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Chapter 9
Developing Personas of Ideal-type
Candidates in Al-related Jobs

An Exploratory Study Based on the Analysis of Online Job Postings

Abstract: This chapter presents a data-driven exploratory approach for identifying
ideal-type candidate personas in the field of artificial intelligence (AI) based on the anal-
ysis of online job postings. The data used for analysis was collected from online job plat-
forms for the German labour market. Latent Dirichlet Allocation (LDA) was used for
topic modelling. A meaningful LDA solution with four topics was obtained, which
formed the basis for identifying four different ideal-type personas that are sought for in
Al-related job postings. The chapter provides an interpretation of the personas and
their skill profiles, expertise and accountability level. The results can help job seekers,
recruiters, and policymakers to better understand the skills and experiences that are
sought by employers in the field of AL
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9.1 Introduction

Artificial intelligence (AI) changes business models, organisations and jobs. After
years of research and development, today the diffusion of Al is driven by economic
parameters. Workers who mainly perform routine tasks were the first to be affected
by computerisation (Autor, Levy & Murnane, 2003). This assessment may change as
generative Al affects the jobs of journalists, translators and artists. Also, the tasks of
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computer scientists will change as code is becoming a commodity which can be pro-
duced automatically.

Businesses are developing and implementing Al technology to support their activ-
ities or make Al technology the core of their business model itself. As a result, compa-
nies’ labour demands in the field of Al are increasing. Therefore, we are interested in
the profiles and skills which are looked for in the field of Al First, we use a data-
driven approach for identifying candidate personas in the field of AI based on online
job postings. Second, we provide an interpretation of the personas and their skill pro-
files, expertise and accountability level. The results can help job seekers, recruiters,
and policymakers to better understand the skills and experiences that are sought by
employers in the field of AL

9.2 Skills and Jobs Research
9.2.1 Skill-Biased Technological Change

Al is one of the most recent examples for technological change. On a macroeconomic
level, the consequences of technological change are discussed intensively. Skill-biased
technological change (SBTC) models point out that technological change increases the
productivity and hence demand of skilled workers. The approach postulates that the
skill premium, the wage gap between skilled and unskilled workers, increases de-
pending on the supply of skilled workers and the elasticity of substitution between
skilled and unskilled work. However, the empirical evidence between skill-biased
technological change and wage inequality was “surprisingly weak” in the past (Card &
DiNardo, 2002), p. 776). Subsequently, the focus has shifted to the differences between
routine and nonroutine tasks (Autor, Levy & Murnane, 2003) and the polarisation the-
sis that the employment shares for high-paid persons and for low-paid personal ser-
vice workers are growing. Overviews are provided for example by Hornstein, Krusell
and Violante (2005) and Aghion et al. (2022).

Most recently, Acemoglu and Restrepo (2022) expanded the classical SBTC model
by a task-based approach. The elasticity of substitution between skilled and unskilled
labour becomes endogenous and depends on the characteristics of new tasks. They
also take into consideration Al They interpret Al as a technological platform that can
be used for automation or leads to new labour-complementary tasks. As new tasks
can foster skilled or unskilled work, the skill premium also depends on the type of
new tasks created by AI (Acemoglu & Restrepo, 2022). Empirically, Acemoglu et al.
(2022) show that the AI exposures of establishments are associated with negative and
positive changes in the skill set required.
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9.2.2 AI Jobs Research

Several authors argue that Al jobs require general or soft skills, such as problem-solving,
creativity and teamwork (Squicciarini & Nachtigall, 2021) or social and emotional skills
(Samek, Squicciarini & Cammeraat, 2021). The content of Al-related jobs is hence becom-
ing more diverse (Verma, Lamsai & Verma, 2022). Samek, Squicciarini and Cammeraat
(2021) further argue that there are complementarities between different occupational cat-
egories (managers, Al professionals, technicians) as recruitment of those often happens
in the same organisation at the same time. Today, business knowledge is as important as
technical skills for working in business intelligence and big data projects (Debortoli,
Miiller & vom Brocke, 2014), which is further supported by the emergence of business
clusters such as “Data Science & Engineering,” “Software Engineering & Development”
and “Business Development and Sales” (Anton, Behne & Teuteberg, 2020).

