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PREFACE BY THE EDITOR-IN-CHIEF 

Dear readers,

This issue of the Visnyk of the National Bank of Ukraine presents a few best studies submitted 
to the Annual Research Conference for Students and Young Researchers organized by the National 
Bank of Ukraine (NBU) and Kyiv School of Economics (KSE). The authors o�er some noteworthy 
ideas that were highly rated by jurors of the conference and mature referees.

In the �rst paper included in the issue, Determinants of Corporate Credit Growth in Ukraine: 
The Application of Bank Lending Survey Data, Anatolii Hlazunov examines the determinants of 
corporate lending in Ukraine. Applying a panel-ordered logit model to disaggregated data from 
a Ukrainian bank lending survey, the author �rst transforms categorical data from the poll into a 
continuous index (CSI) that measures credit standard tightening. After this, the paper investigates 
how the index a�ects new corporate lending in both national and foreign currencies. The revealed 
negative impact of the CSI on corporate loans is concluded to be more pronounced for smaller 
banks. 

The second paper authored by Diana Balioz, Short-Term Forecasting of Global Energy and Metal 
Prices: VAR and VECM Approaches, tests a set of multivariate models to forecast global prices of 
1) crude oil, 2) natural gas, 3) iron ore, and 4) steel. The study veri�es many fundamentals for metal 
and energy price predictions and con�rms that Kilian’s index of global real economic activity is 
a�useful proxy for global demand to forecast such prices. No individual model is found to outperform 
others consistently throughout the forecast horizon. However, the short-term hands-on framework 
considered in the paper is argued to be a useful forecasting tool for central bank policymakers and 
researchers. The speci�c conclusions on the price projections obtained from the models could also 
be used further for the longer-term forecasting of commodity prices.

The third paper of the issue by Tetiana Stasiuk and Yuriy Kleban elaborates on the problems 
of Cryptocurrency Price Forecasting. This research uses the data of Binance (the most popular 
exchange in Ukraine) for the period from 7 June 2020 to 4 January 2023 to forecast the prices 
of Bitcoin, Ethereum, Ripple, and Dogecoin. Speci�cally, the authors compare the performance of 
machine learning techniques and traditional econometric methodologies to predict cryptocurrency 
prices. The recurrent neural network of long-term memory is shown to produce signi�cantly better 
forecasting outcomes according to the RMSE, MAE, and MAPE criteria, compared to the forecasts 
made by a NA�VE approach, results from the best-�tted ARIMA model, and the results of the FB 
Prophet.

We believe that the research insights, research results, and conclusions presented in the papers 
of the current issue of our journal will be useful for practical implementation. The NBU Visnyk calls 
academic researchers, experts with practical backgrounds in economics, banking, and �nance, 
and policymakers to promote and discuss their research ideas at the NBU-NBP Annual Research 
Conference and the NBU-KSE Conference for Students and Young Researchers. We welcome 
research contributors to submit their original fundamental and applied studies for publication in the 
Visnyk of the National Bank of Ukraine. We look forward to cooperating with you!

Best regards,
Mihnea Constantinescu 
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Abstract This study investigates the determinants of corporate lending in Ukraine, with a focus on distinguishing 
between supply and demand factors. It uses a two-step process to build a credit standards index (CSI) based 
on disaggregated data from a Ukrainian bank lending survey (BLS). This paper describes the factors that are 
signi�cant for corporate lending development in Ukraine. It contributes to the existing literature by developing a 
measure of corporate loan supply and analyzing its ability to explain corporate credit growth in Ukraine by using 
bank-level BLS data. First, a panel ordered logit model is used to transform categorical data into a continuous 
index that measures the likelihood of credit standard tightening. Second, the study examines how this index 
a�ects new corporate lending in both national and foreign currencies. It is found that the credit standard index 
is in�uenced by exchange rate movements (with depreciations leading to tighter standards), bank liquidity, and 
bank competition. It is also demonstrated that the CSI has a negative impact on corporate loans in national 
currency, with a more pronounced e�ect on smaller banks. 

JEL Codes G22, E44, C33

�Keywords supply and demand of corporate lending, bank lending survey data, bank lending standards

' National Bank of Ukraine, A. Hlazunov, 2022. This work is licensed under a Creative Commons Attribution-NonCommercial 4.0 International License. 
Available at https://doi.org/10.26531/vnbu2022.254.01.

