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PROMPT ENGINEERING AS ANEW PERSONNEL COMPETENCY:
IMPACT ON THE STRUCTURE OF PROFESSIONS
AND THE COMPANY’S HR STRATEGY

PROMPT ENGINEERING SIK HOBA KOMIIETEHIISI IEPCOHAJY:
BIIJIUB HA CTPYKTYPY ITPO®ECIHN
TA HR-CTPATET'TIO KOMIIAHII

Summary. The article substantiates prompt engineering as a new professional skill and examines its impact
on job structure and HR strategy under the integration of generative Al into business processes. The methodology
combines systemic, structural-functional and comparative analysis, as well as generalization of analytical reports
and modelling of HR processes. The study identifies key elements of prompt engineering and levels of competency
development, showing its role in transforming professional functions. It is established that its adoption leads to
hybridization of roles, changes in competency profiles, and transformation of hiring, training and performance
evaluation. Key risks are outlined, including responsibility ambiguity, information security threats and knowledge
management issues. The results can be used to develop HR strategies and training systems.

Keywords: generative artificial intelligence, personnel management, personnel retraining, knowledge
management, information security, risk management.

AHoTauis. Y cTarTi 3A1HCHEHO TEOPETUKO-METO/I0JIOTIYHE OOIPYHTYBaHHs prompt engineering sik HOBO1 podge-
Cil{HOT KOMIIeTeHIIi1 IepCcoHally Ta BU3HaYE€HO HOTo BILUTUB Ha TpaHcopmallito cTpykTypu npodeciii i HR-ctparerii
KOMITaHI1 B yMOBax IHTErpailii FreHepaTUBHOTO MTYYHOTO IHTEIEKTY B Oi3HeC-TIporiecH. MeToI0I0T sl O CIiIKSHHS
IPYHTYBAJIacs Ha MOEHAHHI CHCTEMHOTO, CTPYKTYPHO-(YHKIIOHAIBHOTO Ta HOpiBH}IHBHOFO aHaJTizy, 110 J03BOJIH-
J10 PO3IVISIHYTH Prompt engineering sk eJEMEHT CKIIAHOT CHCTEMH OPTaHi3aLiiiHAX 3MiH, a TAKOXK Ha y3aralbHeHHI
CyYaCHHX aHAJITHYHUX 3BiTIB MiKHAPOJXHUX OPraHi3alliii i KOHCANTHHIOBIX KOMIIAHiii 100 BIIPOBAKCHHSI LUTYY-
HOTO 1HTEJIEKTY B KOPIIOPATUBHOMY CEKTOPi. J101aTKOBO 3aCTOCOBAHO METOJIM JIOT1UHOTO y3arajJbHeHHS, KiIacu]i-
Kauii Ta mogenoBanHs HR-mporecis, mo 3abe3neumsio GpopMyBaHHS 11IICHOT aHAIITUYHOT PAMKH JTOCIIXKEHHS.
v pCSyJ'ILTaTi JOCIIKEHHST BU3HAYECHO CprKTypHi eJIeMEHTH prompt engineering (q)opMani3aui${ 3aBJaHHsI, KOH-
TeKCTyasli3allis, ITepaTHBHE YTOYHCHHS, BAlIJALlis pe3yIbTary), 00IPYHTOBAHO PiBHI CHOPMOBAHOCTI KOMIICTEHIII
Ta BCTAHOBJICHO i1 CbYHKHIOHaJILHI TNPOSIBH Yy PISHKX MIJPO3IiIaX OpraHisalii, 30kpema B yNpapJliHHi, aHAIITHIII,
MapKETHHTY Ta onepaumnm IUSUTBHOCTI. )Iosez[eHo IO iHTerpaLlis Ui€i KOMICTeHLi CrpuunHse ribpuansanico
npodeciiiHnx poieii, 3MiHy po(iiB KOMICTCHLH, TPaHCPOPMALLito MiAXOAIB 10 HAliMy, HABYAHHS Ta OLiHIOBAH-
Hsl Pe3yNIETATUBHOCTI NPAIBHAKIB, @ TAKOXK TOCHIIOE MDKDYHKI[OHANEHY B3a€MOJiI0 B OpraHizauii. BussieHo
KITIOUOBI PH3HMKH BIIPOBAIKEHHS prompt engineering, 30KpeMa HEBU3HAYCHICTH MPOQeCiiHHOi BiIIOBIAaIBHOCTI,
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3arpo3u iHpopManiiHii Oe3reri, 0OMeXeHHsI KOHTPOIO SKOCTI Pe3yJbTaTiB 1 MPoOIeMH YIPaBIiHHS 3HAHHSIMH,
OB’ sI3aH1 3 BUKOPUCTAHHSIM T'C€HEPATUBHUX MOjelieil. 3amporoHOBaHo X CHCTeMaTH3alii y GopMi aHaTITHIHOT
MOZIeNl YHpaBIiHHS PU3MKaMH, IO BPAXOBY€ OpraHi3alliifHi, TEXHOJIOTIUHI Ta MOBENIHKOBI YMHHUKH. [IpakTHu-
Ha 3HAYMMICTh PE3yJIbTaTIB IOJSTaE Y MOXKIJIMBOCTI BHKOPHUCTAHHS 3aMpOTOHOBAHO Moyieni iHTerpanii prompt
engineering Juisi popmyBarHs goBrocrpokoBoi HR-crparerii kommaHiii, pospoienHs nporpam nepexsaiQikaii
Ta TiABUIICHHS KBaTi(QiKaLlil IepCoHally, YIOCKOHACHHS CHCTEMH OLIHIOBAHHS PE3yJIbTaTHBHOCTI Ta CTBOPEHHS
BHYTPINTHIX CTAHIAPTIB YIPABIIHHI SKICTIO 1 0€311EeK0I0 BUKOPUCTAHHS T€HEPaTUBHOTO ITYYHOTO iHTEJIEKTY B KOP-

