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LARGE LANGUAGE MODEL EXPOSURE
AND INDIVIDUAL INCOME IN WARTIME UKRAINE:
EVIDENCE FROM A 2023—2024 HOUSEHOLD SURVEY

This study examines the relationship between household members’ income and occupational
exposure to Large Language Models (LLMs). Using a Heckman sample selection model on
Ukrainian household survey data for 2023—2024, we find that higher occupational LLM
exposure is positively correlated with higher earnings. The results suggest that LLM technology
may boost productivity and may also affect wages as LLMs become more integrated into
production, implying a need for government reskilling and upskilling programs.

Keywords: household members’ income; employment; Large Language Models; task auto-
mation; Heckman selection model.

Russias full-scale invasion in February 2022 has had a tremendous impact on the
Ukrainian economy and its labor market. Millions of people were internally dis-
placed or migrated as refugees abroad, which substantially affected labor market
dynamics. For example, the number of open vacancies posted by the State Employ-
ment Service of Ukraine dropped by almost 50% in 2022 and returned to pre-full-
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scale invasion level only in 2024 . At the same time, Ukraine faces severe labor shor-
tages due to the large migration and high demand for country rebuilding and de-
fense. Wages increased gradually over the period?, increasing production costs.

There are several strategies to address the shortage of workers needed for re-
construction and development. One of the approaches is automation. Specifically,
the introduction of cognitive Al tools like Large Language Models (LLM:s). In No-
vember 2022, OpenAl company released ChatGPT interface (based on Generative
Pretrained Transformers model GPT-3.5) which broke into the market demon-
strating superior reasoning capabilities and huge potential to fulfil complex cogni-
tive tasks. One of the first papers to assess the impact of LLMs was T. Eloundou et
al. (2024). The authors analyzed thousands of O*NET occupations® and underlying
tasks, and calculated their exposure to LLMs based on: (i) human expert classifica-
tion and (ii) GPT-4 model classification. Three exposure metrics were calculated:
a-exposure that measures the share of LLM-impacted tasks, f-exposure which in-
cludes LLM impact as well as half of the impact of building additional software
above LLM, and y-exposure that incorporates fully LLM and LLM-powered soft-
ware. For example, y-exposure provided by human experts for cashier occupation
of 0.49 would mean that 49% of cashiers’ tasks can be largely automated with the
use of LLM and LLM-based software.

In order to assess whether such occupational exposure is associated with in-
come in Ukraine, appropriate microdata is required. State Statistics Service of Uk-
raine conducted regular Household Budget Surveys (HBS) with the goal to assess
based on the representative sample of households and its members their socio-
economic and demographic status, reporting income and expenditures, available
durable goods and services. However, with the Russia’s full-scale aggression in Feb-
ruary 2022, this and other major data collection procedures were paused until 2026.
Notwithstanding this fact, Institute of Demography and Quality of Life Problems of
the National Academy of Sciences of Ukraine and the Ukrainian Center for Social
Reforms conducted a nationwide (except occupied territories) household socio-
economic status survey* during three-month period from December 2023 to Feb-
ruary 2024. Similarly to HBS, it covers all key aspects of the households and their
members, and this data will be used for the analysis.

The problem statement of this study is that despite the growing Ukrainian and
international literature on labor market shortage and occupational exposure to
LLMs, there is still limited empirical evidence on how such exposure is associated

! Number of vacancies and registered unemployed individuals. State Employment Service

of Ukraine. URL: https://www.dcz.gov.ua/stat/statfile (accessed: 10.01.2026).

Average monthly wages of regular employees by types of economic activity. State

Statistics Service of Ukraine. URL: https://ukrstat.gov.ua/operativ/operativ2021/gdn/

szpshp/arh_szp_ed_u.html (accessed: 10.01.2026).

3 O*NET 27.2 database (Version 27.2). O*NET Resource Center. URL: https://www.
onetcenter.org/db_releases.html (accessed: 14.12.2025).