DETERMINANTS 
OF�CORPORATE CREDIT 
GROWTH IN UKRAINE: 
THE�APPLICATION  
OF BANK LENDING  
SURVEY DATA1

ANATOLII HLAZUNOVab

aNational Bank of Ukraine
bNational University of Kyiv-Mohyla Academy
E-mail:	anatolii.hlazunov@bank.gov.ua

1. INTRODUCTION
Crisis events and their e�ects on the lending market are 

interesting due to the complex relationship mechanisms 
behind them. Pham et al. (2021) highlight the importance of 
exogenous shocks on bank lending. The researchers show 
that the military con�ict with russia-backed separatists in Q1 
2014 harmed Ukrainian banks. As a result, con�ict-exposed 
banks generated higher levels of non-performing loans (NPLs) 
and issued fewer new loans to businesses following the onset 
of the crisis. These e�ects are observed more clearly in the 
local markets that are closer geographically to the con�ict 
area. However, the 2014�2015 crisis was not the only cause of 
NPL accumulation, but rather a trigger. Vyshnevskyi and Sohn 
(2023) provide empirical evidence that the NPL problem in 
Ukraine was caused by related party lending and issues with 
the banks’ capital adequacy. The Ukrainian lending market 

faced new crises in 2020 and 2022, the latter being triggered 
by russia�s full-scale invasion. The war in�uenced both supply 
and demand for corporate loans (NBU, 2022). The decline 
in business activity decreased demand, and an unfavorable 
macroeconomic environment reduced the risk appetite of the 
banks, resulting in tighter lending conditions. This research 
o�ers insights into the factors that are signi�cant for the 
development of corporate lending  in Ukraine.

This study examines the determinants of corporate 
lending in Ukraine. It focuses on two main research 
questions: (i) What bank-level and macro factors in�uence 
proxy banks� decisions to change their lending standards 
for corporations? (ii) What are the e�ects of the factors in 
determining corporate lending in Ukraine, and speci�cally, 
what is the impact of corporate lending standards as a loan 
supply factor? To answer both questions, the author uses 

1	 The author would like to thank Professor Ugo Panizza for his valuable guidance and comments. The author is also grateful to the BCC program, the 
Graduate Institute (Geneva), and the National Bank of Ukraine for providing the data and resources used in this study.
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Variables
Ordered logit Odds ratio Pooled OLS 

(1) (2) (3)

Interbank loan interest rates 0.042*
(0.017)

1.043*
(0.017)

0.012**
(0.004)

Capital adequacy ratiot-1
-0.003
(0.003)

0.997
(0.003)

-0.000
(0.001)

Short term liquidity ratiot-1

-0.007** 0.993** -0.001*

(0.003) (0.003) (0.001)

Real GDP growtht-1 
-0.032***
(0.010)

0.968***
(0.009)

-0.006**
(0.002)

Exchange rate growth 0.029***
(0.006)

1.029***
(0.007)

0.007***
(0.002)

Dummy competition led to CS tightening 0.593
(0.349)

1.809
(0.631)

0.128
(0.082)

Dummy competition led to CS easing -2.701***
(0.226)

0.067***
(0.015)

-0.607***
(0.045)

Constant -0.006**
(0.002)

Cutting point1
-0.399
(0.802)

-0.399
(0.802)

Cutting point2
3.587***
(0.796)

3.587***
(0.796)

Sigma 0.271*
(0.119)

0.271*
(0.119)

Observations 1,174 1,174 1,174

Table 1. Results of the Ordered Logit Model in the First Stage

Note: standard errors in parentheses; clustered on time.
*p < 0.05; ** p < 0.01; *** p < 0.001.

Table 2. Accuracy of the 1st Stage Model

Eased Unchanged Tightened Total

(1) (2) (3) (4)

BLS answers 127 754 368 1,249

BLS answers, % of total 10.1% 60.4% 29.5%

Accuracy rate, % of right 
answers predicted by the 
model

11.8% 89.3% 27.7% 63.3%

Using the �tted values from the model and estimated 
cut-o� points, the decision to change credit standards is 
determined for each bank and every quarter. The results 

are compared with actual BLS answers (Figure 5). The 
estimated answers follow the main trends of the actual BLS 
answers. 
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6.2. Second Step 
Table 3 presents the results of the analysis based on 

corporate lending in national currency (columns 1�4) and 
foreign currency (columns 5�8). Columns (1) and (5) present 
the baseline models without the CSI. Columns 2 and 6 use 
the answers from the BLS as dummy variables instead 
of the CSI. Two dummies are used � one that takes the 
value�of�1 for banks that eased their credit standards, and the 
other that takes the value of 1 for banks that tightened their 
credit standards. Columns 3 and 7 present the CSI obtained 
in the �rst step. Finally, columns 4 and 8 contain both the 
CSI and the residuals obtained in step 1 (the residuals are 
orthogonal to the index). The residuals are computed from 
the OLS model in column 3 of Table 1.

