remains nearly unchanged; the numbers of publications in S3 and S4 are predicted to

be around 3 and 1, respectively.

7. Discussion

This section aims to answer the research questions raised in Section 1 by discussing the results presented in the

earlier sections. Moreover, we compare the obtained knowledge with the existing trends in process mining both from

academic and practical standpoints.

7.1. Answers to the research questions

Regarding the first research question, we identified and investigated research topics in process mining with a series

of approaches, as presented in Section 3 and Section 4. The research topics in the technique, application, and support

categories have been classified into the dominant, skyrocketing, and deep-cut based on history. Process discovery and

conformance checking steadily and dominantly have occupied a large part in the process mining discipline. Also,

popular domains in applying process mining have been healthcare, software, education, and manufacturing from the

past to the present. It is noteworthy that some research fields, e.g., predictive process monitoring, concept drift, and

privacy-preserving process mining, have emerged rapidly in recent years and are highly related to machine learning

and big data. On the contrary, process model comparison techniques and protocol applications have not gained

much attention in the process mining community. In addition, we should pay attention to the research fields on

other techniques (T17) and other applications (A11), which include innovative research papers with novel ideas on

emergent topics in process mining. For example, there have been articles in T17 about process mining connecting to

key technologies, such as natural language processing, big data, and blockchains. Until now, only a couple of papers

have been published for each topic, but they may constitute a new process mining research field in the next few years.

To resolve the second research question, we discovered the topic network and detected the communities of re-

search fields in process mining, as presented in Section 5. As a result, process discovery has been placed at the central

point in the network, which indicates that it has strong relationships with other topics. Besides, the research fields

in the application category have much less resemblance with other topics compared to the fields in the technique

and support. With the derived communities, we uncovered how the research fields have interacted with each other

and how they have developed. The representative community demonstrated which process mining techniques have

mainly integrated for process mining projects in most domains. In addition, regarding the performance-related com-

munity, we observed that performance-driven process mining had become the cornerstone for the emergence of the

latest monitoring techniques, such as process monitoring and predictive process monitoring. The connection network

between research topics covered in this study and the community derived through it has explained the emergence of

new research fields from the existing fields. In other words, it is necessary to explore the possibility of deriving a new

research field within process mining by utilizing a predictive network model such as a graph neural network.
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Regarding the third question, the prediction model suggested that the topics in most of the research fields will be

expanded in 2022 and 2023 with respect to the number of their publications. Especially most of the research fields

will show quantum leaps in the number of publications in 2022 compared to 2021 when the number of publications

was significantly lower than in the previous years. In 2023, the number of publications will remain mostly the same

as in 2022, with different topics showing non-significant increases or decreases. However, a few research fields

will show fewer publications in 2022 and 2023, such as T11 (variant analysis) and T13 (process mining framework,

guideline & tool). Due to the changes in trends from the emergence of new techniques and the connectivity with other

disciplines, it is hard to get accurate values for the next few years. However, our work contributes to understanding

future technology trends and development potential.

7.2. Further discussions

In this subsection, we further discuss the obtained research fields and their future trends in relation to the existing

trends in process mining, both from academic and practical standpoints. First, to relate the existing academic trends,

we analyze the workshop topics in the renowned conferences presented in Section 4 such as ICPM, BPM, and CAiSE.

As of 2022, the workshops held with ICPM, BPM, and CAiSE conferences are as follows.

• Business Process Intelligence (BPI)

• DEClarative DECision and Hybrid approaches to processes (DEC2H)

• Streaming Analytics for Process Mining (SA4PM)

• Quantitative Aspects of Process Mining (QAPM)

• Social and Human Aspects of Business Process Management (BPMS2)

• Leveraging Machine Learning in Process Mining (ML4PM)

• Artificial Intelligence for Business Process Management (AI4BPM)

• Responsible Process Mining (RPM)

• Event Data and Behavioral Analytics (EdbA)

• Process Querying, Manipulation, and Intelligence (PQMI)

• Data Quality and Transformation in Process Mining (DQT-PM)

• Process-Oriented Data Science for Healthcare (PODS4H)

• Education meets Process Mining (EduPM)

• Process Management in Digital Production (PMDiPro)
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• Business Processes Meet Internet-of-Things (BP-meet-IoT)

BPI has covered the entire research area of process mining, including process discovery, conformance checking,

etc. The other workshops are mapped to specific research fields that are derived from this study. DEC2H, which covers

declarative process mining, belongs to a subtopic of process discovery (T1). Articles on organizational mining (T4),

streaming process mining (T8), and privacy-preserving process mining (T12) has been published through BPMS2,

SA4PM, and RPM, respectively. In addition, the performance-oriented community, consisting of performance-related

topics such as performance-driven process mining (T3), process monitoring (T5), and predictive process monitoring

(T6), has published articles in QAPM. As performance-driven prediction has become essential, there has been in-

depth attention to workshops covering machine learning and artificial intelligence, such as ML4PM and AI4BPM.

Moreover, research on process model repair (T10) and event logs (T14) have been discussed in PQMI, EdbA, and

DQT-PM, respectively. There have also been some workshops focused on specific applications domains, including

PODS4H (healthcare (A1)), Edu4PM (education (A3)), PMDiPro (manufacturing (A4)), and BP-meet-IoT (IoT (A6)).

Second, to relate the existing practical trends in process mining, we analyze the functionalities supported by the

renowned process mining tools that are evaluated as leaders and star performers in the process mining market by

the Everest group report [45]: Celonis, Software AG, Minit, and UiPath. Moreover, we analyze the functionalities

provided by the most representative open-source tool in process mining, ProM; The tool is contributed by process

mining researchers, and most of the techniques developed so far have been implemented in the tool. Furthermore, we

include Fluxicon Disco, which continuously received much attention for its compact and practical functionalities.

Table 4 presents whether or not the tools provide the functionalities corresponding to the research fields presented

in this paper. It is noticeable that all tools cover process discovery (T1) and performance-driven process mining

(T13). In other words, process discovery is the most fundamental topic and technique in process mining, and it is

worthwhile to present performance measurements on the discovered process model. In addition, conformance check-

ing (T2) and process model comparison (T16) are the functions all tools provide except for Disco. Although process

model comparison is classified as deep-cut, it is a practically relevant technique. Moreover, organizational mining

(T4) is only covered by Celonis and Minit, which indicates that the control-flow perspective is more influential than

the resource perspective. Also, most tools provide process monitoring (T5), e.g., anomaly detection with statistical

analysis, whereas they have not yet implemented predictive process monitoring (T6) that requires machine learning

and deep learning. Also, relatively new algorithms, such as streaming process mining (T8), semantic process mining

(T9), and process model repair (T10), are yet to be implemented in most tools except Celonis. Likewise, process

mining commercial tools still do not cover privacy-preserving process mining (T12).

8. Conclusion

In this paper, we analyzed the literature on process mining using text mining and machine learning techniques.

First, we collected 2,207 process mining articles and conference proceedings from 2002 to 2021. Next, we analyzed
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Table 4: Key functionalities of process mining tools

ProM Celonis Software AG MINIT UIPath DISCO

T1
√ √ √ √ √ √

T2
√ √ √ √ √

T3
√ √ √ √ √ √

T4
√ √ √

T5
√ √ √ √

T6
√ √

T7
√

T8
√ √

T9
√ √

T10
√ √

T11
√ √ √ √ √ √

T12
√

T13
√ √ √ √ √ √

T14
√ √ √ √ √ √

T15
√ √ √ √ √ √

T16
√ √ √ √ √

the with a pre-trained model-based topic modeling, exploratory data analysis with key features, network and commu-

nity detection, and future prediction with a deep learning model. As a result, we provided knowledge on the main

research topics in process mining and their temporal trends, the relationships between the research topics, and the

predictions on the expansion of the topics. Moreover, we compared the provided knowledge with the trends in both

academics and practices.

Our work has several limitations. First, the presented quantitative analysis based on text mining and machine

learning techniques still require some manual steps. For instance, the pre-processing of collected documents is manu-

ally conducted, while the identification of research fields requires qualitative evaluations based on expert knowledge.

Second, the presented research topics are by no means exhaustive. We only focus on the topics identified by text min-

ing algorithms, and thus, some of the essential topics may not be a part of the further analysis, e.g., network detection,

community detection, yearly patterns, etc. For instance, object-centric process mining receives much attention from

the community as an essential research topic, but it is not part of our analysis since it is not identified as a research

topic in the topic modeling algorithm. Finally, since our analysis relies on historical data, we cannot present topics

that do not exist in history. The discovery and analysis of newly-emerging topics remain as the judgments of readers.
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Toward understanding and forecasting the research trends in process mining: An analysis using text mining

and machine learning

• Process mining research has been conducted into three research branches: technique, application, and support

aspects.

