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This article is devoted to researching the possibilities of using neural networks for
forecasting the Global Innovation Index (GII). Modern approaches to GII analysis
and forecasting are reviewed, their limitations are revealed, and a new method based
on deep neural networks is proposed. Scientific works on the forecasting of innovative
activity and the forecasting of GII with the application of mathematical methods of
machine learning and their possible areas of application in the digital economy are
studied. The structure of GII was analyzed and the key factors affecting its dynamics
were identified. A neural network architecture optimized for GII forecasting, taking
into account its specificities, has been developed. The model is trained on historical
GII data and its accuracy is evaluated on a test sample. The effectiveness of the
developed model is compared with the traditional methods of GII forecasting. The
positive aspects of the proposed approach, which provides more accurate forecasts
compared to traditional methods, are established. The possibilities of interpreting the
neural network results, allowing to identify key factors influencing the forecast, are
explored. The practical aspects of applying the developed model to support decision-
making in the field of innovation policy are discussed. The directions of further
research are determined, in particular, regarding the interpretation of the results of the
neural network and its adaptation to changes in the methodology of GII calculation.
The developed model demonstrates high accuracy, but it should not be considered as
a replacement for expert analysis and traditional methods of evaluating innovation
potential; it should serve as an additional tool that complements existing approaches
and contributes to making more informed decisions.

IMPOTHO3YBAHHSA IMTOBAJIBHOT'O ITHHOBAIIMHOT O THAEKCY
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Kuarwuogi ciioBa:

T'noGanpunii iHHOBAIIMHII
iHIeKC, HEHPOHHI MEpexi,
MIPOTHO3YBAHHsI, MAIIUHHE
HABYaHHs, IHHOBAIlIfHA TTOJIITHKA,
LITYYHUH 1HTEJIEKT.

[lana crarTs npucBsYeHa J0CHIIPKEHHIO MOXKIIMBOCTEH 3aCTOCYBaHHSI HEHPOHHHIX
MepeX UL TPOrHO3yBaHHSA [JoOampHOTO iHHOBamiitHOTO iHAekcy (I'TI).
Y OpoBOIUTHCS PO3MIISL CydacHUX IMIAXOMIB JO aHajizy Ta IPOrHO3YBaHHS
I'll, BUSIBNSFOTBCS iXHI OOMEKEHHSI Ta TPONOHYETHCS HOBHH METOJ Ha OCHOBI
DIMOOKUX HEHPOHHUX Mepexk. J[0CiiKyoThCsI HAayKOBI TIpalli 3 MPOrHO3YBaHHS
IHHOBAIIITHOT AisuTbHOCTI Ta mporHo3yBaHHs ['1l i3 3acToCyBaHHSM JUIS L[LOTO
MaTeMaTHYHUX METO/[iB MAIlTMHHOTO HABYAHHS Ta IX MOXKIIMBUX C(hep 3aCTOCYBAHHS
y nudpogiit exonomini. IIpoananizoBano crpykrypy [l Ta BusiBIEHO KiIHO4OBi
(hakTOpwH, 110 BIUTMBAIOTH HA HOTO AWHAMIKY. Po3po0ieHo apXiTekTypy HeHpOHHOI
Mepexi, ONTUMI30BaHy Juist nporHo3yBanHs 11 3 ypaxyBaHHsIM Horo crieriugiky.
IIpoBomuThcss HaByaHHA Moxeni Ha icropuuHux gaHux [l Ta omiHrOeThCS il
TOYHICTh Ha TeCTOBIM BUOipi. [TopiBHIOETHCS e(heKTHBHICTH PO3pOOICHOT MOJETI
3 TpaauniiHUMHU MeToiamu rnporHozyBaHHs ['1l. BcraHOBMIOIOTBECS TO3WUTHBHI
ACTICKTH 3alpOIMOHOBAHOTO TIJIXOMY, KUK 3a0e3redye OUTBII TOYHI MPOTHO3U
[TOPIBHSHO 3 TPAJUIINHUMH METOAAMMU.
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JlochimKyroTECS MOKITUBOCTI IHTEpPIIPETAIlil pe3yabTaTiB HEHPOHHOT MEepexKi s
BUSIBJICHHS KJIFOUOBHMX (DaKTOpIB, IO BIUIMBAIOTH Ha MPOrHo3. OOroBOPIOIOTHCS
MIPAaKTHYHI aCIIEKTH 3aCTOCYBaHHS pO3pO0IEHOT MO/IEINI IS MIATPUMKH IIPUHHSATTS
pimeHs y cdepi iHHOBamiiHOI MOMITHKHA. BU3HAYArOTHCA HANPSIMH MOAAIBINNX
JIOCITIJDKEHb, 30KpeMa, II0J0 IHTepIpeTalii pe3yynbrariB HepoHHOT Mepei Ta 1l
amamnTarii 10 3MiH y Mmetomouorii po3paxyHky 'I1. Pozpobnena moaens 1eMoHCTpye
BUCOKY TOYHICTb, ajle BOHA HE ITOBHHHA PO3IVISIJATHCS SIK 3aMiHa €KCIIEpPTHOIO
aHaN3y Ta TPATUIIIHAX METOMIB OIIHKM iHHOBAIIMHOTO MOTCHIIaTy, BOHA Ma€e
CITYKUTH JIOJJATKOBUM 1HCTPYMEHTOM, 1110 JOMOBHIOE iCHYIOU1 ITiIXON Ta CIPHUsIE
MIPUHHATTIO O1TBII OOIPYHTOBAHUX PillIEHb.

