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The purpose of this study is to develop an econometric toolkit for identifying and quantitatively assessing the factors influencing the
probability of attracting external financing for IT projects in the context of the digital economy.

The methodological framework is based on econometric modeling techniques, in particular binary logistic regression (logit model), as
well as system analysis, statistical data processing methods, and approaches to handling imbalanced datasets (reweighting and undersampling).
Model validation was performed using the Wald test, likelihood ratio test, and the Hosmer-Lemeshow goodness-of-fit test.

Based on the modeling of a sample of Ukrainian IT projects, key determinants of successful fundraising were identified. The presence of
early-stage investors was found to have a decisive impact, significantly increasing the likelihood of obtaining financing. A statistically significant
positive effect of project commercial orientation and digital presence was established. Furthermore, a synergistic effect between technological
innovation, particularly the use of artificial intelligence, and operational flexibility — manifested in reduced time-to-market - was substantiated.

The proposed approach can be applied as a decision-support tool in IT project management, particularly for assessing investment
attractiveness, optimizing development strategies, and enhancing the efficiency of commercialization processes for innovative products. The
practical significance of the developed models lies in their ability to provide IT managers and venture investors with an analytical toolkit for
auditing initiatives at early stages, thereby minimizing the «valley of death» risks and optimizing financial resource allocation. The results
contribute to risk reduction at the early stages of the project lifecycle and improve the robustness of managerial decision-making. Future research
directions involve the use of recurrent neural networks to forecast the long-term evolutionary trajectories of IT products in a global digital market.

Keywords: IT project, IT product, digital economy, project management, logistic regression, optimization, modeling, investment
attractiveness.
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STATEMENT OF THE PROBLEM IN GENERAL TERMS

AND ITS CONNECTION WITH IMPORTANT SCIENTIFIC OR PRACTICAL TASKS

In the context of rapid development of the digital economy, the implementation of innovative IT
projects is becoming a key driver of economic growth. However, the processes of developing and bringing
new technological products to market are accompanied by an extremely high level of uncertainty and risk.
Most technological initiatives cease to exist at early stages of the life cycle, primarily due to a lack of
financial resources and errors in strategic planning.

Successfully overcoming these barriers critically depends on the ability of managers to optimally
manage business processes. Accordingly, modeling and managing the processes of creating and
developing IT projects requires a reliable toolkit for substantiating management decisions. Identifying and
quantitatively assessing factors that signal to investors the potential viability of a project is an extremely
important practical task. This allows optimizing the IT product development strategy, rationally allocating
limited team resources, and increasing the probability of successful commercialization.

ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS ADDRESSING THIS PROBLEM
AND APPROACHES TO ITS SOLUTION

The problem of assessing investment attractiveness and predicting the success of IT projects under
conditions of high uncertainty in the digital economy is attracting increasing attention from the scientific
community. Contemporary research in this area can be broadly divided into several interrelated directions,
encompassing investment analysis, econometric modeling, and machine learning approaches.

The fundamental mechanisms of how venture capital makes decisions regarding the financing of
technological initiatives are detailed in the work of P. A. Gompers et al. [1]. The authors demonstrate the
priority of team and business model evaluation over the idea itself. The most dynamic direction is the
integration of artificial intelligence and machine learning into project assessment processes. M. R. Bidgoli
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et al. [2] demonstrated the high effectiveness of applying machine learning approaches specifically for
predicting the success of startups. For the quantitative prediction of project outcomes, data mining methods
are widely applied, as substantiated in the research of A. Krishna et al. [3]. Meanwhile, S. Mseddi [4]
investigated the dynamics of financing startups and impact investing, providing valuable regional
evidence and comparative insights across MENA countries.

In the context of mathematical risk assessment tools, the methodology for proactive risk
management and financial prediction using a stepwise logistic regression approach, as substantiated by D.
Ait Lahcen and N.-E. Amghar [5], is of considerable interest. This approach enables effective work with
dichotomous dependent variables, estimating the probability of a target event occurring, such as
successfully attracting financing or avoiding financial failure. In their research [6], the authors addressed
nonlinear modeling and focused on determining the optimal neural network parameters to predict the
success of early-stage startups.

