ﬁ EasyChair Preprint

Ne 8516

On Current Job Market Demands for Process
Mining: a Descriptive Analysis of LinkedIn
Vacancies

Simin Maleki, Amy Van Looy, Barbara Weber and
Maximilian Roglinger

EasyChair preprints are intended for rapid
dissemination of research results and are
integrated with the rest of EasyChair.

July 20, 2022



On Current Job Market Demands for Process Mining: A
Descriptive Analysis of LinkedIn Vacancies

Simin Maleki Shamasbi'!, Amy Van Looy', Barbara Weber?, Maximilian Réglinger®

! Faculty of Economics and Business Administration, Ghent University, Tweekerkenstraat 2,
B-9000 Ghent, Belgium {simin.maleki,amy.vanlooy}@ugent.be

2 Institute of Computer Science, University of St.Gallen, Rosenbergstrasse 30, St.Gallen 9000,
Switzerland {barbara.weber@Qunisg.ch}

3 FIM Research Center, University of Bayreuth, Wittelsbacherring 10 95444, Bayreuth,
Germany {maximilian.roeglinger@fim-rc.de}

Abstract. Process mining is growing to a billion-dollar market, focusing on
dedicated techniques for improving existing business processes. With the in-
creasing popularity and application of process mining, most scholars have fo-
cused on technical research while the organizational and people-related aspects
remain under-investigated. To partly fill the gap, this paper explores current job
market demands in process mining by means of an empirical and analytical
study of vacancies on LinkedIn platform. Our dataset uncovers a wide variety
of vacancies from 47 countries, including organizations of different sizes and
12 sectors. The vacancies are issued by end-user companies, vendors or consul-
tancy firms and include a combination of technical or business orientation. Giv-
en this wide variety among process mining vacancies, future research can also
benefit from better complying with companies’ needs.

Keywords: process mining, vacancy, job advertisement, skills, human resource,
descriptive analysis

1 Introduction

Process mining with an estimated market growth of $1 billion in 2022 [4], is consid-
ered a suitable technology to enable people, processes, services, channels, business
models and operating technologies. The popularity of process mining applications is
growing in both industry and academia [18]. Therefore, more calls for research on its
application in organizations have been issued in recent years [8, 16, 17]. Concurrent-
ly, the number of software companies providing process mining capabilities and con-
sultancy firms that offer such services is increasing. There are over 40 commercial
process mining tools worldwide [19] among which Gartner monitors a few of them
regularly. While process mining is getting more complex, the implementation is also
getting more complicated across different domains [1]; Hence, organizations are allo-
cating more resources and are hiring specialized employees, contracting consultants,
or training existing analysts and managers to adopt this technology within the bounda-
ry of their improvement initiatives. Although process mining as an innovative IT tool



can be a great enabler for organizations, getting the right people on board is a key
success factor [13]. In this regard, it is crucial for organizations to be aware of the
individual competencies and specialties they would require for succeeding in their
process mining journeys.

Some organizations are assigning specific users to work with process mining tools.
Given that a single business process can involve several departments, their corre-
sponding managers and process participants are also involved [17]. Thus, process
mining implementations can be highly challenging, and it makes human resources an
essential factor that should be taken into consideration. At the same time, new tech-
nology and tools in process mining require new skills, roles, responsibilities and edu-
cation of a new generation of experts with new competencies and a thorough under-
standing of computer science, data and IT [14]. In this regard, it is beneficial for or-
ganizations to be aware of the job market and the required skills and job positions by
other organizations. Such information will help them plan for an appropriate job defi-
nition in process mining practices and know the variety of roles and skills in the mar-
ket in order to plan for their best team composition. Process mining adoption in or-
ganizations and the reason for its failure/success are still under-researched, yet crucial
[16]. Two factors that are required to successfully leverage the potential benefit of
process mining are team composition and skills. Despite their importance and the high
priority of this area, an open issue exists on the subject [8]. In this regard, we argue
that gaining insight into what job demands process mining is currently sought by or-
ganizations will shed light on this gap. To the best of our knowledge, this area has not
been specifically investigated yet. We argue that vacancies reflect the current needs of
organizations and make a link between needs and demands.