Statement of the problem

The Global Innovation Index (GII) is one of the key
indicators reflecting the innovative potential and effective-
ness of countries in the field of innovation. Accurate fore-
casting of GII is important for the formation of an effective
innovation policy, strategic planning and informed deci-
sion-making at the level of states and international organ-
izations.

Traditional forecasting methods, such as regression
analysis or time series models, often do not take into
account the complex GII structure and the non-linear rela-
tionships between its components. This leads to limited
forecast accuracy and complicates their practical applica-
tion.

In this context, the application of neural networks for
GII forecasting is a promising direction of research. Neural
networks are able to detect complex patterns in data and
model non-linear dependencies, making them a potentially
effective tool for GII analysis and forecasting.

This work is aimed at the development and evaluation
of a new approach to GII forecasting based on neural net-
works, which will increase the accuracy of forecasts and
provide a more reliable basis for decision-making in the
field of innovation policy.

Analysis of recent research and publications

The problem of forecasting innovative activity and
forecasting the Global Innovation Index using modern data
analysis methods attracts the attention of many research-
ers. Let's consider the key works in this area.

Zhukovsky D. and Lozovska L. investigated the pos-
sibilities of applying mathematical methods of machine
learning and their possible areas of application in the
digital economy, in particular for forecasting revenues in
e-commerce projects in their work [1]. They conducted
an analysis of machine learning methods that are popular
among today's scientists and that can be used to make the
highest quality management decisions. The results showed
that machine learning algorithms provide higher perspec-
tive and accuracy when processing large amounts of infor-
mation in e-commerce projects.

Goncharov Yu. and co-authors determined the forecast
of GII of Ukraine using a regression model of the depend-
ence of this indicator on the specific weight of innova-
tion-active enterprises in the total number of industrial
enterprises and innovation related costs. [2]. The results
highlighted the decreasing dynamics of the GII value. The
authors emphasized that in order to ensure the growth of

the innovativeness of the national economy and increase
the competitiveness of Ukraine, there is a need for signifi-
cant activation of innovative activity in Ukraine.

International researchers Robert J. Watts and Alan L.
Porter collected a number of concepts from various inno-
vation models and a number of bibliometric indicators that
will help in the implementation of these concepts [3]. The
work carried out made it possible to provide opportunities
for combining technological trends, researching techno-
logical interdependencies and competitive intelligence to
create a viable forecast.

At the same time, despite significant achievements in
this area, there are a number of unresolved problems. In
particular, the issues of the optimal architecture of neu-
ral networks for GII forecasting, methods of interpreting
their results, and methods of adapting models to changes
in the index calculation methodology remain insufficiently
researched.