Despite the solid theoretical and methodological foundation [7-9], the analysis of existing
publications indicates the fragmentation of current approaches. Most econometric models [5, 8] remain
linear and are unable to fully account for the stochastic nature of digital markets, while powerful neural
network and machine learning algorithms [2, 6] are often characterized by a low level of explainability and
difficulty in interpreting results for real-world management. Furthermore, there is a lack of comprehensive
studies that would adapt this toolkit specifically for the field of IT projects, taking into account the markers
of the modern digital economy.

UNRESOLVED PARTS OF THE GENERAL PROBLEM TO WHICH THE ARTICLE IS DEVOTED

Despite the existing theoretical foundation, current approaches to assessing IT projects remain
fragmented as most econometric models are linear and fail to account for the stochastic nature of digital
markets. While machine learning and neural network algorithms offer high predictive power, they often
suffer from low explainability, making them difficult to interpret for real-world management decisions.
Furthermore, there is a lack of comprehensive studies specifically adapted for IT projects that integrate
markers of the modern digital economy, such as the synergistic effect between technological innovation
and operational flexibility. Methodologically, the problem of handling imbalanced datasets in the context
of Ukrainian IT initiatives remains insufficiently addressed, necessitating a more robust approach to
identifying the key determinants of investment attractiveness.

FORMULATION OF ARTICLE OBJECTIVES (PROBLEM STATEMENT)

The purpose of this study is to identify and quantitatively assess the key factors that influence the
probability of obtaining external financing by domestic IT projects, based on econometric modeling
methods.

To achieve this objective, the authors formed a representative sample of Ukrainian IT projects and
selected a system of independent predictors to construct and verify logistic regression models, ultimately
interpreting the derived parameters to formulate recommendations for substantiating

PRESENTATION OF THE MAIN RESEARCH MATERIAL WITH FULL SUBSTANTIATION OF
THE SCIENTIFIC RESULTS OBTAINED

The analytical service Startup Ranking [10] was used as a source of empirical data, the purpose of
which is to track growth signals of innovative companies. Within this study, IT products were chosen as
the object of analysis as the most representative segment of the digital economy, characterized by a high
level of innovativeness and investment activity and as a result of successful implementation of projects in
the field of information technologies (IT project). Accordingly, a population of 176 Ukrainian IT projects
was formed, among which 29 (approximately 17.4%) demonstrated the ability to successfully attract
external financing, indicating their investment attractiveness and competitiveness.

Since the dependent variable (investment attraction result) is dichotomous, the use of the classical
linear probability model is incorrect, as predicted values may fall outside the interval [0; 1]. Therefore, the
logistic regression model (logit model) was chosen for modeling. The general form of the logistic
distribution function defines the relationship between the probability of an event and the set of explanatory
variables.

In order to deepen the analytical study, the relationships between the dependent variable
(outcome) and the set of predictors (independent variables) were examined using econometric modeling
methods, particularly logistic regression.
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As the dependent variable in the model, a binary indicator of IT project financing availability was
used: Y = 1 — if financing was attracted; Y = 0 — otherwise. Based on the preliminary log-linear analysis
presented in [8], the following variables were selected as predictors: X; - source of initial financing (1 -
presence of early investors/business angels, 0 - exclusively self-financing, bootstrapping); X, - strategic
orientation of the project (1 - clear focus on profit generation and scaling, 0 - orientation toward other
goals); X3 - digital presence and social impact (1 - presence of an optimized website and active social media
presence, 0 - passive online position); X, - key client segment (1 - orientation toward the B2B sector, 0 -
other); X5 - technological innovation factor (1 - integration of cutting-edge technologies, such as artificial
intelligence (Al); 0 - standard solutions); X - Time-to-Market speed factor (1 - Minimum Viable Product
(MVP) development took less than 6 months; 0 - more than 6 months).