• Process discovery and conformance checking dominantly have occupied a large part, while predictive process

monitoring, concept drift, and privacy-preserving process mining belong to skyrocketing groups.

• Most of the research fields will have a trend of quantum leaps in the number of publications in a few years.
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Toward understanding and forecasting the research trends in process mining: An
analysis using text mining and machine learning

Abstract

Process mining is a relatively new discipline focusing on gaining process-centric knowledge from event logs collected

by enterprise systems. Various techniques have been developed to automatically discover process models, analyze

the compliance of real-life processes to the process models, predict operational frictions, recommend possible actions

to mitigate emerging risks, etc. In recent years, the techniques have been adopted in various industries, such as

healthcare, manufacturing, logistics, and finance. Now there are over 40 commercial products based on process

mining techniques, such as Celonis, SAP Signavio, Minit (Microsoft), MyInvenio (IBM), and open-source tools such

as ProM, PM4Py, and bupaR. In this work, we analyze the process mining literature in depth using text mining and

machine learning techniques. More in detail, we 1) analyze the main research topics in process mining and their

trends, 2) investigate the relationship between the topics, and 3) predict the expansion of the topics in the near future.

To that end, we analyzed 2,207 process mining articles from 2002 to 2021 using a range of techniques such as topic

modeling, exploratory data analysis, network and community detection, and future prediction.

Keywords: process mining, text mining, network analysis, literature reviews, emerging trends, predictions

1. Introduction

The development of SMACIT (i.e., Social, Mobile, Analytics, Cloud, and Internet of Things) and other digital

technologies have enabled the growth of new organizational values with the aim of digital transformation [1, 2, 3].

In particular, there have been many efforts to identify and improve operational processes based on IT-enabled tech-

nologies, and the increase in the availability of data has expedited it [4, 5]. Process mining has emerged in such an

environment and played a crucial role in implementing digital transformation [5, 6].

Process mining is a relatively young discipline focused on deriving process-oriented knowledge from event logs

collected by enterprise systems [7]. The discipline leverages process science, a family of methods for improving

operational processes, including business process management and simulation, and data science deriving value from

data, such as machine learning and artificial intelligence [7].

Under the circumstances, there have been many approaches to three research branches: (i) technical, (ii) applica-

tion, and (iii) supportive aspects. Regarding the technical viewpoint, many efforts have been devoted to developing

process discovery techniques [8] that automatically produce process models from event logs without prior knowledge

and presenting innovative works on conformance checking [9], process monitoring [10], and predictions [11]. From
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the view of the application, i.e., the business perspective, this discipline has provided availability to be applied in

multiple domains, e.g., healthcare, education, services, and manufacturing, and the ability to create a new implication

[12, 13, 6]. Also, from the supportive aspect, process mining has been utilized to enhance efficiency and improve the

accuracy of other disciplines, such as simulation, business process management, and machine learning [14, 7, 15].

Such interests in process mining and researchers’ efforts have guided the advancement and expansion of this

research field. A process mining research community, i.e., the IEEE task force on process mining, has emerged,

and much research has been published in the independent international conference on process mining series. This

well-marked progress requires an in-depth understanding of the research scopes, specific research topics, fashionable

techniques, relationships of research topics, and future trends of process mining. Therefore, it requires a comprehen-

sive review to understand the discipline in essence.

There have been several comprehensive reviews on process mining [8, 16, 17, 18, 19, 20, 21, 22]. Corallo et

al. [21] employ a systematic mapping method to describe research matters, techniques, and applications in process

mining. Zerbino et al. [22] reconcile process mining research based on the multiple viewpoints of contributions,

algorithms, perspectives, sectors, business, and management. In addition, there is research work to detail a specific

topic, including process discovery [8], conformance checking [16], event abstraction [17], and concept drift [18],

while others have handled the applications for a specific context, such as healthcare [19] and education [20].

However, the existing studies employ a qualitative review by a group of experts centered on the authors. Although

knowledge-based reviews by experts have produced mature and worthwhile results, they have some disadvantages

in that it is based on subjective judgments and discussions. As a result, bias or preconceived notions may arise in

recognizing research topics and identifying meaningful trends, and there may be limitations in predicting the potential

for future technology development. As a means of overcoming these limitations, this study attempts to analyze

the process mining literature in depth using text mining and machine learning techniques. That is, we propose a

quantitative literature review method. To the best of our knowledge, this study is the first case of discovering new

values and knowledge by directly utilizing process mining-related literature as data.

In this paper, we prepared the following research questions to clarify the purpose and direction of data analysis.

• RQ1. What are the main research topics of process mining, and how has the trend changed over time?

• RQ2. What process mining techniques are mutually cooperative, and how does each research topic relate to the

other?

• RQ3. How much will process mining evolve and expand in the near future, and what research topics will be the

focus?

To resolve these research questions, we collected 2,207 process mining articles and conference proceedings from

2002 to 2021. Such documents have been explored with the pre-trained model-based topic modeling, exploratory data
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analysis with key features, network and community detection, and future prediction for research trends with a deep

learning model. This research has the following contributions:

• More straightforward results, e.g., research topics and trends, are presented through quantitative analysis, such

as text mining and machine learning.

• Rather than simply enumerating the process mining review results, we describe in-depth analysis outcomes,

such as discovering relationships between research topics and identifying research themes.

• Finally, we suggest a method for identifying the potential of process mining and each specific research topic

through a time-series forecasting model based on historical data.

This paper is organized as follows. A series of methods for deriving process mining research topics and meaningful

bibliometric results are provided in Section 2. Section 3 presents topic modeling results and describes the details of

process mining research fields. Then, Section 4 investigates the discovered research fields with the common aspects

of publications. Section 5 explains the interrelationships between research topics, and Section 6 identifies the future

of process mining. Section 7 discusses the results, and Section 8 concludes this paper by preparing future works.

2. Method

This section proposes a quantitative method for understanding the process mining discipline by analyzing research

fields and trends based on text mining and machine learning. As shown in Figure 1, the proposed framework consists

of five steps: (1) data preparation, (2) research field (RF) identification, (3) RF investigation, (4) RF relation identifi-

cation, and (5) future prediction for RF. In step 1, we prepare a collection of process mining research documents using

a bibliographic search. Then, the feasible data is constructed based on a series of data preprocessing techniques. Step

2 aims to identify research fields by employing the latest topic modeling approach. Afterward, step 3 investigates the

derived research fields on yearly trends, publication types, and nationality. Step 4 identifies the relations between re-

search fields based on network analysis. Finally, we predict the future of each research field by employing a machine

learning technique in step 5.

2.1. Data Preparation

The data preparation aims to build feasible data to understand process mining. To this end, we first exploit a biblio-

graphic search from the Web of Science database produced by Clarivate. The bibliographic search signifies identifying

a suitable collection of research papers by combining publications’ diverse fields, such as authors, keywords, and ab-

stracts, with search words relating to a specific research discipline. In this research, we retrieve research documents

containing process mining and workflow mining in the title, keyword, and abstract. This is because process mining is

the discipline directly connected to this study, while workflow mining is a similar area of research conducted before
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Figure 1: The five steps of the proposed method

process mining was first introduced. Also, only publications written in English in the form of articles and conference

proceedings are extracted. As a result of this, we collect 2,271 research papers.

In the data preprocessing phase, we apply a series of methods to the collected data. First, duplicated records with

the same title and authors are removed from the collected data. These include cases of deriving a partial development

from the previously conducted research or publishing the same article on multiple sites. As such, we delete these 10

redundant records. Second, we remove records that do not contain essential fields of publications, i.e., title, source,

publication type, authorities, abstract, addresses, and year. As such, 55 documents that do not contain any of the fields

are removed from the data, leading to a total of 2,207 publications as the feasible dataset. Also, we eliminate numbers,

symbols, and stopwords in the abstract of the papers since these are the factors hindering effective topic extractions

when a topic modeling approach is applied. In addition to this, we apply case conversion and lemmatization, i.e., the

most fundamental preprocessing for text data, to reduce unnecessary noise and increase the accuracy of the results.