MTOPATHBHOMY CEPEIOBHIILL.

Kiro4oBi cjioBa: reHepaTHBHUI IITyYHUH 1HTEJEKT, yNPABIiHHS IEPCOHATIOM, IepeKBasi(ikalis IepcoHay,
yIpaBIIiHHS 3HaHHAMY, iH(popMaLiiiHa 6e3neka, ypaBIiHHSI pU3UKAMU.

Problem statement. The rapid introduction
of Al systems based on Large Language Models
(LLMs) has caused profound changes in the ways
of organizing work, the distribution of functional
responsibilities and the requirements for professional
competences of personnel. The use of such tools as
ChatGPT, Gemini or Microsoft Copilot is gradually
moving from the experimental level to the operational
practice of companies in the field of law, marketing,
finance, logistics, human resource (HR) management,
and public administration. Under such conditions,
human interaction with algorithmic systems becomes
not an auxiliary, but an integrated part of production
and management processes.

In this context, a new applied competency is being
formed — prompt engineering, which is the ability
to create queries to Al systems in such a way as to
obtain relevant, structured, and analytically suitable
results. The initial stage of development of generative
models the emphasis was placed on the technical
aspects of their development, while the key factor of
efficiency turns to be the quality of user interaction
with the algorithm. Accordingly, competency in
the field of creating queries, contextualizing tasks,
specifying parameters, and critically evaluating the
received answers is becoming a new element of the
employee’s professional profile.

The relevance of the study is determined by the
failure of traditional profession classification models
built on the stability of functional roles and a clear
hierarchy of qualifications to take into account the
phenomenon of hybridization of competencies.
Prompt engineering is not reduced to the field of
information technology; it is integrated into the
activities of lawyers, analysts, marketers, risk
management specialists, teachers, and HR managers.
This creates the prerequisites for the transformation of
the structure of professions: new roles are emerging
(Al coordinator, Al business process integrator,
specialist in interaction with generative models),
while the content of existing job descriptions is
changing.

Analysis of recent research and publications.
The existing knowledge on the impact of GenAl
on HR management is formed at the intersection
of digitalization of the HR function, algorithmic
labour management, and the integration of generative
models in intellectual tasks. O. Kots et al. [1] show
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that Al shifts HR strategy toward proactive human
capital management, emphasizing competency
forecasting and productivity growth. O. M. Vaskiv
and I. V. Borshchuk [2] demonstrate that ChatGPT
increases efficiency in routine HR tasks, raising
issues of quality standardization. In the public
sector, O. Parkhomenko-Kutsevil [3] highlights the
need for regulatory consistency, transparency, and
accountability, while N. I. Chernenko [4] emphasizes
the redistribution of functions between humans and
Al and the growing demand for new competencies.

