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Abstract. There is an escalating demand for highly skilled professionals in digital analy-
sis in Russia heightened by the COVID-19 pandemic and the onset of the special military
operation in 2022. This study aims to identify the precise competencies that employers
seek for big data analytics (BDA) professions with the focus on data analyst (DA) and busi-
ness analyst (BA). It also aims to examine the dynamics and evolving skillset structures of
these two roles. Our sample size comprises 2,357 vacancies that were analysed in 2020
and 2023. Our multimethod approach involves four stages: data collection of job postings,
data processing, identification of the skills structures, and statistical analysis and data
visualisation. We also used various techniques such as web-scrapping, data parsing, to-
kenisation, n-gram extraction, and social network analysis. Our results indicate a shiftin
Russia, where DAs require to have a solid understanding of business concepts, familiari-
ty with non-STEM fields, and soft skills such as management, communication, and team-
work. BAs must possess technical skills related to BDA, including tool use, programming,
and data analytics. The emphasis on interpersonal skills, like creativity and empathy, is
crucial for effective collaboration in the interdisciplinary BDA field. This research clari-
fies the specific competencies required for DA and BA roles, emphasising their interdis-
ciplinary nature in the Russian context. It offers practical insights for educational institu-
tions, organizations, and policymakers to align curricula, training, and policies with market
demands, and provides guidance for job seekers to enhance their skills and employability.

Key words: Russia; data analyst; business analyst; skills structure; labour market; big
data analytics.
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1. Introduction we have witnessed the burgeoning of big

The advent of novel technologies has  data, introducing formidable obstacles to
precipitated the accumulation of vast da- managing the sheer volume of digital da-
tasets, which, upon meticulous analysis  ta generated Alterations in digital technol-
utilising appropriate competencies, reveal —ogy — whether in products, processes, or
significant insights. Nonetheless, the ambi- business models — that are deemed inno-
guity prevalent in job specifications across  vative necessitate substantial organisational
various professions merits scholarly inves- adjustments. This is particularly true con-
tigation to elucidate each role’s distinctive  sidering the rapid advancements in infor-
contributions in addressing challenges as- mation, communication, and connectivity
sociated with large-scale data. Hamilton technologies, which introduce novel func-
& Sodeman [1] refer that in recent years tionalities. For example, Corallo et al. [2]
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state that organisations have acknowledged
the strategic benefits and potential business
value derivable from integrating big da-
ta capabilities into their structural frame-
work. However, according to Halwani et
al. [3] a scant number have committed to
the requisite enhancements in organisation-
al processes that would augment the busi-
ness value extracted from data and informa-
tion. Furthermore, Niu et al. [4] state that
data is a quintessential business asset, these
entities have concentrated on procuring the
tools and developing the competencies es-
sential for big data analytics (BDA)Jin et
al. [5] highlights that BDA intersects with
many disciplines: information science, en-
gineering, computer science, mathematics,
social sciences, systems science, psycholo-
gy, management, business, and economics.

This field leverages methodologies
from diverse areas, including probabil-
ity theory, machine learning, statistical
learning, computer programming, data en-
gineering, pattern recognition, data vis-
ualisation, data warehousing, and high-per-
formance computing. Additionally, Jiwat &
Zhang [6] state that it encompasses a broad
spectrum of contemporary technological
hardware, software applications, and ser-
vices. BDA harbours the capacity to un-
earth insights that can catalyse innovation
and engender fundamental alterations in
decision-making processes, productivity,
growth, competitiveness, performance, ef-
ficiency, commerce, service provision, cost
management, and customer value. Mazzei
& Noble [7] highlight that numerous or-
ganisation grapple with the challenge of
extracting value from BDA, confront-
ed by skill shortages and uncertainties re-
garding the optimal deployment of BDA
and converting insights into tangible val-
ue. These predicaments highlight the as-
sertion that abundant data and advanced
analytical techniques do not inherently
guarantee enhanced insights or increased
value, nor does the age of computational

excellence negate the necessity for intui-
tion and creativity!. Comuzzi &Patel [8]
noted Such challenges have propagated
the widespread belief that BDA necessi-
tates a distinct amalgamation of technical,
managerial, and analytical skills divergent
from those required by preceding technol-
ogies. Singh & Reddy [9] discuss that the
inherently multidisciplinary nature of BDA
has prompted arguments that analysing and
deriving insights from such extensive and
complex datasets demands the scaling of
hardware and software infrastructures and
the assembly of individuals endowed with
novel skills. Persaud [10] contend that BDA
will transform the nature of work and the
valuation of skills, potentially leading to
the deskilling of specific job roles while si-
multaneously necessitating the acquisition
of new and differentiated skills.

However, Halwani et al. [3] state that
many organisations embark on the pilot
phase or full-scale deployment of big da-
ta initiatives, and they encounter a promi-
nent challenge in the form of a deficiency
in technical and analytical skills within the
workforce. This Issue is particularly pro-
nounced by Agarwal and Dhar [11] con-
sidering the interconnected nature of spe-
cific roles, such as data scientists and BAs,
whose tasks exhibit significant overlap.
Mauro et al. [12] discuss that the preva-
lence of such overlapping roles may en-
gender confusion within the workplace,
thereby potentially undermining business
efficiency. Halwani et al. [3] highlight that
the ambiguity surrounding job descriptions
pertinent to big data constitutes a multidis-
ciplinary issue, touching upon various job
functions, including information technol-
ogy (IT), software development, database
management, statistical analysis, and pre-
dictive modelling.

This Issue is particularly pronounced
in Russia, where there is a notable demand

! https://sloanreview.mit.edu/article/thriving-
in-a-big-data-world/
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for IT managers by Anisimova et al. [13]
and Matraeva et al. [14], yet there exists
a marked lack of clarity in delineating the
distinctions between data analysts (DAs)
and business analysts (BAs). These roles
frequently exhibit considerable overlap
within the workplace. In this study, we aim
to bridge the existing knowledge gap by
systematically collecting and analysing job
descriptions for two professions situated
at the intersection of big data and data sci-
ence. This investigation is contextualised
within the COVID period and subsequent
start of the military conflict between Russia
and Ukraine in February 2022 — a period
marked by a heightened demand for highly-
skilled professionals in digital analysis in
Russia. Additionally, our research aims to
examine the dynamics and evolving skill-
set structures associated with these two
roles. The selection of these professions
for our study is predicated on their frequent
co-mentioning within industry job descrip-
tions, as well as the observation by Verma
et al. [15] and Persaud [10] that these roles
often cluster together in discussions regard-
ing job preparedness offered by existing
curricula. Our research seeks to delineate
the profile of the big data professional from
the demand perspective. Our study aims to
elucidate the skill prerequisites for big da-
ta professionals, aiming to synergistically
benefit both the job market, which will en-
gage these individuals and the academic in-
stitutions responsible for their preparation
through data science programs.

The research questions (RQ):

RQ1I: What is the difference between
the competencies for DA and BA positions
in Russia?

RQ2: How have the requirements for
DA and BA positions changed since the
COVID period?

The purpose of our study is to analyse
the disparities, similarities, and dynam-
ics within the job requirements for the two
professions, as advertised by companies in

2020 and 2023. By achieving this objective,
we aspire to enhance the comprehensive
process of recruiting candidates for big data
roles, thereby addressing the exigency for
clarification of such overlapping domains,
not solely within the industrial sphere but
also in the academic milieu.

The main hypothesis of our research
is that there is significant difference be-
tween the competencies for DA and BA po-
sitions and that the requirements for these
positions have changed since the COVID
period.

Our sample size comprised 2357 va-
cancies for DA and BA professionals col-
lected in 2020 and 2023 to examine the
dynamics of change over three years. Our
multimethod approach consisted of four
stages: data collection of job postings, da-
ta processing, identification of the skills
structures, and statistical analysis and da-
ta visualisation. We also used various tech-
niques such as web-scrapping, data parsing,
tokenisation, n-gram extraction, and social
network analysis. Our study suggests that
in Russia, DAs are increasingly expected
to have a firm grasp of business concepts
and familiarity with non-STEM fields and
exhibit soft skills, including management,
communication, and teamwork capabili-
ties. BAs are more frequently required to
show adeptness in the technical facets of
BDA, such as tools, techniques, program-
ming languages, and infrastructure, and
they possess hard skills, such as proficien-
cy in data analysis, analytics, and specific
computing language skills.

