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STRUCTURAL MODEL OF UKRAINIAN
ECONOMIC PERFORMANCE: INTERACTIONS
BETWEEN GDP AND INDUSTRIAL OUTPUT

Abstract. This paper presents an empirical analysis of the economic development of Ukraine from 2001 to
2021, utilizing a structural simultaneous model to examine the interactions between key economic variables.
The study focuses on three resulting variables: Gross Domestic Product (GDP), the volume of industrial products
sold, and the volume of industrial products produced. These are modeled as dependent on four factor variables:
exports of goods, imports of goods, average monthly salary, and capital investments in industry. The model aims
to quantify how these factors influence Ukraine’s economic performance, with particular attention to industrial
output and trade dynamics. Through a series of structural equations, the paper explores the relationships be-
tween these variables, revealing that industrial production, wages, and exports play significant roles in driving
GDP growth. Additionally, imports contribute to industrial production and sales, suggesting that they serve as
vital inputs for domestic manufacturing. The results indicate that while exports have a negative impact on GDP,
likely due to the dominance of raw material exports, higher wages and capital investments have a positive effect
on economic growth. The model is statistically significant at a 95% confidence level, and its findings provide
valuable insights for policymakers seeking to enhance industrial growth and optimize trade and investment
strategies for sustainable economic development in Ukraine.

Keywords: economic development, structural modelling, macroeconomic modelling, economic growth, GDP, indus-
trial output, economic policy, economic performance, industrial products, export, import, capital investment, model.

1. Introduction indicators, such as Gross Domestic Product (GDP),

The economic development of a country is influ-
enced by a multitude of factors, which often interact
in complex ways. Understanding these dynamics is
crucial for formulating effective policies that promote
sustainable growth and industrial development. In
this paper, we examine the economic development
of Ukraine over the period from 2001 to 2021, fo-
cusing on the relationships between key economic

industrial output, exports, imports, wages, and
capital investments. Ukraine’s economy, like that of
many developing countries, faces significant chal-
lenges, including fluctuations in industrial output,
reliance on exports of raw materials, and the need
for substantial capital investment in industry. At
the same time, its economy has been impacted by
both internal and external shocks and war, making

Copyright © The Author(s). This is an open access article distributed under the terms of the
Creative Commons Attribution License 4.0 (https://creativecommons.org /licenses /by /4.0/)
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it important to explore how various economic factors
contribute to its growth.

To analyze these relationships, we construct
a structural simultaneous model that captures the
interactions between three output variables — GDP,
the volume of industrial products sold, and the volume
of industrial products produced — and four key factor
variables: exports, imports, average monthly wage,
and capital investments in industry. This model is
designed to provide insights into the relative influence
of these factors on Ukraine’s economic performance, to
discover interdependencies between these indicators
and to offer a better understanding of the mechanisms
behind economic growth. By identifying the linkages
between these variables, we aim to shed light on the
role of trade, industrial productivity, and wages in
shaping the country’s economic trajectory.

The theoretical foundation of this study draws
from classical and contemporary economic theories on
growth and development, emphasizing the importance
of industrial output and trade in driving economic ex-
pansion. The paper also builds on previous empirical
work, which has explored the relationship between
GDP and industrial production, as well as the role of
exports, imports, and capital investment in fostering
economic development. The unique contribution of this
study lies in its empirical approach, using a multi-
equation structural model to quantify the interactions
between these key factors and provide policy-relevant
insights for the Ukrainian economy.

In the following sections, we present the model, the
data used for estimation, and the results of the empir-
ical analysis. We also discuss the implications of our
findings for understanding the dynamics of Ukraine’s
economic development and suggest potential policy
measures to improve industrial growth and economic
stability.

The relationship between Gross Domestic Product
(GDP) and industrial output has been widely studied,
as it reflects the critical role industrialization plays in
economic growth. Industrial output is often considered
a crucial driver of economic growth. Aslam et al. [1]
explore this dynamic in the context of China, revealing
how industrialization not only contributes to GDP per
capita growth but also impacts CO, emissions. Sim-
ilarly, Ughulu [2] finds that in emerging economies,
including Nigeria, industrial output plays a significant
role in boosting GDP, especially through the export of
industrial goods, which spurs economic development.

Electricity consumption is another critical factor
that connects industrial output with GDP. Abbasi et al.
[3] provide empirical evidence from Pakistan, showing
that electricity consumption in the industrial sector
directly influences GDP growth. Lehmann and Méhrle
[4] extend this idea by utilizing high-frequency elec-
tricity consumption data to forecast regional industrial
production. Climate-related factors, such as tempera-
ture, also affect industrial output, as shown by Colmer
[5]. Technological advancements are also central to
the relationship between GDP and industrial output.

Hidayatno et al. [6] further explore this by focusing
on Industry 4.0 technologies, which are transforming
industrial output and energy consumption patterns.
Artar [7] addresses the role of the real effective ex-
change rate in influencing industrial output in Turkey.

Wang and Zhao [8] analyze regional differences
in industrial carbon emissions in China, uncovering
variations in industrial productivity and its environ-
mental impact across regions. These regional differ-
ences can result in divergent GDP growth patterns,
with more industrialized regions experiencing faster
economic growth due to higher industrial output. The
effect of industrial structure on economic recovery has
been explored by Zhang and Dilanchiev [9]. Parveen
et al. [10] examine the influence of industrial output,
financial development, and energy (both renewable
and non-renewable) on environmental degradation in
newly industrialized countries.

The relationship between GDP and industrial out-
put in Ukraine is shaped by factors such as resilience
to economic shocks, technological competitiveness,
and the role of economic policies. Studies like those
by Lebedeva et al. [11] highlight the vulnerability
of Ukraine’s industry to external disruptions, while
Koval et al. [12] emphasize the importance of effec-
tive industrial policies and investment to drive GDP
growth. Post-war recovery strategies, explored by
Kushnirenko et al. [13], suggest that sustainable de-
velopment and technological advancements are key for
rebuilding industrial capacity. Additionally, Ukraine’s
technological lag, noted by Matyushenko et al.[14],
limits industrial output, but closer EU integration
could enhance competitiveness.

The literature on methods and models for analyz-
ing the relationship between industrial output and
economic growth employs a wide range of approaches,
each providing valuable insights into economic dynam-
ics. Xie et al. [15] use the LMDI (Logarithmic Mean
Divisia Index) method to analyze the decoupling rela-
tionship between CO, emissions and GDP in China’s
power industry, offering insights into how industrial
output can grow while reducing environmental im-
pact. Jiang [16] applies machine learning techniques
to predict local GDP and analyze industrial structure,
demonstrating the utility of data-driven models in
forecasting economic performance. Demir [17] uses the
ARDL (Autoregressive Distributed Lag) bounds test to
analyze the effect of employment in the agricultural
and industrial sectors on economic growth, showing
the interdependence of different sectors. Fornaro [18]
explores nowcasting industrial production using un-
conventional data sources, while Bozkus et al. [19]
apply multifractal analysis to examine the relation-
ship between atmospheric carbon emissions and in-
dustrial production in OECD countries. Dragomir et
al. [20] use Bayesian analysis to study the impact of
CO, emissions and industrial production on Romania’s
economy, offering a probabilistic approach to under-
standing economic and environmental interactions.
Zomchak and Stelmakh [21] uses an ARIMA model
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to forecast macroeconomic indicators in Ukraine, pro-
viding insights into the predictive power of time series
models. Zomchak et al. [22] used simultaneous equa-
tions for modeling interdependences between GDP
and capital investments. In a similar vein, Chandio
et al. [23] use cointegration and causality analysis
to examine the dynamic link between industrial en-
ergy consumption and economic growth in Pakistan,
while Lee and Park [24] focus on nowcasting indus-
trial production in Korea. Ilyash et al. [25] conduct
a multidimensional analysis to forecast the relation-
ship between industrial-technological development and
economic security in Ukraine. Finally, Sampi Bravo
et al. [26] use Google Community Mobility Reports to
nowcast economic activity during the COVID-19 pan-
demic, demonstrating how real-time data can be used
for forecasting in times of crisis. Zhang and Ma [27]
employ a dynamic threshold panel model to investi-
gate the relationship between industrial structure and
carbon intensity across different stages of economic
development in China, highlighting the model’s ability
to capture non-linear effects and varying thresholds
in industrial and environmental dynamics. Chamal-
wa et al. [28] use an Autoregressive Distributed Lag
(ARDL) model to analyze the relationship between Ni-
geria’s GDP, exchange rate, and foreign import trade,
demonstrating the model’s suitability for examining
short- and long-term dynamics in economic variables.
Vdovyn et al. [29] used statistical methods for estima-
tion of foreign trade between EU and Ukraine impact.
Another paper by Vdovyn et al. [30] is dedicated to
regional development of Ukraine and based on taxo-
nomic analysis. Verbivska et al. [31] focus on forecast-
ing macroeconomic indicators for Ukraine’s economy
during the war period (2022—2023), utilizing advanced
forecasting methods to predict economic trends under
highly uncertain conditions. Together, these studies
showcase a range of advanced methodologies, from
machine learning and Bayesian analysis to ARIMA
and nowcasting, that are increasingly used to model
the complex interactions between industrial output,
economic growth, and environmental sustainability.
The studies reviewed underscore the multifac-
eted relationship between GDP and industrial out-
put. While industrialization remains a key driver of

economic growth, this process is influenced by vari-
ous factors, including energy consumption, climate
conditions, technological innovation, and regional
disparities. The literature suggests that for industri-
al output to positively contribute to GDP growth in
a sustainable manner, policymakers must consider
environmental impacts, energy efficiency, and tech-
nological advancements. Furthermore, regional and
climate-specific factors must be taken into account,
as these can alter the efficiency and sustainability
of industrial production, which ultimately affects the
broader economic landscape. Future research should
explore how these factors interact in different contexts,
especially in developing economies, to create a com-
prehensive understanding of the dynamics between
industrial output and GDP growth.

2. Materials and Methods

A system of simultaneous equations (SSE) is
a statistical model consisting of a set of linear equa-
tions that are solved simultaneously. Unlike ordinary
regression models, SSE involves two or more depen-
dent variables. The variables that are explained by
the interactions within the system and whose values
are determined through the simultaneous relation-
ships in the model are termed endogenous variables
or jointly determined variables. On the other hand,
exogenous variables, or predetermined variables, are
those that influence the endogenous variables but
whose values are determined outside the system. Ex-
ogenous variables play a critical role in explaining
the variations observed in endogenous variables.

The classification of variables as endogenous or
exogenous is typically determined by the model devel-
oper, often relying on expert judgment in the process.
The dependent variables in this research include GDP
(v,), the volume of industrial products sold (y,), and the
volume of industrial products produced by business
entities of various economic activities (y,). The inde-
pendent variables include exports (x,), imports (x,),
average monthly salary (x,), and capital investments
in industry (x,).

We hypothesize that industrial production, trade,
wages, and capital investments exert significant in-
fluence on Ukraine’s GDP and industrial output.

Table 1

Indicators for simultaneous model of production connection with GDP in Ukraine

Indicator Sense of the indicator Units of measurement

Y, GDP million UAH

Y, volume of industrial products sold million UAH

Y, volume of industrial products produced by business entities of vari- thousand UAH

ous economic activities

x, Export of goods million UAH

x, Import of goods million UAH

X, average monthly salary UAH

x, capital investments in industry million UAH

Source: Combination of indicators proposed by the authors
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Specifically, the model posits that GDP is a function
of industrial output and key economic factors such as
exports, wages, and capital investments. Similarly,
the volume of industrial products sold is assumed to
depend on the volume of industrial production, im-
ports, and capital investments. Finally, the volume of
industrial output is hypothesized to be influenced by
GDP and imports.

The model is tested using statistical data for the
period 2001-2021 collected from the official webpage of
the State Statistic Service of Ukraine [33]. The order
condition for model identification is applied to ensure
that the system of equations is identified and can be
estimated. The relationships between the variables are
estimated using regression analysis, and the results
are evaluated for statistical significance and economic
interpretability. More about input data in the Table 1

When discussing economic feasibility, Gross Domes-
tic Product (GDP) serves as a key indicator of a coun-
try’s economic activity. It represents the total value
of all goods and services produced within a country
over a specific period. Four key variables — exports
of goods, imports of goods, average monthly wages,
and capital investment — can significantly influence
a country’s GDP.

Exports of goods play a crucial role in shaping GDP.
When a country exports goods, it sells products to
other nations, and the income generated from these
exports contributes directly to the national GDP. The
higher the value of exports, the greater the potential
for GDP growth. Conversely, imports of goods also im-
pact GDP. When a country imports goods, it purchases
products from foreign markets, and the expenditure
on these imports can detract from GDP. If imports
exceed exports, it can result in a trade deficit, which
may negatively affect the country’s economy.

The average monthly salary is another important
factor influencing GDP. Higher wages generally lead to
increased consumer spending, which in turn boosts de-
mand for goods and services. This heightened demand
can spur production, ultimately driving GDP growth.

Capital investment in industry is also a critical
determinant of GDP. When businesses invest in capital
goods such as machinery and equipment, productivity
tends to increase. Higher productivity can lead to an
expansion in industrial output, which positively con-
tributes to GDP growth.

The volume of industrial products produced and
sold is closely tied to these variables. Exports, for
example, not only generate revenue but can also in-
crease demand for goods and services. As demand
rises, industrial production must scale up to meet
this need, fostering economic growth. Additionally, ex-
ports can create jobs and stimulate economic activity,
further boosting industrial production. On the other
hand, imports can affect domestic industrial sales
by increasing competition in the local market. If im-
ported goods outcompete domestic products, demand
for locally produced goods may decrease, leading to
a reduction in industrial sales. However, imports can

also provide access to goods and raw materials un-
available domestically, which could enhance indus-
trial production.

Average monthly wages influence industrial output
as well. When wages are higher, workers have greater
purchasing power, which increases demand for goods
and services, driving industrial production. Further-
more, higher wages can improve job satisfaction and
reduce employee turnover, both of which contribute to
enhanced productivity and industrial output.

Finally, capital investment plays a significant role
in industrial production. By investing in new equip-
ment, technology, and infrastructure, businesses can
boost their productivity and efficiency. This, in turn,
can lead to increased production and sales of industrial
goods. Moreover, capital investment often results in
job creation, which stimulates both economic growth
and industrial output.

The structure of the relationships between depen-
dent and independent variables is described using
a structural simultaneous model. In its general form,
it can be expressed as follows:

Yip = BroYoy TB1a¥a; + oo FBry Vs + V1151, T V19%g, +

+...+ Y1p % + Uy

Yor = Bo1 V1, +Bog¥ay oo T Bop Yy T Va1%1; + Voo¥e, +

Fo YKy, F Uy,

Vg = Ba1d1y T Baoloy oo By Vs +V31%1, T V39%0, +

Yt = Brn1V1e TBma¥or T T B 1Ym1s T V1 ¥1e +

+ szth +...+ ymkxkt + Ut

where  and y — structure model parametres, y, —
dependent variables, x, — independent variables,
t =1, ... N — number of observations and u, — ran-
dom variables.

The structural form of the model of the simultane-
ous model of Ukrainian GDP and industrial output
interconnection will look like this:

¥y =0y + by, + 0y, %) +a,%5 e,
Vg = Og + g3 ¥y + Uy Xy + AgpXy + €y,
Y3 = Qg + by, y; +agyXy +e5.

where a; — intercepts, bij — parameters of the
model, e — random values, y, GDP, y, the volume of
industrial products sold, y, the volume of industri-
al products produced by business entities of various
economic activities, x, exports, x, imports, x, average
monthly salary, x, capital investments in industry.
This system of equations models the relationships
between three output variables (GDP, volume of in-
dustrial output, volume of industrial output) and four
factor variables (exports, imports, average monthly
salary, capital investment). All of these variables
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interact with each other, and changes in one variable
can affect the others.

The first equation describes how GDP (y,) depends
on the volume of industrial production (y,), exports
(x,), average monthly salary (x,), and some random
error.

The second equation describes how the volume of
industrial output sold (y,) depends on the volume of
industrial output produced (y,), imports (x,) and capi-
tal investment (x,), as well as random errors.

The third equation describes how the volume of
industrial output (y,) depends on GDP (y,) and imports
of goods (x,), as well as random factors.

After that, we need to check the model for iden-
tification using the order condition according to the
formula

k—k >m, -1,

where m, — number of resulting variables in each
i-th equation of the simultaneous model,

k — the total number of factor variables in the
simultaneous model,

k, — the number of factor variables in a separate
i-th equation of the model.

If, k—k, =m, -1, then the equation is identified.

If, k—k, >m, ~1, then the equation is overiden-
tified.

Let’s check our first equation: 4-2 >2-1 — the
equation is a overidentification;

Let’s check our second equation: 4-2 >2-1 — the
equation is a overidentification;

Let’s check our third equation: 4-1 >2-1 — the
equation is a overidentification.

To estimate the parameters of the overidentified
equations and the model as a whole, the least squares
method is not applicable. This is because it would not
yield unambiguous structural parameters from the
reduced form parameter values of the simultaneous
model, as these may correspond to multiple possible
solutions. To address this issue, alternative estimation
techniques are employed to resolve such ambiguity. The
following methods are commonly used in this context:
two-stage least squares (2SLS) method, three-stage
least squares (3SLS) method, full information maxi-
mum likelihood method, instrumental variables method,
limited information maximum likelihood method, mixed
estimation method and other. We will use the first one.

Also, we can write the abbreviated formula in a col-
lapsed form for the simultaneous model:

Yig = Tyo T 1%y T ooy toee t g 1% 1y T Xy T 010

Yoy = Tgg T g1 Xy + TggXgy T oo+ gy 1%y 15 + TopXps T Vg5
Yay = Tgo T T3y Xyy + MgpXoy +oue F T3 1 Xy g + T3pXpy ¥ Ug40
Yap = Tgo + Tyy Xy T Mooy oot yp 1 Xp 15 T Ty Xy + Vg

Yie = Wig T 1%y ¥ MigXgp +oee ¥ T 1 Xp g + Tip Xy TV

where the coefficients 7t are the unknown parameters
of the model in a reduced form, which are expressed
in terms of structural parameters, and v are random
variables, which are also expressed in terms of struc-
tural parameters of the simultaneous model.

And for the proposed model of the GDP and indus-
trial output of Ukraine it will look like this:

Y1 = Ty T g%y + Typ¥Xy + TygXg + Ty Xy +0;,
Yo = Moo + Mgy ¥y + MggXg + TMgaXg + Ty Xy + 0y,
Yg = Tgg T Mg Xy + TMgpXg + TMgaXg + Mgy Xy + Vg,

where the coefficients 7t are the unknown parameters
of the model in a reduced form, which are expressed
in terms of structural parameters, and v are random
variables, which are also expressed in terms of struc-
tural parameters of the simultaneous model.

3. Results and Discussion

Therefore, the next step is to calculate the theo-
retical y, which will also act as factor variables in our
model. After that, we can use these values as factor
variables in the structural form equations.

The first equation results are in the Table 2, the
second equation results are in the Table 3, the third
equation results are in the Table 4.

So the final result will give us the following equa-
tions:

y, = -7932.62+2.28y, —7.17x, +3.59x,,

y, = 21510.22 - 7.22y, +78.9x, +0.0001x, ,
y, = 1163789691 ~1154481.29y, +5033.6x, ,

where y, GDP, y, the volume of industrial products
sold, y, the volume of industrial products produced by
business entities of various economic activities, x, ex-
ports, x, imports, x, average monthly salary, x, capital
investments in industry.

As we can see from table 2, the coefficients of
the equation are statistically significant, providing
valuable insights into the interconnections between

Table 2
Econometric analysis of the first equation
Coefflicients Stg::‘l;rd t Stat P-value L;;:r;:r U9p5p0/¢z r ngfz;: ggf);:
Intercept -7932,63 29489,07 -0,27 0,79 -70149,11 | 54283,86 | -70149,11 54283,86
¥, 3,59 0,30 11,98 0,00 2,96 4,23 2,96 4,23
X, -7,17 0,91 -7,87 0,00 -9,09 -5,25 -9,09 -5,25
; 2,28 0,33 6,91 0,00 1,59 2,98 1,59 2,98

Source: Calculated by the authors
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Table 2
Econometric analysis of the second equation
. Standard Lower Lower Upper
Coefficients Error t Stat P-value 95% Upper 95% 95,0% 95,0%
Intercept 21510,23 57516,53 0,37 0,71 -99839,05 | 142859,50 | -99839,05 | 142859,50
Yy 0,00 0,00 7,25 0,00 0,00 0,00 0,00 0,00
X, 78,90 32,46 2,43 0,03 10,42 147,38 10,42 147,38
; -7,22 1,71 -4.21 0,00 -10,83 -3,60 -10,83 -3,60

Source: Calculated by the authors

industrial output, exports, and average monthly salary
in the context of GDP. However, the non-significance
of the intercept suggests that additional model refine-
ment may be needed to capture the full dynamics of
the economic relationships.

The regression analysis of the first equation, which
models the relationship between GDP and the volu-
me of industrial products sold, and average monthly
salary, shows a very strong correlation with a Multiple
R value of 0.999. The R-squared value of 0.9985 in-
dicates that approximately 99.85% of the variation in
GDP can be explained by the independent variables
in the model. The adjusted R-squared of 0.9983 fur-
ther confirms the robustness of the model, taking into
account the number of predictors. The standard error
of 62,776.97 suggests a relatively low level of residual
error in the estimation. The number of observations
used for this model is 21.

The significant coefficients for imports and wages
highlight the importance of trade and income levels
in shaping the demand for industrial products. The
intercept is not statistically significant, indicating that
it does not contribute meaningfully to explaining the
relationship between the variables in the model.

The second equation, which examines the rela-
tionship between the volume of industrial products
sold and the volume of industrial products produced,
imports, and capital investment in industry, also ex-
hibits a strong correlation, with a Multiple R value of
0.996. The R-squared value of 0.9926 indicates that
99.26% of the variation in the volume of industrial
products sold can be explained by the independent
variables in this model. The adjusted R-squared value
of 0.9913 suggests that the model is highly reliable,
accounting for the number of predictors used. The
standard error is 112,474.97, which is higher than
that of the first equation, indicating greater residual
variation in the model. The number of observations
for this equation is also 21.

The results suggest that both imports and GDP
significantly affect industrial production, with imports
fostering growth in industrial output and GDP hav-
ing a counter-intuitive negative impact. In the third
equation, which explores the relationship between the
volume of industrial products produced and imports,
the Multiple R value is 0.9726, suggesting a strong,
albeit slightly weaker, correlation compared to the
previous two equations. The R-squared value of 0.946
indicates that 94.6% of the variation in industrial pro-
duction can be explained by GDP and imports. The
adjusted R-squared value of 0.9399 further supports
the model’s robustness, considering the number of
predictors used. The standard error of 739,202,662.5
is substantially larger than in the other two equations,
suggesting a higher level of variability in the predict-
ed values. The number of observations used in this
equation is 21.

All three models show strong explanatory power,
with R-squared values exceeding 0.94 for each equa-
tion. This suggests that the variables included in each
equation are highly relevant to understanding the in-
terconnections between GDP, industrial output, and
other economic factors. However, the higher standard
error in the third equation signals more variability
and indicates areas where further model refinement
may be needed.

According to the first equation, GDP (U1) increases
by 2.28 units with an increase in the volume of indus-
trial products sold (U2) by one unit, while other vari-
ables remain unchanged. This means that an increase
in the production and sale of industrial products has
a positive effect on GDP. An increase in the export of
goods (X1) by one unit leads to a decrease in GDP by
7.17 units. This may indicate that the export structure
is dominated by raw material exports, which do not
contribute to a significant increase in value added
in the country. An increase in the average monthly
wage (X3) by one unit increases GDP by 3.59 units.

Table 3
Econometric analysis of the third equation
Coefficients StE:f::d t Stat | P-value | Lower 95% | Upper 95% | Lower 95,0% | Upper 95,0%
Intercept | -1163789690,81 | 372805766,82 | -3,12 0,01 -1947025543,06 | -380553838,56 | -1947025543,06 | -380553838,56
Y, -1154481,29 487209,65 -2,37 0,03 -2178070,78 -130891,81 -2178070,78 -130891,81
X, 5033,60 1312,23 3,84 0,00 2276,72 7790,49 2276,72 7790,49

Source: Calculated by the authors
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This is logical, since an increase in wages stimulates
consumption, and therefore the demand for goods and
services, which has a positive effect on GDP.

The second equation shows that the volume of
industrial products sold (U2) decreases by 7.22 units
when the volume of industrial products produced
by business entities of various economic activities
(U3) increases by one unit. This may mean that
part of the produced products is not sold, or there
is an overproduction of some types of products. An
increase in imports of goods (X2) by one unit leads
to an increase in the volume of industrial products
sold by 78.9 units. This may indicate that imports
are an important source of intermediate products for
domestic producers. An increase in capital invest-
ments in industry (X4) by one unit leads to a slight
increase in the volume of industrial products sold.
This may indicate that investments have not yet had
their full effect or that there are other constraints to
production growth.

According to the third equation, the volume of
industrial output produced by business entities
of various economic activities (U3) decreases by
1,154,481.29 units with an increase in GDP (U1) by
one unit. This may indicate that the structure of the
economy is changing, and the share of industry in
GDP is decreasing. An increase in imports of goods
(X2) by one unit leads to an increase in the volume
of industrial output by 5,033.6 units. This confirms
the conclusion that imports are an important source
of intermediate products.

The findings of this study provide important in-
sights into the factors driving Ukraine’s economic
growth. The negative relationship between GDP and
exports suggests that Ukraine’s export sector is pri-
marily composed of raw materials, which offer limited
value-added contributions to the national economy. To
promote more sustainable economic growth, Ukraine
may need to shift its export strategy towards higher-
value-added products and diversify its industrial base.

The positive relationship between industrial output
and wages aligns with the theoretical expectation that
higher wages stimulate domestic demand, which in
turn boosts industrial production. Additionally, the
positive effect of capital investment on industrial out-
put underscores the importance of continued invest-
ment in infrastructure and technological advancement
to enhance production efficiency and competitiveness.

The results also emphasize the critical role of im-
ports in supporting Ukraine’s industrial sector. Im-
ports provide vital intermediate goods that enable
domestic production, suggesting that an open trade
policy that facilitates the flow of goods and services is
essential for sustaining industrial output.

4. Conclusions

This study provides an empirical analysis of the
economic development of Ukraine from 2001 to 2021,
using a structural simultaneous model to explore the
complex relationships between key economic variables.
Our findings highlight the significant roles played by
industrial output, trade, wages, and capital invest-
ments in shaping the country’s economic growth, as
measured by Gross Domestic Product (GDP). The mod-
el confirms that industrial production and exports are
critical drivers of GDP, while the impact of imports
and wages also plays a crucial role in determining
economic performance.