Hence, our research question is:
— RQ. What are the current job market demands for process mining?

In this regard, we use vacancies as a proxy to reflect upon those demands for process
mining practices in organizations.

To address this question, we developed the following objectives:

(O1) To report the geographical distribution of vacancies

(02) To report the vacancies based on the size and sector of organizations

(O3) To refine the job titles in vacancies and report what ‘job types’ and ‘job titles’
are sought by different types of organizations and to what extent they are technical or
business-oriented

In order to accomplish our objectives, we followed an empirical and analytical ap-
proach. We extracted all vacancies related to process mining from LinkedIn jobs in
May 2022. In this regard, we considered process mining vacancies from all countries
in the world without considering the original language used in the vacancy. The final
dataset had 921 vacancies, after removing the duplicates and unrelated items regard-
ing our inclusion and exclusion criteria. We performed a descriptive analysis to un-
fold the knowledge behind the dataset and address the research objectives.

The remainder of the article is structured as follows. In Section 2 the related stud-
ies are discussed. Section 3 presents the research design for this study. In Section 4,



we explain and demonstrate the results of statistical analysis. In Section 5, we discuss
our findings and their implications, our research limitations, and suggestions for fu-
ture work. Finally, the paper is concluded in Section 6.

2 Literature Background

The popularity of process mining applications in the industry is growing in both in-
dustry and academia. Meanwhile, the integration of process mining with machine
learning, simulation and other complementary trends, such as digital twins of an or-
ganization, is gaining significant attention in recent years [18]. In most cases, organi-
zations adopt process mining to visualize, analyze and improve business processes
that shape information systems [5]. Nevertheless, process mining has moved into
wider areas in recent years and Gartner identified ten capabilities such as predictive
and prescriptive analysis, customer interaction support, and task mining [4], just to
name a few. Such capabilities provide the opportunity for the application of process
mining in digital transformation journeys, RPA, hyperautomation, artificial intelli-
gence usage or operational resilience.

Since the inception of process mining in the early 2000s, researchers have mainly
focused on the development of technical - rather than organizational aspects [18].
While the focus of research has been on the technological aspect of process mining
and the number of organizations that adopt process mining is increasing, more organi-
zational and managerial research is required. In this regard, calls for research on the
application of process mining has been issued in recent year. Studies have tried to
emphasize the importance of considering this perspective and the existing gaps [8, 16,
16]. Based on a Delphi study on the existing challenges of process mining, four chal-
lenges were identified as directly-related to people competencies and data/process
orientation of the organization culture [8]. Van der Aalst [20] was one of the first ones
to discuss process mining from the perspective of applications in industrial practice.

In fact, the technical view of academics has come a long way, but people- and cul-
ture-related aspects present very prominent challenges [8]. People play a key role to
put process mining into action, which implies that it is crucial to select the right staff
to deliver these kinds of projects [13]. Moreover, even if the bases of models are built
automatically using process mining insights, human domain knowledge is still crucial
[11]. These statements represent the Importance of people playing role in process
mining practices and their skills. Furthermore, the notion of Augmented Business
Process Management Systems (ABPMSs) is going to introduce a new class of pro-
cess-aware information systems [2]. In this regard, each level of the Augmented BPM
pyramid requires specific capabilities and skills on the organizational side. Therefore,
considering the competencies of people who are performing process mining in an
organization directly affects their success and progress in this pyramid.

Different job positions are dealing with process mining in organizations such as
process analysts, process participants, process stakeholders, and external partners [5].
In this regard, online job portals like LinkedIn and monster websites have been con-
sidered appropriate tools for understanding the demographics of BPM professionals,



their skills and the job positions In BPM projects [6,7]. Notwithstanding the emphasis
on organizational and managerial perspectives, to the best of our knowledge, there has
been not a specific study on job positions and skillsets that are applicable in process
mining practices in organizations.