Overall, interpersonal skills, defined as
the capacity for effective interaction with
others, are emphasised due to BDA’s funda-
mentally interdisciplinary nature, which in-
tegrates various knowledge bases and meth-
ods. Attributes such as creativity, empathy,
adept communication, and a robust work
ethic are essential. This is due to the imper-
ative for BDA practitioners to engage in ex-
tensive collaboration frequently with vari-

Wh5#2]  Journal of Applied Economic Research, 2024, Vol. 23, No. 4, 1150-1181

ISSN 2712-7435



Dynamics of Changes in Competencies Required in the Labour Market for Data Analyst and Business Analyst Professions in Russia .

ous stakeholders, both within and outside
the organisation. This research augments
and broadens the literature on this subject
in numerous respects. Specifically, our in-
vestigation yields empirical insights that
elucidate the exact competencies sought by
employers for roles in BDA and the specif-
ic differences between DA and BA profes-
sional requirements on the markets. From
a practical standpoint, our findings inform
organisations’ recruitment, training, and re-
tention strategies for big DAs. The study
also highlights areas where higher educa-
tion institutions could enhance or expand
their program offerings to align with mar-
ket demands more closely. Moreover, the
results can assist job seekers in identifying
and prioritising the competencies necessary
for securing employment or advancing their
careers within this field. From a policy per-
spective, the insights derived from this study
could provide policymakers with evidence
of skill gaps within the workforce, guiding
the formulation of policies and allocating in-
vestments to mitigate skill shortages.

The remainder of the paper is structured
as follows. Section 2 delves into the theo-
retical frameworks, particularly emphasis-
ing the BDA paradigm and existing liter-
ature concerning the DA and business BA
professions. Section 3 provides a compre-
hensive exposition of the methodological
approach employed in this study. Sections
4 and 5 present the research findings and
their implications for the current academic
discourse. The final chapter synthesises the
conclusions and delineates the study’s the-
oretical and practical contributions.

2. Existing studies

2.1. Big Data Analytics paradigm

While not novel, the discourse on big
data has its genesis in the nascent stages of
contemporary technological advancement.
In the 1960s, French'! noted that big data

' http://library.zcas.edu.zm/cgi-bin/koha/
opac-detail.pl?biblionumber=214

was primarily associated with data process-
ing, defined as aggregating and transform-
ing data items into substantive information.
The 1980s saw a shift in terminology to in-
formation application, a term which under-
went further evolution in the 1990s to da-
ta warehousing and mining. Edmunds &
Morris [16] state that viewed through the
lens of information management, the big
data phenomenon resembles the concept
of information overload. Kim et al. [17]
highlight that the array of terms from data
processing to data mining that historically
denoted this concept is currently encom-
passed under the umbrella term big data.
Parallel to the terminological evolution of
big data, there has been a corresponding
evolution in professional roles to meet the
emerging qualifications necessitated by the
efficacious exploitation of big data, thereby
facilitating novel advancements. Halwani
et al. [3] illustrate this evolution through
transition from non-technical traditional
roles to more technical positions, such as
engineers focused on data-driven growth,
reflecting the changing landscape of job
functions over extended periods.

With the advancement of technology,
businesses are increasingly confronted with
the need for new technological competen-
cies, thereby imposing novel requisites up-
on their workforce. Atalay et al. [18] state
that this shift has precipitated changes in
job titles and corresponding remunera-
tions as strategies to attract superior talent.
Along this same line Hardin et al. [19] in-
dicate that big data has instigated an evolu-
tion in career trajectories and necessitates
a diverse array of skills pertinent to BDA.
Furthermore, Cleary & Woolford [20] indi-
cate that professionals in the big data sector
often possess advanced degrees in related
disciplines such as statistics, applied math-
ematics, operations research, or economics
and business. More recently, Skhvediani et
al.’s [21] and Verma et al.’s [15] studies in-
dicate that the forthcoming requirements
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would mandate the integration of [T-related
courses to augment the training of statisti-
cal analysis professionals. For instance, big
data specialists are adept at utilising ad-
vanced analytics tools and methodologies,
including data mining, modelling, sophisti-
cated coding, and programming techniques.
Although there are competencies shared
among individuals occupying various da-
ta science and big data roles, certain skills
remain peculiar to specific roles.

As the application of data science
widens and teams expand, a trend towards
specialisation within teams is anticipated.
Gupta & George [22] assert that BDA ne-
cessitates distinct technical and manageri-
al capabilities, regarded as complementary
facets of the BDA paradigm. Cegielski &
Jones-Farmer [23] define technical skills as
the expertise necessary to employ emerg-
ing technologies, infrastructures, program-
ming paradigms, and analytical methodol-
ogies to extract and visualise intelligence
from vast datasets. Such skills encompass
proficiencies in machine learning, artificial
intelligence, data extraction, data cleansing,
statistical analysis, and various computa-
tional techniques. Technical analysts pri-
marily focus on acquiring and processing
data to derive insights. Conversely, Lycett
[24] indicates that managerial skills are im-
perative to ensure that the insights gleaned
from data are appreciated and acted upon.
Moreover, O’Reilly & Paper [25] state that
technical analysts must possess the capacity
to comprehend the queries posed by man-
agers who seek insights to guide decision-
making processes and business strategies.

2.2. Data Analyst and Business

Analyst professions

In the realm of computing professions,
data science is commonly conceptualised
as an interdisciplinary amalgamation en-
compassing statistics, business intelli-
gence, sociology, computer science, and
communication (Sajid et al., [26]). Along

this same line Brunner & Kim [27] indicate
that while lacking a universally accepted
definition, data science is characterised as
a discipline dedicated to discovering, ex-
tracting, and analysing data for informed
decision-making and predictive analysis.
A more exhaustive inventory of tools and
competencies expected of data scientists
might encompass a wide array of elements,
including knowledge of data management
and storage tools like SQL, contemporary
computing and manipulation tools capa-
ble of merging, aggregating, and iteratively
processing data, proficiency in data visual-
isation and the principles of visual percep-
tion, understanding of confidence intervals
through bootstrap methods, simulation, re-
gression, variable selection, data mining/
machine learning, classification, cross-
validation, text mining, mapping, regular
expressions, network science, MapReduce,
among other subjects. However, Abbot!
claim that differentiating DAs from data
scientists presents a challenge. The aca-
demic groundwork for DAs begins with ob-
taining a degree in statistics, mathematics,
computer science, management science, bi-
ological sciences, economics, information
management, or business information sys-
tems. Bonesso et al. [28] suggestthat DAs
must possess analytical and communica-
tion skills, technical proficiency, an under-
standing of relational databases, knowledge
of data modelling, and experience with da-
ta analysis tools. In the professional setting,
DAs are expected not merely to analyse da-
ta and extract insights but also to leverage
their communication skills for the visual,
written, and verbal dissemination of per-
tinent information to targeted audiences.
DAs may find employment across various
domains, including business intelligence,

! https://themis427.wordpress.com/wp-content/
uploads/2019/03/dean-abbott-applied-predictive-
analytics_-principles-and-techniques-for-the-
professional-data-analyst-wiley-2014.pdf
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data assurance, data quality, finance, high-
er education, marketing, and sales.

The designation of a BAs profession-
al traditionally refers to an individual who
primarily examines existing business pro-
cesses and the formulation of technologi-
cal solutions (Vidgen et al., [29]). From an
IT perspective, BA is delineated as an en-
semble of solutions employed to construct
analytical models and simulations for cre-
ating scenarios, comprehending realities,
and projecting future states. Therefore, in
accordance with Russom', business analyt-
ics represents a synthesis of business acu-
men and data science disciplines. Business
analytics professionals are tasked with gen-
erating novel business insights and for-
mulating recommendations based on da-
ta analysis. They are expected to possess
a background in IT and statistical knowl-
edge augmented by relevant business expe-
rience. Furthermore, Verma et al. [15] state
that proficiency in data mining, predictive
analytics, applied analytics, and statistics
is requisite. Fichman et al. [30] argue that
in the context of the evolving digital tech-
nology of the big data era, all business stu-
dents stand to gain a robust foundation in
IT, enabling them to manage, lead, and ef-
fect transformation in organisations that
leverage business analytics.