* Socio-Economic Status of Households in Ukraine. UNICEF Ukraine. URL: https://
www.unicef.org/ukraine/en/documents/socio-economic-status-of-households (acces-
sed: 02.12.2025).
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with individual income in Ukraine. Large Language Models offer substantial po-
tential for the automation and augmentation of many cognitive tasks. They may
have a large impact on employment levels and individual income and can at the
same time pose challenges and provide new opportunities for the Ukrainian eco-
nomy, whose labor market is under high pressure due to Russia’s aggression, mass
migration, and potential labor shortage during reconstruction.

In line with this problem statement, the objective of the research is to assess the
association between LLM exposure and household member income in Ukraine.
Namely, these main and alternative hypotheses will be tested:

H: LLM exposure is not statistically significantly correlated with household
member income,

H : LLM exposure and individual income are correlated,

H, : the relationship is negative (automation hypothesis),

H,,: the relationship is positive (augmentation hypothesis) or LLMs are not
integrated yet.

The dynamics of the labor market of Ukraine has been actively studied during
the wartime period by the Ukrainian scientists from different universities and insti-
tutes of the National Academy of Sciences of Ukraine. Usually, comprehensive
analysis covers such problematic aspects as low income and inequality, labor shor-
tage, rigidity and inefliciencies on the market, regional imbalances, and human
capital depletion. One of the first papers which mentioned the detrimental impact
of Russias full-scale invasion on household income and quality of life was V. Heyets
et al. (2022). The authors defined the number one priority as supporting employ-
ment and reasonable income levels, especially for the most vulnerable groups and
internally displaced people. Comparing the results from 2021 HBS with 2023—
2024 survey of socio-economic status of households, V. Shyshkin (2024) calculated
that real household income was relatively stagnant, absolute poverty and inequality
levels increased. V. Blyzniuk et al. (2025) highlight the problem of human capital
deterioration and states that the key driver of recovery must be qualitative rather
than quantitative development through mutually beneficial symbiosis of educa-
tional sector and labor market needs. We support above propositions, namely, by
considering LLMs as a powerful tool that can potentially improve productivity,
lower the inequality, and increase the quality of life of the households.

When speaking about LLMs specifically, there are two main groups of papers
on the impact of LLMs (or AI broadly) on economic systems. The first focuses on
assessments of LLM exposure of different occupations and industries, while the
second analyzes its effect on salaries and employment dynamics. The methods used
vary from classical impact analysis approaches such as difference-in-difference
(DiD) to classical regression models.

K. Handa et al. (2025) mapped four million conversations (prompts) from An-
thropics Claude.ai model to O*NET's occupational framework using tree-based
structure where tasks are grouped in broad categories and then classified into specific
occupations. The next occupations show the highest association with Al (in decrea-
sing order): Mathematics and Computer Science, Arts, Sports, and Media, Education,
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Business and Finance. On the other hand, physical labor-intensive jobs are the least
related to LLMs, for example Farming, Fishing, and Forestry. In terms of labor-aug-
mentation vs automation, they were approximately equally spread across the sample.

D. Chen et al. (2025) used earnings and unemployment data over the 2010—
2025 period to estimate the effect of LLM introduction on these indicators. Authors
built on K. Handa et al. (2025) automation/augmentation findings. The key method
utilized is a (synthetic) DiD approach that allows to isolate LLM impact from other
trends in panel data. It appears that the changes in employment rates are not statis-
tically significant at least during short-term period, while weekly wages are increa-
sing by 89 USD measured in 2010 prices for the occupations exposed to LLM.
It means that LLM:s are rather increasing productivity for occupations sensitive to
them than replacing the tasks or jobs.

Completely different results were reported by B. Klein Teeselink (2025) for the
UK labor market. They used unique dataset collected by the company “Revelio
Labs” over 2021—2025 that includes millions of work profiles and job postings
from professional networking firms, company websites, and online job posting
platforms. In particular, LinkedIn employee profiles were used to count the number
of unique people per company before and after ChatGPT introduction in Novem-
ber 2022. Based on DiD method, it was found that companies exposed to LLM
technology reduced employment, especially junior positions were aftected. Simi-
larly, the number of vacancies dropped for technical and analytical jobs, while it did
not change for the ones requiring human interaction and relationship building
skills. High-salary jobs were also the most affected in terms of new role posting:
both the number of vacancies and compensation packages dropped if the tasks
were highly exposed to LLM automation. This effect was not observed for low-
income jobs. It took time to adjust to ChatGPT breakthrough — results became
statistically significant after 10—18 months.