The modeling results highlight several key relationships. 
Real GDP growth positively correlates with new corporate 
lending, thereby suggesting that higher GDP growth is 
associated with increased lending in both national and 
foreign currencies. For example, a 1% increase in real GDP 
is associated with a 1% increase in new corporate lending in 
the national currency and a 3% increase in foreign currency. 
Conversely, higher NPL levels negatively a�ect new corporate 
lending. For instance, a 1% increase in the share of NPLs is 
linked to an approximately 0.2% decrease in national currency 
lending and a 0.3% decrease in foreign currency lending.

The e�ect of the CSI is signi�cant only for national 
currency loans. Speci�cally, an additional unit increase in 

the CSI decreases the volume of new corporate loans in 
the national currency by 0.7%, with the decrease starting 
to be material from the second quarter. Using dummy 
variables from the BLS, it is found that when banks indicate 
a decision to tighten their credit standards in the BLS, it 
leads to a 28.1% decrease in new corporate loans in foreign 
currency. However, when banks decide to ease their credit 
standards, new corporate loans in the national currency 
increase by 16.2%. Since the dummies are limited to two 
numbers and do not have magnitude, these e�ects have 
very wide con�dence intervals of 95% and cannot be used 
in practice. To check for endogeneity, the residuals from 
the �rst-step OLS model (Table 1, column 3) were included 
in the CSI model. These residuals are orthogonal to the CSI. 
Thus, the insigni�cant coe�cient of the residuals (Table 2, 
columns 4 and 8) indicates that only the credit standard 
component mediated by the variables included in the �rst 
step is signi�cant for new corporate lending. 

Table 4 presents the results of the augmented models 
for new corporate lending in national (columns 1 and 2) and 
foreign currencies (columns 3 and 4). In columns 1 and 3, 
the model includes an interaction term between the CSI 
and bank size. Columns 2 and 4 show the models with 
the interaction between real GDP growth and the share of 
government securities. 

The results in Table 4 corroborate those in Table 
3 and indicate that all of the interaction terms included in 
the benchmark models are signi�cant. Additionally, given 

Table 3. Results of Baseline Models 

National currency Foreign currency

(1) (2) (3) (4) (5) (6) (7) (8)

�Deposit interest 
rates

-0.017
(0.014)

-0.016
(0.014)

-0.010
(0.013)

-0.010
(0.013)

-0.035
(0.023)

-0.032
(0.025)

-0.032
(0.023)

-0.032
(0.023)

�Corresponding 
currency loan interest 
rates

-0.021
(0.011)

-0.023
(0.013)

-0.021
(0.011)

-0.021
(0.011)

-0.107*
(0.045)

-0.112*
(0.048)

-0.066
(0.038)

-0.066
(0.038)

Log(NPL) -0.210***
(0.032)

-0.220***
(0.032)

-0.240***
(0.030)

-0.240***
(0.030)

-0.290***
(0.050)

-0.290***
(0.051)

-0.320***
(0.058)

-0.320***
(0.059)

Short term liquidity 
ratio

0.002
(0.002)

0.001
(0.002)

0.001
(0.002)

0.001
(0.002)

0.004
(0.002)

0.003
(0.002)

0.003
(0.002)

0.003
(0.002)

Real GDP growth 0.020***
(0.003)

0.010***
(0.004)

0.010***
(0.004)

0.010***
(0.004)

0.030***
(0.007)

0.020**
(0.007)

0.030***
(0.008)

0.030***
(0.009)

Deposits growth -0.000
(0.001)

-0.000
(0.001)

0.000
(0.001)

0.000
(0.001)

0.002
(0.002)

0.002
(0.002)

0.002
(0.002)

0.002
(0.002)

CSIt-2
-0.007***
(0.002)

-0.007***
(0.002)

-0.007
(0.004)

-0.007
(0.004)

BLS dummy indicating 
CS tighteningt-1 

-0.082
(0.077)

-0.281*
(0.114)

BLS dummy indicating 
CS easeningt-1

0.162**
(0.061)

0.048
(0.108)

OLS residuals from 1st 
stept-2 

0.004
(0.054)

0.000
(0.111)

Constant -1.120***
(0.083)

-2.310***
(0.536)

-0.790***
(0.112)

-0.790***
(0.111)

-2.900***
(0.140)

-3.970***
(0.497)

-2.540***
(0.252)

-2.540***
(0.250)

Bank �xed e�ects Yes Yes Yes Yes Yes Yes Yes Yes

Observations 956 956 905 905 927 927 878 878

Note: Standard errors in parentheses; clustered on time.
*p < 0.05; ** p < 0.01; *** p < 0.001.
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the� signi�cant negative dependence between credit 
standard tightening and new corporate lending, I �nd that 
bank size matters, with the e�ect of a credit standards 
change being stronger for small banks. For small banks, 
the CSI has a negative impact on corporate loans in both 
national (Figure 6A) and foreign currencies (Figure 6B). 
An additional 1% increase in bank size enhances the CSI 
e�ect by 0.08% for foreign currency loans and by 0.07% for 
national currency�loans. 