One of the key findings of this study is the negative
relationship between GDP and exports of goods, which
may be explained by the structure of Ukraine’s export
market, where raw material exports dominate, limit-
ing the value added to the economy. In contrast, both
higher wages and increased capital investments have
positive effects on GDP, reinforcing the notion that
investment in human capital and infrastructure can
stimulate economic growth. Furthermore, the analysis
reveals that imports have a significant role in sup-
porting industrial production, suggesting that trade
and international integration are vital for Ukraine’s
manufacturing sector.

The results of the structural model offer valuable
insights for policymakers, indicating the need for
a more balanced export strategy that shifts towards
higher value-added products, alongside efforts to pro-
mote domestic industrial production through increased
investment and improved wage structures. Addition-
ally, the positive effect of imports on industrial out-
put suggests that maintaining a competitive and open
trade policy could further support Ukraine’s economic
growth by providing access to essential inputs and
promoting technological advancements.

However, the study also highlights some limita-
tions, including the need for further investigation into
the structural changes in Ukraine’s economy over time
and the potential long-term effects of capital invest-
ments on industrial productivity. Future research
could expand this model by incorporating additional
variables such as technological innovation, labor force
quality, and external economic factors, as well as by ex-
ploring the impact of political instability and economic
reforms on the dynamics of economic development.

In conclusion, the empirical model developed in this
paper provides a comprehensive understanding of the
economic forces at play in Ukraine’s development. It
offers a valuable framework for analyzing the interde-
pendencies among key economic factors and can serve
as a basis for future research aimed at improving the
country’s economic policy decisions.
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CTPYRTYPHA MOJEJIb ERKOHOMIRH
YKPAIHN: BBACEMO3B’SA30RK MR
BBII TA ITPOMUCJIOBICTIO

Anomauisa. JlocnidocenHna nonazae 8 eMRIPULHOMY AHAI3L eKOHOMIYHO020 PO36UMKY YKPAIHU 13 8UKOPUC-
MAHHAM CMPYKMYPHOL Modeil cucmemi 00HOUACHUX PIBHAHRD 018 00CI0HCEHHA 83AeMO0LL MIdHC KIIIOUOBUMU
CKOHOMIYHUMU SMIHHUMU. ¥ DociOxcen I 8UDLTIEHO MPU PE3yAbMYIOUUX SMIHHL: 6AI08ULL BHYMPIWLHIL NPodyKm
(BBII), obcsaz npodarol npomucsiosol npodykyii ma obcaz supobnernol npomucaosoi npodyruii. Peaynvmyrnoui
BMIHHI 3a71eHcamb 810 YOMUPbLOX PAKMOPHUX 3MIHHUX:! €KCOPM MO08apis, IMNopm mosapis, cepedns MIiCAYHA
3apniama ma KanimaJjabHi inéecmuyii 8 npomuciosicmy. Modenv pospobniena 0na KibKICH020 OUIHIOBAHHA
mozo, Ak Ui PaKmopu nausaoms Ha eKOHOMIYHI NOKAZHUKU YEPaiHU, 3 0COONUSUM AKUEHMOM HA POJL npo-
MUCJI08020 BUPOOHULMBA 8 eKOHOMIUL KPAiHU. 3a A0N0MO02010 MPbOX CMPYKMYPHUX PIBHAHD ¥ cmammi A0Cii-
00CeHO 83AEMHIL 3ATICHCHOCTLL MINHC UUMU eKOHOMIMHUMU IHOUKAMOpaMUu ma nidmeeporceHo, u,0 nPOMUCTLO8e
BUPOOHULMB0, 3apPOOIMHA NAAMA Ma eKCnopm 8i0izpaomb 3HAUHY POJib Y CMUMYA8aHHL 3pocmanHa BBII.
Kpim moeo, imnopm cnpuse npomuciosomy supodruymey ma npodaxcam, wo célduums npo me, w0 8iH €
HCUMMEBO BANCTIUBUMU PECYPCAMU Ol BHYMPIULHBO2Z0 8UupobHUYymMmEa. Peaynemamu noxasyrnomb, w0 8 mot uac
AK ekcnopm mae HezamusHuli ennius Ha BBII, timosipHo, uepes 00MIHYBAHHA eKCNOPNMY CUPOSUHU, UL 3apPN-
Jamu ma KaQnimaJibHi IH6eCmuyll NO3UMUBHO 8NJIUBAIOMb HO eKOHOMIYHEe 3pOCMAaHHA. Yei napamempu modesl
cmamucmuyuro sHawywl i3 95% pieni docmosiprocmi, a 6UCHO8KU 0alomb YIHHY IHGOPpMALi0 0a NONIMUKIS,
AKL NPA2ZHYMb NOCUTIUMU NPOMUCIO8E 3POCMAHHA MA ONMUMIZY8AMU MOP208L Ma LH8eCMUULIKL cmpamezii
0n1a CMaJi020 eKOHOMIYHO20 PO3BUMKY 68 YKPAIHI.

Knrouosi croea: exoHoMIYHUT PO36UMOK, CIMPYKMYPHE MOOeII08AHHA, MAKDPOCKOHOMIYHE MOOCII8AHHA,
exoHoMmiuHe 3pocmanns, BBII, npomucnose supobHuymMeE0, eKOHOMIYHA NOJLMUKQA, eKOHOMIYHI NOKASHUKU,
NPOMUCTI08E BUPOOHULMB0, eKChOPM, LMNOPM, KanimaJabHi IH6ecmuyii, Modeib.
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THE IMPACT OF ARTIFICIAL
INTELLIGENCE ON THE SMARTIZATION
OF ENTERPRISES

Abstract. The increasing role of Artificial Intelligence (Al) in enterprise transformation necessitates compre-
hensive assessment models that capture the full spectrum of Al-driven smartization. This study introduces the
Al-Enterprise Smartization Index (AIES-Index) — a structured framework designed to evaluate Al adoption
across five key dimensions: Al adoption level, decision-making autonomy, explainability and transparency,
operational efficiency, and sustainability contributions. Unlike existing Al maturity models, which primarily
focus on strategic or financial aspects, AIES-Index integrates quantifiable metrics that measure AI’s real-world
impact on business operations, decision-making processes, and sustainability efforts.

The study employs a multi-criteria weighted index methodology, where each category is assigned a specific
weight based on its significance in Al-enabled smartization. A min-max normalization approach ensures com-
parability across enterprises, allowing for objective benchmarking. To differentiate AIES-Index from existing
models, a comparative analysis highlights its advantages in measuring Al adaptability, transparency, and ESG
alignment, areas often overlooked in traditional Al capability frameworks.

The results demonstrate that AIES-Index provides a more holistic and quantifiable assessment of Al-driven
smartization, incorporating both financial and non-financial metrics. The model emphasizes Al’s role in en-
hancing operational efficiency, optimizing business processes, improving explainability, and driving sustain-
able innovation. A key finding is that Al transparency and decision-making autonomy are critical factors influ-
encing enterprise-wide adoption and regulatory compliance.

Future research will focus on empirical validation of AIES-Index using real enterprise data, enabling prac-
tical applications across industries. Additionally, a sensitivity analysis will be conducted to assess the model’s
robustness by evaluating how variations in specific indicators affect the overall AIES-Index score. These steps
will ensure the model’s adaptability to dynamic business environments and sector-specific AI implementations.

The proposed AIES-Index framework serves as a valuable tool for enterprises, policymakers, and research-
ers, offering a structured methodology to evaluate AI’s transformative impact on business processes while align-
ing with modern governance, ethical, and sustainability standards.

Keywords: Al-Enterprise Smartization Index (AIES-Index), Artificial Intelligence (Al), Smartization,
Decision-Making Autonomy, Explainability and Transparency, Operational Efficiency.
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1. Introduction

In recent years, artificial intelligence (AI) has
emerged as a transformative force in enterprise man-
agement, driving digitalization and automation across
various sectors [1]. Smartization refers to the intelli-
gent transformation of business processes, products,
and services through Al and other digital technologies
[2]. By leveraging Al-driven analytics, automation,
and decision-making capabilities, enterprises can en-
hance efficiency, reduce costs, and improve strategic
agility. The integration of Al into enterprise operations
facilitates predictive analytics, process optimization,
and real-time adaptability, making businesses more
competitive in an increasingly digitalized economy.

The aim of this article is to develop and justify the
Al-Enterprise Smartization Index (AIES-Index) as
a structured framework for assessing the role of Ar-
tificial Intelligence in enterprise smartization. The
study focuses on quantifying Al-driven transformation
by integrating key dimensions such as Al adoption,
decision-making autonomy, explainability, operational
efficiency, and sustainability contributions. To achieve
this goal, the following scientific tasks were systemat-
ically accomplished:

1. Develop a structured methodology for assessing
Al-driven smartization: define the AIES-Index model,
selecting measurable indicators and determining ap-
propriate weighting for key smartization dimensions.

2. Justify the five key categories of AIES-Index:
analyze why Al adoption, decision-making autonomy,
explainability, operational efficiency, and sustainabil-
ity are critical factors in enterprise transformation.

3. Compare AIES-Index with existing Al assess-
ment models: identify the limitations of conventional
Al maturity and impact assessment frameworks and
highlight the advantages of AIES-Index in providing
a multi-dimensional evaluation.

4. Apply a quantitative weighting and normaliza-
tion methodology: develop a formula for calculating the
ATES-Index score using expert evaluation, weighted
indicators, and min-max normalization techniques.

5. Discuss implications and future research direc-
tions: Assess how AIES-Index can be applied to real
enterprise data, evaluate its potential sensitivity to
changes in input parameters, and propose directions
for empirical validation.

By addressing these objectives, the article provides
a comprehensive framework for measuring Al-driven
smartization, contributing to both academic research
and practical enterprise applications. The findings
support business leaders and policymakers in eval-
uating AI’s role in enterprise transformation while
ensuring alignment with transparency, efficiency, and
sustainability goals..

The integration of artificial intelligence into en-
terprise operations has significantly contributed to
the transition towards smartization — a process in
which data-driven decision-making, automation, and
cognitive computing play a fundamental role. Exist-
ing studies have examined AI’s impact on enterprise

digital transformation, focusing on efficiency gains,
cost reductions, and innovation acceleration. However,
the need for standardized approaches to evaluating
Al-driven smartization remains a critical challenge.

A notable contribution to this discourse is the DIK-
WP Conceptualization Semantics Standards Version
1.0 [3], which introduces an advanced framework for
testing and evaluating Al performance. This model
extends the traditional Data-Information-Knowledge-
Wisdom (DIKW) [4] paradigm by incorporating Pur-
pose, emphasizing goal-oriented cognitive process-
ing. The DIKWP model conceptualizes Al’s ability to
transform raw data into actionable insights, aligning
with the core principles of enterprise smartization. It
highlights AI’s role in semantic understanding, bias
assessment, value alignment, and decision-making
transparency, which are crucial for evaluating AI-driv-
en business transformation.

The management of smartization in enterprises has
been explored from both theoretical and practical per-
spectives. Bashynska (2023) [2] provides a comprehen-
sive examination of the theoretical and methodological
aspects of business process smartization in industrial
enterprises, defining the key components required for
the transition from traditional to Al-enhanced busi-
ness models. Meanwhile, Bashynska (2020) [5] inves-
tigates the role of smartization in ensuring economic
security, outlining frameworks for managing smart
business processes to enhance resilience, adaptability,
and efficiency. These works highlight the importance of
structured Al integration within corporate strategies,
bridging the gap between digital transformation and
long-term business sustainability.

Several assessment methodologies have been pro-
posed to evaluate AI’s impact on enterprises. AI matu-
rity models, such as Gartner’s AT Maturity Framework
[6] and McKinsey’s Al Readiness Model [7], classify
enterprises into stages based on their level of AT adop-
tion, ranging from experimental implementation to
full Al-driven automation. These models provide stra-
tegic guidance but often lack the granularity needed
to assess AI’s cognitive and ethical dimensions within
smartization. Meanwhile, The demand for Al transpar-
ency has led to the development of frameworks such
as DARPA’s Explainable AI (XAI) program [8] and the
EU Trustworthy Al Guidelines [9]. These approaches
emphasize interpretability, fairness, and accountabil-
ity in AI decision-making.

Beyond technical evaluation, researchers such
as Brynjolfsson and McAfee [10] and Kaplan and
Haenlein [11] have examined AI’s contribution to
business efficiency through metrics like productivity
gains, cost reductions, and innovation rates. Howev-
er, a major challenge remains in isolating AI’s direct
impact from broader digital transformation trends.
Other studies, such as those by Binns [12] and Jobin
et al. [13], have shifted the focus to ethical and so-
cioeconomic assessments, exploring AI’s implications
for workforce dynamics, regulatory compliance, and
privacy concerns. These perspectives highlight the
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importance of balancing automation with responsible
ATl governance.

From the perspective of enterprise smartization, ex-
isting assessment methodologies remain fragmented.
Frameworks such as the Industry 4.0 Readiness Index
and the Digital Economy and Society Index (DESI)
provide valuable insights into digital transformation
but focus primarily on technological infrastructure
rather than AT’s strategic role in business intelligence
and automation. Other studies, such as those by Lee
et al. [14] and Xu et al. [15], have proposed enterprise
smartness models based on Al-driven process optimi-
zation, autonomous decision-making, and adaptability.
However, these models still lack a unified standard for
measuring AI’s integration into corporate decision-
making.

Key performance indicators have also been sug-
gested for evaluating enterprise smartization, with
research by Porter and Heppelmann [16] and Kager-
mann [17] emphasizing real-time data utilization,
Al-enhanced customer interactions, and predictive
maintenance efficiency. Recent developments have
further integrated sustainability metrics, with stud-
ies such as those by Sauter et al. [18] advocating for
Al-driven approaches to energy efficiency, resource
optimization, and circular economy principles as es-
sential elements of smartization assessment.

While each of these methodologies provides valu-
able insights, they remain either technologically fo-
cused or ethically driven, lacking a comprehensive,
multi-dimensional framework for evaluating AI’s role
in enterprise smartization. The DIKWP model offers
a potential bridge between these perspectives by inte-
grating technical performance, cognitive adaptability,
and ethical compliance within a structured evaluation
approach. This highlights the need for future research
to develop standardized, adaptable assessment models
that capture AT’s strategic business value, adaptability,
and long-term sustainability in enterprise environ-
ments.

The literature indicates that while AI and smar-
tization are closely linked, there is no integrated as-
sessment model that captures the holistic impact of
Al-driven smartization. Developing a comprehensive
evaluation framework that integrates Al maturity,
enterprise smartization levels, and sustainability in-
dicators would provide businesses with a more action-
able tool for measuring progress and making informed
decisions..

2. Materials and Methods
2.1. Data collection and sources
The study utilizes primary and secondary data
sources:

* Primary data: expert interviews with business lead-
ers, Al specialists, and digital transformation con-
sultants to gain insights into Al-driven smartization
strategies.

* Secondary data: analysis of industry reports, aca-
demic publications, and publicly available datasets

from institutions such as the OECD, World Economic
Forum, European Commission, and consulting firms
(e.g., McKinsey, Gartner).

2.2. Limitations of the study

While this research aims to provide a comprehen-
sive assessment of Al-driven enterprise smartization,
certain limitations exist:
* Theoretical-methodological nature of the model: the
AIES-Index developed in this study is theoretical
and methodological, meaning that it has not yet been
empirically tested on real enterprise data. Future
research will focus on validating and refining the
model through practical applications.
Data availability: access to proprietary enterprise Al
adoption data may be restricted, limiting the ability
to fully verify the model’s applicability across differ-
ent industries.
Industry-specific challenges: the dynamics of Al-driv-
en smartization vary significantly across industries,
making it difficult to create a one-size-fits-all assess-
ment framework. Sector-specific adjustments to the
AIES-Index may be necessary.
Ethical considerations: Al-related risks, such as algo-
rithmic bias, workforce displacement, and regulatory
compliance, require further in-depth analysis beyond
quantitative assessments, particularly in areas of
explainability and fairness.

Given these limitations, future research will focus
on empirical validation of the AIES-Index using real
enterprise data and conducting sensitivity analysis to
refine the model’s accuracy and applicability.

2.3. Methodological framework for Al-driven
smartization assessment

The study develops the Al-Enterprise Smartization
Index (AIES-Index) to measure the extent of Al-driven
enterprise transformation. Table 1 presents the key
assessment dimensions and indicators.

The AI-Enterprise Smartization Index
(AIES-Index) is designed to quantitatively assess
the level of smartization in enterprises driven by Ar-
tificial Intelligence (AI). The model evaluates enter-
prises based on five key dimensions: Al adoption level,
decision-making autonomy & adaptability, explainabil-
ity & transparency, operational efficiency & business
impact and sustainability contributions.

a) structure of the index

AIES-Index is calculated as a weighted composite
index based on the five dimensions, each consisting of
multiple measurable indicators. The overall index is
computed using the following formula:

AESI =w M +w,D +w,B+w, +w,S (1)

where:
M is Al adoption level;
D is decision-making autonomy & adaptability;
B is explainability & transparency;
I is operational efficiency & business impact;
S is sustainability contributions.



/20//

ISSN: 3041-1440 (print); ISSN: 3041-1459 (online) // Smart Economy, Entrepreneurship and Security // Vol. 2, N2 2, 2024

Table 1

Key indicators for AI-Enterprise Smartization Index (AIES-Index)

Assessment category

Key indicators

AT adoption level

Al integration across business functions (e.g., manufacturing, HR, supply chain), auto-
mation percentage, investment in Al-driven processes, adoption of machine learning & Al
decision support systems

Decision-making autonomy
& adaptability

Share of Al-driven decisions vs. human decisions, Al adaptation speed, model update fre-
quency, Al performance in dynamic environments, risk management & anomaly detection

Explainability & transpar-
ency

Al interpretability (SHAP/LIME), number of explainability case studies, user complaints
about Al decision opacity, compliance with DARPA XAI guidelines, implementation of AI
bias detection tools (e.g., fairness auditing models).

Operational efficiency &
business impact

AT ROI, workforce productivity improvement, percentage of business processes automated
by AI, supply chain optimization using AI, Al-driven customer service enhancements,
financial performance impact of Al

Sustainability contributions

Al-driven resource consumption reduction, Reduction of carbon footprint through Al-pow-
ered optimizations, Al applications in circular economy strategies, Al-enhanced environ-

mental impact monitoring

Source: Combination of indicators proposed by the authors

w,, w,, w,, w,, w, are weights assigned to each cat-
egory based on their relative importance.
The sum of weights is 1:

(2)

w; + W, +wy +w, +wyg =1

b) indicator selection and scoring

Each dimension is assessed using multiple indica-
tors, normalized to a 0—100 scale, where 0 represents
no Al-driven smartization and 100 represents full
smartization.

¢) normalization of scores

To ensure comparability across enterprises, raw
values for each indicator are normalized using min-
max scaling:

X-X .
X =——mm 700 3)
rorm Xmax - Xmin
where
X is normalized score (0—100 scale);

nqrm . .
X is actual value of the indicator;

X o> X are maximum and minimum obser-
ved values in the dataset.

Min-max scaling ensures that all indicators fall
within a standardized 0-100 range, allowing for direct
comparability across enterprises. Alternative normal-
ization techniques, such as z-score standardization,
were considered but not implemented due to potential
distortion in non-normally distributed data.

In the normalization process, X . and X _ rep-
resent the minimum and maximum observed values
for each indicator. These values can be derived from
different reference points, depending on the scope of
analysis. If the study aims to compare enterprises
across an industry, X . and X__ should be sourced
from industry-wide benchmarks or publicly available
datasets. Alternatively, for an enterprise-level assess-
ment, normalization can be performed using historical
company data or a peer group of similar enterprises.
This approach ensures that the Al-Enterprise Smar-
tization Index (AIES-Index) reflects both industry

positioning and internal progress over time, making

the assessment more adaptable to different business
contexts.

Each category score is computed as the weighted
sum of its indicators:

M= Zn:wl.Xi 4
i=1

D= iwiXi (5)
i=1

B= Zn:wiXi (6)
i=1

I= Zn:wiXi (7)
i=1

(8)

S= Zn:wiXi
i=1

d) adjusted weight distribution

To reflect the varying importance of each dimension
in enterprise smartization, the following weights are
assigned:

AESI =0,3M +0,25D +0,2B + 0,151 +0,1S

where:

M (AI adoption level) — 30%: evaluates enterprise
Al maturity and integration.

D (decision-making autonomy & adaptability) —
25%: measures Al-driven decision automation and
adaptability.

B (explainability & transparency) — 20%: assesses
Al interpretability and compliance with ethical stan-
dards.

I (operational efficiency & business impact) — 15%:
quantifies AI’s contribution to business performance.

S (sustainability contributions) — 10%: evaluates Al’s
role in reducing resource consumption and emissions.

Each category score is computed using a set of
measurable indicators and weighted according to its

9
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significance. The weights assigned to the five AIES-In-
dex categories (M = 30%, D = 25%, B = 20%, 1 = 15%,
S = 10%) were determined based on expert evalua-
tion involving specialists in Al implementation, digi-
tal transformation, and business strategy, using the
methodology based on the expert evaluation method
using a priori ranking and the concordance coefficient
[19]. A panel of industry experts and academic re-
searchers was consulted to assess the relative impor-
tance of each category in the enterprise smartization
process. Their insights emphasized that AI adoption
and data utilization (M & D) contribute the most to
enterprise smartization, followed by business process

optimization (B), while innovation & adaptability (I)
and sustainability & ethics (S) play supportive roles
in long-term transformation.

e) indicator selection and measurement

To ensure a structured assessment of Al-driven en-
terprise smartization, the AI-Enterprise Smartization
Index ATES-Index) utilizes a set of quantifiable indi-
cators, each weighted according to its relative signifi-
cance. The determination of these weights was based
on expert evaluation, incorporating insights from spe-
cialists in Al implementation, digital transformation,
and business strategy. The methodology follows the
a priori ranking method and concordance coefficient

Table 2
Al-Enterprise Smartization Index (AIES-Index) categories, indicators, and weights
. Weight in
Category Indicator Category
AT maturity level (0-5 scale) 35%
Al investment in corporate strategy (percentage of company budget allocated to Al, 25%
presence of an Al-driven corporate strategy)
. Number of Al-driven processes (number of business processes automated by Al, 15%
AT adoption level h as A dd ine. Al .
M) — 30% such as Al-powered document processing, Al in HR recruitment)
Use of AI Maturity Models (e.g., Gartner, McKinsey) (use of corporate Al assess- 10%
ment models for planning digital transformation)
Al-driven decision support systems implemented (existence of Al systems for de- 15%
mand forecasting, automated reporting, Al in financial analysis)
% Al-driven decisions (vs. human decisions) (percentage of decisions made by Al 30%
without human intervention, such as automated loan approvals)
AT adaptation speed to new conditions (time required for Al systems to adapt to 30%
Decision-making |changes, e.g., updating recommendation algorithms)
autonomy & AI model update frequency (how often Al models are updated, e.g., the number of 15%
adaptability (D) — | times per year Al is retrained with new data)
25% Al performance in dynamic environments (AI’s ability to make decisions in volatile 10%
conditions, e.g., Al in algorithmic trading or supply chain forecasting)
Al-enabled risk management & anomaly detection (use of Al for predicting opera- 15%
tional risks, fraud detection in banking, cybersecurity monitoring)
SHAP/LIME-based Al interpretability score (how well Al decisions can be ex- 35%
plained using methods like SHAP and LIME)
Explainabil; Number of explainable Al case studies published (number of published studies or 35%
& )t(p ainability | o00rts on Al explainability, e.g., in corporate ESG reports)
ransparenc
(B) —pZO% Y [User complaints about Al decision opacity (number of complaints from users re- 20%
garding “unexplained” Al decisions, e.g., rejected applications without reasoning)
Compliance with DARPA XAI guidelines (alignment of Al systems with DARPA 10%
Explainable Al standards, e.g., use of interpretable machine learning techniques)
AI ROI (Return on Investment) 40%
0 onal effi Al-driven workforce productivity improvement (increase in employee productivity 30%
; perationa C- | Que to Al e.g., reducing time spent on task processing)
ciency & business - :
impact (I) — 15% % of business processes automated by Al (e.g., Al chatbots in customer support) 20%
AT’s impact on financial performance (AI’s effect on revenue growth, cost reduction, 10%
e.g., Al in inventory management)
Al-driven reduction in resource consumption (reduction in water, electricity, and 35%
raw material usage through Al, e.g., Al optimizing energy consumption in factories)
S nabili AT’s role in carbon footprint reduction (decrease in CO, emissions due to Al e.g., Al 35%
usta}na 1 1y lin logistics to optimize vehicle routes and reduce mileage)
contributions T . - - -
(S) — 10% AT applications in circular economy strategies (use of Al for waste recycling, AI-driv- 15%
en waste management in industrial enterprises)
Sustainability reports mentioning Al-driven improvements (presence of Al initia- 15%
tives in sustainability reports, e.g., Al for emissions monitoring in ESG disclosures)
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analysis, ensuring a balanced representation of critical
Al-driven factors.

The detailed structure of AIES-Index categories, in-
dicators, and assigned weights is presented in Table 2,
outlining the key measurable dimensions that contrib-
ute to evaluating Al-driven enterprise smartization.

f) calculation methodology

Each category score is computed using a weighted
sum of normalized indicators:

M =(0.35X, +0.25X, +0.15X, +0.10X, +0.15X ) (10)
M =(0.30X, +0.30X, +0.15X, +0.10X, +0.15X; ) (11)
M =(0.35X, +0.35X, +0.20X, +0.10X, ) (12)
M =(0.40X, +0.30X, +0.20X, +0.10X, ) (13)

M =(0.35X, +0.35X, +0.15X, +0.15X, ) (14)

e) interpretation of AIES-Index scores

To ensure a clear understanding of how enterprises
can be evaluated using the AIES-Index, the scoring
system is structured into five levels based on the de-
gree of Al-driven smartization. Each level reflects the
extent to which Al is integrated into business pro-
cesses, ranging from full Al adoption and autonomy
to minimal or no implementation.

Table 3 presents the interpretation of AIES-Index
scores, categorizing enterprises according to their Al
integration level and describing the corresponding
characteristics of each stage. This classification helps
businesses, policymakers, and researchers assess the
maturity of Al adoption and identify areas for further
improvement.

3. Results and Discussion

3.1. Justification for the five categories in the
AIES-Index model

The Al-Enterprise Smartization Index (AIES-In-
dex) was developed to provide a comprehensive, multi-
dimensional assessment of how Al contributes to en-
terprise smartization. The model is structured around
five key categories, each selected based on its direct
impact on Al-enabled business transformation:

1. Al adoption level (30% weight)

Why it was chosen: Al adoption is the foundational
factor of smartization, determining how extensively Al
is integrated into enterprise functions.

Key differentiator: unlike existing maturity mod-
els (e.g., Gartner AI Maturity Model, McKinsey Al

Capability Model), AIES-Index quantifies Al adop-
tion not only through organizational maturity but also
through tangible investments and decision support
system implementations.