Different methodological approach was utilized by E. Engberg et al. (2025)
who analyzed three waves of surveys (2006, 2012, and 2018) in Germany covering
20,000 employees working at least 10 hours per week. They study the impact of Al
and robotic technology on the labor market using Al exposure dynamic measure
from E. Engberg et al. (2024) and robotic index from M. Webb (2020). Based on
Mincer wage regression, Al exposure is positively associated with wage increases.
Both Al and robots shift the content of the tasks performed by workers suggesting
vulnerable occupations may require reskilling and upskilling.

Less evidence is available for developing economies. Q. Chen et al. (2025) start-
ed with the data collection from the key Chinese online vacancy portals. Using
similar methodology as T. Eloundou et al. (2024), they split occupations on under-
lying typical tasks and classified them based on their potential for automation with
the help of OpenAl GPT-4 and local LLM models. Authors rejected routinization
hypothesis which states that technological progress is automating routine tasks and
does not affect more cognitive jobs. High LLM exposure is associated with higher
salaries and poses significant risk of job displacement in the technological and re-
lated sectors. Nevertheless, based on the proposed theoretical model, there might
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be a positive effect for low-skilled workers. Equipped with LLMs, they can perform
more tasks that are now done by lawyers, programmers, or even college professors
which potentially will reduce wage gap in the future.

This article presents novel results in several important aspects. First, instead of
using announced salaries from vacancy postings that are not necessarily realized
ones, we rely on actually reported wages (or income broadly) from the household
members. Second, from methodological point of view, DiD and wage-only regres-
sion models may suffer from sample selection bias when unemployed individuals’
salaries are not observed. This drawback is expected to be addressed with the ap-
plication of Heckman sample selection model (Heckit).

Therefore, the purpose of this article is to test whether household members
whose occupations have high exposure to LLMs have higher income.

Research methods. The study combines occupational mapping, descriptive
statistical analysis, and regression modelling. Occupations reported in the survey
are matched with O*NET data. Mapping is conducted with the help of LLM models
as well as with human manual review. Finally, Heckit sample selection model is
utilized to estimate the association between income and LLM exposure.

The sample of individual household members was restricted to people aged
18—65 which resulted in 11,640 records or 62% of total population. A small num-
ber of people who were working abroad were also removed from the sample since
foreign salaries may significantly differ from the local ones biasing the analysis.
Then, only those who belong to the labor force were identified: (i) 6,737 members
employed, or running the business, or involved in any other income-generating
activity plus, (ii) those 600 who are unemployed or working on their own family
farm (unpaid) but are actively searching for the job. Next, if the person reported less
than 10 hours per week and monthly income was less than 6,000 UAH or hourly
salary was lower than state-defined minimum wage, it was also set to missing be-
cause it is likely inaccurate (given minimum wage was 6,700 and 7,100 UAH in
2023 and early 2024, respectively). There are 196 records where respondents re-
fused to provide their occupations or gave general answers such as self-employed
without description of the activity. Also, 213 observations represent people serving
for the military. Since O*NET list is based only on civilian jobs and the vast majority
of cases provided no specific specialization like military driver or infantry was pro-
vided — these observations were excluded from the sample. As a result, there are
4,995 individuals with reported income and 600 unemployed people that will be
used in the regression model.

Taking into account survey representative weights, 70% of individuals from the
final sample were living in urban settlements and the remaining 30% in rural areas.
54% were male and 46% female with average age of 42 years old which signals men
more often belong to the labor force. The largest number of respondents were from
Kyiv City, Dnipro, Kyiv, Lviv, Odesa, and Kharkiv regions. The smallest shares were
from Kherson, Donetsk, Mykolaiv, and Zaporizhzhia regions which are largely oc-
cupied by aggressor areas and/or are close to the frontline. 71% of respondents were
married (officially registered or cohabiting), 11% were divorced, 15% were never

ISSN 2522-9303. Exonomika Ykpainu. 2026. Ne 7 (776) 89



R. Semko

married, and 3% were widowed. Individuals’ household size varied from 1 to 13 with
the average number of members almost 3. There were only 0.7 children on average
with more than half of individuals living in households without children.

