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Abstract. We live in the age of big data where dynamic new businesses are
powered by different types of data. Virtually everyone using a smartphone is actually
equipped with a data-generating sensor platform. In response, labor needs have quickly
changed.

In this situation, the in-depth analysis of the current changes in labor market die to
the specifics of these data is almost a must. Today it is important to understand the
avatlable storage, processing and searching capabilities of large datasels, but more
importantly there must be skills how to extract the useful knowledge from the data and
how to use that knowledge. This necessitates the emergence of specialists with the necessary
expertise, qualification and experience. This paper presents the set of the required skills
that a modern data Jj)efmlz;z‘ st have in order to meet the cxpﬁa‘az‘zam of the business.
The focus of the study is to reveal the available levels of independence in the Data Science
profession and to differentiate the training programs according to the needs and skills of
the students.

Keywords: Data Science, Employers, Junior Data Scientist

Introduction

We live in the age of big data where dynamic new businesses are pow-
ered by different types of data. Virtually everyone using a smartphone is ac-
tually equlppf_d with a data-generating sensor plattorm

“Today it is important to understand the available storage, processing
and searchmg capabilities of large datasets, but more 1mp0rmntl\ there must
be skills how to extract the useful Lnowkdwc from the data and how to use
that knowledge.

This phenomenon has allowed the term Data Science to attract signifi-
cant attention in the last few years turning specialists in Data Science into
important experts. The role of such speicalists has been widely discussed
and academlcally acclaimed. An IBM analysis has shown that “bv 2020 the
number of positions for data and analytics talent in the United States will
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increase by 364,000 openings, to 2,720,000. In 2020, job openings for data
scientists and similar advanced analytical roles will reach 61,799. This is a
significant number, but it represents just 2% of the projected demand
across all job roles requiring data and analytics skill“ [14].

A constant growth is observed in the business need for qualified spe-
cialists with the necessary expertise to learn from big data. According to
Gupta and George [8], the availability of skills for working with large data is
a potential source of competitive advantage, which in turn is a critical re-
source for the accumulation of measurable business value [1]. The notion
that companies need to combine technology with human skills traces its
roots in the socio-technical framework. This enhances the role of human
skills and states that maximum technological performance requires both
management and nurturing of human skills and knowledge of organizations
[10]. This notion is specially important in the context of big data, because
skills are not only set on the exploitation of technical resources (such as
software and infrastructure). More important is the generation of an insight
that guides organizational decisions [12].

btud\ ing big data can provide the answers to key challenges and help
make more effective decisions based on evidence. Opportumt) is then pro-
vided to convert complex and often unconstructed data into applicable in-
formation as a strategic response to the changing global trends [3].

Mikalef, et al. [9] claim that data literacyis probably the most sought by
companies with big data, since the skills comprised in thescientist profile al-
low the companies to ask the right questions and turn data into practical vi-
sions. They come to the conclusion that software, infrastructure, and data
are insufficient to provide any value unless personal skills and knowledge
are available to implement them. Similar findings have been noted in a
number of studies.

Data Scientist is a multidisciplinary profile that seeks knowledge in sev-
eral areas of learning. According to Manieri [2] the Data Science Profes-
sional is an expert that has the ability to manipulate and retrieve knowledge
turning it into a meaningful value. This specialist relies heavily on the scien-
tific way of doing things, due to which his/her research experience is of
high significance.

What is clear is that business is looking for those experienced scientists
who have the ability not only to manipulate vast amounts of data with ad-
vanced statistical and visualization techniques but also to have a solid in-
sight from which they can derive prospects. These insights help to predict
potential outcomes in order to mitigate potential threats to business.

This paper presents the set of the required skills that a modern data
specialist must have in order to meet the expectations of the business. The
focus of the study is to reveal the available levels of independence in the
Data Science profession and to differentiate the training programs accord-
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ing to the needs and skills of the students.

The paper is organized in two relatively independent sections. The first
section reviews the necessary knowledge, skills and competences that the mod-
ern data specialist should have where the emphasis is on the required ones. The
second section presents ideas for differentiation of the Data Science training
programs, according to the input skills and needs of the learners.

1. Compulsory Competences in the ERA of Big Data

Contemporary studies [11] indicate that data scientists are highly-
educated — 88% of them are MAsand 46% are PhDs. With a few excep-
tions, usually a high level of education is necessary to develop the depth of
knowledge needed to reach the scientist’s skills. Most often, data scientists
have a BA degree in computer science and statistics.

The distribution of the specialists according to their specialty shows
that the largest number of specialists have éjraduqted in Mathematics and
Statistics (32%), followed by Computer Science (19%) and Engineering
(16%). It is assumed that each of these specialties can provide the skills that
a specialist who processes and analyzes big data needs.