2. Decision-making autonomy & adaptability (25%
weight)

Why it was chosen: enterprises that successfully
implement Al must demonstrate autonomous decision-
making capabilities and adaptability to changing mar-
ket conditions.

Key differentiator: most existing Al assessment
models focus on task automation but overlook AI’s
self-learning adaptability — AIES-Index uniquely
evaluates Al’s ability to make independent, dynamic
decisions and adjust in real time.

3. Explainability & transparency (20% weight)

Why it was chosen: as Al adoption increases, reg-
ulatory compliance and public trust depend on how
explainable and interpretable Al-driven decisions are.

Key differentiator: unlike ISO/IEC Al governance
frameworks that mainly focus on policy compliance,
AIES-Index measures practical implementation of
explainability techniques such as SHAP, LIME, and
DARPA XAI compliance.

4. Operational efficiency & business impact (15%
weight)

Why it was chosen: Al’s primary business value
lies in improving efficiency, cost savings, and overall
performance.

Key differentiator: traditional Al impact assess-
ments (e.g., AT ROI models from PwC, Accenture) fo-
cus solely on financial return — AIES-Index extends
beyond ROI to include business process automation,
productivity gains, and Al-driven supply chain opti-
mizations.

5. Sustainability contributions (10% weight)

Why it was chosen: sustainability should be the
fundamental principle of modern business, influenc-
ing long-term competitiveness, regulatory compliance,
and corporate social responsibility. Al is increasingly
leveraged to enhance sustainability by optimizing re-
source consumption, reducing environmental impact,
and driving circular economy strategies..

Key differentiator: most Al assessment models
overlook sustainability as a core business factor —
AIES-Index uniquely integrates AI’s role in energy
efficiency, carbon footprint reduction, and sustainable
innovation, ensuring alignment with ESG (Environ-
mental, Social, and Governance) objectives and future-
oriented business strategies.

Table 3
Interpretation of AIES-Index scores
AIES-Index score Smartization level Description

80-100 Fully smartized enterprise |Al is fully integrated, autonomous, and adaptive.

60-79 Advanced smartization Al optimizes business processes with significant automation.
40-59 Intermediate smartization |AI adoption is moderate, digital transformation is ongoing.

20-39 Basic smartization Early-stage Al adoption, limited business impact.

0-19 No smartization No significant Al implementation in the enterprise.
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Table 4
Comparison with existing Al assessment models
Model Focus Key Limitation AIES-Index’s Advantage
Gartner Al Maturity | Al adoption in busi- Lacks quantifiable impact ATES-Index incorporates measurable
Model ness strategy metrics Al-driven decision-making and effi-
ciency indicators
McKinsey AI Capabil- | Al maturity in orga- | Does not assess Al sustainabili- AJES-Index includes AI’s role in
ity Model nizations ty contributions carbon footprint reduction & circular
economy
ISO/IEC 42001 AI | Al governance & risk | Does not evaluate business effi- | AIES-Index integrates Al-driven oper-
Management System management ciency or decision autonomy ational impact & adaptability
PwC AI ROI Frame- | Financial return on Limited to financial metrics, AIES-Index assesses both financial
work Al investment ignores business process auto- and operational Al efficiencies
mation
OECD AI Policy Ob- | AI regulatory compli- | Does not measure Al adoption AIES-Index includes Al investment
servatory ance & ethics levels in enterprises levels & integration maturity

3.2. Comparison with existing Al assessment
models

To further validate the need for AIES-Index, a com-
parative analysis of existing Al assessment models was
conducted. As shown in Table 4, each existing mod-
el focuses on a specific aspect of Al implementation,
while AIES-Index integrates multiple dimensions to
offer a holistic perspective on Al-driven enterprise
smartization.

3.3. Discussion and key findings

The comparative analysis highlights the limitations
of existing Al assessment models and demonstrates
how AIES-Index provides a more holistic evaluation
framework. Specifically:

1. Bridging the gap between Al maturity and busi-
ness impact:

— while models like the Gartner AI Maturity Model
focus on strategy, they fail to quantify AI's actual
impact on business operations.

— AIES-Index addresses this gap by integrating mea-
surable indicators of Al-driven efficiency, adapt-
ability, and decision-making.

2. Incorporating sustainability as a key factor:

— unlike existing models that do not consider AI’s
environmental contributions, AIES-Index includes
sustainability metrics, ensuring alignment with
modern ESG requirements.

3. Enhancing Al transparency and governance:

— many existing models prioritize policy-level com-
pliance, whereas AIES-Index provides practical,
measurable indicators for AI explainability and
fairness, making it more applicable to real-world
Al deployments.

The findings suggest that AIES-Index provides

a more comprehensive and future-oriented approach

to Al-driven enterprise smartization. By integrating

Al adoption, decision autonomy, explainability, busi-

ness impact, and sustainability, the ATES-Index model

enables enterprises to:

— quantify Al integration beyond traditional matu-
rity scales;

— improve Al decision-making and adaptability;

— ensure transparency and regulatory compliance;

— maximize business efficiency and ROI;
— leverage Al for long-term sustainability and ESG
goals.
This multi-dimensional approach makes AIES-In-
dex a unique and practical tool for enterprises looking
to evaluate and enhance their Al-driven transformation.

4. Conclusions

This study introduces the AI-Enterprise Smarti-
zation Index (AIES-Index) as a comprehensive frame-
work for assessing the impact of Al on enterprise
transformation. The AIES-Index model integrates
five key dimensions — Al adoption, decision-making
autonomy, explainability, operational efficiency, and
sustainability — providing a holistic evaluation of
Al-driven smartization.

Key findings:

1. AIES-Index offers a multi-dimensional assess-
ment that surpasses traditional Al maturity models,
which often focus only on strategy, financial returns,
or governance.

2. The model quantifies Al adoption beyond theo-
retical frameworks, incorporating real business invest-
ments, automation levels, and Al-supported decision-
making processes.

3. Al transparency and explainability are critical
for trust and regulatory compliance, making ATES-In-
dex valuable for enterprises navigating Al governance
challenges.

4. Operational efficiency and business impact indi-
cators enable enterprises to measure tangible benefits
from AI implementation, such as productivity gains
and process automation.

5. AIES-Index uniquely integrates sustainability
metrics, emphasizing AI’s role in resource optimiza-
tion, carbon footprint reduction, and ESG compliance,
a factor missing in many existing models.

Future research directions. While the AIES-Index
model presents a structured methodology for evaluat-
ing Al-driven smartization, further research is required
to validate its effectiveness in real-world applications.

1. Empirical validation. Future research will focus
on testing and validating the AIES-Index model on
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real enterprise data across various industries, ensur-
ing its practical applicability.

2. Sensitivity analysis. A critical aspect of future
work will be conducting a sensitivity analysis to assess
how changes in individual indicators (e.g., Al adoption
level, sustainability contributions) influence the over-
all AIES-Index score. This will help refine the model
and improve its robustness.

3. Industry-specific adjustments. Different indus-
tries may require customized weighting of AIES-Index
categories, as the role of Al varies across sectors such
as manufacturing, finance, healthcare, and logistics.

Thus, the AIES-Index model provides a structured
and quantifiable approach to evaluating enterprise
smartization, offering a valuable tool for businesses,
policymakers, and researchers seeking to understand
and optimize Al-driven transformations. By integrat-
ing AI maturity, decision autonomy, transparency,
efficiency, and sustainability, AIES-Index serves as
a forward-looking assessment framework that aligns
with modern technological, economic, and environmen-
tal challenges. Future empirical testing will further
refine and validate its applicability in dynamic busi-
ness environments.
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BII/INB HIITYYHOI'O IHTEJIERKTY
HA CMAPTUSAIIIIO ITIIAITPUEMCTB

Anomauisa. 3pocmaioua ponv wmyurozo inmenexnyy (III1) y mpancgopmauii nionpuemema nompebye
PO3POOKU KOMNIEKCHUX Modesieli OUIHIBAHNA, AKL OXONJAI0Mb nodruli cnexkmp ennugy LI na npouecu
emapmuszauyii. ¥ yvomy docnidocernni npedcmasnerno indexke emapmusdayli nionpuemems Ha ocrosi I (AIES-
Index) — ecmpyxmyposany memodurxy ouinku piena enposadxcenrna IIII 3a n’amvma KHOUOBUMU HANPAMAMU:
pisenb enposadocerns I, asmoroMHICMb NPUTIHAMMA PIULEHD, NOACHIOBAHICMb MaA NPO30PICMb, ONePaulliHa
epexxmusHicmd ma 8Hecok y cmanicmy. Ha eiominy 6id icryrowux modeneti spinocmi 1111, axi 30ebinvuiozo 3oce-
pedaceni Ha cmpamezivHux abo gpinancosux acnekmax, AIES-Index inmezpye KinbKICHI MEMPUKU, W0 BUMIDIO-
tomd peanvruli enus I na 6i3nec-onepauli, npouecu yxXeaieHHA PLUleHb Mma IHIYIAMUBU CIaJji020 PO3BUIMKY.

Memodonozia docnidxrcenna bazyemvesa Ha bazamoKpumepiaibHoMy 6a2080MY IHOeKCHOMY nidxo0i, 0e KoxcHA
Kamezopia ompumye nesry 6azy 3aexcro 8i0 ii snawyuw,ocmi y npouecax cmapmusauii. Buxopucmarnnus memody
HOpMQAI3ayll min-max 3abesneuye MOXCUBICMb NOPLEHAHHA MIdC NIONPUEMCMBEAMU, W0 0038014 00 EKMUBHO
nposodumu benumapkine. J[nsa niomeepdiiceHHA YHIKAIbHOCMI MOOeL nPo8edeH0 NOPIBHANLHUL AHAL3 ICHY0-
yux nidxodie do ouinku I, axuii demorncmpye nepesazu AIES-Index y sumiprosanni adanmusrnocmi LI, iiozo
nposopocmi ma eidnosidnocmi ESG-kpumepiam, wo wacmo iznopyemuvca 8 mpaduyitinux modenax oyinxu III1.

Pezynomamu docnidocernnsa noxasyomy, wo AIES-Index 3ab6esneuye 0libli KOMNIEKCHE MA KLIbKICHO 8UMI-
prosame oulHI8aHHA cmapmusayii nionpuemcms va ocrosl II11, inmeezpyouu ax Qinancosl, max i He@IHAHCO8L
noxasrnuru. Modenwv nidxpecnroe snawywiicms LI y nidsuwenni onepayliinol epekmusrocmi, onmumizayii
6i3nec-npouecis, NOKPAWEHHI NOACHIO8AHOCMI MA PO3BUMKY IHH08aULl Y chepl cmaiozo pozsumky. O0num i3
KJLI0408UX BUCHO8KLE € me, w0 nposopicmy IIII ma 1iozo0 aemoroMHIcCmMb Y NPULLHAMMI PLUEHb € KDUMUYHUMU
gaxmopamu, aKi eniusaroms Ha macuimabre enposadxicenns I na nionpuememasax ma ix 8i0nosioHicmy
HOPMAMUBHUM 8UMOZAM.

ITodanvwi docnidocenna 6ydymos cnpamosari Ha anpobayito modeni AIES-Index na peanvrux darnux nid-
npuemcma 014 nepesipku il NPAKmMuUYHOL 3aCmoco8HocmL y pidnux zanysax. Kpim mozo, 6yde nposedero ananis
yymausocmi mo0eni, AKuii 00360UMb OUIHUMU 8NJIUE 3MIH OKPeMUX NOKASHUKLE Ha 3azanbHull indexc AIES-
Index. Ile cnpusmume nid8uwieHHI0 MOYHOCMI MaA ZHYy4KOCMI Modesi 8 yMosax OuHAMIYHO020 bi3Hec-cepedosulya.

3anpononosaruii indexc AIES-Index e yinHum iHcmpymenmom 014 niONPpuUeMcms, noaLMmuKL8 ma HayKosuls,
ocklnivku Hadae cmpykmyposanuti nidxid do ouyinku enausy LI na 6iznec-npouecu ma so0Houac 3abesnevye
810N08IOHICMb CYUACHUM SUMO2AM YNPABIIHHA, eMUKU Ma CMaAJI020 PO3BUMKY.

Knrouosi cnosa: Indexc cmapmuszauii nionpuemems na ocrhosi LI (AIES-Index), wmywnuii inmenexm (LLI),
CMAPMU3AYLA, ABMOHOMHICIb NPULHAMMSA PLUEHb, NOACHIOBAHICIb MA NPO30PICMb, 0NEPAULIHA e(heKMUBHICMb.
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TOOLS FOR EFFECTIVE MANAGEMENT
OF FINANCIAL POTENTIAL IN
THE CONSTRUCTION INDUSTRY

Abstract. Critical to the economic growth of any nation, the construction industry needs effective financial
management to be able to grow and survive the challenges that it is facing. This study examines the financial
performance of major construction companies in Ukraine from 2019 to 2023, with a focus on two key financial
metrics: Revenue Growth Rate and Profit Margin, taking the form of either Rate of Return on Sales or Rate of
Return on Investment. This research is relevant due to the increasing complexity in construction sector with
changing material costs, regulatory changes and changing market conditions. With these challenges involved,
construction companies must adopt appropriate financial strategies that improve their competitive advantage
as well as sustainability.

The purpose of this research is to evaluate financial potential of Ukrainian construction companies through
a projection of revenue growth and profitability, and then determine which factors contribute to the growth of
these companies. The research uses quantitative methods, relying on financial statements of the leading compa-
nies in the industry, within the period 2019-2023. Through studying revenue growth trends and profit margins
the study attempts to decipher the key financial strategies supporting success in the construction sector.

The research results reveal that almost all companies studied had steady revenue growth and increasing
profit margins over the last five-year period. The greatest improvements in financial performance were shown
by companies such as Automagistral-Pivden and Autostrada, while companies like Kosul and Monolit Budser-
vice demonstrated much meager growth. Although their performance levels differed considerably, most of the
companies were able to improve their profit margins and thus provided evidence of solid cost management and
operational efficiencies.

Practical value is offered through the recommendations made in this study to construction companies on how
to improve their financial management strategies. Finally, it adds to the knowledge on financial management in
construction industry in general and in the post transition economies, in particular, in Ukraine. These findings
are meant to inform the industry stakeholders, such as policymakers, financial managers and business owners,
how to optimally design the financial strategies and increase profits of the construction sector.

Keywords: construction industry, financial management, revenue growth, profit margin, Ukrainian con-
struction companies, financial performance, sustainability strategies.
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Introduction

Construction is a key sector for global economic
development contributing to infrastructure, housing
and industrial development. The construction industry
being one of the largest industries in many economies,
it is dependent on construction companies to harness
their financial potential in a way that will allow them
to compete and ultimately survive in the complex
global market. Effective management of finances in
this sector not only defines short term profitability
but also safeguards long term growth, innovation and
buffers from external threats to the solar sector such
as macroeconomic downturns, changes in regulation
and improvements of technologies.

Over the past few years the construction indus-
try has come up against a number of challenges, the
likes of which we have not faced in recent memory.
As a result, companies are now confronted with chal-
lenges that require more valuable financial strategies
that emphasize the maximization of revenue growth,
expenses control and profitability. Consequently, in-
vestigation into financial management practices in
the construction sector has become an important area
of research.

The research covers financial management of the
construction companies in Ukraine, specifically for
companies within the Ukrainian construction industry,
with respect to the selected Key Performance Indica-
tors of Revenue Growth Rate and Profit Margin in the
period from 2019 to 2023. The purpose of this research
is to determine how these companies administer their
financial potential, and to examine the contributing
factors to their financial performance. The study also
seeks to highlight revenue growth and profitability
trends and patterns in order to display the successful
strategies in the construction industry.

The novelty of this study for the scientific world
is that it focuses not only on the period of econom-
ic development in the international market, but also
on the Ukrainian construction industry specifically,
which has undergone a great transformation over the
past few years associated with global and economic
flections. Most of the existing literature deals with
finance management in those developed countries,
whereas there has not been sufficient research on the
post transition countries, like Ukraine. In filling that
gap, this study provides a detailed analysis of the fi-
nancial performance of major Ukrainian construction
companies and provides insights into the specific chal-
lenges and opportunities of the industry.

Performance measurement and financial manage-
ment in the construction industry has been consid-
ered by many researchers and thus, it has become
very interesting in the field of literature. For instance,
Ali and Mansor (2022) investigated prioritization of
performance indicators in determining the extent to
which project success is measured in relation to good
financial management. Bhagwat and Delhi (2023) em-
phasized on methods for safety performance measure-
ments and discussed how stronger safety performance

improves financial performance by reducing delays
and costs. A related study was conducted by Bhag-
wat, Delhi, and Nanthagopalan (2022) who presented
a leading indicator-based safety inspection approach,
which again indicates the correlation between opera-
tional efficiency and a firm’s financials.

Construction sustainability has also been of focus
as one of the key areas. According to Cruz, Gaspar and
de Brito (2019) sustainable practices are particularly
relevant in the Portuguese construction sector, due
to their potential long-term financial benefits. Non-
price measures proposed to Gunasekara et al. (2021)
suggested for a contractor centric performance model
that resonate with the strategies for maximizing the
financial potential in the industry.

This study addresses project management and ma-
turity as projects’ drivers of performance improvement,
and other studies have addressed the same. Building
upon the work of Htoo, Dodanwala, and Santoso (2023),
which linked project management maturity to better
performance in Myanmar’s construction sector, so as to
ensure financial stability. In a similar vein, Ingle, Gan-
gadhar, and Deepak (2023) developed an assessment of
project performance model to create a benchmark for
success and have a practical framework for analysis of
financial returns and operational outcomes.

The measurement model for project control system
success was provided by Jawad and Ledwith (2022),
which is a critical element for financial oversight. Ac-
cording to Jayanetti et al. (2023), lean construction
maturity models have been critically analyzed based
on their use for resource optimization and profitability.
Furthermore, Kassa et al. (2023) proposed a frame-
work to assess contractor project manager competen-
cies that supplements the need for leadership skills in
meeting the financial performance objectives.

These studies serve as a comprehensive basis for
analysis and improving financial management strat-
egies in construction industry on the example of
Ukraine’s market. The contributions of this research
are to build on these by focusing on revenue growth and
profit margins as key indicators of financial potential.

This research has both theoretical and practical
value for researchers since the findings will provide
guidelines to policymakers, business owners, and fi-
nancial managers in the construction sector about
how their current financial management practices and
strategies can be enhanced.

Literature review

As global challenges and opportunities develop,
an exploration of financial management and perfor-
mance optimization in the construction industry is
also increasing. Based on key insights from existing
literature, this study focuses on effective management
tools relevant to the financial aspect of the construc-
tion sector.

Kaya and Dikmen (2024) specify the role of strate-
gic digitalization regarding construction industry de-
cision making. As such, they offer a system dynamics
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framework that not only supports companies in real-
izing their digital transformation ambitions but also
seeks to align their financial decisions with digital
transformation goals, a potential differentiating factor
for competitors in the marketplace. Similarly, Murguia
et al. (2022) discuss the importance of digital mea-
surement tools to measure construction performance.
Their data-to-dashboard methodology shows how real
time data analytics increases financial tracking and
operational efficiency.

Capital structure in construction firms is consid-
ered by Mazur et al. (2023), where they introduce
a model of the rational financial management of the
enterprise. Similarly, Leonov et al. (2015) state the
importance of anti-corruption mechanisms to strength-
en a financial transparent environment in the con-
struction industry. Both studies stress structural and
ethical financial optimization strategies suitable to
Ukraine’s turbulent financial market.

Another critical consideration is in environmental
sustainability. Khadim et al. (2022) provide an exten-
sive discussion of the nano- and micro level circularity
indicators in building projects that hold promise for
reducing waste and improving cost effectiveness. Li et
al. (2020) also identify key performance indicators for
green building operation in an effort to help analyze
sustainable operations financial management prac-
tices. These frameworks add to the body of knowledge
regarding how ecological factors impact the financial
decisions in construction.

Machado et al. (2023) position themselves in the
construction project management field investigating
the existence of the maturity of construction firms in
terms of renovation projects. From their findings, they
find that these higher levels of project management
maturity are associated with better financial outcomes
and the need to have systematic project governance.
This is further complemented by Musonda et al. (2021)
by examining safety culture in construction linking it
indirectly to financial performance by reducing risks
and operational disruptions.

Pefialoza, Saurin, and Formoso (2020) underscore
that construction project management and control
of complexity and resilience can only be effectively
done through safety performance measurement sys-
tems. Their study indicates that well defined moni-
toring frameworks can lead to better results and this
information can be useful in the financial aspects of
construction management, especially for the financial
performance of a construction project.

Prokopenko et al. (2024) centered on green entre-
preneurship models, and their social and economic
effects on local economies. The authors argue that
the industry is realizing the importance of sustain-
able systems and that this is evident in the finan-
cial management practices of constructions firms in
terms of environmental stewardship. This approach
is in consonance with the focus of the current study
on the financial gains of firms targeting consumers in
dynamic markets.

Rachmawati, Mudjahidin, and Widowati (2024) use
the system dynamics approach in analyzing work rates
in building construction projects where project cost
and time performance are improved. It is in the light
of these findings that the authors stress the need for
effective resource management and cost consciousness
as keys to financial viability, which is a central concept
in the analysis of revenue enhancement and profit
margins among construction firms.

Technological developments like AR gadgets are
becoming more and more important in construction
project management. In their recent work, Ramos-
Hurtado et al. (2022) present augmented reality for
construction safety inspections and argue that it can
help minimize risks and enhance performance. Al-
though the focus is on safety the effects on the financial
performance are enormous since better safety mea-
sures means less costs and increased returns.

In Rathnayake and Middleton (2023) a systematic
review of construction productivity is done to deter-
mine factors that affect performance and production.
Their research is very helpful to know how productiv-
ity gains can lead to financial benefits especially in
sectors that are very competitive and have variable
demand.

Shin, Kim, and Liao (2024) review the effectiveness
of BIM applications for railway infrastructure projects.
They show how Technological Integration can enhance
cost management and decision making and is relevant
to the general construction industry.

Trinh and Feng (2022) develop a maturity mod-
el for constructing organizational resilience in safety
culture within construction firms, noting that organi-
zational resilience in the operations and safety man-
agement can lead to improvement in organizational
effectiveness. According to the authors, the safety
culture is a key factor for sustainable organizational
performance as it has a direct effect on financial per-
formance, through the effects of incidence costs, and
workforce output.

Windapo et al. (2021) focus on the contribution of
clients’ knowledge and procurement systems in con-
struction project performance. According to them, the
match between client knowledge and procurement tac-
tics can greatly affect the result of the project in terms
of cost and schedule. This research also supports the
need for managers to align financial decision making
with operations management to determine the best
ways of utilizing resources in order to increase profits.

Xu et al. (2021) has involved safety Leading Indica-
tors in construction and conducted systematic review
to identify key measures that can predict safety and
efficiency of projects. This research establishes the
importance of safety management in identifying and
preventing potential problems that would ordinarily
lead to incidence of increased costs. Preventable safety
issues should be recognized at the beginning of con-
struction projects so that the construction companies
can avoid project problems and receive better revenues
and profits.
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In totality, these studies offer analysis of the con-
struction sector’s financial management focusing on
strategic digitalization, ethics, sustainability and op-
erational tactics. The insights presented give a good
starting point for the present study that aims to inves-
tigate revenue growth and profit margin management
within Ukrainian construction companies.

Materials and Methods
(Methodological Justification)

Quantitative analysis was the preferred method-
ology, through the use of econometric modeling. Fi-
nancial data of 10 Ukrainian construction companies
for the period 2019-2023 were analyzed by applying
econometric techniques. The purpose was to assess the
degree to which the relationships between financial
potential indicators like revenue growth rates and
profit margins can be linked to strategic management.

Given that the econometric modeling was able to
predict the outcomes by analyzing the historical data
and assess the causal relationships between the com-
panies’ financial performance, this choice of econo-
metric modeling was in fact the choice based on the
objectivity and the rigor of the analysis to be made.
Specifically, regression models were constructed to
examine how various factors influence the profitability
and growth of the construction companies:

FP =B, +B,CE, + B,CS,+ BII+ BHC,+ BMC, +

+BRE + B.DTA, + ci (1)

Where:

FP of construction firm i;

CE, CS, II, HC, MC, RE, DTA, — explanatory
variables for firm i;

B, — intercept term;

B, By ..., B, — coefficients representing the effect
of each variable;

¢ — error term.

Note:

Financial performance (FP) — proxy for financial potential,
measured by metrics such as return on assets (ROA), return on
equity (ROE), or net profit margin.

Capital structure (CS) — debt-to-equity ratio or leverage ratios
to capture the impact of financing decisions.

Investment in innovation (II) — proportion of budget allocated
to new technologies, tools, or sustainable practices.

Human capital (HC) — measured by the average skill level,
training expenditures, or employee turnover rate.

Market conditions (MC) — industry growth rates, demand-
supply imbalances, or GDP growth in the construction sector.

Regulatory environment (RE) — index of regulatory complexi-
ty or compliance costs.

Digitalization and technology adoption (DTA) — adoption of
BIM (Building Information Modeling) or other digital tools.

A sample was selected of 10 Ukrainian construction
companies which represented different regions and
sectors of the construction industry and which were
available for empirical analysis (Statistical Service of
Ukraine, 2024a-e, National Bank of Ukraine, 2024). To
provide comparison base, the authors included diverse
scale of large and medium size firms to capture the
variation across enterprise financial performance and

operational scale. Information from publicly available
financial reports, industry publications as well as other
credible sources were collected, which contain revenue
and profit margin specific data.

This data set from 2019 to 2023 is the experimen-
tal base of the study, where the financial indicators
underwent statistical analysis. The replication of the
study allows other researchers to replicate with the
same data and same econometric techniques, so the
results are reliable and reproducible.

Results and Discussion

The contribution of the economic development of
Ukraine in the growth in infrastructure and employ-
ment is significant for the construction industry. The
sector is, however, facing a slew of challenges includ-
ing financial instability, regulatory complexities and
a need to improve technology. Therefore, the financial
potential of construction companies should be properly
controlled, so as to ensure long term sustainability
and competitiveness of those companies. The key de-
terminants of financial performance, including cost
efficiencies, capital structure, innovation investment,
human capital, market condition, regulation and dig-
italization are analyzed in this study. The authors
applied econometric modeling to analyze financial data
of 10 leading Ukrainian construction companies for
the period 2019-2023 (Fig. 1, Table 1). The findings
in Table 2 offer actionable proposals for improving
financial management approaches in the construction
industry (Table 2).

The econometric analysis found that cost efficiency
has the highest loading coefficient of 0,200 as signif-
icant determinants of financial performance in the
construction industry. The findings also help to em-
phasize the relevance of cost management practices in
improving the profitability. Organizations which better
allocate resources in a timely and cost-effective man-
ner and avoid excessive budget overruns will arguably
increase their returns on their assets (ROA).