When constructing econometric models, various assumptions may be made regarding the nature
of the relationship between the dependent variable Y;, i = 1, ...,n (Where n is the number of observations),
and the vector of explanatory variables X;, i = 1, ...,n (where k denotes the number of predictors in the
model). If a conventional linear regression model is applied, the resulting specification is known as the
linear probability model. However, this approach has several well-known limitations, the most important
of which is that the predicted values of the dependent variable may fall outside the interval [0; 1], which
lacks a meaningful interpretation. To address this limitation in modeling probabilities, functions F(-) are
employed whose range is confined to the interval [0;1]: P(Y = 1) = F(Z;). The choice of the function
F(-) determines the type of binary response model. Most commonly, either the cumulative distribution
function of the standard normal distribution is used (resulting in a probit model) or the logistic distribution
function (resulting in a logit model). For samples characterized by a relatively small variation in the
explanatory variables, as in the present study, the qualitative conclusions derived from probit and logit
models are typically very similar.

In what follows, we employ a logistic regression model, which can be represented as follows:

Zi
pi=Pi=1)=—=="+ M

The quantity Z; may be interpreted as an unobservable (latent) variable that determines whether
an IT project receives financing. Specifically, if: the quantity Z; is greater than zero Z; > 0, then the event
occurs: Y; = 1. Otherwise, if Z; < 0, then the event does not occur: Y; = 0.

Since p; - denotes the probability that the i-th IT project receives financing, then 1 — p; - represents
the probability that it does not receive financing. Accordingly, the odds ratio of receiving to not receiving
financing is given by 1pi . In the logit model, the natural logarithm of the odds ratio (log-odds) is assumed

-D;
to be a linear function of the explanatory variables:

Vi
or
i,
1-p;

bo+b1X1i+b2Xzi+..+bmXmite; (2)

The last expression helps in the substantive interpretation of logit model parameters: for the j-th
binary independent variable, the regression coefficient in exponential form e”/ shows how much the odds
ratio will change if the variable value equals 1.

The statistical software package Stata. The results of logit model estimation are presented in Tables
1,2, 3. The tables shows the maximum likelihood estimates of parameters b;, corresponding p-Wald statistic
values (p — level) and the exponent values e”/ of parameters b;. Additionally, the tables presents summary
statistics: the log-likelihood function value Log likelihood; the likelihood ratio value LR, the Hosmer-
Lemeshow statistic value and corresponding p-values.

The variables included in the models were analyzed for multicollinearity using the tolerance
indicator 1 — R} (where R? - the squared multiple correlation coefficient of the j-th independent variable
with all other predictors) and the indicator VIF, reciprocal to this value, which is called the variance

inflation factor (VIF): VIF = 1—_1RZ‘ In the presence of multicollinearity, the variable's tolerance approaches
J
0, and the value of the indicator VIF increases rapidly. It is considered that a value of this indicator

exceeding 5 indicates the presence of multicollinearity. In all cases considered by us, the value of VIF did
not exceed 2.5.
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Table 1
Results of logit model 1 estimation based on the original data sample
X Model 1
Model factors j b. p-level bj
J e
const -5,62 0,000 0,004
X 1 2,89 0,000 18,0
X, 1,40 0,055 4,06
X5 1,08" 0,076 2,96
Xy 0,60 0,360 1,83
X5 0,82 0,156 2,28
X 4 * X 5
Log likelihood -48,7
LR statistic 56,8
p-value for the LR statistic 0,000
Hosmer-Lemeshow statistic 2,52
p-value for the Hosmer-Lemeshow statistic 0,9607

Source: developed by the authors

Analysis of Tables 1-3 demonstrates that, for all three models whose estimation results are
reported, the values of the LR statistics exceed their corresponding critical values, while the associated p-
values are below 0.001. This indicates that the ratio of the maximum value of the likelihood function for
the unrestricted model to that for the restricted model is significantly greater than unity. In other words,
for all three models, the null hypothesis of the joint insignificance of all coefficients (i.e., their simultaneous
equality to zero) can be rejected at a significance level of less than 1%. Therefore, the models under
consideration may be regarded as adequately fitting the observed data. It should also be noted that the LR
statistic follows a y? distribution and serves as an analogue of the F-statistic in linear regression models.

