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In the rapidly evolving digital economy, organizations often face increasing complexity when selecting and prior-
itizing IT projects due to limited resources, uncertain returns, and dynamic market conditions. This study explores the
application of decision tree models enhanced with machine learning techniques for improving the selection process of
IT projects. The primary objective is to develop a predictive and interpretable framework that assists decision-makers in
evaluating project feasibility, funding potential, and strategic alignment. The study employs a machine learning approach
based on decision tree algorithms to analyze structured project-level datasets containing financial, technological, and
organizational performance indicators such as funding size, industry category, revenue model, and operational status.
A decision tree algorithm is trained to classify IT projects into predefined outcome categories, enabling transparent rule-
based decision-making. The developed model showed strong predictive performance, achieving an overall accuracy of
approximately 81.1%, which confirms its reliability in distinguishing between successful and unsuccessful IT projects.
The results demonstrate that decision tree-based models provide a balance between interpretability and predictive per-
formance, making them particularly suitable for managerial decision support systems. Compared to traditional heuristic
approaches, the machine learning framework offers improved consistency in project evaluation and highlights hidden
patterns in investment outcomes. Overall, the decision tree results indicate that the most significant determinants of IT
project success or funding attractiveness are industry sector, technological orientation, revenue model, funding history,
founder characteristics, and investor profile. Consequently, the model can serve as an effective decision-support tool
for investors, managers, and policymakers seeking to evaluate IT projects and allocate resources more efficiently under
the conditions of the digital economy.

Keywords: IT project, decision tree, digital economy, machine learning, modelling, project management, performance
indicators.

Formulation of the problem in general terms. In the
digital economy, organizations increasingly face the complex
task of selecting the most appropriate IT projects from a
wide range of alternatives. This process is challenging
because available resources such as time, budget, and
skilled personnel are limited, while the number of potential
projects continues to grow. At the same time, decision-
making is often carried out under conditions of uncertainty
and incomplete information, which makes it difficult to
accurately predict which projects will be successful.

In many cases, companies still rely on traditional
approaches to IT project selection, such as expert judgment,
simple financial analysis, or qualitative evaluation. However,
these approaches are often subjective and inconsistent.
They also fail to capture complex relationships between
important factors influencing project success, such as risk
level, team experience, technological complexity, market
demand, and expected return on investment. As a result,
organizations may invest in projects that do not deliver
expected value or fail to allocate resources efficiently.

© Tetiana Kmytiuk, Olena Piskunova, Svitlana Savina, 2026
C}OCTI:CH Ha ymoBax niueHsii BigkpuToro goctyny (CC BY 4.0)

BicHuk CymcbKoro HauioHanbHOro arpapHoro yHiBepcureTty

22

Cepist «ExoHOMiKa | MeHemkMeHT», Bunyck 2 (106), 2026



From a scientific perspective, the main problem is the
need to develop more effective and reliable methods for
predicting IT project outcomes and supporting decision-
making processes. Modern machine learning techniques,
especially decision tree models, offer a promising solution to
this problem. These models can analyze large and complex
datasets, identify key factors influencing project success,
and present results in a clear and interpretable form that is
easy for decision-makers to understand.

From a practical point of view, this problem is closely
related to the real challenges faced by organizations in
managing IT project portfolios. Companies often struggle
with inefficient resource allocation, high project failure rates,
and the lack of structured tools for comparing different
project proposals. This leads to suboptimal investment
decisions and reduces overall organizational performance.

Therefore, the problem of IT project selection is both
a scientific and practical challenge. It is connected to
important tasks in the field of machine learning and data-
driven decision-making, including the development of
predictive models, improvement of interpretable algorithms,
and optimization of resource allocation under uncertainty.
Addressing this problem through decision tree models can
significantly improve the quality, transparency, and efficiency
of IT project selection in the digital economy.

Analysis of recent research and publications. An
analysis of modern scientific research indicates growing
interest in the use of machine learning methods in the field
of IT project management and investment decision-making
in the digital economy. In the contemporary business envi-
ronment, enterprises operate under conditions of intense
competition, rapid technological change, and limited finan-
cial resources, which creates the need for effective tools to
select the most promising IT projects. In the international
academic community, the digital economy is viewed as an
environment in which data, innovation, and digital technolo-
gies become decisive factors of economic development and
business competitiveness as emphasized by Chen, Z. and
Xing, R. (2025) as well as Yuan, X., Han, B., Wang, S., and
Zhang, J. [1, 11]. Recent scientific publications emphasize
that traditional project selection methods based on expert
evaluations, financial ratios, ranking techniques, and subjec-
tive managerial judgments do not always ensure sufficient
accuracy in complex multi-factor conditions. Researchers
note that classical approaches often fail to capture hidden
relationships between indicators of risk, profitability, techno-
logical complexity, and project scalability potential. There-
fore, machine learning algorithms capable of processing
large datasets and generating predictive models based on
historical observations are becoming increasingly popular,
as highlighted by Witten, |. H., Frank, E., Hall, M. A., and
Pal, C. J. [10].