From Table 4, we can conclude that the impact of real 
GDP growth  interaction with the share of government 
securities is signi�cant only during periods of negative 
real GDP growth. The positive correlation between GDP 
growth and new corporate lending is weaker for banks with 
a higher share of government securities in their assets (see 
Figure 7). During an economic decline, interest rates for 
risk-free assets increase. Therefore, having a high share of 
government securities in the portfolio provides banks with 
increased interest income and protects their ability to lend 
to corporations.

7. CONCLUSION
This study examined the determinants of Ukrainian 

banks� new corporate lending practices. The use of 
unbalanced panel data from the 4th quarter of 2013 to the 

3rd quarter of 2022 shows that positive real GDP growth, 
bank competition, and higher liquidity lead to looser credit 
standards, whereas higher interest rates and exchange rate 
depreciation cause standards to tighten. Tightening credit 
standards decreases national currency corporate lending 
in half a year, and smaller banks experience a stronger 
e�ect in comparison with larger banks. A higher share of 
NPLs reduces loans in both national and foreign currencies. 
Real GDP growth positively correlates with new corporate 
loans in both national and foreign currencies. The e�ect of 
negative economic activity on loans in both national and 
foreign currencies is weaker for banks with a higher share 
of government securities. 

Usually supply factors in corporate lending are latent 
and unobservable. The study helps to quantify the supply 
for business loans. Moreover, this paper explores the 
factors determining corporate lending development in 
Ukraine.   

The study still has the potential to reveal more results 
through using other methodologies. Papers on credit 
growth determinants also implement time series models 
by applying aggregated data. However, the availability 
of data at the bank-level allows the use, for instance, of 
a local projection method, which produces comparable 
results. 
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Figure 7. Marginal E�ects of Real GDP Growth on New Corporate Lending Depending on the Share of Government Securities 
(Government Bonds and Deposit Certi�cates) in Total Assets

Note: whiskers indicate a 95% confidence interval.
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APPENDIX A. TABLES
Table 5. Summary Statistics

Variable Description Data 
structure Obs Mean Std. Min Max

Capital adequacy Capital adequacy ratio, % Bank-level 1,249 28.2 31.1 1.3 416.1

Liquidity Short-term liquidity ratio, % Bank-level 1,249 100.6 36.1 46.1 358.9

In�ation CPI change, y-o-y, % Macro 1,249 14.6 12.4 0.5 57.7

Exchange rate Average exchange rate,  
UAH/USD Macro 1,249 24.9 5.2 8.0 36.6

Economic activity Real GDP growth, y-o-y, % Macro 1,249 -1.9 10.5 -46.5 7.8

Interbank interest 
rates

Average quarterly interest rates 
on new interbank loans, % Macro 1,249 13.7 4.4 5.4 23.3

Real corporate 
loans in foreign 
currency

Adjusted on exchange new 
corporate loans in foreign 

currency, bn. UAH
Bank-level 1,249 0.8 2.5 0.0 26.3

Real corporate 
loans in national 
currency

Adjusted on in�ation new 
corporate loans in national 

currency, bn. UAH
Bank-level 1,249 2.2 4.8 0.0 38.6

Deposit interest 
rates

Quarterly averaged new 
deposits interest rates, % Bank-level 1,249 9.9 3.6 0.0 22.0

National currency 
loan interest rates 

Quarterly averaged new 
national currency loans interest 

rates, %
Bank-level 1,249 19.3 4.5 5.4 48.0

Foreign currency 
loan interest rates 

Quarterly averaged new 
foreign currency loans interest 

rates, %
Bank-level 1,249 10.0 5.5 1.1 48.0

NPL level Share of the non-performing 
loans in total portfolio, % Bank-level 1,249 26.4 38.7 0.0 862.1

Deposits Total deposits growth, y-o-y, % Bank-level 1,249 22.1 45.9 -78.1 660.5

Share of 
government 
securities

Share of government bonds 
and deposit certi�cates in total 

assets, %
Bank-level 1,249 16.2 13.6 0.0 76.6

Size of bank Share of the net assets  
in total, % Bank-level 1,249 2.8 5.0 0.0 27.3