2.3. Theoretical approach

Existing research within the domains
of IT, strategic management, and organisa-
tional studies has elucidated significant cor-
relations between firm performance and its
array of resources, capabilities, and com-
petencies. Notably, Croteu and Raymond’s
[31] paper has accentuated the critical
role of human resources as a result of the
Barney’s [32], Dehning and Stratopoulos’s
[33] discourse surrounding the resource-
based view of the firm, IT capabilities, and
IT competencies. Furthermore, Coltman et

! https://tdwi.org/research/2013/10/tdwi-best-
practices-report-managing-big-data.aspx

al. [34] states that human resources in have
accentuated the critical role of in conjunc-
tion with technological assets, IT infrastruc-
tures, and other organisational capabilities,
as pivotal in facilitating firms to attain en-
hanced performance metrics and maintain
a sustained competitive edge. Vidgen et al.
[14] propose that BDA represents a venture
of business transformation that implicates
multiple organisational functions, with IT
as a crucial facilitator. Along this same line
Akter et al. [35], Wamba & Mishra [36]
note that this is attributed to BDA’s multi-
disciplinary essence and its substantial re-
liance on technical components, encom-
passing hardware, software, technological
infrastructure, programming, and a broad
spectrum of computational capabilities.
Given the emphasis of this study on
the knowledge and competencies required
for BDA, we have adopted a competency-
based framework to underpin our analysis.
This paper refers to a competency frame-
work as an analytical instrument that delin-
eates the requisite skills, knowledge, per-
sonal attributes, and behaviours essential for
the efficacious execution of a role within an
organisation in accordance with Le Deist
& Winterton [37]. Moreover, they observe
that competency models have been exten-
sively utilised to synchronise individual ca-
pabilities with an organisation’s core com-
petencies. Furthermore, Gangani et al. [38],
Le Deist & Winterton [37] state that compe-
tency transcends mere knowledge and skills
to encompass attitudes, behaviours, work
habits, abilities, and personal characteristics.
Therefore, the adoption of a competency ap-
proach is motivated by its potential to sig-
nal labour market demands, assist individu-
als in navigating career mobility (Gangani
et al. [38]), enhance the capacity of educa-
tional providers to more effectively bridge
education and training with labour market
requirements (Hager & Gonczi [39]), and
demonstrate the convergence between for-
mal education and experiential learning in
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the cultivation of professional competence
(Cheetham & Chivers [40]).

In essence, a competency-based ap-
proach illuminates the competencies sought
by organisations, guides educational insti-
tutions in crafting curricula that align with
these needs, and identifies the competen-
cies individuals must acquire to advance
within their professions. As previously indi-
cated, significant ambiguity surrounds the
competencies necessitated by the rapidly
evolving technological landscape. This in-
vestigation seeks to explore the Issue with-
in Russia’s context, characterised by its un-
stable institutional environment that has
recently witnessed a surge in demand for
data science professionals.

3. Methodology

We followed the methodological ap-
proach previously made by Riski et al. [41],
Skhvediani et al. [21], Verma et al. [15] in

Table 1. Competence structure

analysing and identifying key competen-
cies presented in vacancies from the on-
line job postings. The competency frame-
work for the DA and BA professions was
determined based on Skhvediani et al. [21],
Verma et al. [15], Zhang et al. [42] and ad-
justed based on the analysis of the vacan-
cies studied. Two new categories were add-
ed: Language skills and Business process
management. Thus, the structure of com-
petencies for the professions of DA and BA
includes 15 categories of competencies and
207 competencies distributed among them
and presented at Table 1.

The algorithm and tools for process-
ing semi-structured open data on vacancies
in natural language were refined, which
enabled the identification of the compe-
tencies required in the labour market and
assessed the dynamics of changes in the
competence profile of specialists in each
profession (Figure 1).

Category

Competences

Enterprise systems software

Visualization solutions

Specialized analytics solutions

Programming skills

Project management

Advanced modeling/analytics
techniques

erp, crm, scm, sap, peoplesoft, integration, saas, Ic

visualization, tableau, lumira, crystal reports, d3, d3.js, qlik
sense, qlik view, power bi, bi systems

google analytics, arcgis, gis, qgis

mathematical programming, scala, python, c#, c++, vb,
excel macros, perl, ¢, java, visual basic, vb.net, vba, cobol,
fortran, s, splus, bash, javascript, asp.net, jquery, jboss

project management, pert, cpm, pert/cpm, change
management, project budget, project documentation, pmp,
ms project, gannt chart, jira

machine learning, decision trees, neural networks, linear
programming, integer programming, goal programming,
queuing, genetic algorithms, expert systems, ab-test

Web scraping

Hardware

Networking

scraping, web scraping, crawling, web crawling

hardware, architecture, devices, printer, storage, desktop, pc,
server, workstation, mainframe, legacy, system architecture

internet, lan, wan, networking, cloud computing, client
server, distributed computing, network security, ubiquitous
computing, tcp/ip

@ Journal of Applied Economic Research, 2024, Vol. 23, No. 4,1150-1181
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End of table 1
Category Competences
Statistics statistics, spss, sas, excel, stata, matlab, probability, testing
hypotheses, regression, models, pandas, scipy, sps, spotfire,
scikits.learn, splunk, h20, R, stata, statistical programming,
statistical processing
Data mining classification, text mining, web mining, stream mining,

knowledge discovery, anomaly detection, patterns, associ-
ations, outlier, classify, association, estimation, prediction,
forecasting, data processing

Structured data management | sql, relational database, oracle, sql server, db2, relational
dbms, microsoft access, data model, data management, enti-
ty relationship, data warehouse, dbms, transactional database,
sql server, db2, cassandra, mongo db, mysql, postgresql, ora-
cle db, data marts, pivot tables, ms sql, power query

Big data management big data, unstructured data, data variety, data velocity, data
volume, hadoop, hive, pig, spark, mapreduce, presto, mahoot,
nosql, spark, shark, oozie, zookeeper, flume

Decision making skills reports, analysis, modeling, design, problem solving,
implementation, testing, analytical, strategic thinking,
critical thinking, systems thinking, analytical mindset

Communication skills ms office, powerpoint, presentation, word, communication,
documentation
Organization skills work team, matrix, ethics, self-motivated, leadership,

manage, interpersonal, stress resistance
Language skills english, spanish, french, german, italian, chinese

Business process management | business intelligence, business processes, notations, techni-
cal specifications, bpmn, automation, optimization, uml

Text processing Data analysis
Recruitment
platform

Stop words and " o
URLs T idesc(ip[ion signs removal Statistical analysis

Identification of competency
profile for each profession
Tokenization Network analysis

L TF-IDF:
module «TfidfVectorizer»
from Python library Gephi:

«sklearn.feature_extraction.t modularity
exty

. . % N-gram extraction [—¥
Translation Data parsing g

»  Vacancy database

Python Library P}):’T?_x;(]ibrary
1 « »

«G

—

1. VACANCY DATA COLLECTION . DATA PROCESSING 3. COMPETENCY PROFILE 4.STATISTICAL
IDENTIFICATION ANALYSIS AND

VISUALIZATION

Figure 1. Algorithm and tools for identification, statistical and graph analysis of key
competencies presented in vacancies from the online job postings
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The algorithm consists of four stag-
es: (1) Collection of data on vacancies
(web scrapping); (2) Data processing; (3)
Determination of the structure of compe-
tencies; (4) Statistical analysis and data vis-
ualisation. In the first stage, we collected
data using web scraping of vacancies on
the HeadHunter website and parsing the
collected data. HeadHunter is the largest
Russian online platform where employ-
ers post current vacancies and job seek-
ers publish their resumes. The data collec-
tion (web scraping and data parsing) was
performed in Python in July 2020 and July
2023. When analysing the competencies re-
quired in the labour market 2020, 86 vacan-
cies for the DA and 703 for the BA were
unloaded. The distribution of vacancies by
city showed that most vacancies require
work in Moscow and St. Petersburg: more
than 50 % of vacancies are in Moscow.
When analysing the competencies required
in the labour market in 2023, 568 vacan-
cies for the DA profession and 1000 for the
BA profession were unloaded. The distribu-
tion of vacancies by city shows that most
vacancies, just like in 2020, require work
in Moscow — 67 and 54 % of vacancies,
followed by St. Petersburg— 11 and 13 %,
respectively.