9.2.3 Methodological Approaches to the Analysis
of Al-related Job Postings

Online job advertisements have been used as empirical databases at least since
the year 2000, when Koong, Lui and Lui (2002) identified and ranked job postings in
the field of information technology. Data are derived from several online platforms
such as monster.com (Debortoli, Miiller & vom Brocke, 2014) and hotjobs.com (Koong,
Lui & Lui, 2002), indeed.com (Verma, Lamsai & Verma, 2022) or aggregators such as
Burning Glass Technologies (BGT) (Acemoglu et al., 2022; Squicciarini & Nachtigall,
2021). When analysing and clustering the data, a broad range of statistical and specific
Natural Language Processing (NLP) methods such as k-means (Litecky et al., 2010), La-
tent Semantic Analysis (LSA) (Debortoli, Miiller & vom Brocke, 2014) or matrix factorisa-
tion (Anton, Behne & Teuteberg, 2020) is used. Ternikov (2022) provides a more recent
overview of the methodology employed in IT job advertisement analysis and points to
the fact that the approach used varies with the sample size of the data available.

In this chapter, Latent Dirichlet Allocation (LDA) is used, an approach which is
applied for topic modelling. LDA is also used by Gurcan and Cagiltay (2019) who iden-
tify 48 skill topics, and by De Mauro et al. (2018), who determine nine skill sets and
map them to four “Big data job families.”

9.3 Methodology

This study uses the concept of personas to comprehensively summarise the results
generated from the job postings regarding the aspired candidates’ professional pro-
files along with the tasks and activities of the advertised jobs. The concept of a per-
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sona originated in human-computer interface design with the intent to facilitate
user-centred designs by generating typical user profiles (Cooper, 1999). In its original
application, personas were used to guide design processes by providing designers
with evidence-based lifelike characters of users generated from available data on the
core features (e.g., needs, goals, limitations, predicted behaviour) of the user. Since
then, the use of the concept has expanded to areas outside human-computer interface
design and today, a persona often generally refers to a fictional yet lifelike character
that bundles the core features of, for example, a typical user (Nielsen, 2019), customer
(Lehnert, Goupil & Brand, 2021) or, in this case, the targeted candidate. The approach
taken in this study hence deviates from the original goal of the concept as a point of
reference for design processes. Instead, we adopt the idea of a persona as a represen-
tation to identify the typical aspired candidate for a job in the area of Al, whose fea-
tures do not necessarily have to be united in its entirety in one particular person.

Goals /
Customers
ideal Team /
profile
Soft skills Productign /
Innovation

Figure 9.1: Building blocks of personas.

Figure 9.1 illustrates the structure of our approach: A persona is defined by characteris-
tics of the aspired candidate (left side of Figure 9.1) and by characteristics of the adver-
tised job (right side of Figure 9.1). In terms of aspired candidate characteristics, defining
criteria are education, experience and soft skills. These aspired candidate characteristics
are mapped to the job title and the tasks described in the job postings which are deter-
mined by the goals and customer orientation of advertising employer, its internal organi-
sation and team structures, as well as innovation and production processes. With this
persona-oriented approach, we expand the primarily skill-based view of related research
and apply a more holistic view on the applicants targeted in online job postings.

9.4 Empirical Analysis
9.4.1 Data

The data subjected to analysis have been collected from three online job platforms for
the German labour market from March to September 2022. The search term was re-
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stricted to “Kiinstliche Intelligenz” [engl.: Artificial Intelligence], yielding results for job
postings with the keywords “Artificial Intelligence” in German and English language.

The following pre-processing steps were conducted: (1) Checking for duplicates by
applying a cosine similarity measure and deleting duplicate entries, yielding in 8152 jobs
postings. (2) Separating the job postings into job title and job profile, including degrees,
and tasks. Depending on the data source, the separation of data could take place by con-
sidering structural elements such as HTML tags or by using an ontology approach with
keywords. The keywords were manually updated by data exploration. (3) Normalisation
of the data, converting to lowercase and elimination of stop words. (4) Partial language
translation, depending on the model applied. (5) Stemming of the words.