Dummy 
competition led 
to CS easing

1 if the bank indicated  
in the BLS that competition led 

to CS easing
Bank-level 1,249 0.1 0.2 0.0 1.0

Dummy 
competition led 
to CS tightening

1 if the bank indicated  
in the BLS that competition led 

to CS tightening
Bank-level 1,249 0.2 0.4 0.0 1.0

Note: The NBU ended the transition from a short-term liquidity ratio to more complex indicators (net stable funding ratio and liquidity 
coverage ratio (NSFR)) in 2022, and stopped calculating the short-term liquidity ratio. Therefore, the short-term liquidity ratio is approximated 
to the change in the NSFR during 2022. 
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Abstract This study introduces a set of multivariate models with the aim of forecasting global prices of 1) crude oil, 2) 
natural gas, 3) iron ore, and 4) steel. Various versions of vector autoregression and error-correction models 
are applied to monthly data for the short-term prediction of nominal commodity prices six months ahead. The 
fundamentals for metal and energy price predictions include inter alia, stock changes, changes in commodity 
production volumes, export volumes by the largest players, changes in the manufacturing sector of the largest 
consumers, the state of global real economic activity, freight rates, and a recession indicator. Kilian�s (2009) 
index of global real economic activity is found to be a useful proxy for global demand and a reliable input in 
forecasting both energy and metal prices. The �ndings suggest that models with smaller lag orders tend to 
outperform those with a higher number of lags. At the same time, selected individual models, while showing a 
standalone high performance, have varying forecast precision during di�erent periods, and no individual model 
outperforms others consistently throughout the forecast horizon. Note that the price projections obtained from 
the models could be used further for the longer-term forecasting of commodity prices. Our short-term hands-on 
framework could be a useful forecasting tool for central bank policymakers and researchers. 
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1. INTRODUCTION
Commodity prices play an increasingly important role 

in in�uencing global in�ation and the macroeconomic 
environment. For many developing economies, primary 
commodities remain the main drivers of the balance of 
payments, while price �uctuations a�ect their macroeconomic 
performance. Energy transition, the COVID-19 pandemic, 
and russia�s war against Ukraine have led to sharp price 
changes, highlighting the high volatility of the commodity 
markets and the vulnerability of commodity-dependent 
countries to price shocks (Ba�es and Nagle (eds.), 2022). 
Therefore, a deeper understanding of commodity price 
movements and the factors behind them are crucial to 
policymakers, international institutions, and think tanks.

The approaches used to forecast the prices of energy 
and metals di�er in many ways depending on the purpose 
of studies, the benchmarks chosen, the frequency of data, 
and forecasting techniques. There are papers that employ 
univariate techniques (Tularam and Saeed, 2016; Nademi 
and Nademi, 2018; Hosseinipoor et al., 2016), multivariate 
econometric models (Nick and Thoenes, 2014; Berrisch and 
Ziel, 2022), and machine learning approaches (Kriechbaumer 
et al., 2014; Li et al., 2020). Various research studies focus 
either on short- or long-term forecasting tools: they aim to 

predict the spot (nominal or real) prices or futures prices of 
commodities, and �nd the interrelation between commodity 
prices and their potential impact on one another (West and 
Wong, 2014). 

This paper introduces the hands-on approach of 
multivariate models for the short-term forecasting of 
global prices for crude oil, natural gas, steel, and iron, and 
analyzes the forecasting performance of these techniques. 
More speci�cally, this study focuses on predicting the spot 
nominal monthly prices of commodities six months ahead, 
while the majority of papers develop models to predict 
either futures prices (Bowman and Husain, 2004; Reichsfeld 
and Roache, 2011; Ambya et al., 2020), spot real quarterly 
prices (Baumeister and Kilian, 2013, 2014; Wårell, 2018) or 
price indices (Chou et al., 2012). Our short-term hands-on 
framework could be a useful tool for central banks and 
analysts, while the price projections obtained from these 
models could be used further as assumptions for the longer-
term forecasting of commodity prices. 

The paper is organized as follows. Section 2 provides 
a review of relevant research literature on commodity 
price forecasting, and examines the modern econometric 
approaches used to predict oil, gas, iron ore and steel 
prices. Section 3 describes the general methodology 
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of� VAR/VECM models, and is divided into subsections to 
analyze in detail the speci�cations of the models and data 
for each of the four commodities discussed. In Section 4, we 
look at the results of our short-term models and assess their 
forecasting properties. Finally, Section 5 o�ers conclusions 
and recommendations on how this forecasting approach 
can be improved. 

2. LITERATURE REVIEW
Forecasting commodity prices is generally considered 

a challenging task, and rightfully so, given their volatility, 
dependence on many economic and �nancial factors, 
trend changes over time, and the huge variety of methods 
and approaches used in forecasting. The literature on 
commodity price forecasting di�ers signi�cantly, depending 
on the purposes of the studies, the techniques used and the 
features of each commodity market. There are papers that 
employ econometric approaches, namely univariate and 
multivariate forecasting models, and those that use machine 
learning and non-parametric techniques. Di�erent studies 
also focus on short- or long-term forecasting tools; they aim 
to predict spot or futures prices of commodities, nominal or 
real (spot) prices; and seek to �nd the interrelation between 
di�erent commodity prices and their potential impact on 
one another. In this section, we review the literature by the 
commodities of interest.