2.2. Research Field Identification

Based on the feasible data related to the process mining discipline derived from the previous step, this step aims

to derive specific research fields based on topic modeling techniques. Topic modeling is a text mining technique

that identifies the topics in a collection of words or documents by discovering the hidden semantic structure of doc-

uments [23]. There are several popular techniques, such as Latent Semantic Analysis [24], Latent Dirichlet Allo-

cation [25], and BERTopic [26]. In this work, we employ BERTopic to utilize a pre-trained language model, e.g.,

BERT(Bidirectional Encoder Representations from Transformers) [27], to compensate for the short history of the

process mining field.
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BERTopic consists of three steps: document embedding, clustering, and topic representation. First, the document

embedding produces real-valued vectors for given words and sentences using a BERT-based pre-trained language

model. A BERT framework is an approach that only employs the self-attention of the encoder in the transformer

structure, which is one of the representative generation-based self-supervised learning methods that derive semantic

features of language using masked sentences as input. Based on this framework, numerous pre-trained language

models have been constructed, and we utilize sentence-BERT(SBERT) pre-trained model to embed our data into

vector spaces. Second, the embedded data are clustered to group documents with similar topics into the same clusters.

To that end, we apply dimension reduction techniques [28], e.g., PCA, t-SNE, and UMAP, and clustering techniques

[29], including K-means and HDBSCAN. Finally, the topic representation step produces a collection of important

keywords for each cluster to understand the topics. A class-based TF-IDF is used for this purpose and formalized as

follows:

Wx,c = t fx,c · log
(
1 +

A
t fx

)
(1)

, where c is a cluster derived as a result of clustering and x a term included in cluster c. Here, t fx,c indicates the

Term Frequency (TF) of x in cluster c. t fx and A represent the TF of x in the whole document before clustering and

the average number of words per class, respectively. Then, the Inverse of Document Frequency (IDF) becomes the

logarithm of A divided by t fx. Note that 1 is added to hinder the output of the negative value. By combining these two

values, i.e., TF and IDF, we measure the importance of the term x in cluster c.

Based on a set of clusters and the critical keywords for each cluster, we transform the discovered clusters into

meaningful research fields. As such, a qualitative method based on expert reviews is used, and as a first step, candidates

of research fields are derived by analyzing keywords included in each cluster. After that, we reconstruct and group

the research fields in consideration of the goals and surroundings and finalize a set of the research fields of a specific

discipline. The results will be explained in Section 3.

2.3. Research Field Investigation

This step investigates the derived research fields to obtain meaningful insights by identifying common aspects

of them. In this regard, this study focuses on the three viewpoints among the multitude: yearly pattern analysis,

bibliographic analysis, and geographical analysis.

First, the yearly patterns attempt to find out the trends for process mining and the specific research fields over time.

To this end, it is possible to determine the exemplars of the advancement of research topics, such as dominant groups

that have been in the spotlight from the past to the present, skyrocketing groups that have recently gained attention,

and deep-cut groups that do not currently receive interests unlike in the past.

Second, the bibliographic analysis investigates the publication types of the process mining discipline. In detail, we

can figure out what type of publications the researchers prefer, i.e., journals or conference proceedings, for the whole
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discipline and each category. Also, it delivers the most popular sources of research papers in the process mining field,

which helps to understand what sources people consider to be a target for publication on a particular topic.

The geographical analysis aims to identify which geographical areas are the most advanced to study in process

mining. To this end, we only consider the nationality of the corresponding authors of articles to make it more clear.

The results for the yearly pattern analysis, bibliographic analysis, and geographical analysis will be presented in

Section 4.

2.4. Relation Identification

This section presents a network analysis method to obtain insights into the relationship between the research fields.

The network analysis method used in this study is similar to a typical social network. In other words, the network is

composed of research topics as nodes and the similarity between topics as edges [30]. To accomplish this, we perform

a series of steps: keyword extraction for each research topic, similarity measurement between research topics based

on the keywords, network derivation, and community detection.

The keyword extraction aims to derive key terms of research topics that are used as the inputs of the similarity

measurement. To this end, we do not consider the results from topic modeling because the goals for performing these

tasks are different. In the research field identification step, the method, i.e., class-based TF-IDF, aims at elicitating

keywords representing only a specific topic but not included in other groups. However, it is necessary to investigate

keywords that can describe a particular group rather than comparing different groups for this similarity analysis.

For this reason, we employ an alternative method to resolve these issues. It is possible to use all kinds of effective

methods, including YAKE! [31], KP-Miner [32], RakUn [33], LexRank [34], and SIFRank+ [35]. Among them, we

utilize YAKE!, i.e., an unsupervised lightweight statistical method that derives the most relevant keywords based on

the statistical text features due to the advantage of few restrictions on document size and a high-quality of extracted

keywords.

Next, the similarity measurement aims to investigate the noticeable relations between research fields to build a

network. To that end, we adopt the Jaccard similarity commonly employed in the natural language processing area

[36]. The Jaccard similarity is defined as follows:

J (KA,KB) =
|KA ∩ KB|

|KA ∪ KB|
=

|KA ∩ KB|

|KA| + |KB| − |KA ∩ KB|
(2)

, where KA is the set of keywords for research topic A and KB is the set of keywords for research topic B extracted by

YAKE!. KA and KB are directly compared to assess how much they overlap quantitatively. Note that the similarity is

calculated as 1 when all the items of two fields are overlapped and 0 in the opposite case.

Next, the network derivation aims to derive graph G = (V, E, #,w) based on the similarity between research topics.

The set of nodes V = RF × T is a set of pairs of a research field and a time step, e.g., (r f , t) ∈ V is the node for

the research field r f ∈ RF at time t ∈ T . The set of edges E ⊆ V × V is a set of node pairs such that, for any

e = ((r f1, t1), (r f2, t2)) ∈ E, r f1 = r f2. A count function # ∈ V → N maps nodes to publication counts. A weight
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function w ∈ E → R maps edges to Jaccard similarities, i.e., for any e = (v1, v2) ∈ E, w(e) = J (kw(v1), kw(v2)), where

kw is a function mapping a node to a set of keywords.

The derived network basically has the advantage of grasping the relationship between research topics at a glance.

Nevertheless, our study intends to in-depth explore the relationship among the research fields based on a community

detection method. Community detection refers to assembling nodes with high connection density into a single group

[37]. Through this, it is possible to analyze which communities exist on the entire network and what characteristics

each community has. In this study, we employ Louvain algorithm that can derive a community in a quick and

effective manner [38]. The Louvain algorithm utilizes modularity to compare the density of links of inner- and inter-

community. More in specific, this algorithm uses the modularity delta concept defined in Equation 3, which aims to

determine whether shifting a specific node v into a community C is feasible.

∆Q(v→ C) =

∑in +kv,in

2m
−

(∑
tot +kv

2m

)2 − ∑in

2m
−

(∑
tot

2m

)2

−

(
kv

2m

)2 (3)

In the formula, m,
∑

in, and
∑

tot indicate the sum of all link weights in the network, the sum of link weights

between nodes in community C, and the sum of all link weights of nodes in C, respectively. Also, kv,in is the sum

of link weights between nodes in C and node v, whereas kv is the sum of all link weights of node v. The modularity

delta, ∆Q, represents the difference in modularity contribution before and after merging node v in the community C,

i.e., optimization. This phase is repeated until the modularity is optimized, and the finally obtained communities are

compressed into super-nodes, i.e., aggregation. After that, the optimization of the modularity delta at the super-nodes

level continues. We obtain a set of communities by persisting these two optimization and aggregation steps.

The results for the similarity measurement, network detection, and community detection will be presented in

Section 5.

2.5. Future Prediction

This section aims to predict future research trends for the identified research fields. To this end, this work employs

the results of previous steps in the method part. More in detail, we build a prediction model to predict the number

of papers for each research field in the future based on the given historical number of papers for fields and their

similarities. Also, we employ Long-Short Term Memory neural networks (LSTM) since it is robust for learning

temporal dependency [39].

In order to predict the number of publications in a specific research field in the future, we use a three-dimensional

publication presentation matrix R ∈ R|RF|×|RF|×|T | where RF and T are the set of research fields and time steps, respec-

tively. As shown in Figure 2(a), an element of the matrix, ri, j,t ∈ R, refers to the contribution value of research field r fi

at time step t − 1 to research field r f j at time step t. Given network G = (V, E, #,w) used in Subsection 2.4, ri, j,t ∈ R is

formalized as follows:
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Figure 2: (a) Three-dimensional publication representation matrix, (b) Feature vector, (c) Training and prediction procedures

ri, j,t =
w((r fi, t − 1), (r f j, t))∑

1≤k≤|RF| w((r fk, t − 1), (r f j, t))
× #((r f j, t)) (4)

, where (r fi, t − 1) ∈ V indicates research field r fi at time step t − 1 and (r f j, t) ∈ V indicates research field r f j at time

step t.