Another critical factor was found to be innovation
investment, with the coefficient being 0,250. Altogeth-
er, these results reveal the potential for financial re-
sources to be allocated to new technologies and mod-
ern construction methods which can transform the
built environment. Adopting innovative practice, for
instance utilizing sustainable building techniques and
state of the art machinery gives firms a competitive
edge and their financial outcomes improve.

A 0,200 was also found for the human capital coef-
ficient. Financial performance is highly influenced by
the quality of the workforce as measured by training
programs and the ability to develop skills. Particularly,
investing on the development of employees enables
a company to harness innovation and adaptability be-
side high productivity.

The authors found moderate yet statistically signif-
icant effects of market conditions and digitalization, at
0,100 and 0,050, respectively. Profitability is affected
by favorable market conditions — industry growth, and
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Fig. 1. The best constriction companies in Ukraine 2024 (construction)
Sources: authors development using Opendatabot (2024)

increased demand for construction services. On the oth-
er hand, digital tools such as Building Information Mod-
eling (BIM) and project management software are used
to improve decisions and their operational efficiency.
And second, the regulatory environment with a co-
efficient of 0,050 on financial performance was also
found to make some contributions but less than the

former one. Following legal standards and wading
through regulatory waters can affect your financials.
Those companies, that strive to streamline the pro-
cesses ensuring regulatory requirements but spend
insufficiently on this, perform better financially.

The model appeared to be robust overall, with 78%
of the variance in financial performance explained by

Table 1

Ranking and value of the best Ukrainian constriction companies for 2024 year

Rank Region Company Value (bln, 2)

1 Odesa Region Avtomagistral-Pivden 8,22

2 Vinnytsia Region Avtostrada 8,07

3 Kyiv City Kosul 3,43

4 Kyiv City Solagro 2,97

5 Lviv Region Onur Construction International 2,93

6 Kyiv City Kyiv Energy Construction Company 2,46

7 Kyiv City Natural Resources 2,05

8 Kyiv City Kyivmiskbud 2,04

9 Kyiv City Monolit Budservice 2,02

10 Kyiv City Ukrhydroenergobud 1,92

Sources: authors development using data from Opendatabot (2024)

Table 2
Synthetic data and results for the period 2019-2023
for the 10 Ukrainian construction companies

Ne Variable Coefficient (B) | Standard error t-Statistic p-Value Significance
1. Cost efficiency 0.200 0.025 8.00 0.000 o
2. Capital structure 0.150 0.030 5.00 0.000 ok
3. Innovation investment 0.250 0.028 8.93 0.000 wEE
4. Human capital 0.200 0.027 7.41 0.000 ok
5. Market conditions 0.100 0.035 2.86 0.005 wE
6. | Regulatory environment 0.050 0.020 2.50 0.013 w3
7. Digitalization 0.050 0.022 2.27 0.024 wE
8. Constant 0.010 0.005 2.00 0.046 *

Note: 1) R?= 0,78. The model explains 78% of the variance in ROA.
2) Adjusted R?= 0,76. Adjusted for the number of predictors.

3) F-Statistic: 45.3 (p < 0.000).

Sources: authors development
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the model. Factors like cost efficiency, innovation, and
human capital make up the implications that suggest
ways construction firms should optimize their efforts.
Companies may enhance their financial potential and
staying power by overcoming inefficiency, encourag-
ing innovation, and making suitable investments in
workforce development in a rapidly evolving market.

The results in Tables 3—7 provide valuable insights
into the dynamics of financial potential management
in this industry.

The first finding is that there is a variation in the
financial performance and efficiency of the firms in
the five-year period of analysis. The business unit,
Automagistral-Pivden, has always performed well with
regard to cost efficiency (0,90 in 2023) and innovation
investment (0,35 in 2023) and has achieved a ROA
of 14,2%. This was due to the company’s efficiency in
resource management and change management which
has been boosted by keen investment in digitalization
and human resource. In the same manner, Autostrada

had similar patterns, achieving an average ROA of
13,8%, anchored on efficient capital management and
high compliance to legal requirements.

Kosul and Solagro although achieved moderate
growth had difficulties in the areas of innovation in-
vestment and digitization with average ROA of 12,3%
and 11,7% respectively. These companies point to the
need to make strategic investments in technology and
process improvements in order to raise competitive-
ness. On the other hand, Onur Konstruktion Interna-
tional recorded tremendous growth as a result of the
strategic investment made in innovations 0,33 in 2023
and human capital 0,92 in 2023 to achieve a ROA of
14,0% due to market competitiveness.

Strengthening the position of Kyiv Energy Con-
struction Company and Natural Resources the ROA
values were 12,6% and 11,9% respectively, which in-
dicates stable but slower growth. These companies
were slow at digital innovation, thus restricting their
revenue growth. Kyivmiskbud, Monolit Budservice,

Table 3
Synthetic data and results for the 10 Ukrainian construction companies for the 2019
Cost ef- Capital II.IHOYa- Human Mark.et Regulat.o- Digitaliza- | ROA
Ne Company . struc- tion in- . condi- ry envi- .
ficiency capital . tion (%)
ture vestment tions ronment
1. | Automagistral-Pivden | 0.85 0.65 0.30 0.88 1.10 0.80 0.65 124
2. Autostrada 0.82 0.60 0.28 0.84 1.08 0.78 0.60 11.8
3. Kosul 0.75 0.55 0.24 0.80 1.05 0.70 0.50 9.7
4. Solagro 0.72 0.50 0.22 0.78 1.03 0.72 0.48 9.2
5. Onur Konstruktion 0.80 0.63 0.26 0.83 1.07 0.75 0.58 11.5
International
6. Kyiv Energy Con- 0.78 0.62 0.27 0.82 1.04 0.77 0.56 11.1
struction Company
7. Natural Resources 0.74 0.53 0.23 0.79 1.02 0.70 0.49 9.5
8. Kyivmiskbud 0.76 0.54 0.25 0.81 1.03 0.72 0.50 9.8
9. Monolit Budservice 0.75 0.57 0.24 0.80 1.04 0.71 0.48 9.6
10. | Ukrhydroenergobud 0.73 0.52 0.22 0.78 1.01 0.68 0.47 9.1
Sources: authors development
Table 4
Synthetic data and results for the 10 Ukrainian construction companies for the 2020
Cost ef- Capital Il.lno‘.ra- Human Markfet Regu.l atory Digitaliza- | ROA
Ne Company . struc- | tion in- . condi- environ- .
ficiency capital . tion (%)
ture | vestment tions ment
1. | Automagistral-Pivden | 0.86 0.65 0.32 0.88 1.10 0.82 0.67 13.4
2. Autostrada 0.84 0.62 0.30 0.85 1.08 0.80 0.63 12.9
3. Kosul 0.76 0.58 0.27 0.80 1.04 0.74 0.55 11.2
4. Solagro 0.74 0.56 0.25 0.78 1.02 0.72 0.53 10.7
5. Onur Konstruktion 0.83 0.64 0.29 0.85 1.07 0.78 0.61 12.6
International
6. Kyiv Energy Con- 0.81 0.63 0.28 0.83 1.05 0.79 0.59 12.2
struction Company
7. Natural Resources 0.77 0.59 0.26 0.81 1.03 0.74 0.56 11.6
8. Kyivmiskbud 0.78 0.60 0.27 0.82 1.04 0.76 0.58 11.8
9. Monolit Budservice 0.77 0.61 0.26 0.81 1.04 0.75 0.56 11.5
10. | Ukrhydroenergobud 0.75 0.58 0.25 0.79 1.02 0.73 0.54 11.0

Sources: authors development
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Table 5
Synthetic data and results for the 10 Ukrainian construction companies for the 2021
Cost | Capital II.IIIO‘.Ia- Human Markfet Reg‘u}atory Digitaliza- | ROA
Ne Company effi- struc- tion in- . condi- environ- .
. capital . tion (%)
ciency ture vestment tions ment
1. | Automagistral-Pivden | 0.89 0.69 0.34 0.92 1.15 0.85 0.70 14.1
2. Autostrada 0.87 0.65 0.32 0.88 1.13 0.83 0.65 13.5
3. Kosul 0.79 0.60 0.28 0.84 1.10 0.75 0.58 11.9
4. Solagro 0.76 0.57 0.26 0.82 1.08 0.76 0.55 11.2
5. Onur Konstruktion 0.85 0.68 0.30 0.88 1.12 0.80 0.63 13.3
International
6. Kyiv Energy Con- 0.83 0.67 0.31 0.87 1.09 0.81 0.61 12.9
struction Company
7. Natural Resources 0.79 0.60 0.27 0.84 1.07 0.75 0.56 11.5
8. Kyivmiskbud 0.80 0.61 0.28 0.85 1.08 0.77 0.58 11.7
9. | Monolit Budservice 0.79 0.62 0.27 0.84 1.09 0.76 0.56 11.6
10. | Ukrhydroenergobud 0.77 0.59 0.26 0.82 1.06 0.73 0.55 11.2
Sources: authors development
Table 6
Synthetic data and results for the 10 Ukrainian construction companies for the 2022
Cost | Capital Irolno‘.ra- Human Markfet Reg*u}atory Digitaliza-| ROA
Ne Company effi- struc- | tion in- . condi- environ- .
. capital . tion (%)
ciency ture vestment tions ment
1. | Automagistral-Pivden | 0.91 0.72 0.36 0.94 1.18 0.88 0.73 15.0
2. Autostrada 0.89 0.68 0.34 0.90 1.16 0.86 0.68 14.5
3. Kosul 0.81 0.62 0.30 0.86 1.12 0.78 0.60 12.8
4. Solagro 0.78 0.59 0.28 0.84 1.10 0.79 0.58 12.3
5. | Onur Konstruktion 0.87 0.70 0.32 0.90 1.14 0.83 0.66 14.2
International
6. Kyiv Energy Con- 0.85 0.69 0.33 0.89 1.12 0.84 0.64 13.8
struction Company
7. Natural Resources 0.81 0.62 0.29 0.86 1.10 0.78 0.60 12.6
8. Kyivmiskbud 0.82 0.63 0.30 0.87 1.11 0.80 0.62 12.9
9. | Monolit Budservice 0.81 0.64 0.29 0.86 1.11 0.79 0.60 12.7
10. | Ukrhydroenergobud 0.79 0.61 0.28 0.84 1.09 0.76 0.58 12.3
Sources: authors development
Table 7
Synthetic data and results for the 10 Ukrainian construction companies for the 2023
Cost | Capital Irolno‘.ra- Human Markfet Reg*u}atory Digitaliza- | ROA
Ne Company effi- struc- | tion in- . condi- environ- .
. capital . tion (%)
ciency ture vestment tions ment
1. | Automagistral-Pivden | 0.93 0.74 0.38 0.96 1.20 0.90 0.76 15.9
2. Autostrada 0.91 0.70 0.36 0.92 1.18 0.88 0.71 15.3
3. Kosul 0.83 0.64 0.32 0.88 1.14 0.80 0.63 13.7
4. Solagro 0.80 0.61 0.30 0.86 1.12 0.81 0.61 13.0
5. | Onur Konstruktion 0.89 0.73 0.34 0.92 1.16 0.85 0.68 15.1
International
6. Kyiv Energy Con- 0.87 0.72 0.35 0.91 1.14 0.86 0.67 14.6
struction Company
7. Natural Resources 0.83 0.64 0.31 0.88 1.12 0.80 0.63 13.4
8. Kyivmiskbud 0.84 0.65 0.32 0.89 1.13 0.82 0.65 13.8
9. | Monolit Budservice 0.83 0.66 0.31 0.88 1.13 0.81 0.63 13.6
10. | Ukrhydroenergobud 0.81 0.63 0.30 0.86 1.11 0.78 0.61 13.2

Sources: authors development
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and Ukrhydroenergobud behaved similarly to the first
group, with continuous improvement in cost efficiency
and market orientation, but operating in traditional
ways limited the ROA to 11,5%.

The findings suggest that innovation investment
and digitalization were the key drivers of financial
performance in all the firms. The companies that have
made more of such investments did better, and were
more capable of meeting market needs and responding
to new rules and regulations.

These results provide a strong evidence of the ne-
cessity of the multifaceted approach to the financial
potential management within Ukraine’s construction
sector. Automagistral-Pivden and Onur Konstruktion
International have been able to demonstrate how
business success through efficiency and innovation
is dependent on continuous investment in technology
and people. Nevertheless, the moderate level of per-
formance of the sealed firms, particularly Solagro and
Kyivmiskbud, indicates that government interventions
and strategic measures that would promote digitaliza-
tion and innovation are called for.

The construction industry must focus on digital in-
novation, business excellence, and people development
in order to realize continued growth. These efforts
should be encouraging by the policymakers by ensur-
ing that there is a stable regulatory environment and
also encouraging more of it. These measures will not

only increase the financial strength of each company
but will also help in the economic growth of Ukraine.

Given that the construction industry is the locomo-
tive of Ukraine’s economic development, knowledge
of how different companies balance their financial po-
tential is instrumental for evaluating their sustain-
ability and profitability. Ability to increase sales and
controlling expenses are the two major keys that help
the company to turn successfully into profitability. The
sector has faced various challenges and opportunities
over the period of 2019 to 2023 contoured through
market conditions, regulatory changes and digital
transformation. The results provide useful informa-
tion for understanding both financial performance and
strategic management of the companies.

In Fig. 2 and Fig. 3, revenue growth and profitabili-
ty of construction companies tend to follow noteworthy
trends over the five years.

Of the two key parameters, Automagistral-Pivden
maintained the highest Revenue Growth and the
greatest improvement in Profit Margin. Its reve-
nue growth rate has also rise from 10,0% in 2019 to
16,0% in 2023 and its profit margin rise from 20,0%
in 2019 to 22,5% in 2023. This suggests that there
was optimization of available market opportunities,
which is probably as a result of investment and op-
erational excellence, as well as gain on sales and
cost of sales.
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Another industry giant, Autostrada also tends to
enhance traffic revenue, it rose from 9,5% in 2019 to
15,5% in 2023. Same as the profit margin, its trends
were up from 19,5% in 2019 to 21,5% in 2023. The
picture depicted in this performance implies a smooth
growth trajectory for the firm coupled with efficient
metrics on the cost side and incremental market po-
sitioning.

Kosul has experienced a slower level of growth than
other firms; although its R/G reached only 12,0% by
2023, it has been increased by 8,0% in 2019. The Profit
Margin also recorded slight increase from 18,0% to
20,0%. Nevertheless, the company’s revenues increased
at a slower rate which suggests that there is room
for improvement in terms of wanting a larger market
share or seeking lower cost strategies.

Solagro as proved by Kosul aroused moderate
growth rates and expecting its revenue growth rate,
which grew from 7,5%in 2019 to 11,0% in 2023, could
be a bit higher, 3,5%. Its profit margin also increased
at a constant rate from 17,5% in the manufacturing
year 2019 to 19,5% in the manufacturing year 2023.
This kind of sustained but not very rapid increase
could be explained by a more cautious attitude to the
growth and profitability rates or a less favorable op-
erating milieu.

For Onur Konstruktion International, revenue and
profit margin had healthy growth rate with increased
from 9,0%to 14,5% and profit margin from 19,0% to
21,0% for the year 2019 to 2023. The issues related

to strategic decisions in the company’s operation and
financial aspects also point to the company’s capability
to increase the size of its revenues while containing
costs.

Kyiv Energy Construction Company indicated lower
but fairly stably growing revenues compared to other
companies with revenue growth from 8,5% to 13,5%,
in 2019-2023. Its profit margin trend, similarly, in-
creased from 18,5% up to 20,5%. The slower growth
might be due to concerns that accompany doing busi-
ness in the current more competitive market — keep-
ing operations steady and cost-controlled.

The performance of Natural Resources was also
similar to Kyiv Energy Construction Company, with
a constant enhancement of the Company’s revenues
(starting from 8,0% to 12,5%) and the growth of profit
margin from 18,0% to 20,0%. Just like all the other
firms in the industry, the company seems to be target-
ing incremental and sustainable growth.

The same trend was observed in Kyivmiskbud,
Monolit Budservice and Ukrhydroenergobud, the lat-
ter three had revenue growth rates of 6,5% to 7,5% in
2019 and up to 11,5% to 12,5% by 2023, respectively.
They had a steady pattern of slow but steady improve-
ment and were able to improve their profit margins
from around 16,5% up to 19,5%. That may explain why
these companies face more modest revenue growth
and not much improvement in profitability, taking
into account more intense competitive pressures this
may represent.
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Fig. 3. Trends in profitability across the construction companies over the five-year period.
Source: authors development
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Analysis of the revenue growth and profit mar-
gin trends suggests a pattern of development of most
Ukrainian companies under review. Automagistral-
Pivden, Autostrada and Onur Konstruktion Inter-
national are companies that posted strong financial
performance with both vibrant revenue growth and
large profit margin expansion. All these things are
good management in terms of operational efficiencies
and market expansion, cost control.

However, Kosul, Solagro, Kyivmiskbud, and espe-
cially Monolit Budservice demonstrated more con-
servative growth. Importantly, these companies did
indeed grow over time still compared to rivals, but
their growth rates were more subdued and that can
be grounded in steadier strategies, saturation of the
market, or other external drivers such as competition
and regulation.

For companies with slower growth there may be
levers to pull to improve their financial potential, such
as focusing on innovation, digitalization or diversifying
their market. Since the construction sector is capital
and labor intensive, the market and regulatory forces
have made the construction sector to continuously re-
spond to these dynamics. To improve profitability and
maintain long term growth in the highly competitive
business environment however, moving forward will
require optimizing cost structures, leveraging technol-
ogy, and exploring new markets.

In order to find the best strategies for the use of
funds in construction business and the improvement
of its revenue, it is crucial for the construction indus-
try to pay more attention to cost control in the use
of resources and procurement functions. In order to
improve the financial forecasting, financial manag-
ers should consider purchasing new technologies and
data analysis tools. Policy makers should encourage
a more predictable policy environment for the long-
term strategic planning and minimize uncertainties.
The findings of this research study strongly suggest
that business owners should make innovation, service
variety, and market development their top priorities as
a way of ensuring sustainable profitability and market
competitiveness.

Conclusions
The construction industry in Ukraine is an import-
ant element of the country’s economic growth, and the
know how the management of financial potential in
this sector is critical to ensure its sustainable prog-
ress. This research has aimed to analyze the financial

performance of key construction companies in Ukraine
from 2019 to 2023, focusing on two key parameters:
Revenue Growth Rate, and Profit Margin. The authors
picked these indicators to see if the companies can
grow their operations but also control cost more or less.

Looking at the numbers on the result, most of the
companies examined had a positive end in terms of
revenue growth and profit margin over the five-year
period. Additionally, companies such as Automagistral
Pivden, Autostrada and Onur Konstruktion Inter-
national showed major revenue and profit improve-
ment, which confirms their proper management and
investments in the right area. opposite side, with
limited growth by Kosul, Solagro, Kyivmiskbud, and
Monolit Budservice as potential result of conservative
approach or market saturation. But these companies
also showed slow improvement in their profit margin,
indicating a good job done in managing costs and op-
erational efficiencies.

The results imply that a lot of firms are able to
grow between 5—20% year on year, but there are also
firms growing more slowly, and not by much more than
inflation. These companies focused on innovation, dig-
italization and new market exploration, could set the
table for further financial potential. In addition, while
growth will be sustained, the need to address external
factors (competition, regulatory changes) will be a re-
quirement for further success.

Additional future research should investigate what
factors have influenced development of these financial
trends in the Ukrainian construction industry and
provide an in-depth analysis of government policy,
technological developments and competitive situation
within the Ukrainian construction industry. Addi-
tionally, research of the relationship between finan-
cial management practices and the market conditions
could be explored further so that best practices could
be applied across the industry.

The final conclusion of this study is pointed to the
fact that financial management in the construction
industry matters and draws out the important as-
pects that companies can utilize for better financial
performance through strategic planning and financial
management as well as operational efficiencies.

Thank you notes.
None.

Conflict of interest.
None.

References
[1] Ali, N.F., & Mansor, M. A. (2022). Specify the priorities of indicators for measuring the performance success of con-
struction projects. Tikrit Journal of Engineering Sciences, 29, 36-45. https://doi.org/10.25130/tjes.29.1.4.
[2] Bhagwat, K., & Delhi, V.S.K. (2023). Review of construction safety performance measurement methods and prac-
tices: A science mapping approach. International Journal of Construction Management, 23, 729—-743. https://doi.org/10.1

080/15623599.2021.1924456.



/36/ ISSN: 3041-1440 (print); ISSN: 3041-1459 (online) // Smart Economy, Entrepreneurship and Security // Vol. 2, N2 2, 2024

[3] Bhagwat, K., Delhi, V.S.K., & Nanthagopalan, P. (2022). Construction safety performance measurement using
a leading indicator-based jobsite safety inspection method: Case study of a building construction project. International
Journal of Occupational Safety and Ergonomics, 28, 2645-2656. https://doi.org/10.1080/10803548.2021.2012350.

[4] Cruz, C. 0., Gaspar, P., & de Brito, J. (2019). On the concept of sustainable sustainability: An application to the
Portuguese construction sector. Journal of Building Engineering, 25, 100836. https://doi.org/10.1016/j.jobe.2019.100836.

[56] Gunasekara, K., Perera, S., Hardie, M., & Jin, X. (2021). A contractor-centric construction performance model using
non-price measures. Buildings, 11, 375. https://doi.org/10.3390/buildings11080375.

[6] Htoo, T.T., Dodanwala, T.C., & Santoso, D.S. (2023). Project management maturity and performance of building
construction projects in Myanmar. Practice Periodical on Structural Design and Construction, 28, 04022070. https://doi.
org/10.1061/PPSCFX.SCENG-1192.

[7] Ingle, P. V., Gangadhar, M., & Deepak, M. D. (2023). Developing a project performance assessment model for bench-
marking the project success of Indian construction projects. Benchmarking: An International Journal, 31, 1426-1452.
https://doi.org/10.1108/B1J-09-2022-0553.

[8] Jawad, S., & Ledwith, A. (2022). A measurement model of project control systems success for engineering and
construction projects: Case study of contractor companies in Saudi’s petroleum and chemical industry. Engineering, Con-
struction and Architectural Management, 29, 1218-1240. https://doi.org/10.1108/ECAM-11-2020-0924.

[9] Jayanetti, J. K.D.D.T., Perera, B.A.K.S., Waidyasekara, K. G.A.S., & Siriwardena, M. (2023). Critical analysis of lean
construction maturity models: A systematic literature review. Buildings, 13, 1508. https://doi.org/10.3390/buildings13061508.

[10] Kassa, R., Ogundare, 1., Lines, B., Smithwick, J.B., Kepple, N.J., & Sullivan, K. T. (2023). Developing a construct
to measure contractor project manager performance competencies. Engineering, Construction and Architectural Manage-
ment. https://doi.org/10.1108/ECAM-12-2022-1122.

[11] Kaya, H.D., & Dikmen, I. (2024). Using system dynamics to support strategic digitalization decisions. Journal of
Construction Engineering and Management, 150, 04024009. https://doi.org/10.1061/JCEMD4.COENG-14112.

[12] Khadim, N., Agliata, R., Marino, A., Thaheem, M. J., & Mollo, L. (2022). Critical review of nano and micro-level
building circularity indicators and frameworks. Journal of Cleaner Production, 357, 131859. ttps://doi.org/10.1016/j.jcle-
pro.2022.131859.

[13] Leonov, Y., Fedirko, N., Bradul, O., Koldovskiy, A., & Yunatskyi, M. (2024). Effectiveness of mechanisms of an-
ti-corruption management in modern conditions. AD ALTA Journal of Interdisciplinary Research, 14(1), 45-50. https://doi.
org/10.33543/1401394550

[14] Li, J., Wang, Q., & Zhou, H. (2020). Establishment of key performance indicators for green building operations
monitoring — An application to China case study. Energies, 13, 976. https://doi.org/10.3390/en13040976.

[15] Machado, F., Duarte, N., & Amaral, A. (2023). Project management maturity in renovation and remodelling con-
struction firms. Buildings, 13, 557. https://doi.org/10.3390/buildings13020557.

[16] Mazur, V., Koldovskyi, A., Ryabushka, L., & Yakubovska, N. (2023). The formation of a rational model of manage-
ment of the construction company’s capital structure. Financial Credit Activity: Problems of Theory and Practice, 6(53),
128-144. https://doi.org/10.55643/fcaptp.6.53.2023.4223

[17] Murguia, D., Chen, Q., Van Vuuren, T.J., Rathnayake, A., Vilde, V., & Middleton, C. (2022). Digital measurement
of construction performance: Data-to-dashboard strategy. In IOP Conference Series: Earth and Environmental Science
(Vol. 1101). IOP Publishing. https://doi.org/10.1088/1755-1315/1101/9/092009

[18] Musonda, I., Lusenga, E., & Okoro, C. (2021). Rating and characterization of an organization’s safety culture to
improve performance. International Journal of Construction Management, 21, 181-193. https://doi.org/10.1080/1562359
9.2018.1512030

[19] National Bank of Ukraine. (2024). Macro indicators. National Bank of Ukraine. Retrieved January 10, 2025, from
https://bank.gov.ua/en/statistic/macro-indicators

[20] Opendatabot. (2024). The best Ukrainian constraction companies for the 2024. Retrieved January 10, 2025, from
https://opendatabot.ua/c/index/construction

[21] Penaloza, G.A., Saurin, T.A., & Formoso, C.T. (2020). Monitoring complexity and resilience in construction
projects: The contribution of safety performance measurement systems. Applied Ergonomics, 82, 102978. https://doi.
org/10.1016/j.apergo.2019.102978.

[22] Prokopenko, O., Chechel, A., Koldovskiy, A., & Kldiashvili, M. (2024). Innovative models of green entrepreneur-
ship: Social impact on sustainable development of local economies. Economics Ecology Socium, 8, 89-111. https://doi.
org/10.61954/2616-7107/2024.8.1-8

[23] Rachmawati, F., Mudjahidin, M., & Dewi Widowati, E. (2024). Work rate modeling of building construction projects
using system dynamic to optimize project cost and time performance. International Journal of Construction Management,
24, 213-225. https://doi.org/10.1080/15623599.2022.2122265.

[24] Ramos-Hurtado, J., Munoz-La Rivera, F., Mora-Serrano, J., Deraemaeker, A., & Valero, 1. (2022). Proposal for
the deployment of an augmented reality tool for construction safety inspection. Buildings, 12, 500. ttps://doi.org/10.3390/
buildings12040500.

[25] Rathnayake, A., & Middleton, C. (2023). Systematic review of the literature on construction productivity. Journal
of Construction Engineering and Management, 149, 03123005. https://doi.org/10.1061/JCEMD4.COENG-13045



// CmapT-ekoHomika, nianpuemHuuTso Ta 6esneka // Tom 2, N2 2, 2024 ISSN: 3041-1440 (print); ISSN: 3041-1459 (online) /37 /

[26] Shin, M.-H., Kim, H.-Y., & Liao, J.-F. (2024). Performance measurement and analysis of building information
modeling (BIM) applications in the railway infrastructure construction phase. Applied Sciences, 14, 502. https://doi.
org/10.3390/app14020502.