3 Research Design

Our research consists of three main steps as depicted in Fig. 1. At first, we dealt with
data collection and created a vacancies dataset. Then, we performed several data
cleaning and preparation steps. We also derived more columns based on the existing
columns in the dataset. Third, we applied descriptive statistics to derive insights from
the cleaned dataset.

To achieve our research objectives, we applied the search terms of Table 1 to all
LinkedIn jobs, which was the leading website that publishes vacancies [12], and
downloaded them in an Excel worksheet. The search was conducted in May 2022. To
analyze vacancies that were directly related to end-users and process mining in prac-
tice, we defined inclusion and exclusion criteria (Table 1). Furthermore, in order to
take benefit from all vacancies around the world, we used an auto-translation library
to translate non-English vacancies into English. In sum, 656 vacancies were in Eng-
lish, whereas the rest were in 12 different languages (e.g. German, Dutch, French,
etc.). Subsequently, we describe the steps applied to this study.

3.1 Data Collection

To obtain the dataset, according to the inclusion criteria in Table 1, we developed a
web crawler using the Selenium library of Python that could automatically go through
all search queries related to process mining vacancies in different countries. Regard-
ing the limitation of LinkedIn on showing job search results with a maximum of 1000
records, we had to include the search query for every country within our web crawler
because searching for “process mining” in “worldwide” would return more than 3000
results. All vacancies were at the end extracted into an Excel worksheet. During the
scraping, the language was automatically detected by GoogleTrans library and if it
was a language rather than English, the job title and job description columns were
automatically translated into English and saved in separated columns in the Excel file.
Meanwhile, a field was also automatically generated for each record based on a list of
process mining vendors in order to identify which organization is a vendor. After
running the web crawler twice within a period of ten days in May 2022, we obtained a
dataset containing 5,460 records to start the second phase of data preparation.

3.2  Data Preparation

Based on the exclusion criteria (Table 1), we manually identified not related records
and labeled them as zero in the corresponding column to be excluded in our analysis.



This goal was fulfilled by job title and if needed, job description (i.e., which con-
tained job responsibilities and required skills).

Meanwhile, there was an unintegration in the sector column as the sector name was
not following a specific rule. We also found that some sectors were not correctly de-
fined. Therefore, we used uniform NACE codes [3] to redefine the sector column.
Meanwhile, the organization size was missing in some records. This issue was manu-
ally resolved by looking at the company profile on LinkedIn or the company website.

Our dataset initially revealed 838 different job titles among 921 records, and we

e List of vendors

search term : ‘process mining’
separately for ‘each country'

nyu vacancies, identify {gt}mp!‘ vacancies, identify
develop a web crawler by vendors, auto-translate the /,5\ vendors, auto-translate the
Selenium in Python non-English to English \&, non-English to English
(1st time) - (2nd time)
Start 10 days

inclusion and exclusion criterias

Data Collection

Remove wrong, remaining
duplicates and Identify
related/unrelated

/2\ /N Refine ‘job title’ based on
Merge datasets and remove | o / 8"\ 1\ e et . ...

duplicates ke / 2 v
/ extra column of ‘job type
Add extra columns:
‘job type’, orientation,
‘company type'

A more refined
version of job title

Data Collection and Analysis Process

Data cleaning and preparation

Perform descriptive analysis

and demonstrate the data

Data Analysis

Fig. 1. Research Process

observed that job titles in vacancies contained multiple extra information (e.g., gen-
der, city, etc.). After some basic cleanings and removing extra parts in the title (in-
cluding the seniority), the number was reduced to 740 different job titles. This number
was still too many to extract categorized information about job types and titles. In this
regard, we added two new columns in the dataset as follows: ‘Job Types’ to reflect
the job type/level of the prospect employee (e.g., manager, analyst, consultant, etc.)
and ‘Job section’ as the subject of the vacancy like process, business, process mining,
etc. The former was filled with deep consideration and attention to the initial job title
and if required, the job description column. Nevertheless, since we received a lot of
variety in job types, we made decisions upon merging some similar job levels with
each other. For example, we considered merging expert, specialist, expertise and of-
ficer as specialists. The combination of job section and job type will create a new job
title that is more clear and more homogenized than the initial job title.