Next, we transform the three-dimensional publication presentation matrix R ∈ R|RF|×|RF|×|T | into a feature vector

F ⊆ R|RF| such that, for any f vt ∈ F, f vt = [ f v1,t, f v2,t, . . . , f v|RF|,t] where f v j,t = [ri, j,t |1 ≤ i ≤ |RF|] for 1 ≤

j ≤ |RF|, as shown in Figure 2(b). For instance, f v1 = [ f v1,1, f v2,1, . . . , f v|RF|,1] is a feature vector at time t = 1

where f v1,1 = [r1,1,1, r2,1,1, . . . ] indicates the contribution values of all research fields to research field r f1 at t = 1,

f v2,1 = [r1,2,1, r2,2,1, . . . ] indicates the contribution values of all research fields to research field r f2 at t = 1, etc.

As shown in Figure 2(c), the LSTM model is trained to predict the feature vector at t + 1, given the last 1 ≤ p ≤ t

feature vectors. Therefore, the i-th training sample consists of x(i) = [ f vi, f vi+1, . . . , f vi+p−1] and y(i) = f vi+p. For

instance, given p = 3, the first training sample consists of x(1) = [ f v1, f v2, f v3] and y(1) = f v4, while the second

training sample consists of x(2) = [ f v2, f v3, f v4] and y(2) = f v5. Based on the predicted feature vector at t + 1, i.e.,

f vt+1, we compute the predicted number of papers, for research field r f j at t+1, i.e., R j,t+1, as
∑

1≤i≤|RF|[ri, j,t ∈ f v j,t+1].

3. Identification of research fields in process mining

In this section, we explain the topics discovered from the topic modeling presented in Subsection 2.2. First, we

map each discovered topic into the existing field of process mining by analyzing the keywords and group the topics
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into three categories by qualitatively analyzing the similarity between topics. Next, we explain the individual topics

in detail according to the categories.

3.1. Topic Mapping & Grouping

First, we map the discovered topics from text mining to the existing fields in process mining by analyzing the

keywords representing each topic. Figure 3(a) shows the discovered topics mapped to the existing fields in process

mining. For instance, topic 6 is mapped to general process discovery since it contains keywords such as discovery,

discovered, discovering, etc. Topic 7 is mapped to conformance checking since its keywords include conformance,

compliance, checking, etc. Moreover, Topic 29 is mapped to healthcare since it includes keywords such as patient,

clinic, hospital, etc.

Next, we categorize the topics 1) by merging the topics that share the same goals and 2) by classifying them

into three categories. We merge the topics based on the similarities in the associated fields, as shown in Figure 3(b),

resulting in 32 merged topics. For instance, workflow mining, genetic algorithm-based mining, region-based mining,

pattern mining, Petri-nets, and general process discovery are merged into process discovery since they all aim to

discover process models from event logs (but in different formalism with different approaches). Conformance checking

and alignments are merged into conformance checking since alignments is an approach to conformance checking.

Moreover, smart artifacts and Internet of Things (IoT) security are merged into IoT.

We group the merged fields into three categories: Technique, Application, and Support. The technique cate-

gory contains process mining techniques, whereas the application category contains topics that focus on applying

such process mining techniques in different domains such as healthcare, software, education, manufacturing, etc. In

addition, the support category contains topics that provide the fundamentals for the development of process mining

techniques. Figure 3(c) shows the grouping of different fields. For instance, process discovery, conformance checking,

and performance-driven process mining are classified into the technique category, whereas healthcare, software, and

education are grouped into the application category. Moreover, machine learning, business intelligence, and business

process management are categorized into the support category.

3.2. Topic Description

In this subsection, we explain the 32 merged topics from the previous subsection based on the three categories.

3.2.1. Technique Category

Figure 4 shows a word cloud representing keywords that explain topics that belong to this category. The keywords

include workflow, discovery, algorithm, behavior, time, and trace.

Below are the topics in the technique category:

• T1: Process Discovery (451 articles) aims to discover process models from event logs. Different articles

propose different process discovery techniques by varying the modeling formalism of the discovered process
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Figure 3: (a) Mapping 47 discovered topics to 47 existing fields of process mining based on the associated keywords, (b) Merging 47 research

fields into 32 fields, (c) Classifying 32 research fields into three categories

model, such as Petri nets, BPMNs, UML diagrams, etc. Moreover, for the same modeling formalism (e.g., Petri

nets), different articles propose different approaches (e.g., region-based approaches, genetic algorithm-based

approaches, etc.).

• T2: Conformance Checking (136 articles) aims to compute the conformance of event logs to process mod-

els using various conformance measures. Different articles propose different techniques to tackle different
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Figure 4: Word cloud representing keywords associated with the technique category

conformance measures (e.g., fitness, precision, simplicity, and generalization). Among different approaches

to computing such conformance measures, alignment-based techniques are distinguished as the most-frequent

subtopic, studied in 28 articles.

• T3: Performance-driven Process Mining (52 articles) aims to compute performance measures from event

logs. Different articles deal with performance measures from different perspectives: case perspective (e.g., the

throughput time of cases), activity perspective (e.g., the service time of activities), and resource perspective

(e.g., the workload of resources).

• T4: Organizational Mining (71 articles) aims to analyze organizational aspects of business processes based

on event logs. Subtopics include 1) discovering the organization of business processes, 2) discovering the social

network of business processes, and 3) discovering resource allocation rules.

• T5: Process Monitoring (71 articles) aims to monitor business processes by analyzing streaming event logs.

Different techniques focus on different monitoring targets. For instance, anomaly detection focuses on moni-

toring cases in a business process that show infrequent/anomalous behavior. Concept drift detection focuses on

monitoring change points in a business process.

• T6: Predictive Process Monitoring (51 articles) aims to predict process behavior by learning prediction

models from event logs. 51 articles belong to this topic. Different techniques focus on predicting different

process behavior (e.g., the next activity of cases, the service time of activities, and key performance indicators

of business processes). Moreover, different approaches are taken for learning prediction models, including ones

based on process models, ones based on machine learning algorithms, etc.

• T7: Trace Clustering (48 articles) aims to produce clusters of process instances (i.e., traces) from event
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logs. Different techniques focus on 1) deriving process features that represent process instances, 2) computing

coherent clusters using different clustering algorithms, 3) and explaining the discovered clusters.

• T8: Streaming Process Mining (17 articles) aims to analyze streaming event logs, unlike other process mining

techniques that analyze historical event logs. Different techniques focus on 1) storing streaming event logs, 2)

discovering process models from streaming event logs, and 3) checking the conformance of running process

instances.

• T9: Semantic Process Mining (25 articles) aims to leverage semantic information in the form of knowledge

graphs and process ontology to enhance the existing process mining techniques. Different techniques focus on

enhancing different process mining techniques using different forms of semantic information.

• T10: Process Model Repair (18 articles) aims to support repairing process models to reflect reality. Existing

techniques first uncover differences between observed behavior (i.e., event logs) and modeled behavior (i.e.,

process model) and then modify process models while ensuring the soundness of the model.

• T11: Variant Analysis (17 articles) aims to analyze different forms of variants existing in business processes.

First, process variant analysis aims to improve the original reference model such that it fits variant process

models. Second, trace variant analysis aims to analyze unique sequences of activities by different process

instances based on event logs.

• T12: Privacy-preserving Process Mining (15 articles) aims to protect event data privacy such that the data

conform to privacy regulations on the technical design and the organizational application of process mining

techniques. Existing work provides privacy-preserving data publishing techniques to anonymize event data

while maintaining the utility of the data.

• T13: Process Mining Framework, Guideline, & Tool (72 articles) aims to provide frameworks to develop

process mining techniques, guidelines to apply process mining techniques in various domains, and tools to

support the implementation of process mining techniques. The ProM framework provides a software framework

to support the process mining tooling, and the process mining manifesto describes opportunities and challenges

in process mining.

• T14: Event Logs (101 articles) provides various techniques to support the management of event logs. First,

extraction techniques support the extraction of event logs from source systems (e.g., SAP ERP systems). Sec-

ond, sampling techniques support the sampling of event logs to enhance the performance of various process

mining techniques such as conformance checking. Finally, log quality techniques support the assessment of log

qualities and their enhancement, e.g., by handling missing information.
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• T15: Process Mining Visualization (18 articles) aims to provide various visualizations of process mining

insights. Existing techniques focus on improving the visualization of process models by applying graph layout

algorithms and supporting the visualization of social networks using various diagrams, e.g., Chord diagram.

• T16: Process Model Comparison (13 articles) aims to analyze the similarity of process models. Some of the

techniques analyze the structure of process models, whereas others analyze the semantics of process models.

• T17: Others (56 articles) contains articles that provide the design/implementation of process mining tech-

niques but do not belong to a specific existing field. Such articles deal with Big Data, agile development,

natural language processing, etc.

3.2.2. Application Category

Figure 5 shows a word cloud representing keywords that explain topics that belong to the application category.