Data Science is a dynamic area requiring constant updating of the acquired
knowledge, skills and competences. Data scientists are expected to know a lot-
machine learning, computer science, statistics, mathematics, data visualization,
communication, and deep learning. Within those areas there are dozens of lan-
guages, frameworks, and technologies data scientists could learn [5].

In order to reflect the compulsary competencies that a modern data
specialist should have, a review of the active job ads on the most popular
online job sites in Bulgaria was carried out. Emphasis was placed on the
knowledge, skills, experience and the requirements of proficiency in pro-
gramming languages and tools sought by businesses.

The Job Listings Review showed that the business skills sought can be
grouped into common categories, including analysis, machine learning, sta-
tistics, computer science, communication, mathematics, Al etc. (Fi ig. 1)

The results show that the analysis and machine training are major skills
bu11d1n§, the data scientist’s profile. Rctncvmé insights from data is the ma-
jor function of data science and machine training includes skills for forecast-
ing. The Age of Big Darta has transformed the tools and skills employees
utilize and workers across job functions now require analytical aptitude [14].

What is interesting is that communication skills are required in more
than half of the job advertisements. The data specialists should be able to
convey ideas and work in a team. Although not appearing so often in job
advertisements, Al and deep learning can be considered as adjacent to ma-
chine learning. "This is due to the fact that deep learning is increasingly used
in machine learning and in natural language processing.
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Fig. 1. General Skills in Data Scentist Profile
In most job advertisements, employers require skills to work with spe-

cific software tools as well as knowledge of working with different pro-
gramming languages, libraries and tech tools.
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Fig. 2. Technology skills in Data Scientist Job

Python turns out to be the most sought programming language. The
popularity of this open source language continues to grow. One reason is
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that it is friendly to begmners and has a Jot of support resources. Moreover,
much of the data science tools are compatlble with it. We can 2 argue that to-
day Python is the primary language that builds the data scientist’s profile.

As can be seen in Fig. 2, the language R is not far behind Py thon. It
was until recently thought that R is the basic data science languam, but it
has started to be gjradualh replaced by Python. The power of this open
source language is in working with statistics, which is why it is still very
popular with statisticians. Howu er, both Py thon and R are a requirement
for the position of the data scientist.

SQL is also listed in the Employer Specific Requirements List. SQL as
a structured query language is the primary way to interact with relational da-
tabases. Recently, there scems to be a decrease in the demand for SQL by
employers, yet the skills to work with this language are not negligible.

The above is confirmed by a study published online in Towards Data Sci-
ence, according to which the representative of the data scientist is most com-
monly described as: “A male (the data science profession is heavily dominated
by men, who accounts for 70% of the sample.), who speaks at least one foreign
language and has a second-cycle academic degree (MA or PhD). He has been in
the workforce for 4.5 years, after taking 2 years to land the tite. R and Python
are the preferred codmg languages followed by SQL” [4].

On the basis of all this, we can summarize that the compulsory compe-
tencies for any modern data scientist include:

e Analytical and critical thinking — data scientists must be able to think
critically in order to be able to apply an objective analysis of the facts about a
topic or problem before formulating opinions or making judgments.

® Coding — T'irst-rank data professionals know how to write code that
is convenient in implementing different programming tasks.

e Statistics and Mathematics — The role of data scientists is to use
their profound experience in mathematics to develop statistical models that
can be used to develop or change key business strategies.

e Communication skills — has the ability to cooperate closely with
business executives to communicate what is actually happening in the
“black box™ of complex equations in a way that reassures the business that
it can trust the results and recommendations.

Based on a previous study [6] we can group these skills as follows:
hardskills, softskills and analytical skills. The first group comprises coding,
statistics and mathematics. Softskills comprise all communication skills and
the analytical skills comprise the analytical and critical thinking.

Each of these skill categories shapes the profile of the data scientists.
However, it is noticeable that the job advertisements are based on experi-
ence and expertise. An overview of this differentiation will be made in the
next section of this article.
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2. Experiance and Expertise in Data Science Area
Data scientists use their analytical skills by operating freely with their
hard skills. Based on the model hard-soft-analytical skills [6], the distribu-

tion of the tasks carried out in the sphere of each data science competencies
can be presented as follows: (Table 1)

Table 1.
Structure of Data Science tasks [6]
Category Tasks Skills
Fxtract Choose, Classify, Collect, Compare, Configure, Con- |Hard skills

trast, Define, Demonstrate, Describe, Execute, Ex-
plain, Find, Identify, Illustrate, Label, List, Match,
Name, Omit, Operate, Outline, Recall, Rephrase,
Show, Summarize, Tell, Translate

Verify Apply, Analyze, Build, Construct, Develop, Examine, [Hard skills
Expetiment with, Identify, Infer, Inspect, Model, Mo- [Analytical
tivate, Organize, Select, Simplify, Solve, Survey, Test  |[skills

for, Visualize.
Interpret Adapt, Assess, Change, Combine, Compile, Compose, [Hard skills
Conclude, Criticize, Create, Decide, Deduct, Defend, |Soft skills
Design, Discuss, Determine, Disprove, Evaluate, Analytical
Imagine, Improve, Influence, Invent, Judge, Justify, skills
Optimize, Plan, Predict, Prioritize, Prove, Rate, Rec-
ommend, Solve.