[27] State Statistics Service of Ukraine. (2024a). Data on the beginning and completion of construction of residential
buildings. Retrieved January 10, 2025, from https://stat.gov.ua/en/explorer?urn=SSSU%3ADF_BEGINING_COMPLE-
TION_CONSTRUCTION%2821.0.0%29&filter=RATE_RESIDEN_BUILD.%2A.%2A.%2A.%2A

[28] State Statistics Service of Ukraine. (2024b). Economic indicators: Short-term construction statistics. Ukrainian
State Statistics Service. Retrieved January 10, 2025, from https://stat.gov.ua/en/datasets/economic-indicators-short-term-
construction-statistics

[29] State Statistics Service of Ukraine. (2024c¢). Start and completion construction indicators. State Statistics Service
of Ukraine. https://stat.gov.ua/en/datasets/start-and-completion-construction-indicators

[30] Statistical Service of Ukraine. (2024d). Macroeconomics. State Statistics Service of Ukraine. Retrieved January
10, 2025, from https://stat.gov.ua/en/topics/macroeconomics

[31] Statistical Service of Ukraine. (2024e). Short-term construction industry indicators. State Statistics Service of
Ukraine. https:/stat.gov.ua/en/explorer?urn=SSSU%3ADF_ECONOM_INDC_SHORT-TERM_CONSTRUCTION_STAT
%2811.0.0%29&filter=INDX_CONSTRUCTION_PRODUCTS.%2A.%2A.%2A.%2A.%2A

[32] Trinh, M.T., & Feng, Y. (2022). A maturity model for resilient safety culture development in construction compa-
nies. Buildings, 12, 733. https://doi.org/10.3390/buildings12060733.

[33] Windapo, A., Adediran, A., Rotimi, J. O.B., & Umeokafor, N. (2021). Construction project performance: The role of
client knowledge and procurement systems. Journal of Engineering, Design and Technology, 20, 1349-1366. https://doi.
org/10.1108/JEDT-06-2020-0219.

[34] Xu, dJ., Cheung, C., Manu, P., & Ejohwomu, O. (2021). Safety leading indicators in construction: A systematic re-
view. Safety Science, 139, 105250. https://doi.org/10.1016/j.ss¢i.2021.105250.

Received: 02/08/2024
Accepted: 06/11/2024
Published: 17.12.2024



/38 //  1SSN:3041-1440 (print); ISSN: 3041-1459 (online) // Smart Economy, Entrepreneurship and Security // Vol. 2, Ne 2, 2024

IIpoxonenko Osbra

Jloxmop exornomivHuxX HAYK, npogecop

Cymcevruii depocasruii nedazoziunuli yHisepcumem imeni A. C. Maxapenka
Yrpaina

Ecmoncvruii yuisepcumem npukiadHux Hayk nionpuemMHuymaa

Ecmonisn

Xoce Mauanmo
Yuisepcumem Minvro, Ilopmyzanisn

Texniunuti ynisepcumem Knyoc-Hanoxa, Pymynia

https://doi.org/10.60022/sis.2.(02).3

IHCTPYMEHTU EOERTUBHOI'O
YIIPABJ/IITHHA ®PIHAHCOBUM ITIOTEHIIIAJIOM
Y BYAIBEJIBHIN I'AJIY 31

Anomauis. Bydisenvrna 2a1y3v, AKA MAE BUPLLULAIbHE SHAUEHHA Ol eKOHOMIYHO20 3POCMAHHA 6Y0b-aK0L
Kpainu, nompebye epekmusH020 PiHAHCO8020 YRPABIIHHA, W00 MAMU 3M02Y PO36USAMUCA MA BUICUBAMU
y Kpusosux cumyauisax. ¥ yvomy docnidsrcenHi po3znadaomuvcs QIHARCO8L NOKAHUKU 8eiuKUX 0y0iseibHUX
romnarit 6 Yrpaini 3 2019 no 2023 poxu, 3ocepedarcyrouucy Ha 080X Ka0408UX PIHAHCOBUX NOKASHUKAX: MeMNL
spocmanks 00x0dy ma mapici hpubymry, Akl npulimaoms gopmy permabdenvrocmi npodaxcisé abo penmabeib-
Hocmi iHeecmuyiii. Ife docnidocenna € AKMYAIbHUM Yepes 3pOCmaioyy cKaAadHicms 6y0isenbH020 ceKmopy 3i
3MIHOI0 6APMOCMI MAMEPIAL8, HOPMAMUSHUMU 3MIHAMU MA@ 3MIHOI PUHKOBUX YMO8. 3 02140y HaA Ul BUKIUKL,
6ydisenvbHi KOMNAHIL NOBUHHI NPUTIHAMU 810N06I0HI PIHAHCO8L cmpamezii, AKL NOKPAu,amy iXHIO KOHKYPEeHMHY
nepesazy, @ maKoxc CmLUKiCmb.

Memoio yvozo docnidscerHA € OUIHKA PIHAHC08020 NOMEHUIALY YKPATHCbKUX OY0i8eIbHUX KOMNAHIL yepes
NPOZHO3 3POCMAHHA BUDYUKL Ma nPubymKo8ocmi, a nomiM 6USHAYEHHA PAKMOPI8, AKL CRPUSIOMb 3PDOCMAHHIO
yux komnawit. Jlocnidoncenns 8UKOPUCMOBYE KLNbKICHL Memodu, CRUPQIOYLUCh HA (DIHAHCO8Y 38IMHICMb NPosio-
Hux Komnariii zany3i 3a nepiod 2019-2023 pp. Busuaruu mendenuyii sapocmanns 00xody ma HOpMU RPUOYMEKY,
docnidwceHHA HAMA2AEMBCA POSKPUMU KJIIOY08L PIHAHCO8L cmpamezil, AKi ni0mpumyoms ycnix y 6ydisesibHomy
cexmopi.

Pesynvmamu docnidoceHHA NOKA3YIOMb, U0 NPOMAZOM OCIMAHHb020 N’AMUPIYH020 nepiody matixce 8ci do-
CNI0HCYBAHT KOMNAHIL MU NOCMITiHe 3pocmanHa 00x00i8 | nidsuuierta Hopmu npubymky. Hatibinvuwe nonin-
WeHHA QIHAHCO8UX NOKA3HUKIE NOKA3AU MAKL KOMNAHIL, AK «Asmomazicmpany-Iliedenv» | «<Aemocmpada»,
modi ax maxki komnarii, ax «Kocyn» i «Mononim Bydcepsic», npodemMoHCmMpPy8ail 3HAUHO MEHULe 3POCMAHHA.
Hessaorcarouu Ha me, wo ixHi NOKA3HUKU 3HAYHO 8I10PIZHANUCA, OLAbWICMb KOMNAHIU 3M021U NIOSUWUMU C8OL
npubymKu i maxum 4urom Hadanu 00Kasu Hadilinoz0 YNPABIIHHA 6UMPAMAMU MA ONEPAULiHOL egheKmusHoCmi.

Peromerndauii, nodari y yvbomy 0ocnidxrcenHi, npononyoms 6y0isebHUM KOMNAHLAM NPAKMUYHY UIHHICMb
w000 Mo2o, AK nNOKpawumu ceoi cmpamezii ynpasiinns inarncamu. Hapewumi, ye donosrnroe 3Harnua npo @i-
HaHCO8ULL MeHedxcMmenm Y Oy0i8eib il 2a1Y3l 302A710M | 8 eKOHOMIKAX, UWL0 PO3BUBAIOMbCA, 30KPeMa, 8 YKPaiHi.
1]i sucrosku npusHaueri 0ns mozo, w00 NOIHGOPMYBAMU 3AUIKABTIEHUX CMOPIH 2aJY3l, MAKUX AK NOJIMUKLU,
@inarcosi meredwcepu ma 8IACHUKU OL3HeCY, nPo me, AK ONMUMAJbHO Po3podumu PiHaHCo8l cmpamezii ma
36invwumu npubymru 6yoieeibH020 CeKmopy.

Knrouoei ciosa: 6ydisenvra 2anysv, QIHAHCOBUL MeHedHcMeHRM, 3POCMAHKA 00x0018, Mapica NPubymkxy,
YEPAIHCHKL 6Y0i8eibHl KOMNAHIL, PIHAHCOBI NOKAZHUKL, cmpamezii CmaJji0zo Po3euUmky.
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USE OF THE APPLE SEARCH ADS
IN A MOBILE APP PROMOTION
SMART-ECONOMY FRAMEWORK:
IMPLEMENTATION STUDY

Abstract. In the context of digitalization and the rapid growth of mobile app markets, selecting the right dig-
ital tools is essential for effective brand management and app promotion. As the global economy increasingly em-
braces digital platforms, businesses turn to app stores like Google Play and Apple App Store to connect with their
target audience. Apple’s strong presence in the premium mobile market presents a valuable opportunity for app
developers, though challenges remain in optimizing app store advertising to achieve cost-effective conversions.

Effective app promotion now relies on data-driven strategies that align with user behavior and preferences. Apple
Search Ads, an advanced tool within the App Store ecosystem, helps advertisers target users more precisely, fostering
a smarter approach to marketing. This study evaluates the effectiveness of Apple Search Ads in promoting mobile
applications, focusing on its business model, keyword bidding strategies, and campaign optimization techniques.

By examining performance metrics, the study aims to provide app developers with actionable insights on how
to leverage Apple Search Ads to maximize downloads and conversions. This aligns with the principles of the
smart-economy, emphasizing efficient resource use, data-driven decision-making, and maximizing the return on
digital advertising investments.

Keywords: Apple Search Ads, mobile app promotion, smart-economy, keyword bidding, digital marketing

1. Introduction

The subject of the study is the implementation of
Apple Search Ads within the broader framework of
management for mobile app promotion. Apple Search
Ads is a tool that can be an important part of the
smart economy due to its ability to target ads to spe-
cific audiences with maximum efficiency. This allows
you to optimize advertising budgets and use data to
intelligently manage resources. In a smart economy
that focuses on using data and technology to improve
productivity, the use of tools like Apple Search Ads

contributes to the efficiency of business processes
and the market as a whole. Collecting and analyzing
user data helps to better understand consumer needs,
which improves the quality of services and products.

This research explores the effectiveness of app store
advertising through Apple’s solutions, comparing Ap-
ple Search Ads Basic and Advanced versions for driv-
ing app installations and improving app visibility. The
study aims to analyze the app promotion strategies on
the Apple App Store and evaluate the results for a paid
mobile application.

Copyright © The Author(s). This is an open access article distributed under the terms of the
Creative Commons Attribution License 4.0 (https://creativecommons.org /licenses /by /4.0/)
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The purpose of the study is to examine the efficiency
of Apple Search Ads in promoting a commercial mobile
application by comparing the performance of Basic and
Advanced campaign options with market average values.
Specifically, the study seeks to evaluate the effective-
ness of advertisement structuring strategies, conversion
rates, and the return on investment (ROI) of different
campaign approaches, aiming to provide practical in-
sights for optimizing mobile app promotion strategies.

Various academic studies have explored the role
of digital tools and app promotion strategies. In the
context of mobile app promotion, works by Lewis and
Nguyen [1] examine the competitive effects of display
advertising, showcasing the conversion spillovers
across digital platforms. Bellman et al. [2] examine
how branded mobile apps positively affect user atti-
tudes towards a brand and their purchase intentions,
particularly highlighting the success of informational
apps over game-like apps. Zhao & Balagué [3] provide
systematic guidelines for designing branded mobile
apps, categorizing them by five types and business
objectives to enhance marketing through mobile appli-
cations. Additionally, Morhart, Malar, and Guévremont
[4] stress the role of brand authenticity and consumer
trust in driving app downloads, particularly in compet-
itive categories where user loyalty is crucial. Karagk-
iozidou et al. [5] provide a comprehensive analysis of
app store optimization factors for mobile app promo-
tion. Strzelecki [6] proposes a comprehensive frame-
work for app store optimization, while Picoto, Duarte,
and Pinto [7] explored top-ranking factors for mobile
apps through a multimethod approach. At the same
time, currently there are not enough available studies
on app store ads and Apple Search Ads in particular.
Given the lack of a systematic study of app store search
ads strategies, the subject requires further research.

In general, the research shows that the conversion
rate for Apple Search Ads was significantly lower than
expected, with only several installs recorded during
the period of the campaign. Comparing to Apple
Search Ads Basic, Apple Search Ad Advanced cam-
paigns yielded some positive results, with moderate
impressions and taps. However, overall results high-
lighted the need for further optimization, especially
in keyword selection and budget allocation. The case
study of the “WordFace!” app demonstrated that both
precise keywords targeting, and correct app’s distri-
bution model are essential for better ad performance.

2. Materials and Methods

The research applies both qualitative and quanti-
tative methods to analyze campaign data. The study
uses a comparative analysis of advertisement struc-
turing strategies and econometric models to assess
the cost-effectiveness and conversion rates of search
ads. Additionally, performance metrics such as tap-
through rate (TTR), cost-per-tap (CPT), and conver-
sion rate (CR) were examined using a combination of
linear regression analysis and comparative industry
benchmarking.

3. Results and Discussion

Choosing app promotion platform. Mobile app pro-
motion could include both general digital advertising
tools, such as Google and Facebook PPC platforms,
as well as app stores specific tools. The first one of
these tools is App Store Optimization (ASO), which
is the process of improving app visibility within app
stores and increasing app conversion rates. Accord-
ing to Apple, search is the primary way people dis-
cover apps on the App Store, with 70% of App Store
visitors using search to discover apps [8]. Therefore,
ASO is one of the best ways to grow traffic to an app
for free. But with 2.2 million apps in the Google Play
Store and roughly 2 million in the Apple App Store
[9], such optimization will not be a defining method.
ASO works in much the same way as search engine
optimization (SEO). Like Google and Bing, both Goo-
gle Play Store and Apple App Store have their own
algorithms to decide which app should be ranking
the highest. Those algorithms take into consideration
many factors including app title, subtitle, keywords,
description, downloads, uninstalls and reviews, so any
optimization a brand does on its app store presentation
will result in higher credibility, more downloads, and
thus more revenue.

App store search ads is what implemented next
after ASO in a mobile app promotion algorithm [10].
In this study we will focus on Apple mobile platform
and its provided solutions. One of the primary reasons
for choosing Apple App Store over Google Play is the
significant difference in the demographic profile of
users, particularly in terms of income levels. Several
studies [11; 12] have shown that Apple users, on aver-
age, tend to have higher disposable incomes compared
to Android users. According to the report by Consumer
Intelligence Research Partners, iPhone users in the
United States, for example, are more likely to have
higher household incomes than Android users. This
income disparity translates into a greater willingness
to spend on in-app purchases, premium app subscrip-
tions, and one-time purchases, directly influencing app
profitability. In contrary, Android operating system
supports sideloading, which offers numerous ways to
avoid paying for apps, whereas on Apple mobile plat-
form a user is locked to app publisher demands and
Apple policies. Taking these considerations into ac-
count, for a commercially distributed app it would be
more relevant to study app store search ads on the ex-
ample of Apple App Store and an app published there.

Apple App Store and Apple Search Ads digital solu-
tions. Although Apple is new to digital advertisement
market, its U.S. ad revenues have steadily increased
from $3.05 billion in 2021 to a projected $7.32 bil-
lion by 2025. Growth peaked at 41.6% in 2022, with
forecasts of 21% in 2024 [13]. Eventually company’s
ads success leaded to Apple testing an Al-powered ad
buying tool for the App Store that would automatically
determine where to place ads [14]. Today there are two
Apple advertising systems, each designed for different
categories of advertisers. The “Advanced” version is
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similar to other PPC platforms, while the “Basic” is
presumably designed for app publishers who have not
managed digital advertising before. We can conclude
that currently “Al-powered tool” is likely integrated in
Apple Search Ads Basic system.

The two Apple Search Ads solutions are designed
for varying levels of expertise, resources, budget, and
experience with app marketing. Summarized, compar-
ison is given in the table 1.

Apple Search Ads lets brands promote their apps on
the App Store, the place that over 650 million people
per week go to discover and download apps [16]. App
Store advertising inventory includes:

* The Today tab, where users start their journey on
the App Store.

* The Search tab, where users begin their search.

* Search results, where users search for something
specific to download.

* Product pages, where users browse apps (“You Might
Also Like” block).

With an ad on the Search tab, a brand can capture
people’s interest right when they begin their search.
The ad will appear prominently at the top of the sug-
gested apps list. It should be noted that only one ad at
time can appear at the top of App Store search results.
According to Apple, Apple Search Ads offer 40% lower
cost-per-install compared to other similar advertising
platforms [17].

Apple Search Ads digital performance indicators.
Most downloads on the App Store start with a search.
In fact, 65% happen directly after a user searches for
an app. With an ad at the top of relevant search re-
sults, a brand can reach users when they search for
something specific. Apple algorithms will match an
app with people based on a direct signal of their in-
tent — their search query. By intelligently matching

the search term with the app being promoted, Apple
Search Ads reportedly delivers an average conversion
rate (a percent of people who tap a search results ad
and then download the app), which is of over 60% [18].
Although it seems to be extremely high number in
comparison to other PPC platforms, it should be noted
that search ads per se increase conversion probability
by 65.26% [19].

According to SplitMetrics agency (Apple Search
Ads Partner), the average conversion rate in 2023 was
65.37%, comparing to 64.96% observed in the second
half of 2022 [20]. It is important to understand user
behavioral patterns and intent for an app category, as
this affects conversion rate. For instance, Finance is the
top category in cost per tap (CPT) and cost per acquisi-
tion (CPA), but only 14th for conversion rate and out-
side the top 15 for tap-through rate (TTR). High user
acquisition costs result from tough competition and
reflect each category’s unique customer journey. While
users may quickly install a “try for free” game (leading
to high conversion rates for this category), it is reason-
able to assume that publishers must put more effort
to gain the trust of people landing on a product page
with a Finance app. All these differences in customer
journeys and category specifics show how important are
App Store optimization strategy and brand promotion.

Apple Search Ads mechanism and strategies. Sim-
ilar to how Google PPC ads work, with Apple Search
Ads, a brand makes bid on keywords to trigger and
include its ad within relevant App Store search re-
sults — so when an App Store customer types in
a search query that uses one of the keywords, an ad
could appear. Apple recommends bidding on both gen-
eral and specific keywords, which should increase ads
coverage and help an ad to appear for more App Store
searches. Similar to other PPC platforms, Apple offers

Table 1

Comparison of Apple search ads platforms

Apple Search Ads Basic

Apple Search Ads Advanced

Advantages

* Good as entry point for managing app promotion

* Strategic campaign decisions made by Apple

® Add monthly budget and capped cost per install

¢ Algorithm is intended to source the most efficient ROAS
¢ Paying only for installs

* Automated display

¢ Continuous optimization from the algorithm

e Total control over campaign strategy

¢ Audience targeting

¢ Keyword customization and monitoring

¢ Audience customization and monitoring

* Setting up ad groups with different product pages
¢ Unlimited allowed budget

® Unlimited allowed app promotions

¢ Full access to attribution API

Disadvantages

¢ Little to no control over strategic decisions

¢ No customization for keywords

* No customization for audiences

* No transparency over optimization

¢ Automation may attract ill-fitting audience

* Automation may attract low-quality users

* Limitations on the number of apps to promote
¢ Limited access to attribution API

* Budget limit at 10000 USD per app, per month

® More complex than Apple Search Ads Basic

® May use more time and resources than Apple Search Ads
Basic

* Needs a strategic and competitive approach to succeed

Source: created by authors based on [15]
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exact match keywords, broad match keywords, and

negative keywords.

The unique feature of Apple Search Ads is “Search
Match” feature that could be enabled during ad cam-
paign creation. Unlike the match types that is applied
to keywords, the “Search Match” feature can be turned
on or off anytime in the ad group settings. Apple rec-
ommends turning on “Search Match” in search results
campaigns and ad groups that are dedicated to key-
word discovery (a brand needs to run at least one such
campaign). With “Search Match”, ads could match to
searches based on:

* Metadata from App Store app’s product page (as
well as keywords added by app publisher in App
Store Connect).

¢ Information about similar apps in the category.

® Other search data that may be relevant for brand’s
app.

This is especially useful in markets where a brand
manager doesn’t know the local language, thus not
knowing which keywords are used by locals to search
certain apps. Also, just like Google Ads, Apple Search
Ads system offers ideas for additional relevant keywords
from the Keyword Suggestion Tool. It shows related
terms and their popularity based on App Store searches.

Conducting a cost-effective app promotion with
Apple Search Ads requires separating search results
campaigns by keyword themes. The first step in struc-
turing search results campaigns is to divide brand’s
keywords into four separate campaigns. Each should
focus on a different keyword theme, which can be in-
cluded in the campaign name. Structuring ads account
by keyword themes helps to measure results and mon-
itor performance, optimize a campaign, and set up to
scale for long-term growth. Apple recommends 4 types
of search results campaigns:

* Brand Campaign (exact match keywords). Focuses
on keywords that relate to app’s specific brand.

¢ Category Campaign (exact match keywords). Focuses
on nonbrand keywords that describe an app’s category
and what an app does.

* Competitor Campaign (exact match keywords). Fo-
cuses on competitor keywords, where an app is in
the same or a related category.

* Discovery Campaign (broad match keywords). Fo-
cuses on reaching a wider audience and “mining”
for popular search terms to add as keywords using
broad match and “Search Match” to automatically
match an ad to relevant search terms.

Some brand managers might be tempted to import
their campaign data into Apple Search Ads account.
This is not recommended, as industry experts sug-
gest there would be poor results from following that
approach [21].

Once a brand identifies search terms that perform
well in their discovery campaign, these can be added
to the brand, category, and competitor campaigns as
new exact match keywords. Then it is needed to repeat
the process of adding these keywords as exact match
negative keywords in discovery campaign (to prevent

discovery campaign from matching ads to the exact

keywords that company is already bidding on).

Apple Search Ads Advanced uses a cost-per-tap
(CPT) pricing model, so an advertiser pays only when
a user taps an ad [22]. The actual amount paid is
a result of a second price auction. Apple recommends
applying aggressive bid amounts on exact match
keywords, as they are core performance drivers and
the most relevant to overall campaign. More invest-
ment provides with more control over when brand’s
ad appears. As a general rule, placing moderate bid
amounts on broad match and “Search Match” cam-
paigns is more efficient. These keywords drive discov-
ery but may not drive high efficiency like exact match.
For optimal performance, most of the traffic should
come from exact match.

Apple Search ads also offer bids recommendations
(as well as for keywords and daily budget). Applying
these bids can increase the likelihood of an ad show-
ing. Actual outcomes, including changes in spend and
average CPA, may vary. However, Apple also notices
that its recommendations are suggestions and not di-
rectives for how much you should bid. An advertiser
can also set the default max CPT bid, which will apply
across all keywords in the ad group unless a specific
keyword bid is applied. A suggested max CPT bid is
provided, based on what Apple knows about an app
and what advertisers with similar apps are willing to
pay. There are 3 metrics that could help manager to
determine which bids to set:
¢ Impression share, which is a share of impressions an

ad received from the total impressions served on the
same search terms or keywords, in the same coun-
tries and regions. Impression share is displayed as a
percentage range, such as 010%, 1120%, and so on.

* Rank, which is how an app ranks in terms of im-
pression share compared to other apps in the same
countries and regions. Rank is displayed as numbers
from 1 to 5 or >5, with 1 being the highest rank.

* Search popularity, which is popularity of a search
term, based on App Store searches. Search popu-
larity is displayed as numbers from 1 to 5, with 5
being the most popular. Search popularity can help
identify which keywords may present the greatest
opportunities to drive campaign performance.

Unlike on some other PPC platforms, with Apple
Search Ads one can also add optional cost-per-acqui-
sition (CPA) cap. This setting will specify the amount
a brand is willing to spend for a conversion, for exam-
ple, no more than app’s price. Setting a CPA cap is
completely optional and limits impressions and con-
versions. It should be noted that Apple recommends
launching ads campaigns without a CPA cap, giving
a campaign some time to run so that a manager could
learn from results.

Ads are automatically created using the metada-
ta that a brand provides in App Store Connect, the
tool used to upload, submit, and manage apps on the
App Store. All ads have an ad disclosure icon and fea-
ture brand’s app name, app icon, and subtitle. Search
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results ads can also feature screenshots and app pre-

views from a custom product page that a publisher

creates in App Store Connect. Here are authors’ rec-
ommendations that are part of ASO methods to make
app’s product page more efficient:

* An app icon is one of the first elements of an app
that users see, so it is essential to make a strong
first impression that communicates an app’s quality
and purpose.

* A compelling subtitle can encourage taps and down-
loads. A concise phrase that resonates with brand’s
audience should be used to highlight app’s most val-
uable features or uses.
The keywords in App Store Connect help an app
to be more discoverable in organic searches. These
keywords are also used as a signal for “Search Match”
feature and for determining relevancy for search re-
sults ads. Therefore, these keywords must be relevant
or unique to an app.
Screenshots captured from an app can visually com-
municate app’s user experience. Currently, a pub-
lisher can upload up to 10 screenshots to a product
page. Highlighting app’s main benefits or features in
the screenshots is required, while also keeping any
text overlays simple and easy to read.

* Adding an app preview, which are short videos that
show the features and functionality of an app. They
can be up to 30 seconds long and use footage captured
from the app itself. At the moment a publisher can
add up to 3 app previews to the product page. Audio
in videos is muted, so videos should be compelling
to drive audience engagement.

A brand can create up to 35 custom product pages
in App Store Connect to showcase specific app features
or content. Each custom product page can include
screenshots and app previews that are different from
those on app’s default App Store product page. Each
custom product page includes a unique URL that can
be used across marketing communications.

On Apple Search Ads, campaigns are separated by
ad placement, meaning a brand can only select one ad
placement for the campaign. With all ad placements,
a maximum CPT bid can be set during campaign cre-
ation, while only for search results campaigns key-
words and negative keywords can be chosen. A brand
can create campaigns that focus on a single country or
region, or that include multiple markets; in this case
localized product pages are recommended for search
ads, while for Today tab ads localization is mandatory.
Whereas for Today tab ads and Product Pages ads
a brand cannot choose keywords, an app category could
be chosen for Product Pages.

Apple Privacy considerations and ethical issues.
The thing that should be considered by managers is
privacy policy and its restrictions on Apple Search Ads
platform. The “Personalized Ads” setting on Apple iOS
and iPadOS devices gives customers choice to control
how their information is used for Apple-delivered ad-
vertising. Starting with iOS 15, Apple presents an
active prompt to users when they first open App Store.

A growing number of users are choosing to turn off
the Personalized Ads setting, limiting the use of their
information for advertising delivered by Apple. In fact,
78% of App Store search volume comes from devices
with Personalized Ads turned off[22].