The keywords include case study, healthcare, knowledge, and application.

Figure 5: Word cloud representing keywords associated with the technique category

Below are the topics in the application category:

• A1. Healthcare (267 articles) aims to analyze healthcare-related business processes using process mining

techniques. Existing articles present clinical pathway patterns from medical behaviors and analyses of the

length of hospital stay based on process discovery and performance-driven process mining techniques.

• A2. Software (103 articles) aims to analyze software development processes and software behavior using

process mining techniques. Whereas the former focuses on analyzing business processes related to software

developments, the latter focuses on the system/user behavior of the developed software.
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• A3. Education (78 articles) aims to analyze the learning processes of students in different formats of education,

e.g., online learning, self-regulated learning, etc. Process discovery techniques are often deployed to provide an

overview of students’ learning behavior.

• A4. Manufacturing (51 articles) aims to analyze end-to-end manufacturing processes, including planning

(i.e., balancing demand and supply), sourcing (i.e., procuring materials), making (i.e., transforming materials to

finished products), delivering (i.e., providing finished products to retailers), and returning (i.e., managing used

products) processes. Various manufacturing domains have been studied, such as semiconductor manufacturing,

make-to-order manufacturing, the automotive industry, etc.

• A5: Logistics (12 articles) aims to analyze business processes related to logistics and storage management.

The application focuses on predicting the Estimated Time of Arrival (ETA), scheduling transport, improving

warehouse layout, etc. The proposed applications rely on tagging systems such as the Radio Frequency Identi-

fication (RFID) system to identify the movement of goods.

• A6: Internet of Things (50 articles) aims to analyze the data generated or captured by the Internet of Things

(IoT) using process mining techniques. On the one hand, the existing application focuses on analyzing human

behavior patterns, e.g., the behavior pattern of residents in a nursing home based on a wireless tracking system.

On the other hand, the application concerns the detection of misbehavior in IoT-based systems to enhance the

security of the system.

• A7: Web and Cloud Services (32 articles) aims to analyze processes in Web and Cloud services, e.g., Google

Cluster, to optimize resources. To that end, process mining techniques are used to discover user behavior by

analyzing execution logs and monitoring the violation of business constraints. Furthermore, the insights from

process mining techniques are used to optimize the scheduling of resources.

• A8: E-business (18 articles) aims to analyze customer journeys in online business processes on the web.

The existing application uses the click stream data of users to automatically discover customer journey maps.

Comparative process mining techniques are applied to compare the behavior of different types of customers,

e.g., the behavior of bargain shoppers and surgical shoppers.

• A9: Customer Support Services (15 articles) aims to analyze business processes of help desks and customer

services that resolve reported issues. As well as the insights from process mining are used to improve the

process, they are used to develop new customer support services, e.g., adaptive automated teller machines

based on the insights from the usage analysis of automated teller machines.

• A10: Protocols (13 articles) aims to analyze protocols of software systems. On the one hand, the existing

application aims to discover protocols of proprietary legacy software systems, e.g., TCP/IP-Protocol. On the
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other hand, the application concerns the detection of anomalies in protocol traces, e.g., a mail bonnet attack in

DNS protocol traces.

• A11: Others (121 articles) contains articles that employ process mining but do not belong to a specific domain.

Such articles are engaged in the following domains: e-mail, smart manufacturing, industry 4.0, robotic process

automation), blockchain, etc.

3.2.3. Support Category

Figure 6 shows a word cloud that represents keywords explaining topics in this category. The keywords include

user, resource, knowledge, and modeling.

Figure 6: Word cloud representing keywords associated with the technique category

Below are the topics in the support category:

• S1: Machine Learning and Business Intelligence (73 articles) relates techniques for machine learning and

business intelligence to enable process mining techniques such as process discovery, conformance checking,

performance analysis, etc. For instance, statistical relational learning supports the discovery of process models,

and frequent itemset mining supports organizational mining.

• S2: Business Process Management and Business Process Redesign (77 articles) relates techniques in busi-

ness process management and business process redesign. The formal provides the fundamentals of process

models that are used as modeling formalism employed in process discovery techniques, whereas the latter in-

troduces redesign patterns in business processes that support the process improvement based on the insights

from process mining techniques.

• S3: Process Simulation (40 articles) refers to the study related to discrete event simulation of business pro-

cesses. Based on the existing simulation techniques, process mining provides techniques for discovering such
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simulation models to automate the design and implementation of the simulation models. Some techniques auto-

matically discover simulation models with more advanced constructs, such as the presence of multitasking and

availability constraints.

• S4: Decision Support (16 articles) refers to the design and implementation of decision support systems. The

suggested decision support systems support the adoption of process mining techniques to realize informed

decisions based on data-driven insights and automatically generate recommendations (i.e., decisions).

4. Investigation into research fields in process mining

This section investigates the research fields derived in Section 3 based on the relevant common aspects: yearly

patterns, bibliographic analysis, and geographical analysis.

4.1. Yearly Patterns

Figure 7 presents the number of publications in each research field by year. As depicted in the figure, the pro-

cess mining discipline was introduced in the early 2000s and has been gradually developed due to many efforts. In

particular, the number of publications has been over 100 since 2013, and almost half of the papers were published

in the last five years. In other words, this field has recently received more attention. Also, compared to the support

category, both technique and application domains have been in the same flow by year. That is, a bunch of applications

specialized in various industries has appeared with the development of numerous process mining techniques.

Figure 7: The number of publications in each category by year

Next, we explore the yearly patterns for each research field in the fine-grained viewpoints, which aims at clas-

sifying them into the following archetypes: dominant, skyrocketing, and deep-cut patterns. Figure 8(a) presents the

number of publications by year for each research field in the technique category.
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(a) Technique category

(b) Application category

(c) Support category

Figure 8: The number of publications in each research field by year

17



In the technique category, process discovery (T1), conformance checking (T2), and process mining framework,

guideline, & tool (T13) belong to the dominant groups. For example, T1 is the most fundamental field in the process

mining discipline. In other words, it has been constantly studied every year, and new algorithms have been developed

even recently. More in detail, this field first appeared as workflow mining techniques, such as alpha-algorithm. Also,

it covered both initial process discovery algorithms, e.g., heuristic mining and fuzzy mining, and modern techniques,

e.g., inductive mining.

Moreover, researchers in the process mining community have taken a keen interest in conformance checking, i.e.,

T2. It first emerged with initial research on measuring conformance based on the token replay approach in 2008.

Since then, it has been steadily researched and stands as an essential research topic in process mining with modern

techniques, such as multi-perspective, stochastic, and online conformance checking. Regarding T13, we can easily

understand that they belong to the dominant group since process mining framework, guideline, and tools are the

essential components of process mining.

As far as the skyrocketing patterns are concerned, we can consider process monitoring (T5), predictive process

monitoring (T6), privacy-preserving process mining (T12), and event logs (T14) in the technique category. Process

monitoring and predictive process monitoring, i.e., research areas that have expanded from the naive performance

analysis, have achieved much growth with the development of machine learning-related technologies in recent years.

Research on T5 has been more actively published since 2017 with the aim of catching sudden changes in performance

measurements in the process environment with machine learning approaches, including anomaly detection and con-

cept drift. On the other hand, predictive process monitoring, i.e., T6, has received much attention since 2019 based

on multiple deep learning algorithms to predict performance at the process instance level. Regarding T12, there have

been some efforts to preserve the privacy of event logs in recent years, with a trend that data security has become

essential in the data science field. Also, T14 has been steadily progressing in research in various directions, including

event abstraction, complex event processing, data cleansing, and quality. Furthermore, it has recently received strong

attention due to the emergence of a new type of event logs, e.g., object-centric event logs.

Lastly, we classify the process model comparison topic (T16) into the deep-cut group. This topic aims to compare

the two given process models structurally, and recent studies have been reduced due to limitations in their utilization

and, thus, low demands for new technological developments.

The yearly pattern results for the application and support categories are depicted in Figure 8(b) and Figure 8(c),

respectively. Among the research fields, the followings are included in the dominant group: healthcare (A1), software

(A2), education (A3), manufacturing (A4), machine learning and business intelligence (S1), and business process

management and business process redesign (S2). The healthcare domain is one of the representative fields where

process mining is actively and steadily employed. The articles in this field have covered various healthcare processes,

including outpatient, inpatient, and emergency departments, and they triggered the publication of review papers on

process mining in healthcare. In addition, process mining has been consistently applied to the software, education,

and manufacturing areas from the past to the present. In the support category, the number of publications in S1 and
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S2, i.e., machine learning and business process management, is insufficient compared to other classes, but these also

have been popular subjects for researchers. Also, we identify only two research fields in the application category,

i.e., internet of things (A6) and e-business (A8) are considered as the skyrocketing groups, whereas customer support

services (A9), protocols (A10), and decision support (S4) are the topics deep-cut.