S. V. Obikhod [5] links HR innovation with
organizational adaptability, while Strohmeier S.
[6] conceptualizes the transition to data-driven
Smart HR. J. Duggan et al. [7] focus on risks of
algorithmic control, including reduced transparency
and responsibility conflicts. P. Budhwar et al. [8]
and H. Aguinis et al. [9] show that GenAl enhances
productivity but requires quality control, ethical
regulation, and strong prompt formulation skills.
E. Brynjolfsson et al. [10] confirm that GenAl
increases productivity and transforms task structures
and skill requirements.

Despite extensive research, prompt engineering
remains insufficiently conceptualized as an
integrated HR competency affecting job architecture,
performance evaluation, and knowledge management.
This study addresses this gap by: (1) conceptualizing
prompt engineering as an applied HR competency;
(2) proposing a model of its integration into HR
architecture; (3) systematizing key risks of its
corporate use.

The aim of the study. The aim of the article was to
provide a theoretical and methodological justification
for prompt engineering as a new professional
skill of personnel and determine its impact on the
transformation of the structure of professions.

The study is conceptual and analytical in nature and
focuses on the transformation of employee interaction
with generative Al and the emergence of prompt
engineering as an applied skill within HR systems.
The methodological basis includes the analysis
and synthesis of contemporary academic literature
on GenAl, prompt-based interaction, and digital
competencies, which allows for the conceptualization
of the structure, functions, and levels of prompt
engineering. Comparative and classification methods
are applied to systematize approaches to integrating
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this competence into HR processes, while modelling
is used to develop a generalized framework for
embedding prompt engineering into organizational
HR architecture.

Summary of the main research material.
The evolution of employee interaction with digital
intelligent systems should be considered as a
sequential transition from tools with fixed logic to
systems whose behaviour is determined by textual
instructions from the user. Software solutions in
which the result was set by predefined rules and
formalized commands dominated in the early stages
of labour automation. The employee interacted with
the system through an interface, where the content
of the request was strictly limited by form fields,
directories and business rules, and any deviation
from the scenario required developer intervention.
In this model, knowledge of the regulations and the
ability to work with the functionality of the software
product remained the key competencies, while the
quality of the request was not an independent factor
of performance.

The next stage is associated with the spread of
statistical methods of natural language processing
(NLP) and the emergence of large pre-trained
language models capable of performing tasks based
on text context without specialized retraining for
each task. The study [11] shows that scaling language
models increases the ability to perform various tasks
in zero-shot and few-shot modes, when the user gives
instructions and examples without changing the code.
In the applied dimension, this meant changing the
point of control from programming to the textual
problem statement: the result began to depend
significantly on how the employee describes the goal,
constraints, response format, and output data in a
single message.

A critical prerequisite for the transition from
experimental interaction to mass use was the
emergence of models optimized for executing
instructions. The researchers [12] described an
approach to further training models using human
feedback, which increased the controllability of
responses, their relevance to instructions, and their
suitability for practical user tasks. As a result, natural
language has actually become a universal control
interface for performing analytical, textual, and
partially procedural operations. For the employees,
this changed the nature of the interaction: instead
of selecting commands from a menu, they began
to “construct a task” in the text, and the system
interpreted it taking into account the context.

A further shift occurred with the launch of dialog
products, which established the conversational format
as a standard form of interaction and made iterative
refinement of the query a typical work action. The
OpenAl announcement [13] about the launch of
ChatGPT explicitly states that the model is trained to

interact in a dialog format, respond to refinements,
and work with follow-up queries, i.e., to support the
step-by-step refinement of the task statement. This
changed the practice of use: the worker was able not
only to “ask questions,” but also to consistently adjust
the result by specifying requirements, adding context,
examples, and quality criteria, turning the query into a
guided process. The academic literature has recorded
this change as a separate paradigm — prompt-based
learning and prompt programming. In a systematic
review [14], prompt is described as a mechanism for
converting input data into a text form with a template
that allows the model to perform tasks through
gap filling or generation according to instructions.
The review also systematizes the types of prompts
and their configuration strategies. The study
[15] emphasizes that the results can significantly
depend on the structure of the null query, narrative
frameworks, context “anchors” and metaprompts that
set the model’s way of reasoning and the format of
the response. In applied terms, these findings mean
that the ability to “set the task correctly” ceases to be
an informal experience and acquires the features of a
reproducible technology of work.