An additional diagnostic for assessing model adequacy is the Hosmer-Lemeshow y? test. This
goodness-of-fit measure evaluates how well the model corresponds to the observed data by comparing
observed and expected frequencies of the outcome y; = 1 (i.e., cases of receiving financing) across groups
of observations. As shown in Tables 1-3, the p-values of the Hosmer-Lemeshow statistic for all estimated
models exceed the critical threshold, which implies that there is no statistical basis to reject the null
hypothesis of no difference between observed and expected frequencies. Consequently, the estimated
models presented in Tables 1-3 can be considered adequately specified and well-fitted to the empirical
data.

Let us now proceed to the interpretation of the obtained results. First, a logistic regression model
(Model 1) was constructed, which included factors Xj, ..., X5, described above. As can be seen from Table 1,
positive parameter estimates were obtained for all factors included in the model. Analysis of Model 1
estimation results shows that the greatest impact on receiving financing is exerted by factor X; - the
presence of investors; this factor is significant at a significance level less than 0.001. Factors X,, X3 - the
project's orientation toward profit generation and digital activity on the Internet (website presence and
social media presence) also have a significant positive impact on the indicator. Meanwhile, the parameters
for forvariables X,, X5 turned out to be positive but insignificant; therefore, we cannot consider the influence
of these factors on the studied indicator as non-random.

The exponent values e/, presented in Tables 1-3, show how the ratio of the odds of receiving
financing to the odds of not receiving financing will change if factor X; equals 1. As can be seen from Tables
1-3, in the presence of investors and all other conditions being equal, the odds ratio increases 18-fold; with
the IT product's orientation toward profit generation - 4-fold; with the presence of a website and social
media presence - almost 3-fold.

For Model 1, the following linear function was obtained Z;:
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Z,=—552+3,00-X;; + 1,40 - X,; + 1,08 - X5; + 0,60 - X,; + 0,82 - X5; €)

As noted above, the quantity Z can be regarded as a certain latent variable that determines the
event of receiving financing. It is expected that an IT project receives financing if the value of this function
is greater than zero. From formula (3), it can be seen that for IT projects whose MVP development took
more than 6 months (X = 0), financing is expected under the following conditions: the presence of early
investors (X,); strategic orientation of the project toward profit generation (X,); digital presence and social
impact (X3). For IT projects that released their MVP within 6 months or less (X¢ = 1), financing is expected
in the presence of investors and the fulfillment of at least two of the following conditions: orientation of the
project toward profit (X,); active digital presence (X3); and if the key client segment is business (X,).

To deepen the research, the impact of factor interactions on the Y indicator was analyzed. Model 2
(Table 2) included the base factors and a factor reflecting the interaction of factors X4 and X5. All coefficients
in the model are positive and significant. As in Model 1, significant impact on the indicator is exerted by
such factors as the presence of investors, the project's orientation toward profit, and active social media
presence. The positive coefficient for the interaction factor means that the positive impact on receiving
financing for IT projects with standard technological solutions (X5 = 0) is substantially reinforced by the
orientation of activities toward the B2B sector (X,).