The literature on predicting global crude oil prices is 
probably the most extensive, compared to other commodity 
groups, due to the impact oil prices have on in�ation and 
macroeconomic development. For example, Tularam and 
Saeed (2016) focus on univariate time-series models to 
predict oil price movements, and �nd that the ARIMA model 
is a better �t for daily WTI oil prices than the exponential 
smoothing and Holt-Winters models. Conversely, Nademi 
and Nademi (2018) �nd that the semiparametric Markov-
switching AR-ARCH model outperforms other simple 
approaches, including ARIMA and GARCH, when it comes 
to forecasting OPEC, WTI and Brent oil prices. However, 
univariate forecasting models rely only on one input � in this 
case, the price of crude oil itself and its past patterns � and 
do not take into account other factors that might impact the 
price. Whereas multivariate models are more sophisticated 
and include the economic determinants of price movements. 

It is worth noting that a number of research papers use 
oil futures prices to predict movements in spot prices. The 
intuition behind this is that oil is both a physical commodity 
and a �nancial asset. Thus, it is often argued that there is 
a theoretical link between its spot and futures prices, and the 
slope of oil futures prices may help predict the movements 
in spot prices. The empirical evidence, however, is mixed. 
Chernenko et al. (2004), for instance, argue that oil futures 
prices ( just as natural gas futures prices) show little evidence 
for risk premiums and can be used to forecast spot prices. 
Some central banks tend to use futures curves for the short-
term forecasting of oil spot prices as they are simple and 
easy to communicate. Reichsfeld and Roache (2011) prove 
empirically that futures-based forecasts outperform random 
walk models over a three-month horizon, but not over longer 
forecast periods. In contrast, Alquist et al. (2011) conclude 
that futures prices are not good predictors of nominal oil 
prices and do not outperform no-change forecasts. There is 
also an arbitrage relationship between oil futures and spot 
prices, which, inter alia, means that the slope of oil futures 
prices is rather �at relative to the changes in oil spot prices 
(Nixon and Smith, 2012). Moreover, due to oil being a physical 

and storable good with limited inventories, its futures price 
curve is downward sloping most of the time, except for 
some occasions of contango (i.e. an upward sloping curve) 
when there is ample supply and a high level of oil stocks. In 
general, futures-based models alone do not prove accurate 
in predicting spot oil prices, Therefore, other approaches or 
even combinations of di�erent models should be used (ECB, 
2015).

A growing number of recent research papers focus 
on vector autoregression (VAR) models to predict nominal 
and real spot prices on the commodity markets as these 
models take into account the economic determinants of 
price movements and market fundamentals. Such models 
consider each variable as a function of its own past values 
and past values of other variables in the model. They also 
provide estimates of the impact of supply and demand 
shocks on commodity prices, which makes such models 
a useful analytical tool. VAR and structural VAR models 
have smaller forecast errors and prove to be more accurate 
in forecasting oil price movements than other time-series 
techniques, especially in the short run (as discussed in 
Baumeister and Kilian (2013, 2014), Kilian and Murphy 
(2014) etc.). For example, Baumeister and Kilian (2014), in 
their seminal work, study real-time forecasting techniques, 
including forecast combinations, to predict the quarterly 
real price of oil over short-term horizons. The authors use 
market fundamental variables, such as a change in crude 
oil production, Kilian�s (2009) index of global real economic 
activity, a change in oil inventories and so on to conclude 
that VAR models based on monthly data are the most 
accurate tools for predicting real oil prices on a quarterly 
basis. At the same time, one may argue that the accuracy 
and stability of individual forecasts are time varying, and 
di�erent models might be suitable for di�erent periods. 
Thus, the combination of individual forecasts should improve 
the accuracy of forecasts and help overcome the potential 
misspeci�cations of individual models. Baumeister and Kilian 
(2014) developed a number of forecasting models to test an 
equal-weighted combination of a monthly VAR model (as 
the best-performing one among the individual approaches) 
and the futures-based approach, which provides some 
MSPE improvement of the forecast of the U.S. real re�ners� 
acquisition cost (RAC) and WTI price, while deteriorating 
directional accuracy. However, this combination method 
does not improve forecast accuracy for Brent oil real prices at 
all, thus the results are mixed. In their later study, Baumeister 
and Kilian (2013) demonstrate that the combination of four 
models (namely a VAR model, a model based on non-oil 
commodity prices, a method based on futures spreads, and 
a time-varying product spread approach) with inverse MSPE 
weights actually provides better forecast accuracy. The 
results hold for the U.S. re�ners� acquisition cost for crude 
oil imports and WTI oil prices over January 1992 through 
September 2012, but there are no results for Brent oil prices, 
due to the lack of suitable data.