9.4.2 Model Selection

Following our exploratory research approach, we focus on unsupervised models of
machine learning to identify clusters of job postings. For the model selection, we first
assumed that a set of (ideal-type candidates) profiles and a set of tasks in the clusters
identified are related to each other unambiguously. Under this assumption, we used a
hierarchical cluster approach and matching criteria based on the frequency distribu-
tion in a contingency table. k-means clustering with k = 2 was employed in three
loops, so that we received a tree structure of clusters in three levels. We used TF-IDF
vectors as inputs for k-means clustering as well as a Sentence BERT-Networks (SBERT)
transformer called distiluse-hbase-multilingual pretrained model (Reimers & Gurevych,
2019). Fine tuning based on the corpus has been applied. With the multilingual SBERT
embeddings, the language of the job postings should not matter. Interestingly, the re-
sults were similar to the first k-means loop with untranslated data. This suggests that
in job postings written in English, specific tech-orientated skills are requested. In the
next iterations, the matching criteria did not provide meaningful results, since the
tasks in the job posting are too homogeneous.

We therefore deny the assumption of strongly separated clusters and use LDA for
topic modelling (Blei, Ng & Jordan, 2003). The LDA algorithm assumes that words are
characteristic for topics and topics are characteristic for documents. However, the topics
cannot be observed directly in the documents, therefore they are latent. In this chapter,
we use the LDA approach for classification of profiles, assuming that each latent topic
represents an ideal-type persona. This assumption is in line with the former analysis,
showing that profiles in the job postings are more heterogeneous than the tasks.

The topics themselves are described by a vector of words. The conceptual advan-
tage of LDA over classification algorithms is that it allows for a distribution of words
over the topics, for example a word can be part of more than one topic. Theoretically,
the best allocation of the words to topics and topics to documents is found by max-
imising a joint probability function. A restriction of LDA is the assumption that the
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words are independent from each other. So the order of words does not influence the
results (“bag-of-words assumption” (Blei, 2012)).

In this chapter, we apply the LDA function of the Gensim package for Python,
which uses the variational inference approach for optimisation (Hoffman, Blei &
Bach, 2010). This algorithm is very fast at finding a stable solution. Pivotal for the LDA
algorithm is the parameter “number of topics.” We used an expert rating method to
determine the most meaningful number of topics. We started with a solution contain-
ing a high number of topics (e.g., seven) and reduced the number of topics until a
solution with a meaningful differentiation between the topics was reached. The LDA
run with four topics delivered the most plausible solution. This is confirmed by the
coherence scores. Generally, “coherence” of a topic model follows the definition that a
set of statements is coherent if the facts within the statements support each other
(Roder & Both, 2015). In this chapter, we used three different measuring approaches:
UCI (Newman et al., 2010), UMASS (Mimno et al., 2011) and NPMI (Bouma, 2009). The
first two are named after co-authors from the University of California and University
of Massachusetts, respectively, and the third abbreviation stands for Normalised
Pointwise Mutual Information. To calculate scores, we used implementations also pro-
vided by the Gensim topic modelling framework. The coherence scores C(K) for K
topics show a steadily declining trend by nature. Using the “elbow-method” consider-
ing the inflection points of C(K), the UCI and UMASS approaches confirm the expert’s
choice of four topics for the model (see Figure 9.2).
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Figure 9.2: Coherence scores.
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After topic modelling, we determined which postings are related to a topic and identi-
fied the tasks and job titles of these postings to describe the personas. The results are
presented in the next section. Finally, we checked the results for robustness.

9.5 Results and Interpretation
9.5.1 Interpretation
Considering the model’s output for four topics, characteristic keywords and the topics’

positions in the coordinate system could be analysed. From the results, four different
ideal-typical personas were derived, with each topic forming the basis for one persona.

high accountability

low accountability

business and technical

competenices technical competencies

Figure 9.3: LDA model solution for four topics.