Table 2
Results of logit model 2 estimation based on the original data sample
X Model 2
Model f :
odel factors j b] p-level o b_j
const -5,06" 0,000 0,01
X 3,00 0,000 20,1
X, 137 0,056 3,95
X5 1,10° 0,059 3,01
Xy
X 5
X 2 * X 5
Xy4-Xs 1,20 0,099 3,33
Log likelihood -48,7
LR statistic 56,8
p-value for the LR statistic 0,000
Hosmer-Lemeshow statistic 3,61
p-value for the Hosmer-Lemeshow statistic 0,6073

Source: developed by the authors

Model 3 (Table 3) accounts for the interaction of factors X, and X5, as well as the interaction of
factors X; and Xs5. According to the obtained estimation results presented in Table 3, these factors have
different effects on the Y indicator depending on the level of technological innovativeness of the IT project.
Thus, commercial orientation toward profit exerts a significant positive impact on the Y indicator for IT
projects without AI/ML integration (X5 = 0). The presence of a website and social media presence (X3)
significantly increases the probability of receiving financing; however, for projects with standard solutions,
this impact is somewhat less than for innovative IT projects with Al as Core Feature (X5 = 1).

Thus, the constructed models show consistent results, according to which the factors influencing
the receipt of financing by IT projects are, primarily, the presence of early investors, as well as the project's
orientation toward profit generation and active digital presence. Furthermore, depending on the
development speed and technology stack, a significant positive impact is exerted by such a factor as the
orientation of the project's activities toward business.
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Table 3
Results of logit model 3 estimation based on the original data sample
¥ Model 3
Model factors ; b;
J b j p-level e’
const -6,22° 0,000 0,00
X 1 3,14™ 0,000 23,0
X 2
X5 3,24 0,009 25,4
Xy 0,74 0,281 2,10
X 5
X, X5 3,26™ 0,003 26,0
X5+ X5 2,75" 0,029 0,06
Log likelihood -44.4
LR statistic 65,3
p-value for the LR statistic 0,000
Hosmer-Lemeshow statistic 3,26
p-value for the Hosmer-Lemeshow statistic 0,8601

Source: developed by the authors

It should be noted that in the studied sample, IT projects that received financing constitute only
17.4% of the total number of considered initiatives. Such a distribution of the dependent variable may lead
to distortion of modeling results. The distribution can be changed using the thinning method or the sample
reweighting method. To obtain a thinned sample, all cases of receiving financing were taken, and 58% of
IT projects that did not receive financing were randomly selected. As a result of the transformation, the
sample was reduced to 108 IT projects. Therefore, in our case, given the small sample size, the second
strategy for forming the modeling sample — the reweighting method — is preferable. The results of
constructing logistic regression models for the thinned and reweighted samples are presented in Table 4.
As the comparative analysis shows, the results obtained for the original sample and the results obtained
for the adjusted samples do not differ significantly.
To investigate the impact of factor X, (the Time-to-Market speed factor) on receiving financing,
Model 4 was constructed, which included factors X,, X5, X and also accounted for the interaction of factors
X, and X5. As a result of parameter estimation by the maximum likelihood method, the following model
was obtained:
In(2) = —2,84 + 1,22 Xp; + LAT - Xy — 1,04 - Xg; + 1,38 - X,y - X @)

Dy

From the analysis of Model 4, it follows that the operational flexibility of the team is of critical
importance for attracting capital by an IT project: the model coefficient for factor X (Time-to-Market speed)
proved to be positive and statistically significant. This indicates that, all other conditions being equal
(strategic orientation, digital presence, and client segment), investors prefer dynamic IT projects that are
capable of developing and releasing a minimum viable product (MVP) in less than 6 months. Rapid
validation of ideas in the real market prevails over a prolonged development cycle.