Higher or incomplete higher education was reported by 53% of respondents:
22% achieved Master’s degree, 24% Bachelor’s degree, 7% had short-cycle (incom-
plete or associate) higher education. There were 0.6% of respondents with academic
degrees (PhD, candidate or doctor of sciences). The largest share was vocational
education or training programs — 33%. Upper (complete general) or lower secon-
dary education level was reported by 14% of individuals. Slightly more than 1% of
people had primary or no education. 53% of individuals provided fields of study
(usually those with higher education) including Engineering/Technical sciences
(14%), Economics (13%), Education/Pedagogy (6%), Humanities (5%), Medicine
(4%), and Law (4%).

In terms of employment, paid job with formal documentation (labor contract)
accounted for 69.75% of household members, without formal documents (verbal
agreement) — 11.86%, business owners or private entrepreneur (including FOP)
were 5.73%, self-employed (unregistered, no employees) were 3.22%. Duration of
the last employment varied from 0.1 to 44.4 years with an average of 8.4 years (me-
dian equals to 6.0).

The largest share of respondents — 14% — were employed in wholesale and
retail trade as well as repair of motor vehicles and motorcycles sector. Industrial/
manufacturing sector share is 10%. Then comes transportation and storage, educa-
tion, construction, health, and agriculture each with a 6—9% share.

Technicians and associate professionals had almost 14% share. Professionals
such as researchers, mathematicians, physicians, engineers, and so on constituted
also 14%. 13% of people held elementary occupations. Service and sales workers
(shop assistants, cashiers) share was 11%, craft and related trades workers — 9%,
managers (enterprise, institution, organization, and unit managers) — 7%, clerical
support workers (clerks, secretaries) — 6%, plant and machine operators and as-
semblers — 5%, skilled agricultural, forestry and fishery workers constituted only
3% of the sample.

Interviewed household head provided occupations of its members. This field is
not standardized and contains 2,440 distinct responses. There are numerous typos,
omissions, or errors. We have mapped these responses to 923 occupations from the
U.S. economy — 2018 Standard Occupations Codes O*NET-SOC. In order to mi-
nimize human errors during mapping, OpenAI GPT-5.2 Thinking LLM was used
to translate and map provided occupations from Ukrainian to English O*NET
ones. It was done in multiple chunks (several hundreds of records per iteration) in
order to stay in the model’s context window using prompts requesting the transla-
tion and matching of Ukrainian occupations to O*NET occupations. Then, each
pair was manually reviewed and corrected where necessary. During correction,
another model was employed to get the best consensus suggestion — Google Ge-
mini 3 Pro which was asked to highlight any potential inconsistencies. As a result,
more than 10% of mappings were adjusted or corrected. Then, the final mapping
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Household members’ reported monthly income, kUAH. Dotted curve shows a six-degree
polynomial trend line fitted to the monthly income distribution
Source: calculated and compiled by the author.

Table 1. Household member occupations mapped to O*NET (top frequencies)

O*NET Occupations Share, %

Retail Salespersons 8.38
Light Truck Drivers 5.51
General and Operations Managers 5.15
Secondary School Teachers, Except Special and Career /

Technical Education 4.06
Accountants and Auditors 2.71
Construction Laborers 2.67
Automotive Service Technicians and Mechanics 2.54
Security Guards 2.14
Registered Nurses 1.92
Industrial Engineers 1.92
Laborers and Freight, Stock, and Material Movers, Hand 1.85
Helpers-Production Workers 1.72
Maintenance and Repair Workers, General 1.55
Software Developers 1.53

Source: calculated by the author.

was provided for the analysis by above two models to highlight any remaining mis-
takes and they have been addressed by the author through manual review and up-
dates. The results of such mapping are 387 distinct occupations with the top fre-
quencies provided in Table 1.