First, the URLs of all vacancies for
each position were collected. Next, each
URL was parsed for positions: job title,
job description, salary, address, and work
experience. In the second stage, we pro-
cessed the data. We tokenised text descrip-
tions of vacancies; we removed stop words
and signs from them using the Nltk library,
which helped eliminate words of little sig-
nificance. To extract unigrams, bigrams and
trigrams from job descriptions, we used
the TF-IDF (Term Frequency-Inverse
Document Frequency) method, implement-
ed using the TfidfVectorizer module of the
Scikit-Learn library. For each n-gram, we
calculated how many job descriptions they
appeared in and arranged the ranking of

n-grams for each group. The TF-IDF meth-
od allowed the conversion of text into nu-
meric vectors (formulas 1-3):

Jiv

v = max{ft,yV :t’ev}’

v

(M

where TF is the frequency of word/term ¢
in vacancy v; t — word/term; v — vacan-
cy; f, ,— number of mentions of the word/
term ¢ in vacancy v, max { Jryit'e v} —to-
tal number of words/terms in the vacancy.

IDF, , =log b))

{veV:tev}’

where IDF — inverse vacancy frequen-
cy; V — total number of vacancies;
{v elV:te V} — number of vacancies in
which the word/term is mentioned.

TF —IDF =TF, - IDF,,.  (3)

In the third stage, based on the select-
ed n-grams, we graphically determined the
structure of competencies. In this case, cat-
egorisation occurred using graph construc-
tion. In the fourth stage, we carried out a sta-
tistical analysis of data on vacancies and
their visualisation. We analysed the most
mentioned competencies in the competen-
cy structure and assessed their relationship.
To assess the connection, we construct-
ed the graph using Gephi software, where
the selected competencies were represent-
ed as nodes and the connections between
them (joint appearance in the same vacan-
cy) as edges. To divide competencies into
groups/clusters, we used a measure of net-
work structure — modularity. This graph al-
lowed us to identify relationships between
competencies and define clusters with simi-
lar competencies. For technical details, refer
to Arteeva'. Finally, we discussed the results

! https://www.spbstu.ru/science/the-department-

of-doctoral-studies/defences-calendar/the-degree-of-
candidate-of-sciences/arteeva valeriya semenovna/
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and made relevant conclusions and recom-
mendations for further research.

4. Results

4.1. Analysis of DA’s competence

structure in 2020-2023 period

Our data on 2020 suggests the versa-
tility of the DA profession and the need to
possess both technical competencies: SQL,
Python, machine learning, and business-
oriented competencies (analysis of busi-
ness metrics and communication). SQL
skills are key for data scientists and are
mentioned in over 75 % of job postings.
Python ranks third among core competen-
cies at 68.6 % due to its widespread use in
data analysis. Machine learning and related
terms are also frequently mentioned, indi-
cating the importance of applying machine
learning in data analytics. The most signifi-
cant competencies for a DA are knowledge
of SQL (75.58 %), analysis skills (70.93 %),
Python (68.6 %), reporting (55.81 %), ma-

-

neural Agtworks .

com

chine learning (53.49 %), English language
(52.33 %), statistics (52.33 %), analytics
(44.19 %), communications (37.21 %) and
R (32.56 %). Figure 2 shows graphs in the
context of work experience, in the general
case (without division by work experience)
consisting of 62 nodes — competencies
and 1319 edges — pairwise connections
between competencies. These columns al-
lowed us to identify groups of competen-
cies, considering their relationship.

Cluster 1 (pink) includes competen-
cies related to data processing and ma-
chine learning (40.98 % of all competen-
cies): machine learning, data processing,
modelling, analytical, patterns, probabili-
ty, forecasting, etc.

Cluster 2 (orange) reflects competen-
cies related to big data management and
visualisation (29.51 %) and includes the
following competencies: Big data, data
marts, spark, Hadoop, hive, testing hypoth-
esis, SciPy, pandas, etc.
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Figure 2. Social network analysis of the competencies
for a DA in 2020 by work experience
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Cluster 3 (blue) includes competencies
related to programming skills, communica-
tive and organisational, etc. (29.51 %): sta-
tistics, R, Python, SQL, reports, problem-
solving, communication, work team,
management, etc.

In terms of work experience, the follow-
ing connection between competencies can be
traced: in vacancies without experience, work
(11.6 % of all vacancies), the most common
joint mention is typical for machine learn-
ing, statistics, analysis, Big data, Python;
in vacancies with 1-3 years of experience
(69.22 % of all vacancies): English, reports,
analysis, SQL, testing, machine learning,
Python, statistics, work team, testing; with
3—6 years of work experience, the connection
between SQL, English, R, Python, machine
learning, testing, implementation, work team
becomes close. The most mentioned words
in job descriptions related to DA competen-
cies in 2023 were SQL, analysis, reports, sys-
tems, analytical, Python, analytics, processes,
excel, and business intelligence. Knowledge
of SQL was mentioned in 77.64 % of adver-
tisements, and the ability to write SQL que-
ries was mentioned in 11.44 %, highlighting
its significant role in the work of DAs as it
is used to extract, analyse, and manage data
in databases.

Excel skills are mentioned in 43.31 %
of job postings, as spreadsheet software is
the most accessible and effective tool for
data analysis and reporting. Terms relat-
ed to data analysis, such as analysis, data
analysis and analytical reports, also have
a high frequency of mentions (over 30 %),
indicating that data analysis skills and the
ability to create analytical reports are in de-
mand. Words related to business analysis
also have frequent mentions, with Business
Intelligence, Power BI and business pro-
cesses mentioned in 42.08 %, 21.30 % and
20.42 % of ads, respectively. Data visual-
isation and dashboards are mentioned in
24-27 % of ads, demonstrating the impor-
tance of data visualisation competencies.

Mathematical and statistical background:
The mention of mathematical statistics and
testing hypotheses indicates the importance
of mathematical and statistical background
for DA. The Python programming language
is also in demand, reflected in 48.77 % of
advertisements. In 12.5 % of job openings,
machine learning is also mentioned, indi-
cating a need for data analysis using ma-
chine learning techniques. Soft skills such
as communication skills and teamwork are
mentioned in 10 % of job advertisements.
Thus, an analysis of the most mentioned
words associated with the competencies of
a DA showed that this specialist must have
a wide range of competencies, including
technical (SQL, Excel, Python), business
analytical (BI, data analysis) and commu-
nication (communication, work team). The
most important competencies for a DA po-
sition were structured data management,
decision-making skills, programming, sta-
tistics, business process management, vis-
ualisation skills, and communication skills.

Figure 3 shows competency graphs
with 55 competencies and 1443 edges. As
a result, three main clusters of competen-
cies were identified.

Cluster 1 (pink) includes competen-
cies related to business analysis and soft
skills (43.64 % of all competencies): SQL,
reports, bi, business processes, communi-
cation, work team, etc.

Cluster 2 (blue) demonstrates big da-
ta management and analysis of structured
data (41.82 %) and includes the following
competencies: Big data, testing, modelling,
data warehouse, DBMS, data marts, spark,
Hadoop, hive, oracle, etc.

Cluster 3 (orange) reflects skills re-
lated to data analysis in Python and ma-
chine learning (14.55 %): machine learning,
Python, pandas, R, statistics, probability, etc.