In addition, most of the existing studies focus on the
forecasting of GII for developed countries, while the spe-
cifics of the application of neural networks for the analysis
of innovation processes in developing countries require
additional study.

Formulation of the goals for the article

The purpose of this article is to develop and evaluate
the effectiveness of a new approach to forecasting the
Global Innovation Index based on neural networks.

Presentation of the main material

To effectively forecast the Global Innovation Index, it
is important to understand its structure and components.
GII consists of two sub-indexes: Innovation Input Sub-In-
dex and Innovation Output Sub-Index. Each of these
sub-indices includes several pillars, which, in turn, consist
of individual indicators.

The input sub-index of innovation includes five pillars:

1. Institutions

2. Human capital and research

3. Infrastructure

4. Level of market development

5. Level of business development

The original innovation subindex consists of two
pillars:

1. Knowledge and technological results

2. Creative results

Each of these pillars contains from 3 to 5 sub-pillars,
which together include 80 individual indicators. Such a
complex structure of GII requires the forecasting model to
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be able to take into account the multidimensional interrela-
tionships between different components.

When preparing the data for training the neural net-
work, data on the value of GII and its components for 131
countries for the period from 2013 to 2023 were collected.
Official reports of the Global Innovation Index, as well as
databases of the World Bank, UNESCO and other interna-
tional organizations served as data sources [4].

Data pre-processing was carried out, which included:

1. Normalization of all input variables to the range [0, 1]
to ensure the same scale;

2. Filling in missing values using the k-nearest neigh-
bors method;

3. Detection and processing of outliers using the inter-
quartile range method.

To take into account temporal dynamics, lag variables
(values of indicators for the previous 1-3 years) were
added to the set of input data, which allowed the model to
take into account trends and seasonality.

To predict the Global Innovation Index, a deep neural
network [5] with the following architecture was developed:

1. Input layer: 80 neurons (according to the number of
indicators included in the GII)

2. Hidden layers:

— First hidden layer: 64 neurons

— Second hidden layer: 32 neurons

— The third hidden layer: 16 neurons

3. Output layer: 1 neuron (predicted GII value)

The ReLU (Rectified Linear Unit) function was used
to activate the neurons in the hidden layers, and the linear
activation function was used in the output layer. The model
was trained using the Adam optimization algorithm and the
Mean Squared Error (MSE) loss function.

The data set for training the model included historical
values of GII and its components for 131 countries for the
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period from 2013 to 2023 [6]. The data were divided into
training (80%) and test (20%) samples.

The training of the neural network was carried out for
1000 epochs using mini-batches of size 32. Figure 1 shows
the graph of the change of the loss function [7] on the train-
ing and validation samples.

As can be seen from the graph, the model shows a sta-
ble error reduction on both samples, which indicates suc-
cessful training and no overtraining.

The developed architecture of the neural network is
based on the principles of deep learning and takes into
account the specifics of the GII forecasting task. In addition
to the basic structure described earlier, additional elements
were introduced to increase the effectiveness of the model:

1. Residual connections between hidden layers to
improve gradient flow and reduce the vanishing gradient
problem;

2. Attention mechanism for identifying the most impor-
tant input factors in forecasting;

3. Dropout layers with a dropout factor of 0.3 to pre-
vent overtraining.

Schematically, the neural network architecture is pre-
sented in Figure 2.

The model was trained using the TensorFlow frame-
work on an NVIDIA GeForce RTX 3060 GPU to accelerate
computation. An early stopping technique with a patience
of 50 epochs was used to prevent overtraining.

The Bayesian optimization method was used to opti-
mize the hyperparameters of the model (the number of
neurons in hidden layers, the learning coefficient, the size
of mini-batches). This made it possible to automatically
choose the optimal configuration of the model to maximize
the forecasts accuracy.

A comparison of the accuracy of predictions of the devel-
oped neural network with other methods is presented in Table 1.