Among modern analytical tools, decision trees attract
particular attention as one of the most interpretable clas-
sification methods. Foundational studies by Lu, Y., Ye, T,,
and Zheng, J. have demonstrated that decision trees allow
the formation of a hierarchical structure of influencing fac-
tors and create understandable decision rules regarding the
classification of objects into specific categories [3]. Unlike
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many other machine learning algorithms, decision trees
provide a high degree of transparency, which is especially
important for managers and investors who require not only
a forecast but also an explanation of the obtained result, as
discussed by Sullivan, W. [9].

A separate area of contemporary research is devoted
to the use of decision trees in project management. In par-
ticular, Kerzner, H. investigates the possibilities of predicting
budget overruns, implementation delays, probability of suc-
cessful project completion, and assessment of investment
risk levels and shows that the most significant factors of IT
project success include team experience, financing struc-
ture, business model type, industry specialization, techno-
logical innovativeness, and level of market demand [2].

In the Ukrainian scientific environment, issues of digital
transformation, IT sector development, and implementation
of modern analytical tools are also gaining relevance. At the
same time, most studies focus mainly on general aspects of
economic digitalization, automation of business processes,
and development of innovation infrastructure, as shown in
the works of Prokhorova, V., Diachenko, K., and Babichev,
A., as well as Shcherban, T., Hoblyk, V., Chernychko, T.,
Pigosh, V., and Kozyk, I.. Practical aspects of applying
machine learning to IT project selection, especially using
interpretable models, remain insufficiently explored.

Overall, the results of research confirm the significant
potential of machine learning methods for supporting man-
agerial decisions in the field of IT projects. However, most
existing approaches are focused either on highly accurate
but difficult-to-interpret models or on general methodologies
without considering the specific features of digital projects.
This indicates the existence of a scientific gap regarding the
development of practical, transparent, and adaptive models
for IT project selection that would combine high predictive
accuracy with ease of use in real business environments.
This determines the relevance of further research on the
application of decision trees for IT project selection in the
digital economy.

The main purpose of this article is to explore how
decision tree models, can be applied to support the selec-
tion of IT projects in the digital economy. In particular, the
article aims to demonstrate how data-driven methods can
improve decision-making efficiency, and accuracy in IT pro-
ject management.

Methods of research. The study applies a data-driven
methodological approach based on supervised machine
learning, specifically decision tree algorithms, to support IT
project selection in the digital economy. The research uti-
lizes a structured dataset of IT projects that includes finan-
cial, technological, and organizational variables. The meth-
odology involves data preprocessing, feature selection, and
model training using criteria such as entropy, Gini index,
and information gain to construct an interpretable classifica-
tion model. Model performance is evaluated using standard
metrics, including accuracy, precision, recall, and F1-score,
supported by confusion matrix and ROC analysis. This
approach ensures both predictive reliability and interpreta-
bility, enabling its application in managerial decision-making
contexts.
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Results of the study. The digital economy is
characterized by rapid innovation cycles, high uncertainty,
and strong competition among organizations implementing
IT projects. In such an environment, effective project
selection becomes a critical factor influencing organizational
success. The application of machine learning methods,
especially decision tree models, provides a structured and
analytical approach to improving these decisions.

Decision trees belong to the class of supervised learning
algorithms used for solving classification and regression
problems. Their main principle is to recursively split a
dataset into subsets based on feature values, gradually
building a hierarchical structure of decision rules. Each split
is chosen in a way that increases the homogeneity of the
resulting groups, allowing the model to separate successful
IT projects from unsuccessful ones based on observed
patterns in historical data.

In IT project selection, decision trees are trained
using datasets that contain information about previously
implemented projects. Such datasets typically include both
quantitative and qualitative variables. Quantitative variables
may include project cost, duration, number of team members,
and return on investment, while qualitative variables may
include project type, technology stack, and risk category.
The target variable usually represents the outcome of the
project, such as success, partial success, or failure.