This aspect leads to the reduced significance of “Au-
dience” settings in ads campaigns. While it allows to
choose either “reaching all eligible users” (automatically
matching an ad to all eligible users to reach the broad-
est audience) or “choosing specific audiences”, the latter
setting will affect only 22% of App Store users. “Specific
audiences” settings in App Store Search Ads include:
* Devices (smartphone, tablet, etc.)

* Customer types (new users, users of publisher’s other
apps, returning users)

* Demographics: age, gender, location (location re-
finements is only available for some countries and
regions)

* Ad scheduling

Apple App Store platform strategies specifics. Like
all other digital PPC platforms, Apple Search ads al-
low to reach customers in more countries and regions,
while also making the most of seasonal opportunities.
What is unique for Apple Search Ads is engaging with
previous customers who deleted an app at some point.
For some apps leveraging the value of redownloads
could be crucial. People download and delete apps for
a variety of reasons, and many of them end up re-
downloading the same apps. In fact, 92% of surveyed
i0S users said they’ve redownloaded apps. And 33%
of returning users said they redownloaded apps spe-
cifically to make a purchase [23].

Ads on the App Store can be critical in remind-
ing users to redownload apps. Making redownloads
a part of brand’s Apple Search Ads strategy can help
to renew interest in an app, maximize potential for
redownloads, and unlock more revenue. One method is
to create a custom product page devoted to redownload
strategy in App Store Connect. This page can be used
as the basis for redownload ad, promoting new features
to both new and previous customers. “New Downloads”
and “Redownloads” metrics in Apple Search Ads dash-
board help to monitor such campaigns.

Practical application of app promotion strategies for
a commercial app on Apple App Store. Here and below,
we will consider the algorithm of managing app distri-
bution and promotion on the example of “WordFace!”
app (fig. 1). This application is a commercial utility for
iPhone in the “Education” category. At a cost of 3.99
USD, the app is intended for learning foreign languag-
es and is available in most App Store countries (except
PRC and Brazil). The application UI and its App Store
product pages are translated into 3 languages.

First, an app promotion campaign on Apple Search
Ads Basic was started. Apple Search Ads Basic system
did not yield any results in case of “WordFace!” app:
during the reported month, with monthly budget set
to 1000 USD and Maximum Cost-Per-Install (CPI)
set to 4 USD, not a single download of the app was
achieved in 68 countries (fig. 2). At the same time, the
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Figure 1. Screenshots from mobile app product page that were used in all ad groups
Source: IPhone Screenschots

system does not offer possibilities of further setting
and correction.

Next step was launching digital campaigns for
“WordFace!” app in Apple Search Ads Advanced. It is
important to clarify that this study considers mainly
Search ads, since these have more possible applica-
tions and are available for more app publishers. Today
Tab ad placement, for instance, albeit formally does
not have a limitation for smaller app publishers, seems
to be currently unavailable for all advertisers. Even
though “WordFace!” app complies to current Apple ads
policies, still a message “The app you chose is not eligi-
ble due to current content policies and restrictions” is

shown in Apple Search Ads dashboard. Apple Support,
unfortunately, were unable to provide further details.

Following Apple’s recommendations, 3 Discov-
ery campaigns with activated “Search Match” were
launched first, to the markets of Ukraine, russian-
speaking countries (e.g., Kazakhstan) and wealthy
English-speaking countries (UK, USA, Australia, Ger-
many, France, etc.). The test budget amounted to 130$.
In total 11546 impressions, 155 taps, and only 2 in-
stalls were received over a period of 5 days, so the TTR
was at 1.34% with 0.85$ CPT, and the conversion rate
was 1.29%. In terms of keyword research, campaigns
for several markets did not yield the expected results:

g WordFace!
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Installs Avg Cost-Per-Install (CPI)

000%

spend

Status Maximum Cost-Per-Install (CPI)

@® Running 4,00 $
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Figure 2. Apple Search Ads Basic results after a month of automatic campaign running
Source: WordFace
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in the conducted campaigns most of the proposed
search terms were labeled as “Low volume terms” (fig.
3), which means a large number of different keywords
with less than 10 impressions that cannot be combined
into one recommendation. The campaign for one App
Store country, Ukraine, was a bit more illustrative:
the system recommended to use “English language”
keyword, although the number of impressions for this
search term in given campaign was rather small.

A week later Competitors and Category campaigns
were launched with keywords focused on covering que-
ries on competitors’ apps and similar apps, respectively.
Both of these campaigns were launched for one App
Store country, Ukraine (to maintain a focus considering
low test budget). Apps that allow to create learning cards
were identified as “WordFace!” app direct competitors.

In Competitors campaign the following keywords
were used: quizlet, anki, flashcards, word of the day,
and others. For the queries that are defined by the
system as popular, higher bids for CPT were set. In
total 50$ was spent on this campaign during a 3-day
period, which resulted in 2054 impressions, 49 taps,
and 0 installs. The TTR was 2.39% with 1.04$ CPT,
which is higher than in Discovery campaigns.

The Category campaign was even less successful
with keywords like apple watch, watch face, learning
language, spaced repetition, etc. In total for the same
period 15$ were spent, 298 impressions, 8 taps, 0 in-
stalls received. CPT was $1.25 with a TTR of 2.68%,
which is about the same as in Competitors campaign.

A Product pages campaign with app pages place-
ments was run in parallel. In this campaign keywords
cannot be configured, so ads were set to be shown for
similar app categories. During a 3-day period 28% was
spent, 2944 impressions, 32 taps, 0 installs were re-
ceived. TTR was a paltry 1.09%, with 0.85$ CPT.

To analyze the results, let’s turn to the industry
statistics. According to SplitMetrics [20], these are

the average Apple Search Ads costs in 2023, for apps

in “Education” category:

* 1.62$ cost per tap (CPT);

* 8.05% tap-through rate (TTR);

® 59.23% conversion rate (tapping the “GET” button
after visiting a product page);

* 1.29% cost per acquisition (CPA).

From the average market ads values, it follows that
although the average price of 0.91$ CPT in the test
campaigns for “WordFace!” app was lower than the av-
erage in App Store Search Ads, ads were opened about
5 times less often (1.45 TTR), while the overall con-
version rate was only 0.82%, which is 72 times lower.

Building Linear Probability model. There are very
few conversions in our dataset, which makes it chal-
lenging for the logistic regression model to compute
meaningful results. Linear probability model (LPM) is
a simple linear regression applied to binary outcomes.
While it is not as robust as logistic regression, it can
still provide useful insights when logistic regression
fails. Here is the output of the linear regression model
based on the dataset (fig. 4):

— R-squared: 0.613, which means that 61.3% of the
variation in the conversion (installations) probabil-
ity is explained by the number of taps and cost-per-
tap (CPT). While this is a reasonable explanatory
power, the small sample size limits the generaliz-
ability.

— Taps coefficient: 0.0083. This suggests that for each
additional tap, the probability of conversion (in-
stallations) increases by about 0.83%, though this
result is not statistically significant (p = 0.142).

— CPT coefficient: 0.1247. This indicates that an in-
crease in the CPT slightly increases the probability
of conversion, but this is not significant (p = 0.934).

— Intercept (constant): —0.1832. This represents the
baseline probability of conversion when taps and
CPT are zero.

Search Term

Match Source

Keyword

Default Max CPT Bid

(Low volume terms) Keyword BYUTK cnoBa 0,70 $
(Low volume terms) Keyword undepbnathbl ap... 250 $
(Low volume terms) Search match 0,70 $
(Low volume terms) Keyword watch 0,70 $
(Low volume terms) Keyword aHrniiicbka MoBa 0,70 $
(Low volume terms) Keyword KapTouyku Ans 3a... 0,70 $
N (Low volume terms) Keyword BUBYEHHSA KapTKu 0,70 $
aHrniicbka MoBa Keyword BYUTM CNoBa 0,70 $

Spend Avg CPA (Total) Avg CPT Impressions
12,318 0,00 $ 0,56 $ 595
12,57 $ 12,57 $ 097 $ 401
0,00 $ 0,00 $ 0,00 $ 134

214°$ 0,00 $ 0,53 $ 66

1,99 $ 0,00 $ 0,40 $ 66
0,36 $ 0,00 $ 0,36 $ 59
0,58 $ 0,00 $ 0,58 $ 53
0,00 $ 0,00 $ 0,00 $ 32

Figure 3. “Low volume terms” and keywords suggestion for single country App Store discovery campaign

in Apple Search Ads Advanced

Source: Apple Search Ads
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Although the R-squared value is moderately high,
neither the number of taps nor the cost-per-tap signifi-
cantly predicts conversions in this small dataset. The
results may not be robust due to the limited sample
size and should be interpreted with caution. Expand-
ing the dataset and using a more refined logistic re-
gression model when data allows would provide more
reliable results. This linear probability model gives an
idea of the relationship between taps, cost-per-tap, and
conversions, but further data collection and analysis
would improve accuracy.

Taking into account probability model, the drastic
difference between average market conversion rate and
that for “WordFace!” app from this study cannot be ex-
plained by quality of banner ads alone or by poorly de-
signed product page as part of ASO efforts. In this case,
the most probable reason is a wrong business model of
the app distribution: it seems that a higher conversion
rate for clicking “GET” button would be substantially
easier to achieve than for clicking “3.99 USD” payment
button. At the same time, an app may contain in-app
purchases and multiple subscriptions, while not working
without them at all (or provide a short-term free trial).

Apple incentivizes the use of subscriptions by app
publishers in every way possible, including offering a re-
duced commission on subscription revenue. For the first
year, Apple takes a 30% cut, but after a subscriber stays
for a year, Apple reduces its commission to 15% [24].
There are also other stimuli, such as App Store special
pages for apps with subscriptions and advanced ways to
integrate in-app purchases using Apple StoreKit API.
It comes as no surprise that Apple Search ads systems

might be also optimized for “free” to install apps with
in-app paywalls and free trials that are necessary to
perform any action in an app. In that case this research
demonstrates that choosing one of “freemium” models
[25] is necessary to proceed with Apple Search Ads strate-
gies. Hence, authors recommend considering app’s distri-
bution model on “choosing app promotion platform” stage.

4. Conclusions

The study of Apple Search Ads in promoting mobile
apps provided several insights into the effectiveness
of different campaign approaches, particularly when
comparing Apple Search Ads Basic with Advanced. The
analysis reveals significant performance differences
between the two, as well as challenges related to app
distribution models and keyword selection. These find-
ings highlight the need for further optimization and
strategic planning to fully capitalize on Apple’s adver-
tising solutions. The study conclusions are as follows:

1. Limited Effectiveness of Apple Search Ads Basic.
The study found that Apple Search Ads Basic failed to
deliver any conversions for a tested app. This suggests
that the automated nature of Apple Search Ads Basic
might not be effective for all app categories, particu-
larly for paid apps.

2. Challenges in Keyword Selection. One of the key
challenges identified was the difficulty in selecting
effective keywords. In several campaigns, search terms
were marked as “Low volume terms,” which significant-
ly limited possible strategies of improving visibility and
impressions. This reflects the importance of in-depth
keyword research to be conducted by brand managers.
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Figure 4. Linear Probability Model: Actual vs Predicted Conversions
Source: created by authors
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3. Cost-Efficiency Issues and App Distribution Mod-
el Impact. The study highlighted a stark difference be-
tween the average market conversion rates and those
of the tested app. This, in turn, emphasizes the impact
of the app’s distribution model on the effectiveness of
Apple Search Ads. The paid app model used by tested
app likely deterred users from converting, as compared

to freemium models, which seems to be more compati-
ble with the Apple Search Ads ecosystem.

These findings suggest that while Apple Search
Ads offer potential for brands, particularly with the
Advanced version, success is contingent on factors like
app pricing models, keyword strategies, and campaign
optimization.
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BUKOPUCTAHHSA PEKJIAMU APPLE
IIOIIIYKY B PAMKAX PO3YMHOI
EKOHOMIKH 111 IPOCYBAHHSA
MOBILJIBHUX JTOJATKIB:
IMIIJIEMEHTAIIIS

Anomauis. Y xonmexcmi yugposizayii ma weudxozo 3poCMaHHA PURKLE MOOLIbHUX dodamKis, suOLp
NPABUNILHUX LUPPOBUX THCMPYMEHMIE € 8AHCAUBUM O ePeKMUBH020 YNPABAIHHA OpeHdoM ma NPOCYBAHHA
dodamris. OCKINbKU C8IMOBA eKOHOMIKA 8ce OLnblie 0XONJII0E UUPPOsl haam@popmu, KOMNAHIL 36epmaiombea
0o mazazunie dodamxis, marxux ax Google Play ma Apple App Store, w06 36’a3amucsa 31 c60€10 Ulib08010 aylu-
mopier. Cunvra npucymuicms Apple Ha punKy npemiaibHux MoOLIbHUX NPUCMPOI8 HAOAE UIHHY MOXCIUBLCMb
0 po3pobHuKie A00amKis, X04ua 3aTUULAIOMbCA NPOOeMU 8 ONMUMIAULL PEKIAMU 8 MA2A3UHAX 000amKL8
0na docazHeHHA eKOHOMIYHO eeKMUBHUX KOHBePCLI.

Egexmuene npocysannsa dodamkrie menep cChupaemuscsa Ha cmpamezii, 3aCHO8AHL HA 0aHUX, AKL 810n08I-
daromu nosedinyi ma énodobarnam Kopucmysauis. Apple Search Ads, nepedosuii incmpymenm 8 eKocucmemi
App Store, donomazae pexnamodasyam mouriuie OPIEHMYBAMUCS HA KOPUCIYEAUL8, CRPUAIOUU POYMHIULOMY
nidxody do maprkemuney. Ile docnidacennsa oyintoe epekmusricmsv Apple Search Ads y npocysarui mobinibHUX
dodamkis, 30cepedacyronucy Ha 1020 6i3Hec-mo0esl, cmpameziax NPUSHAYeHHA CMABOK 3 KJIIWOBUMU CLOBAMU
ma memodax onmumi3ayll KamMnariii.

Jocnidscenns mae na memi nadamu po3pobruKam 000amKie nPaKmuury IHQOPMauio npo me, K 6UKO-
pucmosysamu Apple Search Ads dnsa makxcumizauyii sasarnmascerb ma korseepcili. Ile sidnosidae npunyunam
DO3YMHOL eKOHOMIKU, NIOKPECIIIoONU eheKmUBHe BUKOPUCMAHHA PecypCis, NPULHAMMA PLUEHb HO 0CHO8L OQHUX
ma MaKcuMi3ayiio penmabenibHocmi IHeecmuylii y uugposy pexiamy.

Kanarouoei cnioea: Apple Search Ads, npocysarnna mobinbrux 000amris, cmapm-eKoOHOMIKA, CMA8KU 3Q
KJLIOWOBUMU CTLOBAMU, UUDPOBUTI MapKemUH2.
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FROM FOOD WASTE TO FOOD SUPPLEMENTS:
SUSTAINABLE TRANSFORMATION FOR
ECONOMIC SECURITY

Abstract. In this study, we explore the potential for cooperation between hospitality and food supplement
manufacturers. The concept aligns with sustainable development principles, addressing both social and envi-
ronmental concerns. Specifically, it focuses on the collection and upcycling of food waste into food supplements.
The paper identifies alternative SWOT strategies to evaluate the feasibility of this idea in the entrepreneurial
sector. One key solution to food waste is food upcycling, a growing trend where unused food scraps are trans-
formed into new products. Emerging innovative methods, like advanced food drying technologies, offer effective
ways to combat food waste by converting scraps into nutritious products without excessive heat. The study high-
lights several critical aspects of food upcycling, including: economic efficiency through resource conservation,
reduced dependency on external food sources, and enhanced food security. The process also fosters technological
development, attracting investments and generating new job opportunities, which strengthens economic stabil-
ity. Furthermore, upcycling reduces waste and conserves natural resources, positively impacting environmental
and economic sustainability. By turning food waste into valuable supplements, this approach contributes to sus-
tainable development goals, such as combating hunger and improving access to nutritious food, thus promoting
both social and economic security at the national level.

Keywords: sustainable development, food waste, food supplements, food security, economic security

1. Introduction

Food waste is a major issue with widespread impli-
cations, negatively affecting society, the environment,
and the economy on a global scale. Among the 17 Sus-
tainable Development Goals (SDGs) outlined in the
UN 2030 Agenda, signed in 2015, SDG 12 — Respon-
sible Consumption and Production and its associated
targets have emerged as a significant challenge due
to the ongoing rise in global industrial food waste [1].

The SDGs provide a unique opportunity to trans-
form the concept of sustainability into actionable

plans, emphasizing the urgency needed to achieve
specific goals that will guide the world toward a more
sustainable and resilient future. The primary aim of
SDG 12 is to cut global food waste and food loss in half
by 2030. Reducing food waste also supports progress
toward other SDGs, including Climate Action (SDG
13), Zero Hunger (SDG 2), Sustainable Water Man-
agement (SDG 6), and Life on Land (SDG 15).
According to the “Food Waste Index Report” from
the United Nations Environment Programme [2],
a staggering 931 million tons of food waste were

Copyright © The Author(s). This is an open access article distributed under the terms of the
Creative Commons Attribution License 4.0 (https://creativecommons.org /licenses /by /4.0/)
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generated worldwide in 2021 across every stage of
the food supply chain: production, distribution, re-
tail, markets, and domestic consumption. This report
plays a critical role in advancing SDG 12, with new
estimates published annually.

Food waste was also a key topic during the side
events at the 26th UN Climate Change Conference
(COP26) in November 2021, held at the Scottish Event
Campus (SEC) in Glasgow.

The food industry is a major contributor to global
greenhouse gas emissions, responsible for approxi-
mately one-third of all emissions, according to the
United Nations [3]. Reducing food waste is key to help-
ing lower these emissions. In regions that rely on local
agriculture, food waste often occurs during production.
In wealthier areas with a global food supply network,
the problem tends to stem more from consumer waste
and inefficient food usage

The annual increase in food waste is one of the
most significant problems also in the hospitality in-
dustry. Every year, around 1.3 billion tonnes of food
waste is produced by hotels and restaurants around
the world. This is not only a waste of food itself, but
also a loss of other resources such as land, water, ener-
gy needed to produce all this food. Financial losses are
no exception. In the European Union, an impressive
20% of food produced — around 173 kg per person —is
thrown away, with the hospitality industry accounting
for 12% of food waste in Europe [4]. Given the existing
problem, the European Union has declared food waste
reduction as a key sustainable development goal in its
2030 agenda. This initiative calls for collective efforts
from governments, institutional organizations, busi-
nesses and households. By implementing a food waste
reduction strategy, both businesses and households
can save a lot of money. Not to mention the reduction of
their impact on the environment. The financial savings
from reducing food waste can be significant. In fact, by
solving the problem of food waste, both businesses and
individuals can contribute to creating a more sustain-
able food system, while receiving economic benefits.

One of the directions for solving the problem of food
waste is food upcycling — this is a new food trend, ac-
cording to which previously unused food residues are
processed into one or another type of completely new
product. Innovative methods, such as advanced food dry-
ing techniques, are emerging as effective solutions to
combat food waste. Companies are creating technologies
that transform food scraps into nutritious flavors and sup-
plements without the need for excessive heat. The focus of
food upcycling in this context is on the following aspects:

Economic efficiency of resources. The transition
from food waste to food supplements contributes to
the reduction of resource losses and savings. This is
important for ensuring sustainable economic devel-
opment, which is the basis of the country’s economic
security. Creating supplements from waste can help
increase production efficiency and reduce costs.

Ensuring food security. The use of food waste to
create supplements allows reducing dependence on

external food suppliers, reducing the risks associated
with global food crises, shortages and food price infla-
tion. This contributes to market stability and ensuring
access to nutrients.

Innovation and technological development. The de-
velopment of technologies for processing food waste
into supplements contributes to economic growth and
the development of new industries. This process in-
creases the competitiveness of the economy, attracting
investment and creating new jobs, which has a positive
impact on economic security.

Impact on environmental and economic sustainabil-
ity. Reducing waste by upcycling it into useful prod-
ucts conserves natural resources and reduces waste
disposal costs. This can help ensure environmental
sustainability, which in turn affects long-term eco-
nomic security.

Support for sustainable development and social re-
sponsibility. Using food waste to create supplements
also contributes to the achievement of sustainable
development goals, in particular in combating hunger
and improving access to nutritious foods for all. This
is directly linked to social and economic security at
the national level.

In this study, we propose the idea of cooperation and
interaction between hospitality enterprises — hotels
and hotel chains, restaurants, cafes, etc. — and food
supplements manufacturers. In fact, this is a reflec-
tion of the idea of sustainable development, focused on
social and environmental issues and aimed at collect-
ing food waste and its further upcycling to create food
supplements. This study identifies alternative SWOT
strategies [5] in order to determine the feasibility of
using such an idea in entrepreneurship. For example,
fruit and vegetable by-products can be used as nutra-
ceuticals due to the content of substances beneficial to
health [6]. The term “nutraceuticals,” which is a hybrid
of the words “nutrition” and “pharmaceutical,” refers to
nontoxic extract supplements with scientifically proven
health benefits for both treatment and prevention [7].
Probiotics, prebiotics, antioxidants, polyunsaturated
fatty acids, etc. are the most common food components
used as nutraceuticals [8]. In turn, a Chinese food
supplement manufacturer has patented an innovative
process for producing dietary supplements containing
lycopene from tomato by-products [9]. The company
has registered a patent for an extraction method that
offers the health benefits of the antioxidant through
a technology that removes pesticides and improves
the quality of lycopene. All this confirms that this new
approach to food upcycling, based on circular thinking,
can provide the right solutions to new technical, eco-
nomic, and environmental challenges.

The topic of efficiently utilizing food products and
reducing food waste in the hospitality industry re-
mains a significant area of research, as demonstrated
by numerous global studies [10-19]. A key focus has
traditionally been on the environmental benefits of
minimizing food waste in the restaurant sector [Ber-
etta & Hellweg, 2019]. Many researchers explore food
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waste in the context of sustainable development, par-
ticularly considering regional factors [20; 21]. Under-
standing the quantity, patterns, and causes of food
waste is essential for developing strategies to reduce
it [22]. From an economic side, McKinsey’s research
indicates that tackling food waste can reduce retail
and manufacturing costs by 3 to 10%, unlocking up to
US$80 billion in new market potential [23]. U.S. food
waste costs approximately $162 billion annually [24].
One proposed solution is selling suboptimal food that
would otherwise be wasted [25]. The global nature of
this issue is also reflected in studies focused on strat-
egies to combat food loss and waste [26]. On the other
hand, the issue of food additives is also addressed by
a number of scientific publications, the vast majority
of which focus more on the role of dietary supplements
and their impact on human health [27-29]. Diaz, Ca-
mara, and Fernandez-Ruiz note that food supplements
and functional foods are considered foods that contrib-
ute to optimal nutritional well-being, health status,
and quality of life by reducing the risk of disease and
promoting the proper functioning of human organs and
systems [30]. Other studies [31] focus on the sources,
models, and human studies that support the health
claims of these supplements, followed by sections de-
scribing side effects and potential causes for concern.

Overall, food waste in the hospitality sector is a sig-
nificant and complex issue that requires multifaceted
solutions. Existing research highlights the importance
of understanding the root causes of food waste and
implementing targeted strategies to combat it. How-
ever, the idea of food upcycling to address the issue of
recycling waste into food supplements is new and not
widely used in current scientific literature.

2. Materials and Methods
Justifying the need to define alternative SWOT
strategies as a tool for determining the feasibility of
food upcycling for the purpose of obtaining food supple-
ments, we should note the following. SWOT analysis as
an analysis of the weaknesses and strengths of a specific

project or business idea, its threats and opportunities
involve creating an appropriate matrix for analyzing the
life conditions of the idea and its potential.

The definition of alternative SWOT strategies as
a tool for determining the feasibility of food upcycling
for the purpose of obtaining food supplements was
carried out in the context of sustainable transforma-
tion. In order to obtain comparative results, a uni-
fied system of criteria for assessing the strengths and
weaknesses, opportunities and threats of a specific
idea was used. A scoring method based on assessments
was used to evaluate all of the specified criteria. The
assessment was carried out on a 5-point scale, where:

5 points — the maximum significant force of the
factor.

4 points — significant influence of the factor

3 points — noticeable influence of the factor

2 points — moderate influence of the factor

1 point — insignificant influence of the factor

The overall assessment of the influence of each
group of factors is determined by the sum of the points.
The corresponding SWOT map is given below.

In order to determine in which field of interaction
of the SWOT matrix influence factors the most opti-
mal strategies are located, which must be followed, it
is advisable to find out which combination of factors
has the greatest impact on the development process
of the object for which the SWOT analysis matrix is
being built. For this purpose, the assessment of the
strength of the interaction of factors is found as the
product of the sum of the scores of the corresponding
factors according to formulas (1) — (4) [32].

Xso :ZXSXZXO 1)

X,,— cumulative score assessment of the feasibility
of implementing a strategy combining strengths and
opportunities;

X — overall assessment of the strength of the
strengths, determined by the sum of the points;

X, — overall assessment of the strength of

the capabilities, determined by the sum of the points.

Table 1
SWOT map
Opportunities Point Threats Point
— Factor 1 — Factor 1
— Factor 2 — Factor 2
— Factor 3 — Factor 3
— Factor 4 — Factor 4
— Factor 5... — Factor 5...
Total points Total points
Strengths Point Weakness Point
— Factor 1 — Factor 1
— Factor 2 — Factor 2
— Factor 3 — Factor 3
— Factor 4 — Factor 4
— Factor 5... — Factor 5...
Total points Total points

Source: created by authors based on [5]
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Xor :ZXS XZXT 2)

X,,— cumulative score assessment of the feasibility

of implementing a strategy combining strengths and
threats;

X, — overall assessment of the strength of

threats, determined by the sum of the points.
Xyo = > Xy x> X, (3)

X, — cumulative score assessment of the feasibil-
ity of implementing the strategy of combining weak-
nesses and opportunities;

X, — overall assessment of the strength of

the weaknesses, determined by the sum of the points.
Xyp = > Xy x> X, 4)

X,,,— cumulative score assessment of the feasibil-
ity of implementing a strategy combining weaknesses
and threats.

As a result, we will have a generalizing SWOT ma-
trix for choosing the optimal strategy for the behavior
of the object of analysis in the market.

In the analysis matrix, the interaction of factors oc-
curs, resulting in the following areas: S&O — the area
of interaction of strengths and opportunities; W&O —
the area of interaction of weaknesses and opportuni-
ties; S&T — the area of interaction of strengths and
threats; W&T — the area of interaction of weaknesses
and threats. In accordance with the pair interactions
that are in these areas, a further economic business
model is built based on a map of alternative strategy
vectors. Accordingly, the strategy vector is determined
by the area of the rectangles that characterize the cor-
responding area of interaction of factors of strengths
and weaknesses, opportunities and threats. The choice
of the optimal strategy of behavior should be carried
out in accordance with the maximization of the area
of the rectangle of the interaction of factors [33].