Graph of the change in the loss function
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Fig. 1 — Graph of the change in the loss function
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Table 1 — Comparison of the accuracy of different
forecasting methods of GII

Method MAE RMSE R"2

Linear regression 1.50 1.89 0.82

Random forest 1.40 1.76 0.85

ARIMA 1.35 1.70 0.86

The proposed neural 193 155 0.89
network

As can be seen from the table, the developed neural
network shows the best accuracy in all metrics. Especially
important is the increase in the coefficient of determina-
tion (R"2), which indicates a better ability of the model to
explain the variation in the data.

For a more detailed analysis of the effectiveness of the
model, an assessment of the accuracy of forecasts was carried
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out for different groups of countries classified by income level
according to the methodology of the World Bank (Figure 3).

The analysis showed that the model demonstrates the
highest accuracy for high-income countries, while the pre-
dictions for low-income countries have a slightly larger
margin of error. This may be due to the greater volatility of
innovation indicators in less developed economies and the
limited availability of data.

The assessment of the accuracy of forecasts on the test
sample showed that the developed neural network provides
a mean absolute error (MAE) [8] of 1.23 GII points, which
is 18% less compared to the traditional linear regression
model [9] (MAE = 1.50) and 12% less compared to the
random forest model [10] (MAE = 1.40).

The SHAP (SHapley Additive explanations) method
[11] was used to interpret the results of the neural network.

The architecture of a neural network for forecasting Gli
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Fig. 3 — Accuracy of GII forecasts for different groups of countries

31



Financial Strategies of Innovative Economic Development. Ne 1 (65), 2025

This made it possible to identify key factors affecting
the GII forecast for specific countries. Figure 4 shows an
example of SHAP values for the GII forecast in Ukraine
for 2024.

The analysis of SHAP values showed that the following
factors have the greatest influence on the forecast of the
GII in Ukraine:

1. Research and development costs (% of GDP)

2. Number of patent applications per million persons

3. Quality of scientific publications (Hirsch index)

4. Export of high-tech products (% of total export)

5. Number of researchers per million persons

Practical application of the developed model to sup-
port decision-making in the field of innovation policy may
include:

1. Forecasting the dynamics of GII for different coun-
tries and regions

2. Identification of key factors affecting innovative
development

3. Assessment of the potential impact of various policy
measures on GII

4. Comparative analysis of innovative strategies of dif-
ferent countries

Interpretation of results

Several methods were used to ensure transparency and
interpretability of neural network results:

1. SHAP (SHapley Additive explanations) — allows you
to estimate the impact of each input factor on the forecast
for a specific observation.

2. Partial Dependence Plots (PDP) — visualize the aver-
age effect of changing one input factor on the forecast,
keeping other factors constant.

3. Accumulated Local Effects (ALE) plots — similar
to PDP, but takes into account correlations between input
variables.
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Figure 5 shows an example of a Partial Dependence
Plot for the factor "Expenditure on research and develop-
ment (% of GDP)".

The graph shows a non-linear relationship between
R&D costs and the predicted GII value. In particular, there
is a more rapid growth of GII when spending increases to
about 2% of GDP, after which the effect becomes less pro-
nounced.

The analysis of SHAP values for different countries
made it possible to identify key factors influencing their
innovative development. Table 2 presents the top 5 factors
for selected countries.

These results can be used to develop targeted strategies
for increasing the innovative potential of countries, taking
into account their specific features.

The practical application of the developed model can
be used to solve a number of practical tasks in the field of
innovation policy:

1. Scenario analysis: assessment of the potential impact
of various policy measures on the country's GII. For exam-
ple, the effect of increasing R&D costs or improving the
quality of education can be modeled.

2. Benchmarking: comparing the innovation potential
of different countries and identifying areas for improve-
ment.

3. Progress monitoring: tracking the dynamics of GII
and its components to assess the effectiveness of imple-
mented innovative policies.

4. Forecasting trends: identifying long-term trends in
the global innovation landscape.

Despite the high accuracy of forecasts, the developed
model has certain limitations:

1. Dependence on the quality of the input data: the
accuracy of forecasts may decrease in the presence of
errors or omissions in the input data.