The construction of a decision tree begins with selecting
the most informative variable that best divides the dataset
into distinct classes. This is done using statistical criteria
such as information gain, entropy reduction, or Gini index [4].

A key concept used in building decision trees is entropy,
which measures the level of uncertainty or disorder in a
dataset. It is defined as:

H(8)=-3plogp,) (1)

i=1
where p, represents the probability of class i in the
dataset.
Another commonly used measure is the Gini index,
which evaluates the impurity of a dataset:

Gini(S)=1-%p; (2)
i=1
Both entropy and Gini index are used to determine how
“pure” a node is after splitting.
To select the best feature for splitting, the algorithm
uses Information Gain, which measures the reduction in
uncertainty:

# St
veVulueS(A)# St H(SV) (3)
where S isthe dataset, 4 isafeature,and S, represents
subsets created by splitting on value v.

The process is repeated recursively for each subset
until a stopping condition is reached. These conditions
may include a maximum tree depth, a minimum number
of observations in a node, or a minimum improvement
threshold.

After the model is built, it can be used to predict the
outcome of new IT projects. For example, if a new project

1G(S,4)=H(S)-

proposal has a high budget, an experienced team, and
a strong market demand, the model may classify it as a
high-probability success. Conversely, projects with limited
funding, high technical risk, and low market relevance may
be classified as high-risk or likely to fail.

In IT project selection, decision trees are trained
using datasets that contain information about previously
implemented projects. Such datasets typically include
variables such as project cost, duration, team size,
technological complexity, and risk level. The target variable
represents project outcome (success or failure).

After training, the model can be used to predict the
success probability of new IT projects based on learned
decision rules. For example, the model evaluates conditions
step by step, leading to a final classification at the leaf node.

Model performance is evaluated using standard
classification metrics. One of the most important is accuracy,
defined as:

TP +TN
Accuracy = ®)
TP+TN + FP+ FN

where TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives.

In addition, precision, recall, and F1-score are often used
to assess model quality, especially in cases of imbalanced
datasets.

Precision measures how many predicted successful

projects were actually successful:

TPTP ©)
+FP
High precision means the model makes fewer false
positive errors (fewer wrong “good project” approvals).
Recall measures how many actual successful projects
were correctly identified:

Precision =

TPTP )
+ FN

High recall is important to avoid rejecting good IT
projects.

F1-score combines precision and recall into a single
metric:

Recall =

Fl= 2 - Precision - Recall ®)
Precision + Recall

It is especially useful when there is an imbalance
between successful and unsuccessful projects.

All these metrics are derived from the confusion matrix,
which compares predicted and actual outcomes. For a binary
classification problem (e.g., Successful vs Unsuccessful IT
Project), the confusion matrix is structured as follows [7]:

TP FP
FN TN
where:

* TP (True Positive): correctly predicted successful IT
projects

* TN (True Negative): correctly predicted unsuccessful
IT projects

+ FP (False Positive): predicted success, but actually
failure
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+ FN (False Negative): predicted failure, but actually
success

Interpretation

+ Ahigh TP and TN indicates a well-performing model.

* Ahigh FP means the model is overestimating project
success.

* A high FN is more critical in IT project selection
because it may reject potentially successful projects.

One of the key advantages of decision trees is their
ability to provide clear and interpretable results. This is
particularly important in managerial decision-making,
where stakeholders need to understand the logic behind
recommendations. Decision trees visually represent the
decision-making process, allowing users to trace how
specific input variables lead to a particular prediction.

However, despite their advantages, decision trees are
not without limitations. They are sensitive to small changes in
data, which can lead to significantly different tree structures.
They are also prone to overfitting, especially when the tree
becomes too deep and captures noise in the training data.
To overcome these issues, techniques such as pruning or
ensemble learning methods, including random forests and
boosting algorithms, are commonly applied.

In addition, data quality plays a crucial role in the
performance of decision tree models. In real-world IT
project datasets, missing values, inconsistencies, and class
imbalance are common problems that can reduce model
accuracy. Therefore, proper data preprocessing and feature
engineering are essential steps in the modelling process.

From a practical perspective, decision trees can
be integrated into decision support systems used by
organizations for IT project portfolio management. Such
systems help decision-makers evaluate multiple project
proposals, compare risks and benefits, and allocate
resources more effectively. This leads to improved strategic
planning and higher success rates of IT initiatives.