The Job Listings Review showed that companies need a data scientist
with a variety of expertise and experience. Employers distinguish between
Junior, Mid- Level and Senior Data Scientist and clearly distinguish their
needs from the requirements specified to the candidates. The following ta-
ble will compare the experience and education requirements for each of the
three categories of specialists.

Table 2.
Category Experience (vears) Educational level
Junior Data  |From 0 to 2 vears of experience |Minimum of a Bachelor’s degree
Scientist in development / environment  |in Statistics, Mathematics, or
policy and statistics Computer Science

Mid-Level 3 or more years Master's or a PhD degree
Data Scientist
Senior Data |5+ vyears research experience PhD in statistics or closely related
Scientist field
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The main difference between the three levels is related to the possibili-
ties for self-reliance and independence in performing assigned tasks on the
one hand. On the other hand, the difference is provoked by the possibilitics
of organizing the work process in accordance with the needs and the terms
of the structure to which the respective specialists belong. More significant
are the differences between Junior and Senior Data Scientists, therefore a
comparison between these two levels will be made in this section.

Basically, Senior Data Scientists understand that ‘data’ always has flaws.
These flaws can be data generating processes, biases in data [15]. Besides,
Senior Data Scientists understand the “soft” side of making technical deci-
sions. In practice, Senior Data Scientist is the specialist, on whom the or-
ganization and automation of tasks depends. This professional is responsi-
ble for outsourcing tasks to junior members or to consultants [13]. Part of
the many other responsibilities of the Senior Data Scientists include [13]:

® Managing people, hiring the right people, managing managers who
report to you.

¢ Training colleagues who might not be tech-savvy.

e Identifying the right tools and assessing the benefits and minuses of
vendor software and platforms, for a specific large-scale project (construc-
tion of a huge taxonomy, etc.).

¢ Identifying the right algorithms and statistical techniques for a
specific project.

e Identifying useful external or internal data sources, blending various
data sources while cleaning data redundancies and other data issues.

e Understanding executive talk, and translating executive requests,
questions, concerns, or ideas into successful data science implementations.

® Measuring the ROI that you bring to your compam’ Interacting suc-
cessfully with managers / collc,ag,ues / executives / clients of all kinds.
Mostly a communication issue.

The competences listed are based on many skills and practices. The
experience and expertise in each profession is developed in the process of
its practice. When developing a training curriculum for an MA degree in
Data Science, the profile of an expert with expertise is not attractive. For us,
more interesting are the specialists in the Junior category. These are special-
ists who graduate from their undergraduate or MA degree program to be-
come professionally trained — without experience and without experience.

As it became clear in the previous section, every data scientist is under
pressure of the pace of development of new technologies, and in order to
maintain the expertise, he or she must constantly build upon and develop
their knowledge and skills. It is a good practice to differentiate qualification
courses, training programs, etc. according to the level reached by the stu-
dents or specialists. Based on the existing divide set by employers in job ad-
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vertisements, it is necessaty to target the training to each of the individual
groups. Thus, students who have completed an MA program in Data Sci-
ence will automatically fall into the Junior Data Scientist group because they
do not have experience and experience. At the same time, practitioners need
a different type of training — not so fundamental but purely practical.

An overview of Data Science training worldwide has shown that there
are qualification courses aimed at an absolute beginner level and beginner to
an advanced level. Such an upgrade in the university programs was not dis-
covered.

The opportunities for this upgrade of skills to be implemented in uni-
versities will be the subject of further research.

Conclusion

The constant data generating and its accumulation in different storage
databases requires the availability of specialists able to retrieve knowledge
from them. An overview of job hstmgs has shown that employers today dis-
tinguish between experts with expertise, qualifications and experience, and
those who do not have them. Differences between Junior, Mid-Level and
Senior Data Scientists in terms of employers’ requirements call for measures
to be taken to train data-handling professionals. We believe that building
training courses and training programs tailored to the needs and input skills
of the trainees is the foundation for developing quality professionals who
meet today’s business needs. Further research is to be done whether this
will play such a role.
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