Meaning SHAP

Number of researchers

Export of high-tech products

Quality of scientific publications

Number of patent applications

Research and development expenditure
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0,1
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0,35
0,42
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B Research and development expenditure B Number of patent applications

Quality of scientific publications

B Number of researchers

M Export of high-tech products

Fig. 4 — SHAP value for the forecast of GII in Ukraine
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Table 2 — Key influencing factors on GII for selected countries

Country Factor 1 Factor 2 Factor 3 Factor 4 Factor 5

L . L . Export of high

USA R&D expenses Patent applications | Quality of universities |  Venture capital technologies

. Patent applica- Export of high Number of Quality of

China tions R&D expenses technologies researchers publications
Germany R&D expenses | Quality of universities Science and bpsmess Patent applications Export of h_1gh

cooperation technologies

Ukraine Human capital Export 0 FIcT Patent applications | Education expenses Number of

services researchers

2. Complexity of interpretation: although the applied
SHAP and PDP methods improve interpretability, the gen-
eral "black box" of the neural network remains a challenge.

3. Sensitivity to changes in the GII methodology: sig-
nificant changes in the index calculation methodology may
require model retraining.

To overcome these limitations and further improve the
model, the following areas of research are proposed:

1. Development of hybrid models combining neural
networks with other methods of machine learning and sta-
tistical analysis.

2. Implementation of active learning methods to adapt
the model to new data and changes in GII methodology.

3. Researching the possibilities of using graph neural
networks for better modeling of the relationships between
the components of GII.

4. Development of methods for automatic detection
and correction of anomalies in input data.

5. Integration of expert knowledge in the process of
training and interpretation of the model to increase its reli-
ability and practical value.

Conclusions

The developed model for forecasting the Global Inno-
vation Index based on neural networks represents an impor-
tant step in the direction of more accurate and reasonable
planning of innovative development. It demonstrates the
potential of using deep neural networks to predict complex
socio-economic indicators, such as the Global Innovation

Index. The high accuracy of forecasts achieved by the
developed model testifies to its ability to take into account
complex non-linear interrelationships between various fac-
tors affecting the innovative development of countries.

It is especially important that the model not only pro-
vides accurate predictions, but also allows interpretation of
the results thanks to the application of the SHAP and Par-
tial Dependence Plots methods. This makes it a useful tool
for decision-makers in the field of innovation policy, as it
allows you to understand which factors have the greatest
impact on a country's innovation potential.

At the same time, the revealed limitations of the model,
in particular the different accuracy of forecasts for coun-
tries with different income levels, indicate the need for fur-
ther research and improvements. This may involve devel-
oping specialized models for different groups of countries
or implementing transfer learning techniques to improve
predictions in cases with limited data.

It is important to note that although the developed model
demonstrates high accuracy, it should not be considered as
a substitute for expert analysis and traditional methods of
assessing innovation potential. Instead, it should serve as
an additional tool that complements existing approaches
and contributes to more informed decision-making.

Ultimately, the successful application of tools such as
the developed model depends on the ability of decision
makers to interpret and use their results in the context of
broader socio-economic goals and ethical principles. Only
under such conditions will we be able to fully realize the
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potential of innovation for sustainable development and
improvement of people's lives around the world.

Prospects for further research include:

1. Development of ensemble and hybrid models com-
bining neural networks with other machine learning meth-
ods and expert systems to increase the accuracy and relia-
bility of forecasts.

2. Exploring the possibilities of applying transfer learning
to improve forecasts for countries with limited historical data.

3. Development of adaptive learning methods that will allow
the model to automatically adapt to changes in the methodology
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4. Integrating additional data sources, such as textual
data from scientific publications and patents, to enrich the
input information and potentially improve predictions.

5. Development of methods for explaining and visual-
izing neural network results, aimed at decision-makers in
the field of innovation policy.

6. Study of the long-term effects of various innovation
policies on GII using the developed model and historical data.

7. Creation of a platform for collaborative GII fore-
casting, which would allow experts from different coun-
tries to contribute their data and receive aggregated fore-

of GII calculation and new trends in innovative development. casts.
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