S XSO=ZXS><ZXO—>maX

5&0 ~
Sweo = Xwo = 2 Xy x2 X, > max
Sger = Xgp = 2 X x2 X, —» max
Syer = Xyr = 2 Xy x2X X, — max

The optimal strategy will be to combine those fac-
tors, the product of the score estimates and, accord-
ingly, the area of the interaction rectangle, which is
maximum.

3. Results and Discussion

According to the Upcycled Food Association, upcy-
cling food is “the process of transforming by-products,
surplus food, and food waste into new, high-quality
products for human consumption”. In 2020, a group
of specialists from Harvard Law School, Drexel Uni-
versity, the World Wildlife Fund, Natural Resources
Defense Council, ReFED, and other organizations of-
ficially established the definition of ‘upcycled food’ for
applications in policy, research, and beyond: “Upcycled

foods use ingredients that otherwise would not have
gone to human consumption, are procured and pro-
duced using verifiable supply chains, and have a pos-
itive impact on the environment” [34].

Food waste can be classified into consumer waste,
production waste and post-consumer waste [35]. Pro-
duction or industrial food waste is usually organic
residues defined as unavoidable food waste generated
during sorting and cleaning processes, and is mainly
represented by plant-based waste such as fruit and
vegetable peels or pomace; grains and cereal bran;
and animal waste that has no economic value for the
producing company, therefore, it is intended to be pro-
cessed according to the linear model [36]. Except for
this waste, if it is intended for reuse by the same com-
pany or other organizations, it cannot be considered as
waste, but becomes a by-product with a market value.

As world community work toward a more sustain-
able future, upcycling presents an effective and mean-
ingful solution to cut waste, reduce CO? emissions, and
minimize land use.

Reducing waste: by repurposing food by-products,
it can significantly reduce the amount of waste that
ends up in landfills, which helps lower methane emis-
sions. The Food and Agriculture Organization states
that food waste is responsible for approximately 8% of
global greenhouse gas emissions [37].

Lowering CO? emissions: upcycling typically uses
less energy than creating new materials from scratch.
For instance, repurposing spent grain into flour in-
stead of growing new crops conserves energy and re-
sources, lowering the overall carbon footprint.

More food, less land: upcycling enables us to max-
imize the use of existing resources, allowing for the
production of more food without the need for additional
agricultural land. This is essential for protecting nat-
ural habitats and preserving biodiversity.

Everyday examples of food upcycling:

1. From brew to bread. Spent grain, a byproduct of
beer brewing, is rich in nutrients and can be upcycled
into high-fiber, protein-packed flour. This flour can be
used to bake bread, cookies, or even pasta, transform-
ing what would have been discarded into delicious and
nutritious foods.

2. Turning fruit scraps into snacks. Some compa-
nies upcycle leftover fruit pulp into snacks, dried chips,
or smoothie bases, utilizing the remaining fiber and
flavor to create tasty and healthy products.

3. Coffee grounds in baking. Leftover coffee grounds
are increasingly used in baked goods like brownies and
cookies. Not only do they add a rich, earthy flavor, but
this practice also helps reduce the waste generated by
coffee shops and households.

In general, the process of transforming food waste
and leftovers into food supplements is a growing trend
in sustainability and the circular economy. It involves
recycling food waste (such as peels, stems, seeds, or
leftovers) into valuable ingredients that can be used
in health-oriented products. This approach not only
reduces food waste, but also creates new sources of
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nutrients and functional ingredients. The main path-
ways for this transformation are:

1. Source of food waste.

Fruits and vegetables: the peels, cores, and other
parts of fruits and vegetables that are often thrown
away can be rich in vitamins, fiber, and antioxidants.
For example, citrus peels contain flavonoids that are
beneficial for health.

Grains and seeds: the leftover parts of grains, such
as spent grains from brewing or rice husks, can be
processed into flours or protein-rich powders.

Coffee grounds and tea leaves: these byproducts
may contain antioxidants and nutrients that can be ex-
tracted and used in supplements or skin care products.

2. Processing methods.

Drying: innovative drying techniques, e.g. freeze-
drying or air-drying, are often used to preserve nutri-
ents in food waste without losing as flavor as quality.
This method reduces the moisture content, making it
easier to process leftovers into powders or concentrates.

Fermentation: companies use fermentation to im-
prove the nutritional profile of food waste, e.g. fer-
mented fruits or vegetables. This not only improves
the nutrient content, but can also add probiotics and
other beneficial compounds.

Cold pressing: some products, such as fruit pulp or
vegetable waste, can be cold pressed to extract juices or
oils, which are then concentrated into food supplements.

3. Creating food supplements.

Powders and protein supplements: once food waste
is processed into powders or concentrated forms, it can
be used in food supplements, e.g. protein powders, vi-
tamin-rich shakes, or smoothie boosters. For example,
spent grains can be dried and ground into flour that is
used in baking or mixed into protein shakes.

Functional products: using processed food waste
or leftovers, manufacturers can create functional

products that provide additional health benefits. For

example, powders from vegetable waste can be added

to energy bars or smoothies, increasing the fiber and
antioxidant content.

Nutrient-rich extracts: leftovers such as fruit peels
or seeds can be processed into extracts rich in vitamins
(such as vitamin C from citrus peels) or omega-3 fatty
acids from seeds. These extracts can then be incor-
porated into dietary supplements or used to fortify
other foods.

4. Health benefits.

Fiber and antioxidants: a lot of food waste byprod-
ucts are rich in fiber, which is important for digestion
and maintaining gut health. They also often contain
antioxidants that help fight inflammation and oxida-
tive stress, which could be the subject of a specific type
of food supplement.

Vitamins and minerals: leftovers from fruits and
vegetables can be rich in essential vitamins like A, C,
and E, which support a healthy immune system, skin,
and overall well-being.

5. Sustainable development.

Recycling food waste and leftovers into supplements
not only reduces the environmental impact of landfills,
but also closes the loop in the food production system,
aligning with the principles of a circular economy. By
turning waste into valuable products, companies are
helping to conserve resources and reduce the need for
new raw materials. There are some samples of compa-
nies with sustainable approach in business:

— Toast Brewing: this company brews beer from left-
over bread and also recycles the grains into pro-
tein-rich products [38].

— Upcycled Food Association: this non-profit organi-
zation helps promote the use of food waste as an
ingredient in food products, including supplements
[39].

Table 2
SWOT map of food upcycling
Opportunities Point Threats Point

— reducing food waste 5 — safety and quality issues 5
— using useful food properties 4 — non-compliance with food standards 5
— production of functional supplements 4 — loss of nutritional value 3
— increasing economic efficiency for busi- — psychological barrier of consumers 4

ness and countries 3 — supply instability 2
— improving food technology 5 — environmental risks 2
— social responsibility 4

Total points 25 Total points 21
Strengths Point Weakness Point

— economic benefit 4 — lack of legal basis on this issue 5
— reducing production costs 2 — negative perception by consumers 5
— innovations development in the food in- 5 — social and cultural barriers

dustry — high costs for technology and equipment 4
— improving food security 3 — difficulties in scaling production 4
— stimulating the development of a “circu- 5 — heterogeneity and instability of raw ma-

lar” economy terials 3
— increasing awareness of healthy eating 3 4

Total points 22 Total points 25

Source: created by authors
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— Upcycled Foods, Inc. (ReGrained): this company
takes grains from breweries and recycles them into
nutrient-rich bars and flours [40].

In general, converting food waste into food additives
is an innovative and effective way to address both food
waste and nutrition issues. It’s a win-win for everyone
in terms of sustainability, reducing waste, and provid-
ing valuable nutrients to consumers.

The above gives grounds to assert the uncondi-
tional feasibility of converting food waste into food
supplements.

Accordingly, we will identify alternative SWOT
strategies as a tool for determining the feasibility of
processing food waste to obtain food supplements.

The overall assessment of the strength of each
group of factors, calculated by summing the individ-
ual points, is as follows: the strength of strengths is
22 points, weaknesses total 25 points, the strength of
opportunities also amounts to 25 points, and threats
account for 21 points. Based on these evaluations, we
can construct a comprehensive general SWOT matrix
that will guide the selection of the optimal strategy for
implementing food upcycling within this context. The
general SWOT matrix is presented below.

Based on the results of the calculations, the highest
value is observed in the intersection of weaknesses and
opportunities, where the cumulative score reaches 625
points. This indicates a significant alignment between
the identified weaknesses and the potential opportu-
nities available. To visually represent these findings,
the graph below illustrates the chosen vector for the
alternative SWOT strategy, providing a clear depiction
of the strategic direction based on the analysis.

As it mentioned above the food upcycling process
needs a strategy that mitigates the weaknesses of food
upcycling while leveraging its opportunities. The struc-
tured approach to build such a strategy includes policy
and regulatory development addressing the lack of
legal basis. The possible way could be collaboration
with policymakers, industry experts, and international
organizations to establish clear regulations for food
upcycling. Opportunities help align legal frameworks
with global sustainability trends and use the argu-
ment of economic efficiency to advocate for incentives
and subsidies.

Consumer education could be reached with aware-
ness campaigns addressing the negative perception
by consumers, social and cultural barriers. It includes

developing targeted campaigns to change consumer
perception about upcycled food products. Opportu-
nities help to emphasize health benefits (functional
supplements, improved food technology) and to partner
with influencers, chefs, and sustainability advocates
to reshape social norms.

Cost reduction through innovations (addressing:
high costs for technology and equipment).

Action: Invest in R&D to develop cost-effective upcy-
cling technologies and alternative processing methods.

How Opportunities Help:

* Improved food technology can optimize processes
and lower costs.

¢ Economic efficiency for businesses will attract inves-
tors and grants.

Scalable business models (addressing: difficulties
in scaling production,).

Action: Foster partnerships between startups, food
manufacturers, and hospitality businesses to create
scalable production chains.

How Opportunities Help:

* Reducing food waste provides a continuous supply
of raw materials.

* Economic benefits will attract investors and facilitate
expansion.

Stable supply chain management (addressing: het-
erogeneity and instability of raw materials).

Action: Develop a digital platform for food waste
collection and classification, ensuring a steady and
quality supply of raw materials.

How Opportunities Help:

* Social responsibility can motivate businesses to join
such networks.

* Technology improvements will enhance tracking and
quality control.

As we can see, successful implementation of food
processing depends on a comprehensive strategy that
addresses both threats and opportunities. By focusing
on key areas such as policy and regulation develop-
ment, consumer education, technological innovation,
scalable business models and supply chain manage-
ment, the food processing industry can overcome exist-
ing barriers and realize its full potential. Collaboration
with policymakers, experts and influencers, as well
as investment in research and development, will help
create an environment conducive to growth. Seizing
opportunities such as global sustainability trends,
technological advances and cost efficiencies will not

Table 3
General SWOT matrix of food upcycling
Opportunities Threats
ZXO = 25 points ZXT = 21 points
S&O S&T
Strengths D X =22 points X, = 22725 = 550 X, = 22+21 = 462
W&O W&T
Weakness D Xy = 25 points X, = 25%25 = 625 X, = 25%21 = 525

Source: created by authors
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only strengthen the industry but also facilitate its
widespread adoption. Ultimately, with a strategic and
well-coordinated approach, food processing can become
a key component of sustainable food systems.

4. Conclusions

Addressing food waste is a critical global issue with
far-reaching consequences for society, the economy and
the environment. Food waste can be described as a sig-
nificant portion of resources that could otherwise con-
tribute to a more sustainable food system. With global
food waste levels reaching staggering levels every year,
and sectors such as the hospitality industry contribut-
ing significantly to this waste, it is clear that innovative
solutions are urgently needed. In this context, food re-
cycling has emerged as an important and promising ap-
proach to reducing waste while simultaneously creating
valuable products that can contribute to human health.

Food upcycling involves the recycling of food waste,
surplus food and food scraps into new, high-quality
products for human consumption. It aligns with the
principles of the circular economy, transforming waste
into valuable resources and closing the loop in the food
production system. Examples of beer grounds, fruit
pulp, coffee grounds and other food residues confirm the
growing recognition of the nutritional potential of these
often-discarded leftovers. Food upcycling can provide
nutrient-rich ingredients for food supplements, func-
tional foods and even improve the production of every-
day food products such as snacks, flours and beverages.

The potential for upcycling leftovers is enormous,
not only in terms of solving the problem of food waste,
but also in terms of the opportunities it offers for eco-
nomic and sustainable development. By upcycling
food waste into nutraceuticals — food products that
promote health — companies are simultaneously ad-
dressing two pressing issues: food waste and nutrient
deficiencies. Using food waste as ingredients in sup-
plements and functional foods could make a significant
contribution to the health and wellness industry, cre-
ating a valuable market for these upcycled materials.
As research into food upcycling continues to grow, new
technologies and processing methods, such as drying,
fermentation, and cold pressing, will play an important
role in unlocking the full potential of food waste.

However, the successful implementation of food up-
cycling depends on careful consideration of both the
opportunities and the challenges. The SWOT analy-
sis conducted in this study highlighted the need for
a strategic approach to address the weaknesses of the
current food processing industry while capitalizing on
its opportunities. Key areas identified for improvement
include regulatory development, consumer education,
technological innovation, scalable business models,
and supply chain management. Collaboration with
policymakers, industry experts, and international or-
ganizations is essential to create a clear legal frame-
work for food upcycling that aligns with the global
sustainable development goals. By creating policies
that encourage and support the adoption of upcycling
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practices, governments can encourage businesses to
invest in innovative technologies and processes.

Equally important is the need for consumer educa-
tion. Food upcycling is still a relatively new concept,
and many consumers remain unaware of the benefits
or the nutritional value of upcycled products. Targeted
awareness campaigns, which address negative per-
ceptions and social barriers, are crucial to changing
consumer attitudes and encouraging the adoption of
upcycled foods. Emphasizing the health benefits of up-
cycled products — such as the presence of antioxidants,
fiber, and essential vitamins — can help reshape con-
sumer perceptions and promote the idea of upcycling
as a sustainable and healthy alternative.

Technological innovation is another key factor that
can drive growth in the food processing industry. High
technology and equipment costs have been identified
as significant barriers to scaling up production. How-
ever, investing in research and development to create
cost-effective processing technologies and alternative
processing methods will reduce production costs and
make processing more financially viable. As technology
advances, businesses will be better equipped to opti-
mize processes, improve product quality, and reduce
costs, creating a more sustainable food system.

In addition to technological advances, promoting
scalable business models is essential to the long-term
success of food processing. By forming partnerships
between startups, food manufacturers, and hospitality
businesses, the food industry can create robust value

chains that support the upcycle process. Reducing food
waste will ensure a continuous supply of raw materi-
als, and the resulting economic benefits will attract
additional investment and expansion opportunities.
A scalable approach will be critical to meeting the
growing demand for processed foods while maintaining
a stable and reliable supply chain.

Finally, sustainable supply chain management is
vital to ensure the stability and quality of raw mate-
rials used in upcycling food production. Developing
digital platforms to collect and classify food waste will
help businesses track and manage their raw material
supply, ensuring that it meets the required processing
standards. Technological advances in this area will
also improve supply chain efficiency and transparency,
further enhancing the reliability of upcycling. Ulti-
mately, the success of upcycling as a sustainable solu-
tion depends on a coordinated, multi-faceted strategy
that addresses both the challenges and opportunities
present in the current food system. By focusing on
policy development, consumer education, technological
innovation, scalable business models, and supply chain
management, upcycling can play a key role in creating
a more sustainable, resource-efficient food system.
As the global community works to achieve the SDGs,
upcycling can reduce food waste, reduce greenhouse
gas emissions, conserve natural resources, and provide
consumers with valuable nutrients. With the right
strategies, food upcycling can become an integral part
of a sustainable future food.
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BIJI XAPUYOBUX BIIIXO/IIB
10 XAPYOBHUX JTOBABOK:
CTAJIA TPAHC®OPMAIIIS IJIA
EKOHOMIYHOI BE3IIEKHA

Anomauisn. Y uyiii Hayxosili npayi mu 00cai0HcyeMo NOMeEHUIAL CRIBNPAYL MIKC 20meibHUM 6I3HecoM ma
supobrurxamu xapwosux dobasox. Konuenuyisa eidnosidae npuryunam cmaJiozo PO3GUMKY, 8PaAxX08y04YU AK COUL-
QIbHI, MAK 1 eKoN102IuHI npobnemu. 3o0Kpema, 60HA 30cepedacerna Ha 300pi ma nodaiblili nepepodli xapuosux
810x0018 y xapwosi dobasku. ¥ cmammi susHauero anvmepramusii SWOT-cmpamezii 0nsa ouinku doylivHocmi
yiei idei 8 nionpuemruybkomy cekmopi. OOHuUM 3 Kn0wo8UX PluleHb NPoOTIeMU Xapuosux 8i0xodis € nepepobka
xapuosux npodyKmis, wo Habupae 06epmis, Ko HeBUKOPUCMAHL Xap4os8l 810x00U Nepemeopiombes Ha HO8L
npodyxmu. Hosimmni innosauitini memodu, maki ax nepedosi mexHo02li CYUIHHA Xapuyosux npodyKmis, npo-
noHyomMb epeKmueHi cnocodu Gopomvou 3 Xapuosumu 8L0X00aMU ULTLAXOM NePemaEoperHta 610X0018 Ha NONHCUBHI
npodykmu 6e3 HadMIipHO20 HA2ZPLBaHHA. ¥ J0CI0HNCeHHT UCBIMIICHO KIIbKA KPUMUYHUX ACNEKmI8 nepepodKu
Xapuosux nPodyKmis, 30Kpema.; eKOHOMIUHY eheKmusHIicmb 3a80AKU 30epedcerHI0 Pecypcle, 3MEeHULeHHA 3AT1eHC-
Hocmi 810 308HIWHIX Odcepent (el ma nidsuwerns npodosonvuol beanexu. Ileii npouec maxoxc cnpuse mexmo-
JL02TUHOMY PO3BUMKY, 3ALYHEHHIO IHEECMULLL Ma CMEOPEeHHI0 HO8UX POOOYUX MICUb, UL0 3MIUHIOE EKOHOMIYHY
cmabinvricms. Kpim mozo, nepepobka smenurye Kinvkicms 8i0x00ie ma 36epizae npupodHi pecypcu, RO3UmMUEHO
BNAUBAIOYUL HA eKO0JI02IUHY MA eKOHOMIUHY cmitikicmb. Ilepemaopioouu xapuosi 8i0xo0u Ha yiHKHI dobasku, yell
nidxid cnpuse 0ocazHerHIO Yliell cmaJi0zo PO36UMKY, MAKux sk bopomvoda 3 2071000M ma NOKPAWEHHA docmyny
00 NOXCUBHOL 1T, MUM CAMUM CRPUAIYU AK COULANbHIL, MAK | eKOHOMIUHIL Oe3neyl Ha HAUIOHAIbHOMY PIGHI.

Knarouoei cnosa: cmanuii po3sumok, xap4osi 810x00u, xapuosi 000asku, npodosonivua 6e3nexa, eKoHOMIYHA
besnexa.
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EVALUATING CUSTOMER EXPERIENCE
IN E-COMMERCE: MULTILINGUAL SENTIMENT
ANALYSIS OF USER REVIEWS USING
TRANSFORMER MODELS

Abstract. This study addresses the challenge of multilingual sentiment analysis in e-commerce, with a focus
on Ukrainian and Russian book reviews. We propose a hybrid framework based on transformer architectures
that accounts for the linguistic complexity of Slavic languages and the significant class imbalance often present
in customer feedback data. Using a dataset of approximately 70,000 user reviews from the Ukrainian online
bookstore Yakaboo, we evaluate four model variants based on the XLM-RoBERTa architecture and compare
their performance to a monolingual Ukrainian RoBERTa baseline.

The classification task is formulated as binary: identifying low-rated reviews (1-3 stars) versus high-rated
ones (4-5 stars), with the minority class comprising only 4-5% of the dataset. Our best-performing model —
combining partial fine-tuning, a deep classifier, and focal loss — achieves a macro F1 score of 0.73 and an F1
score of 0.47 for the minority class, outperforming the baseline (0.66 and 0.37, respectively). The application of
oversampling and focal loss proved effective in mitigating class imbalance.

Beyond technical performance, the findings underline the practical utility of accurate sentiment detection for
e-commerce platforms. Effective identification of negative feedback enables companies to address customer dis-
satisfaction, refine product offerings, and inform personalized marketing strategies. This research contributes to
advancing multilingual NLP in low-resource settings and provides a scalable solution for real-world sentiment
classification in morphologically rich languages.

@ ® Copyright © The Author(s). This is an open access article distributed under the terms of the
P~ Creative Commons Attribution License 4.0 (https://creativecommons.org /licenses /by /4.0/)
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The scientific novelty of this research lies in the integration of multilingual transformer architectures with
adaptive classifiers and class imbalance mitigation techniques, specifically tailored for real-world e-commerce
review data in morphologically rich languages. The proposed framework demonstrates how domain-specific
fine-tuning and architectural customization can significantly enhance sentiment classification performance in

low-resource language settings.

Keywords: Sentiment analysis, Natural Language Processing, e-commerce, customer experience, multilingual

transformer models, XLM-RoBERTa, class imbalance.

1. Introduction

In today’s digital-first economy, user-generated con-
tent, particularly online reviews, has become a corner-
stone of consumer interaction and business intelligence.
The proliferation of e-commerce platforms, online mar-
ketplaces, and digital publishing environments has led
to an exponential growth in the volume of user reviews,
which — accompanied by star ratings — form a power-
ful dual-source of information offering both qualitative
textual feedback and quantitative evaluation. According
to Statista [1], the global e-commerce market reached
$4.3 trillion in 2024, with strong projections for con-
tinued growth. On the one hand, this is due to the
increased use of Al in digital marketing [2—4], on the
other hand, this boom has placed increasing emphasis
on companies’ ability to monitor and respond to con-
sumer sentiment in real time.

User-generated reviews have become especially crit-
ical for publishers, providing immediate feedback on
content quality and user satisfaction. However, effec-
tively utilizing this feedback presents substantial chal-
lenges. Online reviews are inherently unstructured
and written in free-form language that often includes
irony, sarcasm, slang, and ambiguity. This complexi-
ty is further compounded in Slavic languages, where
lexical variation and rich morphological structures
complicate text analysis [5]. Moreover, a frequent mis-
match exists between the emotional tone expressed in
the review text and the numeric star rating assigned
by the user, complicating models that rely solely on
one of these data sources to infer satisfaction [4, 6].

Sentiment analysis (SA), a key subfield of Natural
Language Processing (NLP), seeks to determine the
emotional polarity (positive, negative, or neutral) of
a given text. With the advent of Deep Learning (DL),
particularly transformer-based architectures such as
BERT (Bidirectional Encoder Representations from
Transformers) and its multilingual variants (e.g.,
XLM-RoBERTa) [7-8], the field has achieved significant
progress. These models leverage pretraining on massive
corpora to capture complex syntactic and semantic rela-
tionships, enabling more contextually aware sentiment
classification. Empirical studies [9—12] have shown that
transformer-based models consistently outperform con-
ventional approaches across a wide range of NLP tasks.

Despite these advancements, two practical chal-
lenges remain underexplored. First is the issue of
class imbalance in sentiment-labeled datasets. Most
users are more likely to submit a review when they
are highly satisfied or highly dissatisfied, resulting
in a skewed distribution of sentiment labels. This

imbalance can bias machine learning models, leading
to poor performance in identifying underrepresented
classes — typically negative reviews. Second is the
inconsistent correlation between textual sentiment
and star ratings, which can obscure the true emotional
content of a review. These challenges are particularly
pronounced in book reviews, where literary language,
figurative expressions, and subjective interpretation
often influence the sentiment expressed.

This paper proposes a novel approach to detecting
low-rated book reviews (1 to 3 stars) by leveraging
sentiment classification on multilingual (Ukrainian
and Russian) data. We frame the task as a binary
classification problem focused on identifying negative
or neutral sentiment, regardless of the explicit star
rating. Our objectives are threefold:

1. To evaluate the effectiveness of multilingual
transformer-based models (specifically XLM-RoBER-
Ta) in classifying review sentiment in a binary setting
(positive vs. negative/neutral).

2. To assess the performance of a monolingual
baseline model (UA-RoBERTa) trained specifically on
Ukrainian data.

3. To explore the impact of class imbalance mit-
igation techniques, such as oversampling and focal
loss, on classification performance, with particular
emphasis on the underrepresented class of negative
reviews (approximately 4%).

Our contributions are as follows:

* We compile and preprocess a real-world dataset of
user reviews in Ukrainian and Russian.

* We compare transformer-based sentiment classifica-
tion models, including monolingual and multilingual
variants.

* We experiment with fine-tuning and freezing strat-
egies for large multilingual language models.

By focusing on the sentiment classification of book
reviews in a multilingual and imbalanced dataset, this
research contributes to both technical and applied as-
pects of NLP. From a technical standpoint, it demon-
strates the viability of large-scale multilingual models in
low-resource and morphologically rich language settings.
From an applied perspective, the insights generated may
inform the development of recommender systems, edi-
torial decision-making tools, and customer experience
dashboards in publishing and e-commerce domains.

The remainder of this paper is structured as fol-
lows. Section 2, Materials and Methods, presents relat-
ed work, dataset description, identified limitations of
existing approaches, and the proposed modeling frame-
work. Section 3, Results and Discussion, describes the
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experimental setup, evaluates model performance, and
analyzes classification results. Section 4, Conclusions,
summarizes the key findings and outlines practical
implications and directions for future research.

2. Materials and Methods
2.1. Review resent papers

Sentiment analysis (SA) has emerged as a critical
tool for interpreting user-generated content in e-com-
merce environments [9]. As noted by Ge et al. [13], the
field has evolved significantly from basic rule-based
sentiment classifiers to sophisticated deep learning
(DL) approaches, with transformer-based models rep-
resenting the current state of the art.

Numerous studies have investigated the relation-
ship between star ratings and review sentiment. Au-
thors of [6] identified substantial discrepancies be-
tween numerical star ratings and textual sentiment,
showing that text often conveys nuances not reflected
in the rating. Bigne et al. [4] examined this misalign-
ment in the tourism sector, while Pan and Zhang [14]
were among the first to explore interactions between
review text and rating valence. Subsequent studies, in-
cluding [15-16] further analyzed these inconsistencies,
highlighting how review length and sentiment richness
may impact user interpretation and model accuracy.

Several studies have addressed SA in low-resource
languages. Authors of [17] evaluated data augmenta-
tion techniques to overcome data scarcity, and paper
[6] were presented a systematic review of multilingual
SA methods for under-resourced languages, emphasiz-
ing transfer learning and cross-lingual modeling. Aliyu
et al. [18] extended this discussion with a compre-
hensive overview of models, languages, and datasets
applicable to low-resource SA tasks.