Also, T. Eloundou et al. (2024) calculated LLM exposure metrics for university
professors with high granularity, however, in the sample, people usually did not
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provide specialization. Consequently, average across all disciplines value was used
for university teaching staff.

The average reported household members” income equals 15,079 UAH with
minimum of 2,000 for those who worked 10 hours a week and maximum of
150,000. As can be seen from Figure, the numbers are highly skewed and follow
Log-Normal distribution which is typical for this type of data. We can also see clear
behavioral pattern: heaping — when respondents are using cognitive shortcut and
report the income near round numbers like 10,000 or 20,000. Almost 1% of respon-
dents have reported income above 51,000.

Correlation between individual members’ income (salary and entrepreneu-
rial) and the income of other household members is low and constitutes 12%.
Expectedly, average household income is larger than individuals’ and equals to
26,256 with maximum value of 325,000 UAH.

Correlation between household members’ reported income and exposure to
a-, B-, and y-based automation is 0%, 15%, and 21% for human expertise classifica-
tion and 16%, 25%, and 23% for GPT-4 classification, respectively.

METHODOLOGY

The standard Heckman sample selection model will be used to estimate the correla-
tion between LLM exposure and individual income. The model itself can be de-
rived starting from the reservation wage — the minimum amount at which the
person agrees to accept the job opening (see M. Verbeek (2004) for more details):

w/ =zy+, (1)
where z is the transposed vector of personal utility preferences, v is the vector of

parameters, and . represents the error term capturing the effect of other variables
not included in the equation. Next, the person is offered a wage defined as follows:

w =x"B' +el, (2)
where x " is the transposed vector of individual and job characteristics, ' is the vec-
tor of parameter, and e/ is the error term. The offered wage w" will be accepted if it
is larger or equal than respective reservation wage w;. We can define wage differen-

tial as a selection equation

hi=w —w/=x"B' -zy+te -p=x"p+e’ (3)
with x* stacking x " and z; variables, B* consisting of ' and y parameters, and
e’=e' - L.

l I\iow,lv\l/:re can say that the wage is observed w, = w" and the person accepts job
offer (is employed: h, = 1) if b > 0. Otherwise, actual wage w, is not observed and
the person is unemployed (i, = 0) when k"< 0.

Probability of being employed would be equal to
P(h,=1) = P(h/>0) = P(xp*+e’>0) = P(-e’ < x*B") = D(x7P*), (4)
where @(x) is standard Normal cumulative distribution function (CDF) assuming
e’ ~N(0,1).
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Based on above derivation and adding Heckman's (1979) lambda (inverse Mill's
ratio) to the wage equation, the following model will be estimated for expected indi-
vidual income:

/ X3
E(w,|h,=1)=xp' +012d>(1_§)’ (5)
T (X,Z BZ)
(X»ZIBZ) P(h.=1) = O(x7B?), (6)
where A (xl2 3? ): IZ,B 7 is Heckman’s lambda, ¢(x) and @(x) are standard Nor-
xi
mal density and cumulative distribution functions, respectively. Error terms follow

bivariate Normal distribution

i

0 O-f 02 \ . . .

(0 ) 1’ . Wage equation is specified
O-1,2 )

in the log-level form. The model will be estimated using maximum likelihood

method with survey weights and based on the R package sample Selection develo-

ped by O. Toomet & A. Henningsen (2008).

!
~N
2
e

RESULTS AND DISCUSSION

We estimated six regression specifications for a-, -, and y-exposure measured by
human experts and GPT-4 model. Since equations are estimated jointly, coefficients
vary both in the wage (5) and selection (6) equations even though the former does
not include LLM exposure variable.

It is assumed that age, household head status, marriage, number of children,
non-labor income, type of settlement, sex, macro region, education level, house
ownership affect employment outcome. Identification of the Heckman sample selec-
tion model is based on exclusion restrictions. In our case they are age, age squared,
respondent status, marital status, number of children, other income, and housing
status. These factors are expected to influence labor market participation through
reservation wage but do not impact the income directly. Similar factors are usually
present in other studies as highlighted by E Blau et al. (2024) although we admit that
some of them may be weak in selection.