Figure 9.3 shows the stylised topics, based on the visualisation from the Python library
pyLDAvis. The visualisation on two axes is to some extent arbitrary since the distribu-
tion of the topics in the coordinate system is multidimensional. In pyLDAvis, the axes
(or principal components) are not specified beforehand but are generated based on a
probability distribution of the words that are indicative of a certain topic. Therefore,
Figure 9.3 serves entirely illustrative purposes. The meaning of the axes is likewise
subject to interpretation and can only be construed conjointly with the interpretation
of the four personas.
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The horizontal axis can be interpreted as the level of expert competencies (left
side = business and technical competencies; right side = technical competencies only).
Business competencies are related to an education in business and economics [Ger-
man: “Wirtschaftswissenschaften”] and/or managerial experience. The vertical axis
can best be interpreted as overall accountability for results (bottom = low; top = high).
Accountability refers to the person or team who is ultimately accountable for the suc-
cess or failure of the outcome and who possesses the decision-making authority to ap-
prove or disapprove of the work completed by the responsible persons or teams.

9.5.2 Interpretation of the Four Personas

The proposed personas can be regarded as an explanatory approach for ideal-typical
applicants in demand in the German labour market in the field of Al In order to dif-
ferentiate the four personas more efficiently, short designations for each persona
were chosen. Each designation is based on the interpretation of the topics and com-
monly used generic IT job titles. The designations of the personas follow the interpre-
tation of the results and do not necessarily have to be used in exactly the same
wording in current or future job postings. The word clouds in this chapter show the
words with the highest frequency per topic but not the most salient words. Therefore,
the word clouds for the profiles show less differentiation than the LDA depicted.

9.5.2.1 Persona 1 - Junior Project Member

Persona 1 in the lower left corner of Figure 9.3 represents a candidate who is ideal for
entry-level positions. Experiences [German: “Erfahrungen”] often refers to be “first
experiences,” as became clear when analysing all sentences in the profiles containing
the German word “Erfahrungen.” The fields of study of this persona can be business
and economics [German: “Wirtschaftswissenschaften”] as well as computer sciences
[German: “Informatik]. The interpretation of the tasks suggests involvement in devel-
opment projects, mostly on a supporting level. We give this persona the designation
“Junior Project Member.” The word clouds in figure 9.4 provide an illustration of the
most frequent keywords for persona 1.

9.5.2.2 Persona 2 - Senior AI Manager

The second persona, located in the upper left corner of Figure 9.3, takes responsibility
[German: “Verantwortung”] for customers. The desired educational background can
be in business and economics or computer sciences. On average, the required work
experience is longer than for persona 1 (which, however, cannot be seen in the word
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cloud). We label this persona as “Senior AI Manager.” The word clouds in figure 9.5
provide an illustration of the most frequent keywords for persona 2.
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9.5.2.3 Persona 3 - Senior Al Architect

The third persona in the upper right corner of Figure 9.3 also takes responsibility for
customers. But compared to persona 2, it focuses less on management tasks. The key
terms associated with this persona highlight senior roles with a background in engi-
neering and data science. The results concerning the profiles suggest that this persona
has technical experience in data science and possesses competencies in technical do-
mains, such as Python. In line with this, the degrees associated with this persona are
primarily technical, emphasising information technology, computer science, mathemat-
ics and engineering. The tasks allocated to this persona suggest project-related responsi-
bilities in the development of Al solutions, including consulting, again underlining the
interpretation as a senior role with a strong technical focus. We give this persona the
designation “Senior AI Architect.” The word clouds in figure 9.6 provide an illustration
of the most frequent keywords for persona 3.
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Figure 9.6: Most frequent keywords for persona 3.

9.5.2.4 Persona 4 - Al Developer

Persona 4 in the lower right corner of Figure 9.3 has a clear technical focus but is not
involved in customer relationship management. The desired degrees are related to com-
puter sciences and the tasks to be carried out are related to software development. A
clear scientific background is necessary and desired experiences are related to specific
programmes and frameworks. We describe this persona as “Al Developer.” The word
clouds in figure 9.7 provide an illustration of the most frequent keywords for persona 4.
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9.5.3 Consolidation of the Results

The personas are developed from the interplay between desired profiles, job titles,
tasks and further analyses such as an analysis of the context of the word “experience”
[German: “Erfahrung”]. The consolidated results concerning the four personas are
presented in Figure 9.8.