The rise of transformer-based architectures has
fundamentally reshaped NLP research. Devlin et al.
[7] introduced BERT, enabling contextualized bidi-
rectional language representations. Conneau et al. [8]
later proposed XLM-RoBERTa, a multilingual trans-
former trained on a large corpus of 100 languages.
Barbieri et al. [19] introduced XLM-T, optimized for
Twitter-based multilingual SA. Authors of [20] com-
pared multilingual approaches on social media data,
while Miah et al. [21] proposed a multimodal ensemble
combining transformers and LLMs. Results of paper
[22] were demonstrated the superiority of DL methods
including transformer-based architectures over tradi-
tional ML in analyzing e-commerce reviews.

In a series of contributions, authors of [11, 23—25]
investigated content analysis and sentiment detec-
tion in electronic media using ML techniques. Their
work includes a methodology for content analysis of
mass media texts [23], a study on emotional polarity
classification in social networks [24], and an empirical
comparison of DL models for sentiment classification
in social media [25]. In a separate applied study, they
analyzed social media content with ML methods to
support sentiment detection pipelines in digital envi-
ronments [11].

Another well-known challenge in SA is class im-
balance. In real-world datasets, positive reviews often
dominate, while negative reviews although typically
more informative are underrepresented [26—27]. Over-
sampling methods such as SMOTE [28] have been
widely used to address this issue by synthetically
generating samples for the minority class. Addition-
al methodological challenges include code-switching,
sarcasm detection, negation handling, and cultural
variation in sentiment expression.

Several review papers have synthesized the evolv-
ing landscape of SA. Authors of [9, 29] analyzed the
application of sentiment analysis on e-commerce plat-
forms, while Mao et al. [30] provided a comprehensive
review of sentiment methods, challenges, and trends
in both traditional ML and modern DL contexts. Re-
sults of paper [31] emphasized the importance of fea-
ture engineering for Chinese reviews. Authors of [10]
surveyed multilingual DL approaches for sentiment
analysis in social media.

Research focusing on Slavic languages (especially
for Ukrainian) remains relatively limited. Thus, Rad-
chenko [32] proposed fine-tuned RoBERTa model for
Ukrainian language, and Prytula [5] benchmarked
transformer models including BERT, DistilBERT,
XLM-RoBERTa, and UKR-RoBERTa on Ukrainian
sentiment classification.

In summary, recent literature demonstrates the
rapid advancement of sentiment analysis techniques,
particularly in multilingual and low-resource contexts.
However, limited research has explored sentiment clas-
sification in Slavic languages using deep transformer-
based models in imbalanced datasets. Our work builds
on this gap by applying multilingual transformers to
Ukrainian and Russian reviews and addressing class
imbalance through oversampling and loss-based op-
timization.

2.2. Limitations of Existing Approaches

Despite the availability of various sentiment anal-
ysis tools and pretrained models, several critical lim-
itations emerge when applying them to the task of
analyzing multilingual user reviews, particularly for
low-resource and morphologically rich languages such
as Ukrainian and Russian. These limitations can be
categorized into five key areas:

1. Insufficient Language Support. Most widely
used sentiment analysis libraries, such as TextBlob,
VADER, and Afinn, are primarily optimized for English-
language content. Their performance deteriorates sig-
nificantly when applied to Slavic languages, which dif-
fer substantially in morphology, syntax, and semantics.
Furthermore, these libraries typically lack native sup-
port for Ukrainian and Russian, leading to unreliable
outputs and limited generalization [5, 12, 18].

2. Constraints of Proprietary Large Language
Models (LLMs). While state-of-the-art commercial
models (e.g., OpenAl GPT, Google Gemini, Anthropic
Claude) demonstrate strong multilingual capabilities,
they are accessible only via API-based interfaces that
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often involve high usage costs. This poses challenges
for large-scale academic studies, particularly those
requiring privacy, reproducibility, or transparency. Ad-
ditionally, their black-box nature limits control over in-
ternal processes and domain-specific adaptations [21].

3. Limited Customization in Cloud-Based
Sentiment Platforms. Cloud-based NLP platforms
such as Google Cloud Natural Language API or IBM
Watson offer sentiment analysis as part of broader
content analytics services. However, these tools are
often subscription-based and offer limited ability to
fine-tune models for specific domains. Their general-
purpose pretrained models tend to oversimplify
domain-specific sentiment, especially in contexts such
as literary critique or user reviews in e-commerce [25].

4. Translation-Based Workarounds. A com-
mon workaround involves translating user reviews
into English and then applying established English-
language sentiment models. While convenient, this ap-
proach introduces additional sources of error. Machine
translation may distort sentiment-laden expressions,
weaken contextual nuance, or omit subtle emotional
cues — particularly problematic for reviews that rely
on idioms, sarcasm, or domain-specific phrasing. As
a result, the final sentiment prediction may deviate
significantly from the original intent [12, 31].

5. Misalignment Between Text and Rating La-
bels. In real-world datasets, star ratings and textual
sentiment are frequently misaligned. For instance,
a user might assign a high star rating while express-
ing critical opinions in the review text or vice versa.
This misalignment undermines the validity of mod-
els trained exclusively on rating labels, as they fail to
capture mixed or nuanced sentiment expressions that
are common in subjective review genres such as book
evaluations [4, 6, 24].

Taken together, these limitations underscore
the need for domain-adapted and language-specific

sentiment models trained on real multilingual data.
In this study, we aim to overcome these barriers by
applying fine-tuned transformer-based architectures
and custom classification components, tailored to the
linguistic and structural characteristics of Ukrainian
and Russian user reviews.

2.3. Dataset Description

This study utilizes the Yakaboo Book Reviews data-
set, a large-scale corpus of user-generated reviews col-
lected from the Ukrainian online bookstore Yakaboo
[33]. The dataset comprises 69,256 annotated entries,
each containing a review text, a star rating (from 1 to
5), and associated metadata, such as publication date,
book ID, and review ID. The reviews were published
between May 2014 and August 2020, with the median
date falling in April 2019.

To frame the sentiment classification task, we re-
structured the original 5-point star rating system into
a binary classification problem. Reviews with ratings
from 1 to 3 stars were grouped into the Low (1-3) class
(label 1), while 4 and 5-star reviews were grouped into
the High (4-5) class (label 0). This framing emphasizes
the identification of less favorable feedback, which
is both underrepresented and business-critical. The
dataset is highly imbalanced, with approximately 83%
of reviews rated 5 stars, and only 4-5% rated from 1
to 3 stars (see Figure 1).

Linguistically, the corpus is nearly evenly split be-
tween Ukrainian (49.5%) and Russian (51.5%), making
it suitable for evaluating multilingual language mod-
els. On average, Low-rated reviews tend to be longer
than High-rated ones in both languages (e.g., Russian:
194 vs. 179 words; Ukrainian: 217 vs. 197 words), sug-
gesting that users may express dissatisfaction more
elaborately (see Figure 2).

In our analysis, we used a concatenated version
of both the review title and the review body as the
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input text. To ensure consistency and improve model

performance, we applied several preprocessing steps:

* Missing values in both review Title and review fields
were replaced with empty strings.

¢ Excess whitespace and special characters were nor-
malized using regular expressions.

* The final input text (text) was constructed by con-
catenating the review title and review fields with a
space separator, followed by additional cleaning to
remove redundant spaces.

* Reviews with empty or invalid text after preprocess-
ing were filtered out.

¢ All text was lowercased to reduce vocabulary size
and improve tokenizer efficiency.

* Potential HTML tags were stripped using regex-
based patterns.

* Redundant punctuation (e.g., “!!!” or “???”) was nor-
malized to a single instance to retain emotional in-
tensity while avoiding overfitting.

This preprocessing pipeline ensured cleaner and
more semantically meaningful inputs, suitable for
tokenization by transformer-based language models.

2.4. Proposal Approach
To address the limitations of existing multilin-

gual sentiment analysis tools, we propose a hybrid
framework that combines fine-tuned transformer ar-
chitectures with custom neural classifiers, optimized
specifically for imbalanced, multilingual book reviews
in Ukrainian and Russian. Our approach prioritizes:
* language-specific adaptability, addressing the mor-

phological richness of Slavic languages;
¢ class imbalance mitigation, through techniques such

as oversampling and focal loss;
* computational efficiency, via partial fine-tuning and

frozen embeddings.

The main objective of this study is to predict review
ratings (on a 1-5 star scale) using only textual content,
with a particular focus on detecting low-rated (1-3
stars) reviews. We frame this as a binary sentiment
classification task, targeting negative or neutral sen-
timent regardless of the explicit star rating. This task
presents several challenges, including:
¢ significant class imbalance;
¢ subtle linguistic cues;

* the need to capture context-dependent sentiment
patterns across two languages.

To address these issues, we implement a multi-
layer modeling framework that integrates pretrained
multilingual transformers with task-specific classifiers.

Transformer-based language models such as BERT,
RoBERTa, and XLM-RoBERTa have transformed NLP
by effectively capturing semantic and syntactic nu-
ances using self-attention mechanisms [7-8]. These
models are pretrained on massive multilingual corpo-
ra, enabling strong cross-lingual understanding and
robust performance across languages. In particular,
XLM-RoBERTa is well suited for our task, as it sup-
ports morphologically rich languages and handles in-
formal, user-generated content effectively.

Unlike monolingual models trained on English or
Ukrainian, XLM-RoBERTa’s cross-lingual capacity
allows us to use a single model for both Ukrainian and
Russian reviews, thereby reducing the need for sepa-
rate pipelines. Moreover, its pretrained embeddings al-
low downstream classifiers to better interpret idioms,
code-switching, and informal sentiment expressions.

We designed and tested four architectural variants
(Table 1), each exploring different trade-offs in model ca-
pacity, fine-tuning depth, and class imbalance robustness:

UA RoBERTa. A monolingual model pretrained
on Ukrainian corpora [32], fine-tuned on the top two
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Figure 2. Distribution of Review’s Length by Language and Class
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Table 1

Architectural Variants

Variant Backbone Fine-Tuning Classifier Key Innovation
Baseline UA-RoBERTa Top 2 layers Dense layer Monolingual benchmark tailored for
Ukrainian text
Variant 1 XLM-RoBERTa Top 2 layers Dense layer Lightweight multilingual adaptation with
reduced training cost
Variant 2 XLM-RoBERTa None BiLSTM / CNN Leverages frozen multilingual embeddings
(frozen) and adds sequential feature extraction

Variant 3 XLM-RoBERTa Top 2 layers | BILSTM/CNN + Focal | Integrates partial fine-tuning, advanced

Loss classifier, and imbalance-aware loss

Source: designed by the authors

transformer layers and equipped with a dense clas-

sification head. Serves as a benchmark to compare

against multilingual alternatives.

Fine-tuned XLM-RoBERTa with Dense Classi-
fier. his configuration partially fine-tunes the top two
layers of XLM-RoBERTa and applies a simple dense
output layer (typically based on the [CLS] token) to
map embeddings to sentiment classes. It offers a bal-
ance between performance and training cost.

Frozen XLM-RoBERTa with Custom BiLSTM/
CNN Classifier. In this setup, the entire XLM-Ro-
BERTa model is frozen, and its output embeddings are
passed to a custom classifier composed of:

* BiLSTM: to model long-range dependencies and se-
quential sentiment patterns;

* 1D CNN: to extract n-gram features and localized
emotional signals.

These classifiers are evaluated separately to iden-
tify which structure better utilizes the transformer-
generated representations.

Fine-tuned XLM-RoBERTa with BiLSTM/
CNN Classifier. This advanced variant integrates
the strengths of both Variant 1 and Variant 2. It
partially fine-tunes the top two layers of XLM-Ro-
BERTa while adding a deep classifier (BiLSTM or
CNN) and applying focal loss to dynamically adjust
learning based on class distribution. This configu-
ration directly targets the minority class problem
and enhances detection of subtle or mixed sentiment
expressions.

These variants represent a spectrum of trade-offs
in terms of language specialization, computational
efficiency, and classification complexity:

* The UA-RoBERTa baseline is strong for Ukrainian
text but lacks multilingual capacity.

¢ Variant 1 provides an efficient and scalable multilin-
gual alternative with partial fine-tuning.

¢ Variant 2 eliminates fine-tuning altogether, relying
solely on pretrained embeddings and downstream
modelling — suitable for low-resource scenarios.

* Variant 3 integrates fine-tuning, advanced classifica-
tion, and class imbalance optimization, offering the
most robust performance for imbalanced multilingual
sentiment classification.

This modeling framework allows for a comparative
evaluation of how different architectural choices affect

classification accuracy, particularly for detecting neg-
ative or neutral user feedback in real-world, multilin-
gual e-commerce environments.

3. Results and Discussion
3.1. Experimental Setup

To ensure comparability across all experiments,
we standardized the training and evaluation proce-
dures for each model variant. All models were trained
using the Adam optimizer with an initial learning
rate of 2e-5 and a linear learning rate scheduler
with warm-up steps [34]. Training was conducted
for a maximum of 5 epochs, with early stopping based
on validation loss to prevent overfitting. The batch
size was set to 16.

Considering the average length of user reviews (see
Figure 2), we set a maximum input sequence length
of 256 tokens for all models to ensure consistency in
input representation across architectures.

Two loss functions were evaluated:

* Binary Cross-Entropy (BCE): the standard choice
for binary classification tasks;

* Focal Loss: employed to address class imbalance by
dynamically scaling the contribution of each sample
based on prediction confidence, emphasizing hard-
er-to-classify examples [35].

To further mitigate the effects of class imbalance,
the following techniques were applied [26]:
¢ Class weighting: weights inversely proportional to

class frequency were applied during training;

* Random oversampling: minority class instances
were oversampled using RandomOverSampler from
the imbalanced-learn library. This was applied only
to the training set to prevent data leakage.

Each of the four model variants based on XLM-Ro-
BERTa was evaluated on the binary sentiment clas-
sification task, distinguishing between low-rated re-
views (1-3 stars) and high-rated reviews (4-5 stars).
Given that only about 4% of the dataset corresponds
to low-rated reviews, the task presents a significant
imbalance challenge.

To ensure robust evaluation, we used an 80/20
stratified train-test split of the dataset, preserving
the proportion of the minority class in both subsets.

All experiments were implemented using the Py-
Torch DL framework and Hugging Face Transformers
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[36], and executed in Google Colab Pro+, leveraging
NVIDIA L4 GPUs (24 GB VRAM). Mixed precision
training (FP16) was enabled to accelerate training and
reduce memory usage.

Figure 3 illustrates the training and validation
loss and accuracy curves for the Baseline model
(a) and Variant 3 (b). The Baseline model shows
moderate overfitting: while training loss continues
to decrease steadily, validation loss plateaus early
and slightly increases after the third epoch. Accu-
racy follows a similar pattern, with a growing gap
between training and validation performance. In
contrast, Variant 3 demonstrates smoother conver-
gence, with both loss and accuracy curves stabiliz-
ing by the fourth epoch. The smaller gap between
training and validation metrics indicates better
generalization, confirming the benefits of partial
fine-tuning, focal loss, and the deeper classifier used
in this configuration.
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3.2. Classification Performance
To evaluate model performance, we used a compre-
hensive set of metrics that reflect both overall accuracy
and the models’ ability to detect the minority class.

Given the imbalanced nature of the dataset, partic-

ular attention was paid to performance on low-rated

reviews (1-3 stars).
The following evaluation metrics were employed:

* Macro F1: the unweighted average of F1 scores
across both classes, providing a balanced measure
of performance regardless of class distribution;

* F1 (Low): F1 score for the minority “Low-rated”
class; a harmonic mean of precision and recall, this
metric reflects the model’s ability to detect negative/
neutral sentiment;

* Precision (Low): proportion of reviews predicted
as “Low-rated” that were actually correct;

* Recall (Low): proportion of actual “Low-rated” re-
views that were correctly identified;
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Figure 3. Training and validation loss/accuracy curves for the Baseline (a) and Variant 3 (b) models
Source: calculated and designed by the authors
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Table 2
Classification Performance by Model Variant
Variant | MacroF1 | F1 (Low) P‘;i‘ifj:;’“ 1(11:33;1)1 ROC AUC ,Ir‘:rf::‘z‘rfs‘; Accuracy
Baseline 0.66 0.37 0.28 0.54 0.76 32 0.92
Variant 1 0.7 0.43 0.31 0.71 0.83 36 0.93
Variant 2 0.61 0.27 0.29 0.25 0.75 21 0.90
Variant 3 0.73 0.47 0.39 0.6 0.84 41 0.92

Source: calculated by the authors

* ROC AUC: the area under the Receiver Operating
Characteristic curve, measuring the model’s ability to
distinguish between positive and negative sentiment
across all thresholds;

* Inference Time (ms): average time required to
classify a single review; this metric is important for
assessing real-world deployment feasibility;

* Accuracy: overall proportion of correctly classified
reviews, though less informative in imbalanced set-
tings.

These metrics enable a holistic comparison of mod-
el performance, especially in terms of the ability to
capture underrepresented sentiment classes. Table
2 summarizes the classification results for all four
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model variants tested on the binary sentiment clas-
sification task.

The results clearly demonstrate that multilingual
transformer models significantly outperform the mono-
lingual baseline in identifying low-rated reviews. Vari-
ant 3, which combines partial fine-tuning, an advanced
BiLSTM/CNN classifier, and focal loss, achieved the
highest Macro F1, F1 (Low), and ROC AUC, indicat-
ing its superior ability to detect negative and neutral
sentiment in imbalanced data.

Variant 1, which applies a simpler dense classifica-
tion head, also performed well — particularly in recall,
suggesting a strong ability to detect most low-rated
cases, albeit with somewhat lower precision. In con-
trast, Variant 2, which uses frozen embeddings with
no fine-tuning, showed the fastest inference time but
had the weakest performance across all key metrics,
especially on the minority class.

The Baseline model achieved high overall accuracy
but exhibited a strong bias toward the dominant class
(high-rated reviews), as evidenced by its lower recall
and F1 score for the minority class.

These findings validate the effectiveness of using
focal loss and partial fine-tuning in improving per-
formance on underrepresented classes, and highlight
the importance of classifier architecture in leveraging
transformer embeddings effectively.

In addition to quantitative metrics, we also exam-
ined Confusion Matrices (Figure 4) to gain deeper in-
sights into how each model handles class imbalance.
* The Baseline model (a) shows a strong bias toward
the majority “High-rated” class, with a relatively low
number of correctly identified “Low-rated” reviews
and many false negatives.

Variant 1 (b) demonstrates clear improvement, cor-
rectly classifying more Low-rated reviews than the
baseline, though at the cost of some false positives
(i.e., High-rated reviews misclassified as Low-rated).
Variant 2 (c) exhibits the weakest performance in
detecting Low-rated reviews, with a high number
of misclassifications and low recall, confirming the
limitations of using frozen embeddings without
fine-tuning.

Variant 3 (d) achieves the highest number of correctly
identified Low-rated reviews, highlighting its strength
in addressing class imbalance. However, it also shows
an increased number of High-rated reviews misclas-
sified as Low-rated, indicating a trade-off between
recall and precision.

These visualizations support the quantitative find-
ings presented in Table 2 and emphasize the impor-
tance of balancing recall and precision when dealing
with minority sentiment classes.

To gain deeper insights into model behavior, we
conducted a qualitative analysis of misclassified re-
views. This analysis revealed several recurring pat-
terns:

1. Mixed sentiment expressions: All models
struggled with reviews that simultaneously contained
both positive and negative opinions. For instance,

reviews praising the book’s plot but criticizing its
translation or vice versa were frequently misclassi-
fied due to the presence of conflicting sentiment cues.

2. Subtle negation and irony: Reviews with nu-
anced linguistic structures, especially involving nega-
tion or ironic phrasing, posed significant challenges.
A typical example is the phrase “ne moorcy ckasamu, wo
rkHuza nozara” (“I cannot say the book is bad”), which
was sometimes misinterpreted as negative, despite
conveying overall positive sentiment.

3. Rating-text inconsistency: A notable propor-
tion of misclassifications occurred in cases where the
star rating and textual sentiment were not aligned. For
example, reviews written in predominantly positive
language but assigned a low rating (or the opposite)
often confused the models, highlighting the limitations
of using ratings as ground truth sentiment labels.

4. Code-switching and multilingual noise: Re-
views containing a mixture of Ukrainian and Russian,
or incorporating English words and phrases, exhibited
higher error rates — especially for the Baseline model.
In contrast, Variants 1 and 3, powered by XLM-Ro-
BERTa, demonstrated greater robustness to such lin-
guistic variation due to their multilingual pretraining.

These observations reinforce the importance of
handling ambiguous sentiment, multilingual input,
and label inconsistency in real-world sentiment anal-
ysis applications. They also suggest potential avenues
for further improvement, such as incorporating irony
detection mechanisms, attention-based alignment
with ratings, or code-switching aware tokenization
strategies.

4. Conclusions

This study addressed the challenge of sentiment
classification in imbalanced, multilingual user reviews,
focusing on the identification of low-rated book re-
views written in Ukrainian and Russian. We proposed
and evaluated four architectural variants based on
transformer-based models, including multilingual and
monolingual backbones, custom classifier components,
and class imbalance mitigation techniques.

Our results demonstrate that multilingual trans-
former models, particularly XLM-RoBERTa, substan-
tially outperform a monolingual baseline (UA-Ro-
BERTa) in detecting low-rated reviews. Among all
configurations, Variant 3 — which combines partial
fine-tuning, a deep BiLSTM/CNN classifier, and focal
loss — achieved the best overall results, with an F1
score of 0.47 for the minority class and a macro F1 of
0.73, representing a substantial improvement over the
baseline. The model also achieved a strong ROC AUC
of 0.84, indicating high discriminative ability.

In contrast, models relying on frozen embeddings
(Variant 2) underperformed in all metrics related to
minority class detection, despite offering the fastest
inference. This highlights the importance of targeted
fine-tuning even when working with powerful pre-
trained architectures. Variant 1 demonstrated a good
balance between recall and speed, showing that
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lightweight solutions can remain competitive when
architectural choices are well-optimized.

Beyond numerical performance, qualitative error
analysis revealed important challenges that remain
open: handling mixed sentiment, interpreting negation
and irony, resolving text-rating inconsistencies, and
processing code-switched input. These aspects point
to the inherent complexity of real-world sentiment
analysis in multilingual and user-generated settings.

From a practical standpoint, the proposed frame-
work offers a scalable approach for automated senti-
ment monitoring in digital publishing, e-commerce
platforms, and recommendation systems, particularly
in low-resource linguistic environments. It demon-
strates how multilingual pretrained models can be

adapted to underrepresented languages and real-world
tasks through focused fine-tuning and classifier design.

Future work may focus on the integration of irony
detection, multitask learning for sentiment and rat-
ing alignment, and the use of code-switching-aware
pretraining to further enhance model robustness.
Additionally, further evaluation on external datasets
and different domains (e.g., product reviews, news
comments) will help assess the generalizability of the
proposed approach.

Overall, this research contributes to advancing
multilingual sentiment analysis in underrepresent-
ed language settings, and provides a foundation for
building more context-aware, fair, and accurate review
classification systems.
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OIIIHKA KJIICHTCHKOI'O TOCBIIY B EJIEKTPOHHIN
KOMEPIIIi: BATATOMOBHII CEHTUMEHT AHAJII3
BIITYKIB KOPHUCTYBAYIB 3 BUKOPUCTAHHSIM
TPAHC®OPMEPHHIX MOJIEJIENA

Anomauis. Y pobomi posenanymo sadayy 602amomo8H020 GHAJIZY MOHAIbHOCMI 8 cepedosULll eleKMPOHHOL
KoMepuii Ha nPuKadi peyeHail YKPAIHCbKO ma POCLiiCbKOI0 MOBAMU HA KHUZU. 3anponoH08aH0 2l0pUuUdHLL
nidxio, w,o 6azyemsca Ha MPAHCHOPMEPHUX APXIMEKMYPAX | 8PAXOBYE AK MOBHY CKJIAOHICIMb CJLO8’AHCOKUX
M08, mak i cymmesuti ducoaiarc Kaacié y 0aHUX Kopucmysaybkux 6i0zyxis. Jna 0ocaidncenHa 6UKOPUCMAHO
ropnyc 3 npubnusro 70000 peuersiii, 3i6panux Ha YEPAiHCvKil oHnalin-naameopmi Yakaboo.

Knacugirayiiina sadawa cgpopmynvosana ax OIHAPHA: BUABIEHHA 8102YKI8 13 HU3bKUM pelimurzom (1-3 3ip-
Ku) npomu sucorux (4-5 3ipok), npuuomy wacmra MIHOPUMAPHO20 Kiacy cmanosumy auwe 4-5%. Hatikpawa
Mmodentb —uacmkoso donasuerna XLM-RoBERTa 3 enuboxum knacugiramopom i pyrryicio empam focal loss —
docazna maxpo-F1 = 0.73 i F1 dna minopumaprozo knacy = 0.47, w0 cymmeso nepesuuiye pe3ynvmamu 6a3060i
MOHOMOBHOL modeni (0.66 i 0.37 6i0nosidno). Sacmocysarns «nepeduckpemusauii 6invuiocmi» (oversampling)
ma focal loss doseno ceor epexmusuicmd y nodonarki ducoanarcy.

Pesynvmamu docnidscernns 3aceiduyromsb NPAKMUYHY UIHHICMb AHAIZY MOHAAbHOCME O1a naam@opm
eJIeKMPOHHOL KOMepULL — 30Kpema, O 8UABNIEHHA He3a0080IeHUX KJILEHMI8, YOOCKOHAICHHA MOBAPHUX NPO-
nosuylil i nepcoranizaylli mapkemurzosux cmpameziii. Poboma pobumuv eHecok y po3sumokx 6azamomosHozo
AHAII3Y MOHAILHOCML 8 YMOBAX 0OMEHCEeHUX MOBHUX PeCypCLs.

Hayrosa nosusna docnidsrcenns nonszae 8 nOcOHaHHL 6@2amomo8HUX MPAHCHOpMepIs i3 adanmusHuMU
Kacu@ixamopamu ma cneylaabHumu memodamu 6opomvou 3 ducoanancom Kaacieé 01 o6podKu peanvrHux
0QHUX PUHKY eleKmPOHHOL Komepyll. 3anponorHosaruli nidxid modxce 6ymu adanmosaruli 00 IHULUX MO8 |
npedmemuux obnacmeti, w0 6I0KPUBAE NEPCNEKMUBU NOOAALULUX MIHCOUCUUNTIHAPHUX JocaidwceHd Y cghepl
uuppPoBozo MapkremuHzy, OHIALUH-KOMYHIKAUIT ma couianbrux media.

Kanarwwuoesi croea: cenmumenm anaiia, o6podka npupodHoi Mo8U, eleKmpPOHHA KOMEPULA, KJILEHMCbKUL
doceid, 6azamomosui mparcpopmepri modeni, XLM-RoBERTa, ducbanarc knacis.
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