4.2. Bibliographic analysis

This section aims to obtain new insights about bibliographic features by research fields and the whole process

mining discipline. In more detail, we investigate the proportions of publication types and specific sources mainly

published in process mining.

First, Figure 9 shows the result of comparing the proportions of articles according to the publication type for each

category and the whole. The process mining discipline has published 32% of journal articles and 68% of conference

proceedings, which is similar to the distribution of general computer science disciplines. In addition, by exploring the

results at the category level, we can identify that application-oriented articles have been published more in journals

than those in the technique and support categories.

Figure 9: The proportions of publication types in process mining

Next, we perform the same analysis for each research field, and Figure 10 presents its results. It is recognizable

that the number of conference proceedings exceeds that of journal articles in most cases. Specifically, semantic pro-

cess mining (T9), process mining framework, guideline, & tool (T13), customer support services (A9), and decision

support (S4) have a significantly higher proportion of conference proceedings. On the other hand, the number of

journal articles is more than the number of conference proceedings in logistics (A5) and process model repair (T10).

Next, we identify the most frequently published publication sources in journals and conference proceedings for

each category and the whole discipline. Table 1 describes the results to identify the top seven sources of publications.

Many journal articles have been published in the disciplines of computer science, information systems, software
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Figure 10: The proportions of publication types for each research field

engineering, and management science, such as Information Systems, Expert Systems with Applications, Decision Sup-

port Systems, and Software and Systems Modeling. This tendency is similar in the technique and support categories.

However, the application-oriented articles show disparate results, i.e., they have been published in multi-disciplinary

journals focusing on producing case studies of process mining, such as IEEE Access, Applied Sciences, and Sen-

sors. Furthermore, domain-specific journals, e.g., the healthcare-specialized, are listed in Table 1 as well, including

International Journal of Environmental Research and Public Health and Journal of Biomedical Informatics.

As far as the conference proceedings are concerned, there is no significant discrepancy in results by the whole

and each category. Most of the research papers have been published in conferences on Business Process Management

(BPM), Advanced Information Systems Engineering (CAiSE), Enterprise Information Systems (ICEIS), and On The

Move To Meaningful Internet Systems (OTM). After the initialization of the Process Mining Conference (ICPM) in

2019, a large number of up-to-date research articles have been published through this.
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Table 1: The top 7 journals and conference proceedings by the whole and categories

Journal Conference Proceedings

Information Systems Business Process Management (BPM)

IEEE Access Advanced Information Systems Engineering (CAiSE)

Expert Systems with Applications Enterprise Information Systems (ICEIS)

Decision Support Systems ICT and Knowledge Engineering (ICT-KE)

Software and Systems Modeling On The Move To Meaningful Internet Systems (OTM)

IEEE Transactions on Services Computing Process Mining (ICPM)

Applied Sciences Enterprise Distributed Object Computing (EDOC)

Information Systems Business Process Management (BPM)

IEEE Access On The Move To Meaningful Internet Systems (OTM)

Expert Systems with Applications Advanced Information Systems Engineering (CAiSE)

Software and Systems Modeling Enterprise Information Systems (ICEIS)

Decision Support Systems Enterprise Distributed Object Computing (EDOC)

IEEE Transactions on Services Computing Process Mining (ICPM)

Data and Knowledge Engineering Conceptual Modeling (ER)

International Journal of Environmental Research

and Public Health

Business Process Management (BPM)

IEEE Access ICT and Knowledge Engineering (ICT-KE)

Expert Systems with Applications Enterprise Information Systems (ICEIS)

Journal of Biomedical Informatics Biomedical Engineering Systems and Technologies

(BIOSTEC)

Applied Sciences Learning Analytics & Knowledge (LAK)

Sensors Advanced Information Systems Engineering (CAiSE)

Information Systems Process Mining (ICPM)

Information Systems Business Process Management (BPM)

Software and Systems Modeling Advanced Information Systems Engineering (CAiSE)

IEEE Transactions on Services Computing Enterprise Information Systems (ICEIS)

Expert Systems with Applications Simulation Conference (WSC)

Decision Support Systems Process Mining (ICPM)

Data and Knowledge Engineering Enterprise Distributed Object Computing (EDOC)

Computers in Industry Business Information Systems (BIS)
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4.3. Geographic Analysis

The final goal of investigating research articles in process mining is to identify the discrepancy of geographical

aspects by research fields. To this end, we uncover the leading countries that frequently publish process mining

articles. To obtain more explicit insights, we analyze the country where the affiliation of the corresponding author of

each paper is located. Table 2 describes the results of this.

Table 2: The top 7 countries by the whole and categories

Whole Technique Application Support

Netherlands Netherlands Italy Germany

China China China Netherlands

Italy Germany Netherlands China

Germany Italy Spain Brazil

Spain Australia France France

South Korea South Korea Germany Spain

France U.S. Thailand Belgium

C
ou

nt
ry

Based on the results, we can identify that the Netherlands has occupied the most dominant position in the process

mining discipline. In addition, China, Italy, and Germany have remarkably contributed to the development of the

process mining field as well. These four countries have published almost 40% of the whole research articles, especially

the Netherlands and China occupied 12.9% and 10.7% of the total, respectively.

The technique category shows a similar pattern to the whole process mining discipline. The Netherlands, China,

Germany, and Italy have also contributed significantly to technique-related publications. However, unlike the overall

distribution, many techniques have been developed in Australia and the United States as well. The application-

oriented articles have been published by authors in Italy, China, and the Netherlands. Besides, Spain and France also

have contributed to the emergence of the application of process mining to various domains. In the support category,

Germany and the Netherlands have occupied a large part of this. In addition, Brazil and Belgium are also included in

the list as the key regions for the support field.

5. Relation identification between research fields in process mining

This section aims at discovering noticeable relations between research fields in process mining. To achieve this

objective, we employed a series of methods, e.g., similarity analysis, network construction, and community detection,

as introduced in Subsection 2.4.

22



5.1. Similarity analysis

Before measuring the similarity between research fields, we apply YAKE! presented in Subsection 2.4 to extract

principal terms to represent them. Then, we measured the similarity between research fields based on the Jaccard

similarity method. Figure 11 describes the result of the Jaccard similarity measurements between research topics.

Figure 11: The Jaccard similarity results between research fields

In Figure 11, grey-filled items represent relations that have relatively high similarity values compared to others.

Regarding the intra-relations of research topics belonging to the same category, we can identify high similarities

between topics within the technique category and the support category. However, compared to these, the research

topics in the application category have weak connectivity among each other. That is, applications in different domains

apply different goals, techniques, and tools, leading to less intersection with each other.

Regarding the inter-relations of research fields between the different categories, we can identify that the topics in

the technique and support categories have high similarities. On the contrary, it is hard to find meaningful relations

between the application and other categories. This is because the extracted keywords for the application category are

mainly relevant to a specific domain.

Next, we focus on the similarities between the individual research fields in the technique category. First, there is a

strong relationship between process discovery (T1) and other fields, such as conformance checking (T2), performance-

driven process mining (T3), process mining framework, guideline, & tool (T13), event logs (T14), and others (T17).

This indicates that process discovery has played a pivotal role in process mining, linked to other research topics such as

conformance checking, event logs, and performance-driven techniques. Also, process mining framework, guideline,

and tool (T13) has high similarity values with not only process discovery (T1) but also conformance checking (T2),

semantic process mining (T9), and process mining visualization (T15). Thus, various technical algorithms have been
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developed to utilize a process mining framework or tool as a standard. In addition, it is noteworthy that there is a

high similarity between trace clustering (T7) and variant analysis (T11) since both topics pursue the similar goal of

analyzing processes at a fine-grained level.

In the application category, there is no notable identification of the relationships, whereas the research fields in the

support show high similarities with multiple topics in the technique category. More in specific, a couple of research

topics, e.g., machine learning & business intelligence (S1) and BPM & BPR (S2), show a high similarity with the

technical algorithms, e.g., process discovery, organization mining, and process mining visualization. Also, BPM &

BPR (S2) and process simulation (S3) have been studied with performance-driven process mining, indicating that it

plays an essential role in implementing business processes.

5.2. Network derivation and community detection

Based on the results obtained in previous sections, we first discover a network representing relations of research

fields. Figure 12(a) presents the derived network.