3.3  Data Analysis

Our final dataset consisted of 921 vacancies in process mining worldwide. Based on
the initial data columns that were available, extra columns were constructed specifi-
cally for this research. We applied descriptive analysis for demonstrating different
aspects of the dataset, in order to address our objectives and the research question.

Table 1. Research Protocol

‘process mining’ separately for ‘each country’ in the world in ‘any languages’ on

Search Term LinkedIn Jobs page

All vacancies from end-users/consultancy firms that require either responsibilities
or skills related to process mining implementation or both; without considering the

) percentage of their engagement.
Inclusion

Criteria All vacancies from end-users that make benefit from process mining results but are

not really involved in process mining implementation
All vacancies from vendors that have direct contact with customers for implemen-
tation, technical support or consultancy purposes

Vacancies from end-users that do not clearly mention any skills or responsibilities
related to process mining; although they might indicate that the company has
process mining.

Vacancies from end-users planning to implement process mining in the future but do

) not mention process mining as a requirement in the job description or skillset.
Exclusion

Criteria Vacancies from end-users that have process mining skills only as an extra point or

bonus but have not mentioned related responsibilities

Vacancies from vendors that are not directly involved in process mining practices
in organizations e.g. marketing, sales, inventory, algorithm development, software
production, finance, training, procurement, account management, etc.

Vacancies from research institutes/universities for researchers/students

4 Results

4.1  Geographical Distribution of Vacancies (O1)

In order to address O1, we now report on our findings regarding the distribution of
vacancies in process mining. Fig. 2 presents the geographical distribution of vacancies
throughout the world. According to the dataset, 47 countries were seeking for em-
ployees to participate in their process mining journeys. The map clearly shows that
the majority of these vacancies were centralized in some regions across Central Eu-
rope and North America, while Germany and the United States possessed about 40%
of all vacancies. Furthermore, our dataset shows that vacancies came from 438 differ-
ent organizations and 12 different sectors. This variety supports us to argue that our
dataset is a small yet appropriate sample of required job positions that could be gener-
alized to vacancies for process mining practices across the world. Our data can thus
be seen as a good representation of the vacancies at this particular moment in time.
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4.2  Distribution of Vacancies Based on Company Type and Sector (02)

To address 02, we identified three types of organizations that advertise for vacancies
(Fig. 3), namely end users, vendors and consultancy firms. The first category con-
tained 476 vacancies from organizations that hire employees either for their own pro-
cess mining practices or for other organizations while playing the role of recruiters.
The second category contained 82 vacancies from organizations providing process
mining software applications and services as vendors. Among them, we found soft-
ware companies that are offering process mining features within their existing ser-
vices but also software companies that are empowering their teams to enter this rapid-
ly-growing market. The third group was 363 vacancies from consultancy firms giving
consultancy services to end-users for helping them to leverage process mining.

vendor, 82, 9% A consultancy, 363,39%

end user, 476,52%

Fig. 3. Number of Vacancies by Organization Type

Table 2 presents the size of the organizations and their sector. 43.4% of the sam-
pled vacancies were related to organizations working in the sector of ‘Information and
communications’, and more than 50% (486) of them came from large organizations
with more than 10,001 employees. Furthermore, the size of organizations working in
the sector of ‘Administrative and support service activities mostly contained organiza-
tions acting as recruiters. Therefore, it cannot present the size of the real employer



and that size is not clear in those cases. Fig. 4 shows the technical/business orienta-
tion of job types. Within each blue box, job types and the corresponding frequencies
within that orientation are presented. Fig. 5 demonstrate the job types regarding their
frequency in either technical or business orientation or both.