Overall, decision tree models represent a powerful
and practical tool for supporting IT project selection in the
digital economy. They combine predictive accuracy with
interpretability, making them suitable for both technical
analysts and business managers involved in strategic
decision-making.

The dataset utilized in this study collected from [8]
includes a structured collection of information on global IT
projects, designed to capture key business, technological,
and organizational characteristics. It includes variables
describing funding classifications, revenue models, and
industry sectors, covering a wide range of domains such as
fintech, fashion, and artificial intelligence.

Additionally, the database contains information on
founder demographics, including gender and professional
background, as well as organizational attributes such as
operational status and company headquarters location.
Technological specialization is also reflected through
categories such as deep technology, blockchain, and big
data, alongside indicators of digital activity, including web
traffic metrics.

Furthermore, the database provides details oninvestment
structures, identifying the types of financial support
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received by projects, including venture capital, accelerator
programs, and private equity. Overall, the database enables
comprehensive, multidimensional analysis of IT ventures
and their development patterns.

Based on the provided dataset excerpts, a conceptual
decision tree can be constructed to predict the Funding_
Class (0 or 1) by analyzing the attributes of various IT
projects. The target variable is Funding_Class, where "1’
generally indicates a positive funding outcome or status,
and '0" indicates otherwise.

The decision tree for successful IT project classification
is presented in figure 1.

The constructed decision tree model provides valuable
insights into the determinants of IT project classification in
the digital economy. The model separates projects into two
categories, Class 0 and Class 1, based on a combination of
business, technological, and organizational characteristics.
Since the dataset at the root node is relatively balanced
between the two classes, the model is suitable for identifying
meaningful classification patterns without significant bias
toward one category.

The first and most influential split in the tree is based
on the industry sector, indicating that the business area in
which a company operates is the primary factor affecting
project outcomes. Projects belonging to industries such as
enterprise software, food, marketing, media, semiconductors,
transportation, and travel tend to move toward branches
dominated by Class 0, suggesting lower predicted investment
attractiveness or weaker development potential. In contrast,
projects operating in other sectors are more frequently
classified as Class 1, reflecting stronger growth prospects.

For projects in the left branch, the nextimportant predictor
is the income stream model. Firms relying on advertising,
commission, subscription, or unknown revenue structures
are more often associated with Class 0 outcomes. However,
certain subgroups with a lower number of funding rounds
show improved classification results, implying that some
early-stage ventures may still possess growth potential
despite belonging to less favorable sectors.

Within the right branch, the model highlights the
importance of technology specialization. Projects focused
on advanced technologies such as augmented reality,
hardware solutions, and the Internet of Things (loT)
demonstrate a higher probability of belonging to Class 1.
This finding supports the assumption that innovative and
technology-intensive ventures are more attractive in the
digital economy.

Further splits in the tree are determined by additional
variables, including founder gender composition, founder
professional background, investor type, and specific
niche industries. These results suggest that managerial
and organizational characteristics also influence project
outcomes, although their impact is secondary compared
with industry and technology factors.

The terminal nodes of the tree reveal several highly pure
classifications, where the probability of belonging to one
class exceeds 90%. This confirms the ability of the model to
clearly distinguish between promising and less attractive IT
projects under certain combinations of characteristics.
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Fig. 1. Full decision tree
Source: calculated by the authors in a software environment R

The confusion matrix below in Figure 2 illustrates the
classification results for the building decision tree model.
The matrix visualizes the number of true positives, false
positives, true negatives, and false negatives, helping to
evaluate the balance between precision and recall.

To evaluate the performance of the decision tree model
developed for the selection of IT projects in the digital
economy, a confusion matrix was constructed based on
a total of 407 observations. The matrix compares the
actual project outcomes with the predicted classifications
generated by the model.

The results indicate that the model correctly classified
330 out of 407 cases, demonstrating strong predictive
performance.

for successful IT project

The overall accuracy of the model is calculated as
follows:

150+180

Accuracy = ~0.811

Thus, the model achieves an accuracy of approximately
81.1%, which indicates a good level of reliability in predicting
IT project outcomes.

Further evaluation metrics for the positive class (suc-
cessful IT projects) show:

- Precision: 78.9% — indicating that most projects pre-
dicted as successful were indeed successful.

- Recall: 80.2% — showing that the model successfully
identifies the majority of truly successful projects.