Table 2 presents comparison of the 20
competencies with highest and 20 compe-
tencies with lowest rate of change for DA
profession between 2020 and 2023.
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Figure 3. Social network analysis of the competencies
for a DA in 2023 by work experience

Table 2. Comparison of the 20 competencies with highest and 20 competencies
with lowest rate of change for DA profession between 2020 and 2023

o o 2020, 2023, | Change, | Change,
Competence Category 2020, % | 2023, % sostien | semiten % ———
Excel Statistics 18.6 433 19 6 247 13
Business Business process 23.3 42.1 14 7 18.8 7
intelligence | management
Business Business process 5.8 20.4 49 13 14.6 36
processes management
Analytical Decision making skills | 44.2 57.6 8 4 134 4
Power BI Visualization solutions 9.3 21.3 36 11 12.0 25
Reports Decision making skills | 55.8 67.6 4 3 11.8 1
1C Enterprise systems 0.0 9.2 70 31 9.2 39
software
Data marts Structured data 7.0 14.8 44 16 7.8 28
management
Pivot tables | Structured data 4.7 12.1 54 22 7.5 32
management
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Continuation of table 2

2020, 2023, | Change,| Change,
Competence Category 2020, % | 2023, % e | position o o

Power query | Structured data 0.0 7.0 70 46 7.0 24
management

Visualization |Visualization solutions | 17.4 24.5 20 9 7.0 11

Technical Business process 1.2 8.1 68 42 6.9 26

specifications | management

PowerPoint | Communication skills 1.2 7.4 68 44 6.2 24

Bl systems | Visualization solutions 3.5 9.2 62 31 5.7 31

MS SQL Structured data 2.3 7.2 64 45 4.9 19
management

DBMS Structured data 47 9.5 54 30 4.9 24
management

Data Structured data 2.3 7.0 64 46 4.7 18

warehouse management

VBA Programming skills 23 6.9 64 49 4.5 15

Analytical Decision making skills 4.7 8.5 54 40 3.8 14

mindset

CRM Enterprise systems 3.5 7.0 62 46 3.6 16
software

Postgresql Structured data 8.1 11.1 41 25 3.0 16
management

MS office Communication skills 23 5.3 64 52 3.0 12

Jira Project management 4.7 7.6 54 43 2.9 11

Hadoop Big data management 10.5 12.9 33 20 2.4 13

SQL Structured data 75.6 77.6 1 1 2.1 0
management

Oracle Structured data 7.0 8.8 44 37 1.8 7
management

Architecture | Hardware 8.1 9.7 41 29 1.5 12

Storage Hardware 9.3 10.7 36 26 1.4 10

Implementa- | Decision making skills | 29.1 29.8 11 8 0.7 3

tion

Data Structured data 4.7 4.9 54 54 0.3 0

management | management

Hive Big data management 5.8 5.1 49 53 —-0.7 —4
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Continuation of table 2

2020, 2023, | Change,| Change,
Competence Category 2020, % | 2023, % e | position o o
Testing Statistics 12.8 11.8 31 24 -1.0 7
hypotheses
Systems Decision making skills 4.7 32 54 57 -1.5 =3
thinking
Spark Big data management 10.5 8.8 33 37 -1.7 -4
Presentation | Communication skills 15.1 134 27 19 -1.7 8
Analysis Decision making skills | 70.9 68.8 2 2 -2.1 0
Documenta- | Communication skills 17.4 15.3 20 15 2.1 5
tion
Design Decision making skills | 15.1 12.9 27 20 23 7
Testing Decision making skills | 27.9 23.9 12 10 -4.0 2
Forecasting | Data mining 12.8 8.8 31 37 -4.0 -6
Hardware Hardware 5.8 1.6 49 61 —4.2 -12
Google Specialized analytics 5.8 1.6 49 61 -4.2 -12
analytics solutions
Devices Hardware 4.7 0.4 54 69 —4.3 —15
SPSS Statistics 4.7 0 54 — -4.7 —
Neural Advanced modelling/ 5.8 1.1 49 66 —4.8 —-17
networks analytics techniques
Unstructured | Big data management 7.0 1.4 44 63 -5.6 -19
data
MySQL Structured data 7.0 1.4 44 63 —5.6 -19
management
Tableau Visualization solutions | 19.8 13.9 17 17 -59 0
Data Data mining 15.1 9.2 27 31 —-6.0 -4
processing
NoSQL Big data management 7.0 0.7 44 68 -6.3 —24
Work team Organization skills 16.3 9.9 25 28 —-6.4 -3
Java Programming skills 8.1 1.1 41 66 =71 -25
Modelling Decision making skills | 16.3 9.2 25 31 —7.1 —6
AB-test Advanced modelling/ 9.3 1.8 36 60 =15 —24
analytics techniques
SciPy Statistics 10.5 2.6 33 59 1.8 —26
Classification | Data mining 9.3 1.4 36 63 =79 =27
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End of table 2

Competence Category 2020, % | 2023, % pi;fioo’n pggji’n Ch;zlge’ g‘;ﬁﬁi
Integration | Enterprise systems 17.4 9.0 20 35 -8.5 -15

software

Patterns Data mining 17.4 83 20 41 -9.2 21
Statistical Statistics 9.3 0 36 == -9.3 ==
processing
Probability | Statistics 15.1 4.9 27 54 -10.2 =27
Pandas Statistics 20.9 10.0 16 27 -10.9 —11
Internet Networking 17.4 39 20 56 -13.6 -36
Problem Decision making skills | 19.8 6.0 17 50 —13.8 -33
solving
Big data Big data management 244 9.0 13 35 -15.4 22
Communica- | Communication skills 372 21.0 9 12 -16.3 -3
tion
Python Programming skills 68.6 48.8 3 5 —-19.8 -2
Manage Organization skills 23.3 3.0 14 58 -20.3 —44
R Statistics 32.6 6.0 10 50 -26.6 | —40
Statistics Statistics 523 19.0 6 14 —33.3 -8
English Language skills 523 13.6 6 18 —38.8 -12
Machine Advanced modelling/ 53.5 12.1 5 22 —41.3 —-17
learning analytics techniques

In the profession of data analysis, the
following competencies have been men-
tioned more frequently in 2023 compared
to 2020: Excel (+24.7 %, 113 positions),
business intelligence (+18.8 %, 17 posi-
tions), business processes (+14.6 %, 136
positions), analytical skills (+13.4 %, 14
positions), Power BI (+12 %, 125 posi-
tions), report generation (+11.8 %, 11 posi-
tion), 1C software (+9.2 %, 139 positions),
data marts (+7.8 %, 128 positions), piv-
ot tables (+7.5 %, 132 positions), Power
Query (+7 %, 124 positions), data vis-
ualization (+7 %, 111 positions), tech-
nical specifications (+6.9 %, 126 posi-
tions), PowerPoint (+6.2 %, 124 positions),

and BI systems (+5.7 %, 131 positions).
Conversely, the following competencies
have become less common: machine learn-
ing (—41.3 %, |17 positions), English lan-
guage proficiency (—38.8 %, | 12 positions),
statistics (—33.3 %, |8 positions), R pro-
gramming (-26.6 %, |40 positions), man-
agement skills (-20.3 %, |44 positions),
Python programming (-19.8 %, |2 posi-
tions), communication skills (—=16.3 %, |3
positions), big data (-15.4 %, |22 posi-
tions), problem-solving (—13.8 %, |33 posi-
tions), internet technologies (—13.6 %, |33
positions), Pandas library (-10.9 %, |11
positions), and probability theory (—10.2 %,
127 positions).
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4.2. Analysis of BA’s competence

structure in 2020-2023 period

Our data for 2020 suggests that BAs
require various competencies, includ-
ing technical, analytical, communica-
tion and management skills, to success-
fully analyse business processes, identify
optimisation opportunities and make in-
formed decisions. The words “process-
es”, “business processes”, and “analysis”
are the most common, indicating the im-
portance of understanding and analysing
business processes. It is also important
to be able to model/build business pro-
cesses (“business process modelling”),
optimise and automate. The top 10 most
popular competencies for a BA in 2020
include knowledge of business process-
es (71.83 %), analysis skills (71.55 %),
implementation (56.61 %), documenta-
tion (55.19 %), analytics (41.68 %), test-
ing (38.83 %), communication (37.98 %),
technical specifications, modelling
(28.6 %) and automation (32.29 %).
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Figure 4 shows graphs of 38 competen-
cies and 280 connections, compiled from
an analysis of 703 BA vacancies. As a re-
sult, three clusters of competencies were
identified.