In contrast, Manescu and Van Robays (2014) focus on the 
current international benchmark price and prove empirically 
that for Brent oil prices for the period from Q1 1995 through 
Q4 2012, a four-model combination, which consists of 
futures, risk-adjusted futures approaches, Bayesian VAR, and 
a DGSE model, is the best forecasting technique. This equal-
weighted model combination produces robust forecasts of 
oil prices over the studied period, reduces the forecast bias, 
and outperforms simple models in out-of-sample exercises. 
At the same time, this combination approach is found to 
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improve the forecasts of the futures-based model and the 
random walk model (on average, up to 11 quarters ahead), 
but there is no evidence that it outperforms other forecasting 
approaches. When compared to benchmarks other than 
predictions by futures prices, it may produce worse results. 
Moreover, given the latest patterns on the global oil market, 
it is unclear if this particular combination of models can be 
robust over a more recent period than that discussed in 
a paper by Manescu and Van Robays (2014), i.e. after 2012.

The research papers mentioned above describe the 
methods of forecasting real oil prices or real RAC (re�ner 
acquisition cost) based on global supply and demand 
variables, according to economic theory. These real price 
forecasts could then be used by analysts and policy makers. 
Nominal price forecasts, which are usually of interest, could 
be derived from them, using separate forecasts of the CPI. 
Thus, the models proposed in the aforementioned papers 
cannot directly predict the nominal price of oil and require 
other models or external forecasts for that. Meanwhile, 
Beckers and Beidas-Strom (2015) introduce CPI in�ation 
into the VAR model to �ll in this gap in the literature, and 
they �nd that this VAR model outperforms the random walk 
and futures-based forecasts. The authors also conclude that 
there is merit in combining forecasts of futures and VAR 
models, although only for horizons beyond 18 months.

Just as in the case of forecasting oil prices, the literature 
on predicting natural gas prices di�ers in terms of the 
purpose of forecasts, chosen benchmarks or markets, 
the use of additional price determinants, and forecasting 
methodology. For example, Hosseinipoor et al. (2016) apply 
the ARIMA/GARCH combined approach to predict Henry 
Hub (U.S. market) monthly spot prices in the long run. In 
contrast, Jin and Kim (2015) suggest using a combination 
of wavelet decomposition and the ARIMA model, for more 
precise forecasting of Henry Hub weekly spot prices. 

A growing body of literature, however, studies the impact 
of additional factors on natural gas prices and suggests that 
multivariate models are more precise for forecasting. For 
instance, Nick and Thoenes (2014) develop a structural VAR 
model for the German (NCG) gas hub over the period of 
2008-2011 and �nd that in the short-term gas prices depend 
on the temperature, storage and supply shortfalls, while 
in the long-term crude oil and coal prices have an impact 
on gas price developments. Moreover, the authors argue 
that while supply interruptions have an impact on NCG gas 
prices, their e�ects might be overestimated, since some of 
the supply shortfalls overlapped with extraordinary demand-
side conditions. Thus, it is important to not only focus on the 
supply-side aspects of the gas market in order to improve 
its security, but also to address the �exibility side of market 
demand.

Hamie (2020) tests an extensive set of methodologies to 
model natural gas prices, including game theory, information 
theory, records theory, non-parametric approaches, and the 
multivariate regression analysis. As for multivariate models, 
the author employs the VECM (vector error-correction 
model) to account for the e�ects of fundamental variables 
on gas price formation. Hamie (2020) argues that natural gas 
prices in the German hub (NCG benchmark) are a�ected by 
the weather conditions measured by heating degree days, 
the storage utilization of gas, coal and crude oil prices, the 
euro-dollar exchange rate, as well as by the lags of their own 
prices. At the same time, it is argued that many other factors 
might determine natural gas prices, including oil storage 

inventories, extreme weather events, political factors, and 
�nancial market conditions. Similarly, Berrisch and Ziel 
(2022) use state-space models to forecast daily and monthly 
gas prices based on various factors, such as seasonality, 
air temperature, risk premiums, storage levels, the price of 
European Emission Allowances, and the prices of oil, coal 
and electricity. As can be seen even from the examples 
above, apart from the main supply and demand factors, it is 
common to use weather-related variables to model natural 
gas prices. Temperature has an impact on gas consumption 
as the primary usage of gas is for heating purposes. 
Moreover, gas is also used in hot weather to cool buildings. 
Heating degree days (HDD) and cooling degree days (CDD) 
are the measures that quantify respective energy needs 
depending on the temperature (Sharma et al., 2021).