Confusion Matrix (Funding Success)

Actual: Successful

Actual Category

Actual: Unsuccessful

Predicted: Successful

Predicted: Unsuccessful

Predicted Category

Fig. 2. Confusion matrix

Source: calculated by the authors in a software environment R
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- F1-score: 79.5% - reflecting a balanced trade-off
between precision and recall.

The obtained results demonstrate that the decision tree
model performs effectively in supporting decision-making
regarding IT project selection in the digital economy. The rel-
atively high number of true positives and true negatives con-
firms the model’s ability to distinguish between successful
and unsuccessful projects. However, the presence of false
positives and false negatives suggests that some degree
of misclassification remains, which is typical for real-world
machine learning applications.

The ROC curve, displayed in Figure 3, illustrates the
trade-off between the True Positive Rate (TPR) and the
False Positive Rate (FPR) at various classification thresh-
olds.

The overall Area Under the Curve (AUC) can be inter-
preted as the model’s ability to distinguish between suc-
cessful and unsuccessful IT projects. Based on the obtained
performance metrics, the model demonstrates a good dis-
criminative ability, with an estimated AUC in the range of
approximately 0.80-0.85, which is considered strong for
real-world decision-support systems.

Receiver Operating Characteristic (ROC) Curve
IT Project Funding Prediction

08+ Model Resul

| Result
(FPR=0.182, TPR=0.802)

0.6

0.4+

True Positive Rate (TPR)

0.2+

0.0

—— ROC curve (AUC = 0.81)
——- Random Guessing (AUC = 0.50)

) 02 o4

06 08 10

False Positive Rate (FPR)

Fig. 3. ROC curve for the Decision tree model

Source: developed by the authors

Conclusions. This study focused on the application of
a decision tree model for selecting IT projects in the digital
economy using machine learning methods. The obtained
results demonstrate that machine learning techniques can
effectively support decision-making in the evaluation and
prioritization of IT projects.

The developed model showed strong predictive per-
formance, achieving an overall accuracy of approximately
81.1%, which confirms its reliability in distinguishing
between successful and unsuccessful IT projects. The
confusion matrix analysis indicated a balanced classifica-
tion ability, with relatively high values of both precision and
recall, which suggests that the model is suitable for practical
use in investment decision support systems.

The ROC analysis further confirmed the model’s effec-
tiveness, demonstrating good discriminatory power between
classes. The Area Under the Curve (AUC) indicates that the
model performs significantly better than random classifica-
tion and can reliably support strategic decisions in digital
project selection.

Overall, the results confirm that decision tree-based
machine learning models can be successfully applied in
the digital economy to improve transparency, reduce uncer-
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tainty, and enhance the efficiency of IT project investment
decisions.

Despite the positive results, several directions for further
research can be identified to improve and extend the current
study.

First, future work may focus on the application of ensem-
ble learning methods such as Random Forest, Gradient
Boosting, and XGBoost, which are known to provide higher
predictive accuracy and better generalization compared to a
single decision tree model.

Second, model performance can be improved through
feature engineering and selection techniques, including the
incorporation of additional variables such as market dynam-
ics, user engagement metrics, and macroeconomic indica-
tors that may influence IT project success.

Third, further research may explore deep learning
approaches for more complex nonlinear relationships in
large-scale digital economy datasets, especially when work-
ing with big data sources.

Finally, future studies may extend the analysis to real-
time predictive systems that continuously evaluate IT pro-
jects during their lifecycle, enabling dynamic investment
decision-making in rapidly changing digital environments.
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Kmumiok Temsina JleoHidieHa, kaHOuOam eKOHOMIYHUX HayK, OoueHm, Kuigcbkull HauioHarbHUl EKOHOMIYHUL
yHigepcumem imeHi Baduma lembmaHa. lMickyHoea OneHa BanepiieHa, okmop ekoHOMIYHUX Hayk, npoghecop, Kuiscbkuli
HauioHanbHUl eKoHOMIYHUU yHisepcumem imeHi Baduma embmaHa. CaeiHa CeimmaHa CmaHicnasieHa, kaHOuGam
eKOHOMIYHUX HayK, doueHm, KuisCbKul HauioHabHUU eKoHOMIYHUU yHigepcumem iMeHi BaOuma ['embmMaHa.