Cluster 1 (purple) reflects the imple-
mentation of various solutions, including
those related to enterprise software, to op-
timise and automate business processes
(52.63 % of all competencies) and includes
the following competencies: business pro-
cesses, implementation, technical specifi-
cations, automation, optimisation, ERP, 1C,
systems and analytical thinking, etc.

Cluster 2 (blue) demonstrates the
competencies of design, testing, and team-
work (31.58 %): design, testing, integra-
tion, teamwork, jira, and project documen-
tation.

Cluster 3 (orange) includes compe-
tencies related to the presentation of da-
ta in various reporting forms (15.79 %):
reports, Excel, MS Office, Word, and
PowerPoint.

project doGumentation

systemé&thinking

stress régistance

Figure 4. Social network analysis of the competencies
for a BAin 2020 by work experience
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An analysis of the most mentioned
competencies by vacancy showed that
both profiles overlap in the most re-
quired skills: data analysis and commu-
nication skills. There are also differenc-
es in specific skills. For example, SQL,
Python, and statistics skills are most im-
portant for a DA, while for a BA, knowl-
edge of business processes and docu-
mentation is more relevant. Thus, the
critical difference between a DA and
a BA is that the main task of a DA is
to collect, clean, analyse and interpret
data, while a BA is to understand busi-
ness processes and customer needs, de-
termine business requirements and
provide recommendations for improv-
ing business processes. The most men-
tioned words in job descriptions relat-
ed to BA competencies in 2023 were
business processes, systems, analysis,
Implementation, documentation, testing
and management. Business Processes
are mentioned in 66.8 % of advertise-
ments, highlighting the integral role of
business process analysis and optimisa-
tion in the work of a BA.

Technical Specifications are men-
tioned in 27.7 % of advertisements,
which implies the ability to read and de-
velop technical documentation, which
is essential when developing and trans-
forming business processes. Software
Development was contained in 17.6 % of
advertisements, and Implementation was
52.9 %, indicating the need for software
development and implementation skills
and systems to support business process-
es. Automation and optimization skills,
mentioned in 23.4 and 19.4 % of adver-
tisements, respectively, indicate the need
for automation and optimization of busi-
ness processes and are among the criti-
cal tasks of a BA. The managerial aspects
of a BA’s work are reflected in 45.8 % of
advertisements, demonstrating the impor-
tance of project and process management

competencies. Communication skills were
mentioned in 32.3 % of ads, and documen-
tation in 48.6 %. Analytical skills were
included in 37.6 % of ads, indicating the
need for the ability to analyse data and
extract meaningful information from it.
Additionally, Excel skills were mentioned
in 28.4 % of ads, as they remain impor-
tant data analysis and reporting tools. Also,
26.9 % of the ads included SQL, which is
important for accessing and analysing da-
tabase data. Thus, an analysis of the most
mentioned words showed that a BA must
be able to analyse and optimize business
processes, interact with various project
participants, develop technical documen-
tation, and have analytical skills. In par-
ticular, he must be able to work in Excel,
know SQL, create models, and automate
processes.

Figure 5 shows graphs of 42 compe-
tencies and 858 paired connections be-
tween them, compiled as a result of an
analysis of 1000 BA vacancies. As a re-
sult, three clusters of competencies were
identified.

Cluster 1 (purple) reflects the imple-
mentation of various solutions and busi-
ness analysis competencies (42.86 % of
all competencies) and includes the follow-
ing competencies: implementation, analy-
sis, analytical thinking, bi, SQL, Excel, re-
ports, Python, etc.

Cluster 2 (blue) reflects the design,
automation, and optimization of business
processes (30.95 %): business processes,
design, automation, optimization, project
documentation, Jira, and technical speci-
fications.

Cluster 3 (orange) includes compe-
tencies related to testing, enterprise soft-
ware and teamwork (28.19 %): testing, 1C,
CRM, ERP, communication, work team,
project management, etc.

Tables 3 presents comparison of the
most mentioned competencies across the
BA profession.
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Figure S. Social network analysis of the competencies
for a BAin 2023 by work experience

Table 3. Comparison of the 20 competencies with higher and 20 competencies
with lowest rate of change for BA profession between 2020 and 2023

o o 2020, 2023, | Change, | Change,
Competence Category 2020, % | 2023, % Sesiten | posifen % ———
BPMN Business process 20.77 | 34.70 17 7 13.93 10
management
Testing Decision making skills | 38.83 | 47.60 6 5 8.77 1
SQL Structured data 18.35 | 26.90 18 12 8.55 6
management
Excel Statistics 2091 | 28.40 16 10 7.49 6
Jira Project management 9.53 15.60 28 20 6.07 8
Presentation | Communication skills 10.67 | 15.60 27 20 4.93 7
Business Business process 7.82 12.00 33 27 4.18 6
intelligence | management
Architecture | Hardware 11.81 | 15.80 24 19 3.99 5
Notations Business process 21.34 | 25.30 15 13 3.96 2
management
Python Programming skills 2.56 6.20 42 34 3.64 8
Integration Enterprise systems 11.81 | 15.00 24 24 3.19 0
software
Visualization |Visualization solutions | 2.84 6.00 40 35 3.16 5
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Continuation of table 3

2020, 2023, | Change,| Change,
Competence Category 2020, % | 2023, % e | position o o

Pivot tables | Structured data 1.71 4.80 44 41 3.09 3
management

Storage Hardware 2.42 5.50 43 36 3.08 7

Manage Organization skills 2.84 5.00 40 40 2.16 0

Reports Decision making 13.37 | 15.40 22 23 2.03 -1
skills

UML Business process 16.22 | 17.80 20 17 1.58 3
management

SAP Enterprise systems 3.98 5.10 39 37 1.12 2
software

Word Communication skills 6.83 7.80 35 32 0.97 3

CRM Enterprise systems 8.39 9.30 32 29 0.91 3
software

Forecasting | Data mining 4.69 4.50 38 43 —-0.19 =5

Project docu- | Project management 13.23 | 12.40 23 26 —-0.83 =3

mentation

ERP Enterprise systems 9.25 8.30 30 31 —-0.95 -1
software

Design Decision making skills | 25.75 | 24.30 11 14 —-1.45 -3

PowerPoint | Communication skills 6.69 5.10 36 37 -1.59 -1

Stress Organization skills 5.12 3.00 37 44 -2.12 =

resistance

Analytical Decision making skills | 11.10 8.80 26 30 -2.30 -4

mindset

Problem Decision making skills | 7.25 4.80 34 41 —2.45 -7

solving

MS office Communication skills 9.39 6.60 29 33 -2.79 -4

Implementa- | Decision making skills | 56.61 | 52.90 3 3 371 0

tion

Systems Decision making skills | 8.96 5.10 31 37 -3.86 -6

thinking

Optimization | Business process 23.33 | 19.30 13 16 -4.03 -3
management

Analytical Decision making skills | 41.68 | 37.60 5 6 —4.08 -1

ih[sf3] Journal of Applied Economic Research, 2024, Vol. 23, No. 4, 1150-1181
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End of table 3
Competence Category 2020, % | 2023, % 20.2.0 ’ 20.2.3 ’ Chfnge’ Chgqge,
position | position % position

Project Project management 13.80 9.60 21 28 -4.20 -7

management

Work team Organization skills 17.35 | 12.60 19 25 —4.75 -6

Business Business process 71.83 | 66.80 1 1 -5.03 0

processes management

Modeling Decision making skills | 33.85 | 28.60 9 9 —5.25 0

Analysis Decision making skills | 71.55 | 66.00 2 2 —-5.55 0

Communica- | Communication skills | 37.98 | 32.30 7 8 —5.68 -1

tion

1C Enterprise systems 22.05 | 16.10 14 18 -5.95 —4
software

Documenta- | Communication skills | 55.19 | 48.60 4 4 —-6.59 0

tion

Automation | Business process 32.29 | 23.40 10 15 -8.89 =5
management

English Language skills 24.61 | 15.60 12 20 -9.01 -8

Technical Business process 36.84 | 27.70 8 11 -9.14 -3

specifications | management

In the profession of business analy-
sis, the following competencies have seen
increased mentions in 2023 compared
to 2020: BPMN (+13.93 %, 110 posi-
tions), testing (+8.77 %, 11 position), SQL
(+8.55 %, 16 positions), Excel (+7.49 %,
16 positions), and Jira (+6.07 %, 18 po-
sitions). On the other hand, the follow-
ing competencies have become less preva-
lent: technical specifications (-9.14 %, |3
positions), English language proficiency
(-9.01 %, |8 positions), and automation
(—8.89 %, |5 positions).