Table 2. Vacancies by Sector and Size of the Organizations (based on NACE)

1- | 11-| 51- | 201-| 501- | 1,001-| 5,001-

Sector (NACE) 10 50 | 200 | 500 | 1,000 5,000 | 10,000 | “000%* Total | %
Information and communication 8| 7| 33| 24| 14 88 30 196 400 | 43.4%
Manufacturing 212 1 2 1 20 23 133 184 | 20.0%
Professional, scientific and technical activities 4| 2 1 4 40 3 72 133 | 14.4%
Administrative and support service activities 623 12| 7 5 9 4 73 | 7.9%
Financial and insurance activities 4 1 2 3 8 5 43 66 | 7.2%
Human health and social work activities 1 1 18 20 | 2.2%
Wholesale and retail trade 2 3 1 10 16 | 1.7%
Transportation and storage 1 1 6 1 5 14 | 1.5%
Construction 1 5 1 3 10 | 1.1%
Public administration and defence 2 2 0.2%
Education 1 1 2 0.2%
Other professional, scientific & technical activities 1 1 0.1%
Total 25|/ 34| 56 | 38 29 182 71 486 921

4.3  Job Types, Job Titles and Technical/Business Orientation (O3)

In order to address O3, we identified three types of job categories based on the orien-
tation of the job: technical, business, and both. Such orientation was identified based
on the ‘job responsibilities’ and ‘required skill” in the ‘job description’.

The distribution of these orientations and their relevant job types are presented in
(Fig. 4). We identified 12 different job types. Fig. 5 demonstrates these types based
on the orientation to which they are related. The number on the ‘data labels’ presents

consultant(26), manager(18), consultant(113), manager(75),
analyst(12), specialist(2), engineer(41), analyst(41), specialist(25), engineer(6),
trainee(18), developer(27), trainee(8), developer(6), architect(21),

architect(5), data scientist(25), datascientist(2), auditor(5), partner(1),
auditor(2) scheduler(1)

technical, 176, 19%

R both, 304,33%
business, 441, 48%

consultant(128), manager(157),
analyst(75), specialist(39), engineer(4),

trainee(8), architect(6), data
scientist(2), auditor(5), partner(3),
scheduler(3)

Fig. 4. Job Types and Technical/Business Orientation

the number of vacancies in each orientation for a given job title. After cleaning the
job title as described in Section 3.2, the frequency of job titles was reduced to 252




items of which more than 50% have a frequency of below ten and 14% have a fre-
quency of one. Because of the long list of output, we show only the first 20 results
with a frequency of at least 10 (Table 3)

® both ™ business technical
260 26
240 18
220
200
180
160
140
120
100
80
60
20 I I I EE
0 g - - 325— # -3 —‘i‘—
\»\@& o'z’o“’?} o’z}\\‘} C"b\\é o}(@é @\(&Q’ e}oQé @é} \‘?5‘\-06} og\@k fz;“@é zb&é
PR A N R S
b’b
Fig. 5. Job Types and Technical/Business Orientation
Table 3. The Frequency and Orientation of the Job Titles
Row Labels Business Technical Both Total
process mining consultant 15 4 39 58
process manager 31 2 33
business analyst 25 7 32
process mining manager 7 2 19 28
data scientist 25 2 27
process analyst 22 3 25
data analyst 6 8 9 23
data engineer 21 1 22
business transformation consultant 9 8 17
process mining specialist 3 13 16
intelligent automation manager 6 1 9 16
customer value manager 15 15
process mining analyst 2 2 10 14
process consultant 12 1 13
RPA developer 12 1 13
process mining architect 12 12
process excellence manager 11 11
intelligent automation consultant 5 1 5 11
RPA consultant 3 7 10
process mining Trainee 1 5 4 10
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5 Discussion

The results could address our objectives, answer the research question and present an
understanding of job market demands and vacancies in process mining. In the follow-
ing sub-sections, we discuss and present the implications of our study (Section 5.1)
and acknowledge the limitations of this research and propose some avenues for future
works (Section 5.2).