On this basis, prompt engineering is being formed
as a separate applied skill, as the need for standardized
quality of results, predictability and manageability is
growing in the corporate environment. The practice
of using GenAl in organizations demonstrates that
employees use it not only for information search, but
also for preparing texts, summarizing documents,
analysing, preparing solutions and assisting in
routine operations, which increases the dependence
of productivity on the quality of instructions.
The Microsoft and Linkedln Work Trend Index
2023 report [16] records that a significant proportion
of knowledge workers are already using GenAl in
their work, and also provides indicators of the rapid
growth of Al skills in profiles and training trajectories.
In parallel, international analytical documents on the
labour market indicate the transformation of skills
under the influence of technologies, including GenAl,
which increases the importance of new competencies
for the adaptation of employees and organizations.

The separation of prompt engineering from
general digital literacy is explained by the fact that
this skill has its own structure of actions and quality
criteria that directly affect the work result. First, the
employee performs the task formalization in natural
language: defines the goal, roles, context, input data,
constraints, and output format. Second, he or she
decomposes complex tasks into subtasks and manages
the sequence of requests: they actually design the
process of obtaining an answer in a dialogue. Third,
the employee must assess the quality and risks of the
response, as generative models can produce errors,
incomplete or incorrectly generalized conclusions,
which requires verification, comparison with
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sources, and control of sensitive data. In this context,
framework documents on Al risk management are an
additional prerequisite for the institutionalization of
the competence: they emphasize the need to take into
account the context of application, impacts and risks
when using Al systems in organizations [17].

So, the evolution of employee interaction with
GenAl has gone from working with a tool with fixed
commands to managing the result through textual
formulation of the task, its iterative refinement, and
quality control. The prerequisites for the formation
of prompt engineering as a separate applied skill are
the technical shift to models capable of executing
instructions; standardization of the dialog format as a
working interface; empirically confirmed dependence
of the result on the prompt structure in scientific
works; scaling the use of GenAl in companies, where
reproducibility and controllability are becoming
a management requirement; and increasing the
importance of a risk-oriented approach to the use
of Al, which requires the employee not only to
“know how to ask”, but also to be able to ensure
correctness, compliance with policies, and control
over consequences.

The transition from the Prompt Engineer model
as a separate role to the integration of embedded Al
skills into the functional responsibilities of employees
in different departments necessitates a rethinking of
the content of the prompt engineering skills in the HR
system. Unlike the initial stage of the implementation
of GenAl, when organizations experimented with
separate specialized positions, modern practice
demonstrates the integration of Al skills into the
profiles of Product, Operations, Marketing, Legal,
Data, and HR. The World Economic Forum’s
The Future of Jobs Report 2023 [17] states that
technological changes, in particular Al, are causing
a revision of the skill structure in most professions,
and analytical and technological competencies are
integrated into functional roles.

McKinsey’s analytical report The State of Al in
2023: Generative Al’s breakout year [18] confirms
that GenAl is most often implemented as a tool
to improve productivity in existing roles, rather
than through the creation of a large number of new
specialized positions. A similar trend is reflected in the
Deloitte study State of Generative Al in the Enterprise
(2024) [19], which emphasizes that organizations are
moving to a model of operationalizing Al through
functional units. Under these conditions, prompt
engineering acquires clear substantive characteristics
as an applied skill that has structural elements, levels
of complexity, and functional manifestations.

Structurally, this skill includes several interrelated
components. The first is task formalization: the
ability to transform a business problem into a clearly
structured textual instruction with a definition of
the goal, role of the model, context of application,
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limitations, and format of the expected result.
This component actually performs the function of
cognitive design of the query and determines the
quality of the initial interaction with the system.
The second element is contextualization, which
involves integrating relevant data, industry norms,
internal policies, or business process specifics
directly into the query structure. The lack of context
significantly reduces the accuracy of results, as
confirmed by analytical studies on the use of GenAl
in the corporate environment [19].