The modeling results confirmed that for IT projects with a standard technology stack (X5 = 0) or a
longer development cycle (X¢ = 0), the primary orientation toward the B2B segment (factor X, — key
business clients) remains a significant success factor. The constructed logit models provide grounds to
assert that high implementation speed (X, Time-to-Market) combined with an active digital strategy (X3)
are critically attractive factors for modern investors in the high-tech development segment. This proves the
advantage of dynamic management models over conservative approaches to prolonged testing and formal
technology protection, which is especially relevant for innovative products with Al integration.
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Table 4
Model 4 parameter estimates obtained under different sample formation strategies
Model factors Reweighted data Thinned data
Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
const -4,752™ -4,146™ -5,487" -4,673™ -4,319™ -5,572™
(0,000) (0,000) (0,000) (0,000) (0,000) (0,000)
X 2,775™ 2,919™ 3,097 2,584 2,753™ 2,890™
1 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000)
X 1,285" 1,298™ 1,168 1,219
2 (0,028) (0,025) (0,130) (0,104)
X 1,242 1,167 3,255™ 0,929 0,961 3,111"
3 (0,014) (0,018) (0,001) (0,145) (0,116) (0,015)
X 1,156™ 1,238" 0,618 0,859
4 (0,047) (0,041) (0,370) (0,246)
0,990™ 0,865
X 5 (0,041) (0,150)
3,427 3,250
Xy X5 (0,000) (0,005)
-2,721™ -2,825™
X3 X5 (0,006) (0,032)
2,026™ 1,309
Xy Xy (0,006) (0,094)
Log likelihood -64,50 -64,07 -57,67 -42,29 -42,27 -38,05
LR statistic 86,68 87,55 100,34 41,71 41,74 50,18
p-value for the
0,0000 0,0000 0,0000 0,0000 0,0000 0,0000
LR statistic
Hosmer-
Lemeshow 5,52 6,89 6,08 2,69 3,88 2,87
statistic
p-value for the
Hosmer- 0,7009 0,2288 0,5303 0,9523 0,5665 0,8969
Lemeshow statistic

Source: calculated by the authors

CONCLUSIONS FROM THIS RESEARCH
AND FURTHER PROSPECTS IN THIS DIRECTION

As a result of the conducted research, a comprehensive econometric approach to forecasting the
investment attractiveness of IT projects under conditions of high stochasticity of the digital economy has
been developed and empirically substantiated. The application of the logistic regression apparatus allowed
transforming disparate performance indicators of 176 Ukrainian IT initiatives into a clearly structured
model for management decision support.

Analysis of the constructed logit model parameters proved that the foundation of successful
fundraising is the presence of early investor support, a clear commercial orientation toward profit
generation, and an extensive digital presence of the company. At the same time, the main empirical
achievement is the quantitative confirmation of the shift in venture capital priorities: investors give
unconditional preference to reflexive-adaptive Agile management models. The existence of a powerful
synergistic effect between high technological innovativeness (integration of AI/ML as the product core)
and operational flexibility of the team (Time-to-Market speed of less than 6 months) has been proven. For
IT projects with a standard technology stack, the primary orientation toward the corporate B2B segment
remains a critically important compensator of investment risks.

The practical significance of the obtained models lies in their readiness for implementation in
project management processes. IT project managers, product managers, and venture investors receive an
effective analytical toolkit for auditing technological initiatives at early stages of the life cycle. This allows
minimizing the risks of falling into the "valley of death", optimizing the allocation of financial resources,
and making informed adjustments to the product commercialization strategy.

Future research prospects involve leveraging global Big Data to construct dynamic economic
models based on recurrent neural networks (RNNs), which will enable the forecasting of temporal
evolutionary trajectories of IT projects and facilitate the integration of these algorithms into automated
systems to substantiate strategic managerial decisions.
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EKOHOMETPUYHE MOJETIOBAHHSI IHBECTULIIMHOI ITPMBABJIMBOCTI IT-TTPOEKTIB HA
OCHOBI JIOTICTMYHOI PETPECII

TTICKYHOBA Osena, CABIHA CsiTitara, KMUTIOK Tetsiza
KwuiBcbkuv HallioHaJIbHUV €KOHOMIYHUM YHiBepcuTeT iMeHi Bagyma I'erbMana

Memoto 0anoeo OocaiOxeHHs € po3pobAeHHS eKOHOMEMPUUHO20 THCPYMeHMAapilo 044 BusHaueHHA ma KiAbkicHo20 0yiHI0BAHHA
paxmopib, uwjo Bnaubaroms Ha UmoBipHicms 3aryuenna 3061iuHb020 Pinancybanns IT-npoexmamu 6 ymobax yugpoboi exonomixu.