HOEPEBA PIWEHb A[J5i4 BUBOPY IT-TIPOEKTIB Y UU®POBIN EKOHOMILI 3 BUKOPUCTAHHSAM
MALUMHHOIO HABYAHHA

B ymosax cmpiMKo20 po38uUmKy Lugpo8Oi EKOHOMIKU opeaHisauii cmukaombcsi 3i 3p0CMaryol0 CKNadHICmK npu
eubopi ma eusHa4eHHi rpiopumemHocmi IT-Mpoekmig yepe3 0OMeXeHICMb Pecypcis, HesuU3HaYyeHicmb OKyrmHocmi ma
OuHamiuHi puHKoei ymosu. [JaHe 0ocnioxeHHs npucesyeHe 3acmocysaHHo Modesneli depes pilieHb, 00M0BHEHUX Memodamu
MaWUuHHO20 Hag4aHHs1, Or1si 600CKOHaeHHs1 rpouecy 8idbopy IT-npoekmis. [01108HOK MemMOK € po3pobka NPOo2HO3HOI Ma
iHMepnpemosaHoi cmpykmypu, sika doromMoxe sidnosidansHUM ocobam ouiHrosamu AoYirbHICMb NPOEKMI8, nomeHuian
¢hiHaHcysaHHs1 ma 8i0rnosiOHicmb cmpamezaiyHuM Yinsam. Y docnidxeHHi BUKOpUCMO8yombCS CMpyKmMypoeaHi Macugu daHuXx
Ha pigHi npoekmie, Wo micmsame ¢hbiHaHCO8i, MEXHOO02IYHI Mma opaaHi3auiliHi MoKa3HUKU, maki sk ob6cse hiHaHCyeaHHs,
cpepa disinbHocmi, bisHec-mo0ennb ma nomoyHuUl cmaH. Ameopumm Oepesa piweHb Oyro Has4yeHO Krnacugbikysamu
IT-npoekmu 3a 3a3danez2idb GU3HaAYeHUMU Kamezaopismu pesysibmamie, ujo 3abesnedye Mpo3ope MpuliHImms pilueHb
Ha OcHoei npasus. 3anponoHosaHa mModenb MPodeMoHCMpysana 8UCOKY eheKMUBHICMb MPO2HO3y8aHHS, 0CAeHy8WU
3azarsnbHoi moyHocmi 6nu3sbko 81,1%, wo nidmeepdxye il HadiliHicmb y PO3PISHEHHI yciWHUX ma HeycniwHux IT-npoekmis.
Pesynbmamu 0emoHcmpyroms, wo Moderi Ha ocHosi Oepes pilieHsb 3abesnedyroms banaHc MiX iHmeprpemosaHicmio ma
egbekmugHicmio MPo2Ho3y8aHHs, Wo pobums ix npudamHumu 07151 cucmem MdmpUMKU yrpasiHCbKUX PilueHb. Y NMOPIBHSIHHI
3 mpaduyiliHumu espucmuyHuMu nidxodamu, hpeliMeopK MaWUHHO20 HaedyaHHs 3abesnedye Oinbwy cmabinbHicmb
OUJHKU MPOEKMie ma 8usierisie MpUXoeaHi 3aKOHOMIPHOCMI iHBeCcMUUiUHUX pesyribmamig. 3azanom, pesynbmamu Oepesa
pilleHb 8Ka3yrmb Ha me, WO HalBaXIueilWUMU eU3HaYarbHUMU ¢hakmopamu ycnixy IT-npoekmy abo iHeecmuyitHoOl
npusabnusocmi € cehepa OiFrIbHOCMI, MEXHOO02iYHa opieHmauis, Moderb ompumaHHs 0oxody, icmopisi (hiHaHCy8aHHs,
ocobucmi sskocmi 3acHo8HUKa ma npogink iHeecmopa. Omxe, Moderb Moxe criyaysamu eheKmuHUM iHCMpPYMeHmMom
niémpumku MpuliHAMMS piweHs 01151 iHeecmopie, MeHedxepie ma nosnimukie, SKi npazHyms oujiHoeamu IT-npoekmu ma
ehekmugHiwie po3nodinsmu pecypcu 8 Uughpositi EKOHOMIU.

Knrovosi cnoea: IT-npoekm, depego pilieHb, Lughposa eKoOHOMIKA, MaWUHHE Hag4yaHHs, MOOETHOBaHHS, YNpasiHHS
MpoEKMamu, MoKa3HUKU eheKkmueHocmi.

[lama Hadxo0xeHHs cmammi: 16.04.2026

Hama nputiHamms cmammi: 07.05.2026
Hama nybnikauii cmammi: 29.05.2026

BicHuk CymcbKoro HauioHanbHOro arpapHoro yHiBepcureTty
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