As can be seen from Table 2, age, marriage, and the sum of non-labor income
do not have statistically significant effect on employment. The number of children
is significant at least at 90% confidence level with more children present reducing
the probability of employment. On the contrary, being a household head increases
employment and is statistically significant for - and y-exposure specifications. Li-
ving in rural settlement (in comparison to the urban), or in any macro region ex-
cept Kyiv City, or being a female reduces the probability of employment. Compa-
ring the level of education with the reference category (primary or lower level), we
can see that both higher and vocational education are positively impacting employ-
ment, while secondary education does not have statistically significant effect.
Interestingly, renting a house or apartment decreases the probability of employ-
ment in comparison to the reference situation of owning it.

Analyzing the wage equation in Table 3, we can see that when duration of the
individual employment (experience) on the current job increases, the wage also in-
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Large Language Model exposure and individual income in wartime Ukraine

creases but at decreasing rate. People living in rural settlements earn 15% lower wages
(effect of coefficient ' on the wage is calculated as eP’ — 1). Conditional gender wage
gap is also significant and amounts to 28%. The highest wages are in Kyiv City (refe-
rence category) followed by South and North macro regions. The lowest incomes are
in Central (lower level of industrialization) and in Eastern (likely affected by the war)
macro regions. In comparison to the household members with primary or no educa-
tion, the presence of vocational and higher education increases average salary at least
by 18% and 46%, respectively, with robust effect across all specifications.

When comparing wage distribution by sectors of economy relative to whole-
sale and retail trade plus repair of motor vehicles and motorcycles, the lowest house-
hold members’ income is in education. Also lower statistically significant values are
observed in administrative and support services, agriculture, health, and other ac-
tivities. Larger compensation is present in selected specifications for construction,
finance, and information and telecommunication. Other sectors do not have statis-
tically different income.

LLM exposure is positively correlated with the wage level in all cases except for
a-exposure measured by human experts. On average, if LLM-based automation in-
creases by 10%, wage increases by 2.0% for GPT-4 a-exposure, by 3.1% and 4.3% for
B-exposure, by 2.9% and 2.7% for y-exposure for human and GPT-4, respectively.

Based on the findings, the number of children, location of the household, gen-
der, education level, and house ownership significantly impact the probability of
employment. Experience, location, education, and LLM exposure are also signifi-
cantly correlated with the income level. Positive association between LLM exposure
and household members’ earnings is consistent with the results received by Q. Chen
et al. (2025) but is the opposite to B. Klein Teeselink (2025).

CONCLUSION

In this article, socio-economic survey of household income and expenditures con-
ducted in late 2023 and early 2024 in Ukraine has been used for the analysis of as-
sociation of LLM exposure with reported individual income. Reported occupations
were mapped to the O*NET categories for which LLM exposure was defined by
human experts and GPT-4 model. Heckit sample selection model was used to ad-
dress selection bias when individuals are not employed and their income is not
observed. Positive correlation with LLM exposure was found in the majority of
cases which rejects the hypothesis of routinization. While it may seem to support
augmentation idea when new technology increases the productivity of labor lea-
ding to higher wages, automation alternative is also possible. LLM impact is the
largest on cognitive, creative, and technological industries which are usually cha-
racterized by above average earnings. LLM may not have been integrated largely
into business processes as of the survey date which would imply its effect is delayed
into the future. If that is the case, it can have detrimental impact on wages and em-
ployment, and the government should prepare reskilling and upskilling programs
to mitigate negative shock on the economy and people’s welfare.
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The distinction between augmentation and automation can be assessed more ac-
curately based on the panel data. Specifically, the data from HBS planned to be con-
ducted during 2026 can be used for future research to calculate the impact of LLMs on
individual income dynamically. In addition, taking into account the importance of
military occupations, further studies can be also dedicated to the impact of LLMs on
the military sector where automation will play a crucial role in the near future.
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Poman Cemko, KaHJi. €KOH. HayK, HOLeHT Kadenpu dinaHciB
Hamnionanbuuit yHiBepcureT «KueBo-MorunsgHcbKa akajeMisa»
By. Ipuropisa CxoBopoan, 2, 04070, Kuis, Ykpaina

BIUIVB BEJIMKMX MOBHMX MOJIEJIEN TA IHAVBIJTYAJIBHI
JIOXOOM B YKPATHI B YMOBAX BIVMHU (3A JAHVMMU
OIIMTYBAHHA JOMOT'OCIIOZAPCTB Y 2023—2024 pp.)