(a) The network of research fields (b) The derived communities in the network

Figure 12: The results for network derivation and community detection

In the network, nodes indicate the research fields identified in Section 3, whereas edges indicate the similarity

between the research fields measured in Subsection 5.1. Also, the node size indicates the number of publications be-

longing to each research field, while the thickness of the edge represents the degree of similarity. Based on the derived

network, we can recognize that many studies have focused on process discovery (T1), conformance checking (T2),

healthcare (A1), and software (A2) topics. Also, process discovery (T1) and process mining framework, guideline,

and tool (T13) have been the central points to connect other research fields, as discussed in Subsection 5.1.

Next, we derive research communities by applying the Louvain algorithm on the basis of the network. Figure 12(b)

depicts the derived communities. Applying the modularity delta threshold of 2.21 in discovering communities, we

found four groups, e.g., representative, organizational, performance-centric, and manufacturing & IoT communities,

and six individual topics.
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• Representative community is composed of process discovery (T1), conformance checking (T2), streaming

process mining (T8), semantic process mining (T9), process mining framework, guideline, & tool (T13), event

logs (T14), others (T17), healthcare (A1), and software (A2). This community includes process discovery, con-

formance checking, healthcare, and software research fields where active research has been steadily conducted

since the past. In addition, research on event logs and process mining frameworks, guidelines & tools are

included in this community. Also, we can identify a couple of cutting-edge process mining techniques, includ-

ing semantic process mining and streaming process mining. These are emerging research fields derived from

process discovery and event log topics. Based on these results, we understand that this community represents

process mining and consists of the most fundamental components of this discipline.

• Resource-oriented community is composed of organizational mining (T4), privacy-preserving process mining

(T12), process mining visualization (T15), web and cloud services (A7), e-business (A8), machine learning and

business intelligence (S1), Business process management and business process redesign (S2), and decision sup-

port (S4). This community represents the research topics from the business process management perspective,

centered on resources and organizations. Specifically, it includes organizational mining and process mining vi-

sualization, e.g., social networks, in the technique category. In addition, a couple of support research fields, e.g.,

business intelligence and BPM, belong to this community, where resource-oriented data are actively utilized.

Also, this community holds the web service and E-business fields in the application area.

• Performance-oriented community consists of performance-driven process mining (T3), process monitoring

(T5), predictive process monitoring (T6), trace clustering (T7), variant analysis (T11), process model com-

parison (T16), and process simulation (S3). Unlike the prior two communities, the technical research topics

comprise most of this community. In particular, performance-driven process mining plays a key role, and other

relevant research topics are connected to this. For example, a series of connections of similar technologies, such

as performance-driven process mining, process monitoring, and predictive process monitoring, show changes in

technological trends and advancements. In addition, trace clustering, variant analysis, and process model com-

parison technologies have mutual similarities. In more detail, sub-event logs derived through trace clustering

have been utilized as input for the variant analysis and process model comparison. Finally, process simulation

aligns with process mining-based performance measurement and scenario analysis.

• Manufacturing & IoT community invloves manufacturing (A4) and internet of things (A6). This community

implies that sensor-based event logs in various domains, especially manufacturing environments, have been col-

lected, and numerous case studies based on these have been conducted to analyze the end-to-end manufacturing

processes.

Also, six individuals are not included in the communities: process model repair (T10), education (A3), manufac-

turing (A5), customer support services (A9), protocols (A10), and others (A11). Most of these research fields belong
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to the application category, and they selectively utilize different algorithms to resolve problems for a specific domain.

Also, the process model repair is independent of the communities because it has only been conducted recently and is

slightly linked to many other topics.

6. Forecasting future trends of research fields in process mining

This section aims to analyze future trends for the research topics. To that end, we predict the number of publi-

cations in a research field for the upcoming years (e.g., the number of publications in T1, i.e., process discovery, for

2023) by leveraging 1) the historical publication records of the research field (e.g., the number of T1’s publications

for the last three years) and 2) the historical records of other research fields that are highly correlated to the research

field (e.g., the number of publications for conformance checking and performance-driven process mining).

6.1. Prediction Model

As presented in Subsection 2.5, we use LSTM models due to their robustness to learning temporal dependen-

cies [39]. In the following, we describe the training procedure and validations of the model.

The LSTM model consists of 2 layers where the number of hidden states in the first layer is 2048 and the number

of hidden states in the second layer is 4096. We train the model using the training data over 14 years with Adam

optimizer algorithm [40] such that RMSE(Root Mean Squared Error) and MAE(Mean Absolute Error) between the

predicted value ŷ and the actual value y are minimized [41]. RMSE represents the root mean of squared errors (i.e.,

(ŷ − y)2) as below:

RMS E =

√√
1
n

n∑
i=1

(ŷi − yi)2 (5)

MAE represents the mean of absolute errors (i.e., |ŷ − y)|) as below:

MAE =
1
n

n∑
i=1

|ŷi − yi| (6)

To improve model generalizability, we use Dropout [42] and Batch Normalization [43].

To evaluate the performance of the trained model, we adopt time-series cross validation [44] since k-fold validation

has limitations in validating time series data (e.g., due to its random selection of independent data points). We use the

test data over four years. Table 3 shows the RMSE and MAE resulting from the time-series cross-validation.

Table 3: RMSE and MAE of the trained model that results from the time-series cross-validation

RMSE MAE

5.63 ± 1.02 3.98 ± 0.55
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6.2. Prediction Results

Based on the prediction model, we predict the number of publications in all the identified research fields for the

upcoming two years. To that end, we first predict the number of publications in 2022 using the historical records and

then predict the number of publications in 2023 using the predicted record in 2022 as well as the historical records.

Figure 13 shows the prediction results for the research fields in the technique category. For instance, the left-top

chart depicts the predicted number of publications for T1 (process discovery) in 2022 and 2023, as well as the historical

records from 2019 to 2020. The number of publications in 2019 is 29, decreasing to 22 in 2020 and increasing to 26

in 2021. The predicted number of publications in 2022 is around 29, and the one in 2023 is around 31, showing an

increasing trend in the research field.

Most of the research fields in the technique category are forecasted to be strengthened in 2022 compared to 2021.

In particular, T2 (conformance checking), T3 (performance-driven process mining), T5 (process monitoring), and

T8 (streaming process mining) are predicted to show tremendous increases in the number of publications in 2022.

However, a few research fields are anticipated to show decreasing advances with fewer publications, e.g., T11 (variant

analysis) and T13 (process mining framework, guideline, & tool).

In 2023, most of the research fields are predicted to have fewer publications than in 2022. For instance, T2

(conformance checking), T3 (performance-driven process mining), T5 (process monitoring), T7 (trace clustering),

and T8 (streaming process mining) are anticipated to have fewer publications in 2023 compared to 2022. However,

such research fields still show the predicted number of publications higher than the average number of publications

in the last three years, demonstrating the ongoing expansion of the research fields. For instance, the average number

of publications of T2 from 2020 to 2022 is around 13, whereas the predicted number of publications in 2023 is above

14.

Figure 14 shows the prediction results for the research fields that belong to the application category. For instance,

the chart on the left-top corner describes the predicted number of publications for A1 (healthcare) in 2022 and 2023,

as well as the historical records of the last three years. The number of publications in 2019, 2020, and 2021 is 35, 52,

and 19, respectively. The predicted number of publications in 2022 and 2023 is around 35 and 34, respectively.

Similar to the technique category, the research fields in the application category are anticipated to expand in terms

of the number of publications in 2021 compared to the previous year. For instance, the number of publications in A1

(healthcare) is forecasted to increase from 19 in 2021 to around 35 in 2022, and the number of publications in A3

(education) is anticipated to increase from 10 to 12. The predicted number of publications in 2023 remains similar to

2022, only showing slight increases and decreases depending on research fields. The number of publications for A1

is predicted to decrease marginally in 2023 compared to 2022, whereas the predicted number of publications for A2

is slightly higher than the one in 2022.

Figure 15 describes the predicted number of publications for the research fields in the support category. For

instance, the left-top chart shows the number of publications for S1 (machine learning and business intelligence) in
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Figure 13: The predicted number of publications in 2022 and 2023 for the research fields of the technique category, along with the historical number

of publications from 2019 to 2021
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Figure 14: The predicted number of publications in 2022 and 2023 for the research fields of the application category, along with the historical

number of publications from 2019 to 2021

Figure 15: The predicted number of publications in 2022 and 2023 for the research fields of the support category, along with the historical number

of publications from 2019 to 2021

2022 and 2023, along with the historical records of the last three years. The number of publications in 2019, 2020,

and 2021 is 7, 9, and 5, respectively. The predicted number of publications in 2022 and 2023 is around 8 in both years.

The number of publications in S1 (machine learning and business intelligence) and S2 (business process man-

agement and business process reengineering) is predicted to increase in 2022 and remain similar in 2023. Although
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the predicted number of publications in S3 (process simulation) and S4 (decision support) shows similar trends, the

absolute number of publications remains nearly unchanged; the numbers of publications in S3 and S4 are predicted to

be around 3 and 1, respectively.