S. Discussion

This research aimed to clarify the req-
uisite skills for professionals in the big data
industry, particularly focusing on DA and
BA professions. Our approach involved
examining the differences, commonalities,

and trends in job specifications for these
two roles as presented by companies in
Russia in 2020 and 2023. Through fulfill-
ing this aim, we sought to refine the over-
all process of recruiting applicants for big
data positions, thus addressing the need for
more precise differentiation between these
intersecting areas domains. Our multimeth-
od approach comprised four stages: collec-
tion of data on vacancies, data processing,
determination of the structure of competen-
cies, and statistical analysis and data vis-
ualisation. These involved such techniques
as web-scrapping, data parsing, tokenisa-
tion, n-gram extraction, and social network
analysis.

The results of the analysis confirmed
the main hypothesis of our research, which
states that there is a significant difference
between the competencies for DA and
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BA positions and that the requirements
for these positions have changed since
the COVID period. Our analysis of the
job postings data reveals that the range,
depth, and amalgamation of competen-
cies demanded are contingent upon the
job category and tier. Nevertheless, it is
acknowledged that employees must exhib-
it a fundamental ensemble of competencies.
They must show adeptness in BDA’s tech-
nical, analytical, and business dimensions
(encompassing tools, technologies, plat-
forms, and analytic techniques) and pos-
sess robust communication, relationship-
building, and creative thinking abilities.

Beyond this foundational competen-
cy level, the depth, scope, and mix of skills
are determined by the specific duties of the
role and the hierarchical level at which the
individual operates. It is observed that em-
ployers exhibit a particular interest in re-
cruiting individuals who possess extensive
expertise in one or two specific fields (in-
dicating depth of knowledge and experi-
ence), along with a competent understanding
across a broad spectrum of other disciplines
or areas (indicating breadth of knowledge
and experience). For example, DAs are ex-
pected to have a firm grasp of business con-
cepts and familiarity with non-STEM fields.
Similarly, BAs must show adeptness in the
technical facets of BDA, such as tools, tech-
niques, programming languages, and infra-
structure. Social skills, or the ability to inter-
act effectively with others, receive additional
focus because BDA is inherently interdisci-
plinary, drawing on diverse knowledge and
methodologies. Qualities like creativity, em-
pathy, communication skills, and a strong
work ethic are considered crucial, given the
need for BDA professionals to collaborate
intensively regularly with a wide range of
internal (e. g., various teams, managers) and
external stakeholders (e.g., customers, sup-
pliers).

The following categories were com-
mon to the two professions: structured

data management, decision-making
skills, statistics, business process man-
agement, and communication skills. An
analysis of the most mentioned compe-
tencies by vacancy showed that both pro-
files overlap in the most required skills:
data analysis, analytics, Excel, testing
and implementation of solutions. A DA
most often requires a strong command
of SQL, Python, and Excel and data vis-
ualisation skills. For a BA, knowledge
of business processes, documentation,
and BPMN (Business Process Modelling
Language) is more important. However,
the observed transformation in the skills
framework and requisite competencies
presents a fascinating dynamic in studies
years: DAs are increasingly expected to
exhibit soft skills, including management,
communication, and teamwork capabil-
ities, whereas BAs are more frequently
required to possess hard skills, such as
proficiency in data analysis, analytics,
and specific language skills. This study
meticulously delineates the distinct dif-
ferences between these two professions.
This suggests a shift towards recognising
the importance of diverse skill sets with-
in the data science field in Russia.

These results are consistent with con-
clusions of Verma et al. [15] and Zhang
et al. [42] about competency structures of
DAs and BAs in other countries. Along
this same line, Bonesso et al. [28] em-
phasised importance of emotional intel-
ligence and behavioural competencies of
DAs, since they participate in meetings,
presenting analysis, sharing findings with
management etc. In addition, our findings
corroborate research, presented by Hardin
et al. [19], highlighting the critical impor-
tance of communication skills and statisti-
cal reasoning in data-related work, or, as
noted by Halwani et al. [3] and Persaud
[10], a synthesis of technical and inter-
personal competencies. The observations
for DA and BA roles align with the pro-
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jections of De Mauro et al. [12], who an-
ticipated that project management within
the domain of business analytics would
necessitate proficiency in statistical an-
alytics, machine learning, and program-
ming, underscored by a focus on decision
science. Indeed, our analysis reveals that
the industry situates data science at the in-
tersection of programming and the skills
associated with statistics and machine
learning. Nonetheless, our outcomes also
reaffirm Sharda et al'. assertion that the
skill set defining a data scientist encom-
passes not only technical abilities like pro-
gramming and data management but also
communication, interpersonal skills, curi-
osity, creativity, acumen in social media,
and domain-specific knowledge.

Our results also resonate with and bol-
ster the burgeoning body of research on
T-shaped and Pi-shaped models of knowl-
edge and skills, discussed by Ceri [43],
Demirkan and Spohrer [44]. The concept
of T- and Pi-shaped expertise suggests that
professionals possess profound expertise in
one or two fields while maintaining a com-
prehensive understanding and experience
across multiple disciplines. The analysis of
job postings clearly indicates that organ-
isations are in search of individuals who
embody both a deep and broad spectrum
of functional (encompassing both techni-
cal and business aspects), social, and me-
ta-competencies.

Therefore, as noted by Halwani et
al. [3] and Persaud [10] such a composite
skill set is crucial for fostering adaptive
capacity, innovation, collaboration, and
teamwork, which are essential for the in-
tensive customer engagement character-
istic of BDA roles. Indeed, AL-Madhrahi
et al. [45], Gandin & Cozza [46] high-
light that teams that are multidiscipli-
nary in nature, possessing robust techni-
cal skills alongside outstanding social and

' https://thuvienso.hoasen.edu.vn/
handle/123456789/11621

meta-competencies, are capable of fos-
tering creative friction, which in turn en-
hances effectiveness, efficiency, and in-
novation. The attributes and integrated
competencies identified in our research
align with the perspective that employees
in the field of analytics must meld exper-
tise in computing, statistics, experimental
design, interpretation, and analytics with
essential business knowledge and insight.
Hopkins et al®. argue that this combination
is critical for formulating pertinent ques-
tions and leveraging data to reveal sig-
nificant insights. This view also concurs
with Lycett’s [24] argument that a pro-
found comprehension of the intricate in-
terplay between data, analytical tools, and
human interpretation is essential for un-
locking big data’s value.

Overall, the analysis of job postings
indicates that nearly all BDA roles de-
mand from employees at every level a co-
hesive blend of technical, social, and me-
ta-competencies. Such a skill set is crucial
for developing decision-making processes
that integrate analytical insights with in-
tuitive understanding. Furthermore, DA’s
competence structure change demonstrat-
ed significant changes over 2020-2023 pe-
riod. Analysis revealed that acceleration
of this profession development started in
2020 during COVID pandemics, when vast
number of online courses and state pro-
grammes were offered to the labour market
to increase digital literacy and digital com-
petencies of population. Therefore, the sup-
ply of DA’s with junior — level qualifica-
tion had increased, while employers did not
respond symmetrically in terms of the pro-
vision of “pure” DA’s positions. Therefore,
requirements for DA’s position during 2020
often included competencies of BA’s, data
scientist, data engineer, machine learning
engineer etc. Many companies considered
that DA’s must be competent in all areas

2 https://hbsp.harvard.edu/product/SMR366-
PDF-ENG
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of data science and analysis and can im-
mediately contribute to company’s perfor-
mance through value creation out of data.
By 2023 labour market reached new equi-
librium and new professions related to this
field evolved.