It seems that different personas are necessary to foster the diffusion of AL The
labour market, and in particular the growing field of Al-related jobs, hence provides
opportunities for candidates with different backgrounds. Moreover, the personas do
not necessarily have to be seen as separate individuals, but might also be interpreted
as career-related development paths over time. Thus, a development from persona 1
to persona 2, 3 or 4 may occur as a person’s career path is unfolding: Starting from
the junior position, a person having studied business or economics a person can be-
come a Senior Al Manager later, provided that the necessary technical or statistical
knowledge or experience is available. However, the possible career paths in Al jobs
seem to be more diverse for persons who have studied computer sciences or related
topics. They might become a Senior Al architect, an Al developer or a Senior AI Man-
ager. However, any interpretation of the career paths at this point is speculative and
does not emerge from the data itself.
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Figure 9.8: Interpretation of the LDA Model Solution for four personas.

9.5.4 Robustness

The LDA reacts sensibly to changes in the corpus. For a robustness check, we repeated
the analysis ten times with 90% of the data used (i.e., 10% of the job postings were
randomly removed in each of the ten runs), showing that the results of the LDA are to
some extent arbitrary. As changes in individual words have a strong effect on the
LDA algorithm, the four topic-solution presented before could not be replicated per-
fectly. In seven out of ten runs, the descriptions of a persona change slightly; in three
out of ten runs, the generated topics do not match the personas described in this chap-
ter. We expect that analyses with a larger database will generate more robust results.

9.6 Discussion

This study offers insights into the types of candidates and personas that are currently
being recruited in the field of AL This may not only add value for recruiting companies
and current candidates but also help students in choosing their educational pathways.
However, this study does not come without limitations. One limitation lies in the LDA
and the assumption, that the words are independent from each other. This became obvi-
ous with the word “Erfahrungen” [English: Experience], where “Erste Erfahrungen” [En-
glish: first experiences] is related to a different persona than “langjahrige Erfahrungen”
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[English: long-term experiences]. Therefore, we checked the consistency with the per-
sona descriptions manually. Another limitation lies in the adoption of a “naive ap-
proach,” as we assume that each topic also represents an ideal profile. Therefore, we
also employed a DBSCAN cluster algorithm after the LDA, but this combination did not
improve the results. Future work should encompass these shortcomings, using larger da-
tabases and word embeddings, as used in the Top2Vec algorithm (Angelov, 2020). Also, it
might be expected that the new generative pre-trained transformers (GPT) models from
OpenAl (Brown et al., 2020; OpenAl, 2023), Google (Vaswani et al., 2017) and others also
lead to new approaches for topic modelling and classification. Also, for a comparison of
countries with different languages over time, GPT embeddings could be employed.

In addition to the practical value of the results to companies, candidates, and re-
searchers interested in the impact of AI on the labour market, this study also offers
methodological insights into the usefulness of the concept of personas. A (candidate)
persona is a hypothetical person who represents the desired candidate (Rippler, 2022).
The concept was adopted to facilitate the presentation of the ideal-type candidates, as
it reflects an intuitive and clustered interpretation of the candidates being sought.
When used in development processes, personas are deliberately created by organisa-
tions to reflect the optimal candidates a company is looking for. The personas are
hence created based on organisational requirements. In this study, the concept of a
persona is used to retrospectively draw a comprehensive conclusion about ideal-type
candidates based on the requirements identified in various job postings. The derived
personas hence do not represent requirements of a specific organisation but at labour
market level. The application of personas in this study has proven to be a useful con-
struct for presenting the diverse results regarding ideal-type candidates in a concise
and intelligible manner. The approach taken in this study is therefore considered to
be promising and may be applicable in future research to identify profiles that are
sought for in the labour market and, possibly, how these profiles change over time.

9.7 Summary

From an explorative analysis of online job postings for AI jobs in Germany, four per-
sonas could be derived. These personas are designated as Junior Project Member (1),
Senior AI Manager (2), Senior Al Architect (3) and AI Developer (4). The personas are
differentiated according to their accountability and the required competencies. The
chosen designations are based on experts’ interpretation and serve as a suggestion
for generic labels. They do not necessarily correspond with the various job titles used
by companies in their job postings in the underlying data set. Assuming that different
personas might be necessary for a successful Al-related project, the results can be in-
terpreted as a hint for a project-based diffusion of Al in companies.
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