7. Discussion

This section aims to answer the research questions raised in Section 1 by discussing the results presented in the

earlier sections. Moreover, we compare the obtained knowledge with the existing trends in process mining both from

academic and practical standpoints.

7.1. Answers to the research questions

Regarding the first research question, we identified and investigated research topics in process mining with a series

of approaches, as presented in Section 3 and Section 4. The research topics in the technique, application, and support

categories have been classified into the dominant, skyrocketing, and deep-cut based on history. Process discovery and

conformance checking steadily and dominantly have occupied a large part in the process mining discipline. Also,

popular domains in applying process mining have been healthcare, software, education, and manufacturing from the

past to the present. It is noteworthy that some research fields, e.g., predictive process monitoring, concept drift, and

privacy-preserving process mining, have emerged rapidly in recent years and are highly related to machine learning

and big data. On the contrary, process model comparison techniques and protocol applications have not gained

much attention in the process mining community. In addition, we should pay attention to the research fields on

other techniques (T17) and other applications (A11), which include innovative research papers with novel ideas on

emergent topics in process mining. For example, there have been articles in T17 about process mining connecting to

key technologies, such as natural language processing, big data, and blockchains. Until now, only a couple of papers

have been published for each topic, but they may constitute a new process mining research field in the next few years.

To resolve the second research question, we discovered the topic network and detected the communities of re-

search fields in process mining, as presented in Section 5. As a result, process discovery has been placed at the central

point in the network, which indicates that it has strong relationships with other topics. Besides, the research fields

in the application category have much less resemblance with other topics compared to the fields in the technique

and support. With the derived communities, we uncovered how the research fields have interacted with each other

and how they have developed. The representative community demonstrated which process mining techniques have

mainly integrated for process mining projects in most domains. In addition, regarding the performance-related com-

munity, we observed that performance-driven process mining had become the cornerstone for the emergence of the

latest monitoring techniques, such as process monitoring and predictive process monitoring. The connection network

between research topics covered in this study and the community derived through it has explained the emergence of

new research fields from the existing fields. In other words, it is necessary to explore the possibility of deriving a new

research field within process mining by utilizing a predictive network model such as a graph neural network.
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Regarding the third question, the prediction model suggested that the topics in most of the research fields will be

expanded in 2022 and 2023 with respect to the number of their publications. Especially most of the research fields

will show quantum leaps in the number of publications in 2022 compared to 2021 when the number of publications

was significantly lower than in the previous years. In 2023, the number of publications will remain mostly the same

as in 2022, with different topics showing non-significant increases or decreases. However, a few research fields

will show fewer publications in 2022 and 2023, such as T11 (variant analysis) and T13 (process mining framework,

guideline & tool). Due to the changes in trends from the emergence of new techniques and the connectivity with other

disciplines, it is hard to get accurate values for the next few years. However, our work contributes to understanding

future technology trends and development potential.

7.2. Further discussions

In this subsection, we further discuss the obtained research fields and their future trends in relation to the existing

trends in process mining, both from academic and practical standpoints. First, to relate the existing academic trends,

we analyze the workshop topics in the renowned conferences presented in Section 4 such as ICPM, BPM, and CAiSE.

As of 2022, the workshops held with ICPM, BPM, and CAiSE conferences are as follows.

• Business Process Intelligence (BPI)

• DEClarative DECision and Hybrid approaches to processes (DEC2H)

• Streaming Analytics for Process Mining (SA4PM)

• Quantitative Aspects of Process Mining (QAPM)

• Social and Human Aspects of Business Process Management (BPMS2)

• Leveraging Machine Learning in Process Mining (ML4PM)

• Artificial Intelligence for Business Process Management (AI4BPM)

• Responsible Process Mining (RPM)

• Event Data and Behavioral Analytics (EdbA)

• Process Querying, Manipulation, and Intelligence (PQMI)

• Data Quality and Transformation in Process Mining (DQT-PM)

• Process-Oriented Data Science for Healthcare (PODS4H)

• Education meets Process Mining (EduPM)

• Process Management in Digital Production (PMDiPro)
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• Business Processes Meet Internet-of-Things (BP-meet-IoT)

BPI has covered the entire research area of process mining, including process discovery, conformance checking,

etc. The other workshops are mapped to specific research fields that are derived from this study. DEC2H, which covers

declarative process mining, belongs to a subtopic of process discovery (T1). Articles on organizational mining (T4),

streaming process mining (T8), and privacy-preserving process mining (T12) has been published through BPMS2,

SA4PM, and RPM, respectively. In addition, the performance-oriented community, consisting of performance-related

topics such as performance-driven process mining (T3), process monitoring (T5), and predictive process monitoring

(T6), has published articles in QAPM. As performance-driven prediction has become essential, there has been in-

depth attention to workshops covering machine learning and artificial intelligence, such as ML4PM and AI4BPM.

Moreover, research on process model repair (T10) and event logs (T14) have been discussed in PQMI, EdbA, and

DQT-PM, respectively. There have also been some workshops focused on specific applications domains, including

PODS4H (healthcare (A1)), Edu4PM (education (A3)), PMDiPro (manufacturing (A4)), and BP-meet-IoT (IoT (A6)).

Second, to relate the existing practical trends in process mining, we analyze the functionalities supported by the

renowned process mining tools that are evaluated as leaders and star performers in the process mining market by

the Everest group report [45]: Celonis, Software AG, Minit, and UiPath. Moreover, we analyze the functionalities

provided by the most representative open-source tool in process mining, ProM; The tool is contributed by process

mining researchers, and most of the techniques developed so far have been implemented in the tool. Furthermore, we

include Fluxicon Disco, which continuously received much attention for its compact and practical functionalities.

Table 4 presents whether or not the tools provide the functionalities corresponding to the research fields presented

in this paper. It is noticeable that all tools cover process discovery (T1) and performance-driven process mining

(T13). In other words, process discovery is the most fundamental topic and technique in process mining, and it is

worthwhile to present performance measurements on the discovered process model. In addition, conformance check-

ing (T2) and process model comparison (T16) are the functions all tools provide except for Disco. Although process

model comparison is classified as deep-cut, it is a practically relevant technique. Moreover, organizational mining

(T4) is only covered by Celonis and Minit, which indicates that the control-flow perspective is more influential than

the resource perspective. Also, most tools provide process monitoring (T5), e.g., anomaly detection with statistical

analysis, whereas they have not yet implemented predictive process monitoring (T6) that requires machine learning

and deep learning. Also, relatively new algorithms, such as streaming process mining (T8), semantic process mining

(T9), and process model repair (T10), are yet to be implemented in most tools except Celonis. Likewise, process

mining commercial tools still do not cover privacy-preserving process mining (T12).

8. Conclusion

In this paper, we analyzed the literature on process mining using text mining and machine learning techniques.

First, we collected 2,207 process mining articles and conference proceedings from 2002 to 2021. Next, we analyzed
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Table 4: Key functionalities of process mining tools

ProM Celonis Software AG MINIT UIPath DISCO

T1
√ √ √ √ √ √

T2
√ √ √ √ √

T3
√ √ √ √ √ √

T4
√ √ √

T5
√ √ √ √

T6
√ √

T7
√

T8
√ √

T9
√ √

T10
√ √

T11
√ √ √ √ √ √

T12
√

T13
√ √ √ √ √ √

T14
√ √ √ √ √ √

T15
√ √ √ √ √ √

T16
√ √ √ √ √

the with a pre-trained model-based topic modeling, exploratory data analysis with key features, network and commu-

nity detection, and future prediction with a deep learning model. As a result, we provided knowledge on the main

research topics in process mining and their temporal trends, the relationships between the research topics, and the

predictions on the expansion of the topics. Moreover, we compared the provided knowledge with the trends in both

academics and practices.

Our work has several limitations. First, the presented quantitative analysis based on text mining and machine

learning techniques still require some manual steps. For instance, the pre-processing of collected documents is manu-

ally conducted, while the identification of research fields requires qualitative evaluations based on expert knowledge.

Second, the presented research topics are by no means exhaustive. We only focus on the topics identified by text min-

ing algorithms, and thus, some of the essential topics may not be a part of the further analysis, e.g., network detection,

community detection, yearly patterns, etc. For instance, object-centric process mining receives much attention from

the community as an essential research topic, but it is not part of our analysis since it is not identified as a research

topic in the topic modeling algorithm. Finally, since our analysis relies on historical data, we cannot present topics

that do not exist in history. The discovery and analysis of newly-emerging topics remain as the judgments of readers.
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