The competency profile of DAs had al-
so changed, becoming narrower and more
focused on analysis, rather on engineer-
ing of machine learning models or data. At
the same time, BA’s competence structure
did not demonstrate significant changes
over the 2020-2023 period comparing to
the DA’s structure. This result is consistent
with Fayyad & Hamutcu [47], who high-
lighted the processes of standardization and
segmentation of data science professions
and propose not to look for “unicorn” data
scientist, but to group it into three key role
families with complementary skills: data
analyst, data scientist, and data engineer.

6. Conclusion

The objective of this study was to
analyse the disparities, similarities, and
evolving dynamics in the job require-
ments for DA and BA professions with-
in the BDA field. The research utilised
job postings from 2020 and 2023, focus-
ing on identifying differences in compe-
tencies required for DA and BA positions
in Russia and monitoring the changes
over three years. The findings indicate
that in Russia, DAs are increasingly ex-
pected to possess a solid understanding
of business concepts, familiarity with
non-STEM fields, and strong soft skills,
including management, communication,
and teamwork. Conversely, BAs are of-
ten required to demonstrate proficiency
in technical aspects of BDA, such as tools,
techniques, programming languages, and
infrastructure, as well as hard skills like
data analysis and analytics. The study em-
phasises the importance of interpersonal

skills, such as creativity, empathy, com-
munication, and a strong work ethic, due
to the inherently interdisciplinary nature
of BDA, which necessitates collaboration
with a wide range of stakeholders both
within and outside the organisation.

Our study makes several important
contributions.

First, our research provides empirical
evidence explaining the specific competen-
cies employers demand for BDA jobs and
specific differences between DA and BA
professional requirements on the markets.

Second, our findings can help organ-
isations develop strategies for recruiting,
training, and retaining BDAs.

Third, the study may identify areas
where higher education institutions could
improve or expand their programs to bet-
ter meet market demands.

Fourth, the results can help job seekers
identify and prioritise competencies need-
ed to gain employment or advance their ca-
reers in the field.

Fifth, our study can provide policy-
makers with evidence of skills shortages
in the workforce, which will help them for-
mulate policies and allocate investments to
mitigate them.

In conclusion, consistent with the in-
herent constraints of empirical research,
our study is subject to certain limitations.
The scope of our sample was confined to
Russia exclusively. Although this case pre-
sents a unique interest given the prevail-
ing political circumstances, extending the
analysis to encompass the evolution of DA
and Business BA skill requirements with-
in the job markets of other countries would
greatly enrich the scholarly discourse.
Furthermore, incorporating variables such
as required work experience, remuneration
levels, and gender disparities would facili-
tate a more nuanced examination of labour
market dynamics among BDA professions.
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YOK 331.41

OdnHaMnKka usmeHeHus BOCTpEﬁOBBHHbIX PbIHKOM TpyAa
KoMneTeHuun pna npocbeccvu?l dH3NMUTUK A3HHDbIX
n busHec-aHanuTuK B Poccumn

B. C. Apmeesa’ ©D<, A. E. Cxgeouanu' ©© , C. Cocnosckux?’

I Canxm-IlemepoOypackuil norumexnuveckuii ynueepcumem Ilempa Benuxozo,
2. Canxm-Ilemep6ype, Poccus

? Manuecmepckuii ynusepcumem Mempononumen,
2. Manuecmep, Benuxobpumanus

Darteeva_vs@spbstu.ru

AHHomayus. B ces3um ¢ naHgemmen COVID-19 1 Ha4anoM cnewLmanbHoM BOEHHOM onepa-
umm B 2022 1. B Poccum pe3ko BO3POC CNpOC Ha BbICOKOKBaMMMULIMPOBaHHbBIX CNeLm-
anucToB B 06n1acTy LM@POBOro aHann3a. 370 CCNed0BaHWe HaNpaBIeHO Ha onpeae-
NEeHVe TOYHbIX KOMAETEHLMIA, KOTOPble PaboTogaTenu NWYT B NPOMECCUSAX BHANUTUKE
BonbLumx gaHHbIX (BDA), yoenss ocoboe BHMMaHWE aHaNUTUKY AaHHbIX (DA) v BusHec-
aHanuTuKy (BA). MiccnenoBaHue TakyKe HampaBieHo Ha U3ydeHne AMHaMUKM U pas-
BUTUSA CTPYKTYPbl Habopa HaBbIKOB A4Nns aTux ABYX npodeccui. 06bem BbIbOpKM CO-
cTaBnseT 2357 BaKaHCKM, KOTopble bbinn NpoaHannamnpoBaHbl B 2020 1 2023 rr. Haw
noaxopn BKAK4YaeT B cebs YeTbipe aTana: Cbop AaHHbIX 0 BaKaHCUsAX, 06paboTka AaH-
HbIX, ONpegeneHre CTPYKTYpPbl HABbIKOB, 8 TAKXKe CTAaTUCTUHECKNA aHaNN3 1 BU3Yanu-
3auuMs AaHHbIX. Mbl TAKXE MCMOb30Bany TaKMe MeToAbl, Kak BED-CKPEMNUHT, MapCUHT
O3HHbIX, TOKEHN3aLMS, N3BEYEHNE N-FPaMM 1 aHaM3 COLManbHbIX ceTen. Hawu pe-
3ynbTaTbl YKa3blBakOT Ha CABUI B Poccun, Fae aHannTrKa AaHHbIX TpebytoT rnybokoro
NOHUMaHWSA BU3HeC-KoHLEeNL M1, 3HBKOMCTBA C HE OTHOCSLLMMUCS K MaTEM3TUYECKUM
1 aHAMUTUYECKNM 0B1aCTAM U MAMKMX HEBbIKOB, TAKMX KaK YnpaBneHne, KOMMYHMKaLms
1 paboTa B KOMaHAe. Bu3Hec-aHanuTUKM [oMKHbI 0618AaTb TEXHUYECKUMU HaBbIKaMK,
CBSA3aHHbIMU C 3HAAUTUKOW BOMbLUNX A3HHbBIX, BKNHOYas MCMONb30BaHWNE MHCTPYMEH-
TOB, MPOrPaMMMPOBAHWE N 8HANINS 3TUX A3HHBIX. AKLLEHT H3 HaBbIKaX MEXK/TMYHOCTHO-
r0 0BLLEHWS, TAKMX KaK KPeaTUBHOCTb M 3MNAaTUS, UMEET PeLuatoLlee 3Ha4YeHne gns ad-
DEKTUBHOrO COTPYAHMYECTBA B 06N13CTV MEXKONCLUNAMHAPHOM aH3NNTUKN BOMbLLMX
AaHHbIX. [JaHHOe nccnegoBaHue YTouHSaeT cneundmky KoMneTeHLmn, HeobxXxoanMbIxX
ANs npodeccuit aHaNUTUKM AaHHbIX 1 BU3HEeC-a8HaNUTUKIM, MOAYEPKMBAESA UX MEXANC-
LMNAMH3PHbBIN XapaKTeP B POCCUICKOM KOHTEKCTE. B cTaTbe cogepXaTcs npakTude-
CKMe peKoMeHAauun Ans 06pa3oBaTeNbHbIX Y4PEXKOEHWIN, OPraHn3aLmMA 1 MONUTUKOB
N0 NpUBEAEeHMI0 Y4ebHbiX MporpamMm, 0by4eHnsa 1 NOMTUKK B COOTBETCTBME C Tpebo-
BaHMAMM PbIHK3, @ TaKXXe PeKOMeHOaLMN A9 COMCKaTENEN MO NOBbLILLEHWIO NX KBaU-
drKaLMM 1M TPYAOYCTPOUCTBY.

Knruesble cnosa: Poccus; aHaNnUTUK AaHHbIX; BU3HEeC-aHannUTuK; CTPYKTYpa KoMne-
TEHLUMI; PbIHOK TPYA3; aH3/TIUTUKS BoNbLIMX OaHHbIX.
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