The third component is iterative refinement, i.e.
the ability to manage multi-stage interaction, adjust
the formulation, detail the criteria and gradually
achieve the required accuracy. The fourth element
is validation and risk control, which involves
checking logical consistency, factual reliability,
lack of bias and compliance with corporate security
standards. The National Institute of Standards and
Technology document entitled Al Risk Management
Framework 1.0 emphasizes the need to implement
quality assessment and risk management procedures
when using Al systems in business processes, which
is directly related to the employee’s competence in
controlling the generation results [20].

Given the complexity of professional tasks, it is
appropriate to distinguish the levels of development
of'this competence. The basic level is characterized by
the use of standard instructions for typical operations,
such as preparing short texts or generalizations. At this
stage, the employee is able to obtain correct results
within the framework of simple tasks, but does not
yet deeply adapt the request to the business context.
The intermediate level involves the decomposition
of complex problems, the use of examples, the use
of structured templates, and taking into account
the company’s internal data. The advanced level
is characterized by the systematic integration of
prompts into business processes, the creation of
standardized libraries of instructions, interaction with
retrieval-augmented generation (RAG) mechanisms
and corporate restrictions (guardrails). Deloitte’s
analytical materials on the implementation of GenAl
in enterprises confirm that organizations that move
from individual experimentation to standardized
integration into processes create the maximum
value [19].

The functional manifestations of prompt
engineering directly depend on the industry specifics.
In Product departments, this competence is used to
form product requirements, describe user stories, and
analyse the competitive environment. In Operations,
it helps to optimize processes, prepare reports, and
model efficiency scenarios. In Marketing, it is used
to generate content, segment audiences, and test
communication strategies. In Legal departments, it
is used to prepare draft contracts, conduct primary
analysis of regulatory provisions, and structure legal
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opinions. In Data functions, it helps to formalize
requests to analytical systems and interpret results. In
HR, prompt engineering is used to form competency
profiles, describe job openings, develop assessment
scenarios, and analyse personnel data. LinkedIn
Economic Graph 2024 data [21; 22] indicate an
increase in demand for Al competencies across a wide
range of professions, confirming the trend toward role
hybridization and embedding Al skills into standard
functional profiles.

So, prompt engineering should be considered
as a multi-level applied competence, which has a
clearly defined internal structure and functional
manifestations in different professional contexts. Its
development entails the transformation of competency
models, changes in performance assessment criteria,
and the need to standardize training and quality
control procedures within the company’s HR strategy
(Table 1).

The practice of using GenAl in organizations
shows that without clearly defined procedures for
responsibility, information security and knowledge
management, the integration of Al tools can lead
to erroneous management decisions, data leakage
or blurring of the boundaries of professional

responsibility. ~ The Al  Risk = Management
Framework 1.0 [20] emphasizes that organizations
should identify, assess and minimize risks associated
with the reliability, bias, confidentiality and security
of the use of Al systems (Table 2).

The risks of implementing prompt engineering are
multidimensional and go beyond purely technological
issues. They coverlegal, organizational, informational,
and cognitive aspects. A key limitation is that the skill
itself does not guarantee the safe use of GenAl; a
necessary condition is its institutionalization through
internal policies, verification standards, control
mechanisms, and knowledge management. So, the
implementation of prompt engineering in corporate
practice should be accompanied by the formation
of a comprehensive risk management system that
combines liability regulation, information protection,
quality standards, and the development of internal
competencies.

Conclusions. The study substantiates that prompt
engineering cannot be considered as a narrowly
technical skill or a separate temporary role in the
structure of the organization. It is transformed into
an applied competence integrated into the functional
profiles of employees of various departments, which

Table 1 — Integration of prompt engineering into the company’s HR architecture

Traditional work

Model with integrated AI

Expected management

and Development
System

Periodic professional
development programmes

programmes; creation of internal
libraries of verified query templates;
development of internal mobility