Gao et al. (2021) develop a class of hybrid time-varying 
parameter models (i.e. combinations of TVPSV and Markov 
switching classes of models) for three gas markets, namely 
the U.S., and the European and Japanese markets. The 
authors �nd evidence that time-varying models are better for 
forecasting European and Japanese monthly gas prices than 
static models, while for the U.S. market a simple AR model 
outperforms other studied approaches.

In recent literature, more and more papers focus on 
the Dutch TTF price as a benchmark, because the TTF is 
currently Europe�s main gas hub, and it is becoming widely 
internationalized. Hulshof et al. (2016), for example, prove 
that daily TTF gas prices predominantly depend on market 
fundamentals, such as weather and storage availability, 
while the linkage between crude oil and natural gas prices 
is not strong over the period of 2011�2014, and coal prices 
are insigni�cant for the day-ahead forecasting of gas prices. 
Obadi and Korcek (2020) examine month-ahead TTF 
contracts over 2016�2019 and �nd evidence that monthly 
gas prices are driven by demand and supply fundamentals, 
like the price of German power and the price of coal, 
changes in total demand for gas, storage capacity, and in 
LNG variables. 

The literature on predicting iron ore and steel prices 
is interrelated, given the direct links between these two 
commodity markets. Iron ore is the primary raw material that 
is used in the production of steel and steel products. Almost 
all iron ore that is mined is used in steelmaking, thus the 
demand for iron ore is primarily de�ned by the demand for 
steel. Therefore, the factors impacting global iron ore and 
steel prices are related. 

The Asian market, more speci�cally Chinese consumers, 
play a great role in shaping the global iron ore market. China 
is a dominant consumer of metals in general and iron ore in 
particular, as it is the world�s largest producer of steel. The 
growing importance of the Chinese market is often seen as 
one of the main reasons behind the transition of the iron 
ore pricing mechanism from an annual negotiation system 
to spot market pricing in late 2008�2010 (Wårell, 2014; 
Wårell, 2018). The author also �nds GDP growth in China to 
have the strongest impact on iron ore prices. Ma and Zhen 
(2020) analyze spot prices for iron ore in 2014-2018 and �nd 
evidence that China�s steel production a�ects the volatility 
of iron ore prices, while the mean and volatility of prices are 
also in�uenced by changes in port stocks.

Mei and Chen (2018) study the factors in�uencing 
steel overcapacity on the Chinese market and �nd that 
they include the steel export rate, investment in �xed 
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Dogecoin has similar results to the Ripple currency. As 
in the case of Dogecoin, Prophet did the worst job with 
forecasting, and LSTM did the best. 

When building models, various parameters and data 
sets were used (without and with smoothed anomalies), it 
turned out that for all crypto currencies forecasts based on 
smoothed data had a higher error.

From Tables 4 to 7, we may see that LSTM demonstrated 
the best results among the studied models. In half of the 
cases, Prophet showed the worst forecast results, while 
MAPE for Naïve and ARIMA did not exceed 11%.

7. CONCLUSIONS
This study examines the problems of forecasting the 

price dynamics of crypto currencies. The spread and impact 
of crypto currency technologies in the modern world is 
causing heated discussions about the place and role of 
crypto currencies in the modern economy. Research into 
methods of forecasting crypto currency prices is of great 
importance for the scienti�c community, �nancial analysts, 
investors, and traders.

In the course of the study, data was collected, cleaned, 
normalized, and selected as the resulting basis for 
forecasting the closing price of crypto currencies. When 
studying the time series data, it turned out that it is non-
stationary, which limits the range of possible approaches for 
modeling. In order to use ARIMA, the data was transformed 

into a stationary time series, but experiments have shown 
that this, �rstly, complicates the process of calculating the 
resulting variable closing price, and secondly, does not 
improve the accuracy of models. The �nal mathematical 
models selected as the best ones are built using machine-
learning techniques and using non-stationary time-series 
prices. 

The recurrent neural network of long-term memory 
showed signi�cantly better results in forecasting, 
according to the calculated errors, compared to the naive 
forecast, and for all ARIMA models, as well as the results 
of Facebook�s Prophet. It is worth noting that in half of the 
cases, even Naïve and ARIMA showed more accurate results 
than Prophet.

Modeling and forecasting the price of crypto currencies is 
a quite promising and still under examined area of scienti�c 
study. To improve the process of forecasting crypto assets in 
the future, it is necessary to take into account fundamental 
factors (news, events in the �eld of technology, regulation, 
etc.), and to study relationships with other �nancial markets 
and economic trends. 

Mathematical models for forecasting crypto currency 
prices have already become the foundation for developing 
trading algorithms and bots based on them, portfolio 
management tools, and for budget planning. With the 
development of modeling methods themselves and the 
growth of computing power, the accuracy of forecasting in 
the short term, even in very volatile markets, will increase. 
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