Memodosoeiuna 6a3a rpyHMYEmbca HA MemoOax eKOHOMEMpPUUHO20 MOOeABAHHA, 30kpeMa OiHAPHITL Aoeicmuunin peepecii (102im-
Mo0eni), @ MaKoxK CUCIEMHOMY AHAAI3], CAMUCIUYHUX Memodax obpobku danux ma nidxodax do podomu 3 Hesbarancobanumu Bubipxamu
(nepesbaxybanns ma npopioxybanns). Bepudpixayito modeseil 30iticHero 3a kpumepiem Baivoa, mecmom BioHouenns npaboonodibnocmi ma
mecmom Xocmepa-Jlemeuioy Ha AKicHb Ni0AHAHHS.

Ha ocnobi modentobanns Bubipxu yxpaincokux IT-npoexmib 0ya0 Gusnaueno kawouobi demepMinanmu ycniwnoeo gpanopensumney.
Bemanobaeno Bupiwarviuii 6naub nasBuocmi pannix inbecmopib, wo cymmebo niobuuye uMmoBipHicms OmpuMaHHa pinancyBanms.
ITiomBepOxeno cmamucmuuno 3nauyuyuii dooamuuil 6naub xomepyiinoi opienmayii npoexmy ma yugppoboi npucymrocmi. Kpim moeo,
00rpyHmobano cunepeemuuHull egpekim Mix MeXHOA02IUHO0 IHHOBaAYiTHICIIO, 30KpeMa BUKOPUCAHHAM WMY4HO0 iHMmMeleKkmy, ma
onepayiiiHoi0 eHyuKicmio — wjo Busbasemnca Y ckopoueHHi uacy 6uxody Ha pUHOK.

3anpononobanuii nidxid Moxe Oymu sacmocobanuil Ak iHCmpyMmenm niompumku npuinammsa piwens 8 ynpabainui IT-npoexmamu,
30Kpema 045 oyinoBanns inbecmuyitinoi npubabiubocmi, onmumisayii cmpameeitt posbumxy ma nidBuwenns epexmubruocmi npoyeci
Komepyiarizayii innoBayiunux npodyxmib. [Ipaxmuune sHauenHs po3pobaenux modeseil noiseae 6 ixuin 30amuocmi nadamu IT-menedxepam ma
BeruypHum inbecmopam aHAAIMUYHUG THCIMPYMeHMAPIT 044 AyOumy iniyiamu Ha paHHix emanax, Mum cCamum MIHIMI3YI0uU pusuKu «00AUHU
cMepmi» ma onmumisyouy po3nodia ginancobux pecypcib. Ipakmuune 3sHaueHHs 3anponoHobanux Modedeil noAAeae 6 iXHill CHPOMOXHOCHI
Hadamu IT-menedxepam ma Benuyprum inbecmopam anasimuunuil iHcmpymenmapii 044 ayoumy iHiyiamué Ha panHix emanax, Mum camum
MIHIMI3YI0UY pUsUKY «00AUHI CMepmi» ma ONmuMisylouu po3nodia ginancobux pecypcib. Ompumani pesysvmamu CHpusions 3HUKEHHIO
PUSUKIB HA pAHHIX emanax xummeBoeo yuxay npoexmy ma nioBuuyons HANTIHICML Ynpabaincokux piuens. Maubymui Hanpamku 00c1i0xeHs
nepedbauaiomy BUKOPUCAHHA peKypeHmHUX HeUPOHHUX Mepex 045 npoeHo3yBanna dobeocmpoxobux menoenyii posbumuky IT-npodyxmi6 Ha
2100a1bHOMY Yuppobomy punky.

Katouobi caoba: IT-npoexm, IT-npodyxm, yugppoba exonomixa, ynpabainna Nnpoexmamu, A02ICHUYHA peepecif, ONMUMI3AYIs,
ModestoBanns, inbecmuyiina npubabaubicmo.
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