Beymiki moBHi Mozeti (BMM) MaroTh 3HaYHMIT TIOTEHI[ia/ I aBTOMATU3Aallii 1 migcuieHss
6ararbOX KOTHITMBHIX 3aBfjaHb. BOHM 3[aTHI iCTOTHO BIVIMBATH Ha piBeHb 3aiHATOCTI Ta
iHAVBiTYya/IbHI JOXOIM, BOGHOYAC CTBOPIOKOYY BUK/IVKN 11 BiIKpMBAIOUM HOBI MOXK/IMBOCTI
IUIs1 YKPAIHCHKOI eKOHOMIKM, PYHOK IIpalli sIKOi ITepe6yBae IIifi 3HaYHMM THCKOM Yepes arpe-
cito P®, macoBy mirpatiito i MaitoyTHiit sediuur pododoi cvm B niepion Bifdynosu. Buko-
PMCTOBYIOUM ICHYI0Yi TOCTI/PKEHHS, 371{/ICHEHO MOPIBHAHHS IIPOdeciil, yKasaHNX y COLjiab-
HO-eKOHOMIYHOMY OIMTYBaHHI JOMOTOCIORAPCTB YKpainu y 2023—2024 pp., 3 mpodecis-
vyt CIIIA, 7151 SIKNX OLIHEHO [TOTeHIian aBToMaTy3ariii 3a foromororo BMM i mobymoBanyx
Ha IX OCHOBI ITPOTrpaMHVIX IPOAYKTIB. []/I yCyHeHHs OTEeHI{ITHOTO 3MillleHHs BUOIPKIA, 1110
BUHIIKA€ Yepe3 HEMOXK/IMBICTb CIIOCTEpIiraTyi JOXOAM HelpalleB/IalliTOBaHNX 0Cif, 3aCTOCO-
BaHO perpeciitHy moperb Bifioopy Xexmana (Heckit), sika criogaTky Mozenioe iiMOBIpHICTb
3aIHATOCTI, @ Ha APYTOMY KPOLii BI3HaYa€ K/IH0YOB1 YMHHVIKI, IIOB s13aHi 3 IHAVBITyaTbHIM
noxofioM. BcraHoBIeHO, 1110 [OXi/] WIEHIB JOMOTOCTIOAPCTB CTATUCTUYHO 3HAYYLLO KOpe-
Joe 3 piBHeM BIUBY BMM Ha BUKOHaHH:A NpodeciiiHyx 3aBiaHb. OTpyMaHi pe3y/braTy
MOXXYTb CBIFYUTH IIPO Te, 10 TexHoyIorii BMM y Maii0y THbOMY 37aTHi HifIBUIIYBaTY IIPO-
IYKTUBHICTb i pajillle JOIOBHIOBATY, HDK aBTOMAT30BYBaTH (3aMiHIOBATI) poboui micrist.
BopHouac pesy/ibratii MO>KHA iHTepIIpeTyBaTy iHaKIIe: y pasi mmpokoi inTerparii BMM y
6i3Hec-1Iporiecyt B Maiiby THbOMY Lie MOXKe BIUIVBATH Ha JIOXO/Y OaraTbox IpaljiBHIKIB, 110
BJIMAarae po3poO/IeHH: iepXKaBHIIX IIporpaM Hepeksatiikaryii i mipuiieHHs Kastidikarti,
11106 3a1106irTH HEraTMBHYM COLa/IbHO-€KOHOMIUHMM HACTiIKaM Ha PMHKY Iparii.

Kniouosi cnosa: 00x00u unexie 0omozocnodapcma; 3atiHgmicmy; 8enuKi MO8Hi MOOeri;
asmomamusayis 3a60amv; modenv 8i06opy Xexmana.

100 ISSN 2522-9303. Ekon. Ukr. 2026. Ne 7 (776)