5.1 Implications

Our findings have some implications. First, end users can get a basic understanding of
different vacancies and roles to consider in their process mining implementation.
Second, the technical/business orientation is also an interesting outcome of our study.
Given that process mining is connecting data science with process science, there are
multiple job types and job titles that need a hybrid orientation. This shows that tech-
nical versus business orientations in process mining job titles have their own dedicat-
ed specifications and for some job types and job titles, the orientation differs. Indeed,
process mining has caused new job definitions to be created in the field of BPM and
Information Technology. Jobs such as process mining consultant, process mining
analyst, process mining manager, etc. are some examples. Meanwhile, changes in job
requirements of process analysts, process specialists, data analysts, etc. show the im-
pact of this technology on the definition of such roles for process mining practices.
Third, our result is helpful for job seekers to know what types of job opportunities
exist in this market with technical, business or technical-business orientation.

Fourth, our study unveils the fact that there is no integrity in job titles in process
mining projects. Therefore, almost all employers have their own language for defining
job titles and job descriptions. Fifth, our study reveals the niche markets and newly
growing demands while also unveiling the growing interest in software companies to
adapt process mining techniques to their existing software applications and services.
This finding provides insight for vendors and intermediaries to focus on expanding
the market to other countries and also other sectors so as to empower the application
of process mining in other areas. Simultaneously, our findings provide insight into
improving their competitive advantage and letting their business grow in competition
with multiple process mining providers. Last but not List, our approach and the meth-
odology we proposed could be repeatable in other BPM-related roles.

5.2 Research Limitations and Future Work

Despite our in-depth descriptive analysis of process mining vacancies in all countries
without considering the language, our research still faces some limitations. First, our
dataset is limited to vacancies in May 2022. Although the extraction was performed
twice within 10 days, it is a sample of the real world at a certain moment in time.
Therefore, evolution over time and seasonal changes are not considered. Nevertheless,
a longitudinal dataset containing vacancies across several months or different seasons
will be beneficial. It will also give the opportunity for chronological research which
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compares the change and evolution of vacancies and job types during the time. Sec-
ond, we extracted data from LinkedIn, which is yet the most popular platform for
process mining vacancies. Other platforms like Monster.com or local job portals will
also give a deeper insight into vacancies in certain geographical areas in the case of
the latter. Third, we tried to homogenize job titles by considering the original job title
and job description. This objective can only be fully explored by performing further
research through skills extraction, text mining and/or conducting an expert panel.
Fourth, there might be a potential bias regarding our search terms due to LinkedIn
algorithms, although our query terms were searched in all vacancies’ metadata.

For our next step and as future research, we are going to extend this study further
on standardizing job roles and deriving individual skills and competencies that are
required within process mining projects in organizations. Further, there might be a
novel opportunity to investigate mapping such competencies with the levels of Aug-
mented BPM pyramid [2] or a pre-defined maturity model.

6 Conclusion

Although process mining has matured as a research field over the past decade from a
technical standpoint, there is a limited understanding of process mining from an or-
ganizational perspective [8]. In this study, we have conducted empirical and analytical
research on vacancies in process mining practices throughout the world. Based on
Section 2, we could argue that there has been no study on this topic so far and it re-
mains unclear what kind of job types, job positions and skills with what kind of orien-
tation exists or is required in process mining practices. Since vacancies are considered
an appropriate source of data for studying job specifications, we argue that they can
reflect the current needs of organizations by linking needs and demands. We studied
921 vacancies and tried to make clear what the state of job market demand for process
mining at the moment in time is. Novelty in this study lies in considering real data
from a well-known job portal and focusing on geographical distribution, employer
specifications, job titles and their characteristics, presenting facts underlying vacan-
cies and the job market.
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