HRM dimension o .
organization model competence result
Positions are formed The competence of working with Sy .
. CE . . Hybridization of professional
according to the GenAl is integrated into the job o o s
. . S _ . . roles; increased flexibility
Job Architecture | functional principle; descriptions of functional units i
. . of structure; reduced need for
digital tools are (product development, marketing, hichly specialized positions
of an auxiliary nature legal support, analytics, HRM) gy sp P
Dominance of industry Combpmg 1ndustry' expertise with Increased intellectual
Competency the ability to formalize tasks for Al, L.
knowledge and . productivity and speed
Profile rofessional experience contextualize the request and check of decision-makin
P P the quality of the result &
. Evaluation of previous Assessmg the 'cgndldate‘ s ability Shortened period of entry
Recruitment . . to adapt in a digital environment, the |. R
experience, technical - o into office; increased
Approach . . ability to structure requests, critically . o .
and professional skills . efficiency of initial adaptation
evaluate the results of generation
Continuous learning; retraining
Training and digital competence improvement | Increasing the use of Al

tools in everyday activities;
reducing the skills gap

Evaluation of the final

Evaluation of the result taking into

Increasing the reproducibility

of human verification

with internal policies

Performance roduct or achievement | 2count the stability of the quality of | of results, reducing the risk
Assessment E £ planned indicators interaction with Al, compliance with | of erroneous management
P verification standards and data security | decisions
. . Impl ion of verificati . .

. . Control is carried out mplementation of verification = Reducing operational and

Quality and Risk . standards for generation results, bias . . . .
mainly at the level . reputational risks, increasing

Management control procedures and compliance

trust in digital processes

Cost Effectiveness

Productivity depends
mainly on the individual
qualifications of the
employee

Productivity is determined by a
combination of professional expertise
and effective use of Al

Reducing task completion
time; increasing added
value; increasing process
profitability

Source: compiled by the authors based on [8; 9; 16-19; 21]
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Table 2 — Risks and organizational limitations of implementing prompt engineering in corporate practice

Risk categor Risk content Potential consequences Management mechanisms
gory for the organization for minimization
Uncertainty about the Enforcing the principle of personal
. distribution of responsibility Legal disputes, reduced g e p P persol )
Professional between the employee and the | trust in decisions responsibility for the final decision;
Responsibility Al system for an efroneous reputational losse:,s internal regulations for checking
results
result
Information Use of confidential or personal |Data leaks, violations Access restriction policies;
Securi data in queries to external of data protection use of corporate environments;
ty models legislation automatic filtering of sensitive data
C eneration of inaccurate, aulty managemen andatory validation; multi-leve
Quallly G £ { Faulty management Mandatory valid Iti-level
of Results y incomplete or biased answers | decisions, financial losses | verification; quality standards
Knowledee Dispersion of created prompts | Duplication of errors, Creating internal libraries of verified
Manage rfent and lack of centralized storage |loss of hard-earned templates; systematization of best
& of practices decisions, uneven quality | practices
Organizational Uneven level of skill formation | Performance gaps, SyStem training programmes;
Cqmpetency among employces internal imbalances assessing the level of digital
Mismatch readiness

Source: compiled by the authors based on [20]

causes a change in the architecture of positions,
approaches to the competency models and the logic
of human capital management.

Analysis of the evolution of employee interaction
with generative models showed a transition from the
use of digital tools as an auxiliary resource to a model
in which the textual formulation of the task becomes
a key mechanism for managing the result. This means
that the quality of professional functions increasingly
depends on the employee’s ability to formalize the
task, contextualize it, iteratively refine the request and
validate the result. Accordingly, prompt engineering
acquires the status of a structured competence with
clearly defined elements and levels of formation.

It is proven that the integration of this competence
changes the HR system in several dimensions. First,
there is a hybridization of professional roles and the
integration of the Al component into the functional
responsibilities of employees. Second, the approach
to hiring is transformed, where, along with industry
knowledge, the candidate’s ability to interact with

algorithmic systems in a structured way is assessed.
Third, the training system is changing, which
becomes continuous and focuses on developing
skills for working with generative tools. Fourth, the
performance assessment system is modified, where,
along with the final result, the stability of the quality
of Al interaction and compliance with verification
standards are taken into account.

Therefore, prompt engineering should be
considered as an element of the company’s long-
term HR strategy, which affects the value-added
creation model, the structure of professions and the
competitiveness of the organization. Its effectiveness
is determined not only by the individual abilities of
the employee, but also by the systemic mechanisms
for training, standardization, and control. Further
research should be focused on the development
of quantitative models for assessing the economic
efficiency of integrating this competence and a
comparative analysis of industry approaches to its
operationalization.
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