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Abstract

Random forest models have recently gained popularity for economic forecasting. Earlier
studies demonstrated their potential to provide early warnings of recession and serve
as a competitive method to older prediction models. This study offers the first evaluation
of the random forest forecast for the Czech economy. The one-step-ahead forecasting
results show high accuracy on the Czech data and are proven to outperform forecasts
from the Czech Ministry of Finance and the Czech National Bank. The following multi-
step random forest forecast, estimated for the next four quarters, shows results similar
to those from the central institutions. The main difference stems from the household and
industrial confidence variables, which significantly impact on the random forest forecast.
The variable-importance analysis further emphasizes the soft variables as valuable
determinants for Czech forecasting. Overall, the findings motivate other forecasters
to exercise this method.
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1. Introduction

Random forest models represent a powerful novel method of forecasting. Despite its
popularity, only a few articles apply it to forecasting, and this is the first study to evaluate
its prediction potential for the Czech economy. The model assessment depends on accuracy
measures from over a hundred prediction estimates for eleven target variables and further
comparison to the quarterly projections of the two leading Czech forecasting institutions,
the Ministry of Finance (MF) and the Czech National Bank (CNB).

The MF and the CNB econometric and agent-based forecasting models differ
from the random forest approach. While these older methods rely on economic theory,
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the random forest is a crushing data technique. The absence of a theoretical background
avoids formulating equations necessary for the macroeconomic agent-based models (see
the Ministry of Finance model from Aliyev ef al., 2014, extended by Gawthorpe, 2020,
and the CNB g3 model, www.cnb.cz).

The model assumptions are only as permanent as the economic theory that defines
them. However, economic theories tend to change. For example, we now doubt the rele-
vance of concepts vastly accepted in the 1990s, such as long-run purchasing power parity
or the Phillips curve (Engel, 2000; Atkeson and Ohanian, 2001; Blanchard, 2016), and
struggle to model new phenomena, such as the zero bound on interest rates (Wolman,
2003; Kucharcukova et al., 2013). Agent-based models require reformulation to adopt
these changes. Random forest, in contrast, learns these changes from data and advances
with new observations. Learning from data appears very attractive in the presence of such
a complex and continuously changing economic environment.

Although unknown in economics until recently (Boulesteix et al., 2012; Biau and
D’elia, 2010), this flexible and powerful method is proven to outperform classification
methods from 17 families, such as Bayesian models, generalized linear models, decision
trees or principal component regression (Fernandez-Delgado ef al., 2014), but also logistic
regression, Gaussian discriminant analysis, quadratic discriminant analysis and support vector
machines in time-series forecasting (Khaidem ez al., 2016), the ANN and ARMA approaches
in forecasting real-time prices on the NY electricity market (Mei et al., 2014), neural networks
and support vector machines in forecasting Malaysian exchange rate (Ramakrishnan et al.,
2017), econometric methods in forecasting primary energy commodities and anticipating
their turning points (Herrera et al., 2019) and neural networks, discriminant analysis and
logit models in forecasting stock index movements (Kumar and Thenmozhi, 2006). Baybuza
(2018) finds the random forest method to be a useful forecasting tool for Russian inflation
as autoregression. Biau and D’elia (2010) prove random forest as a valuable technique
in forecasting with large datasets. Besides dealing with large datasets, Woloszko (2020)
finds it useful for capturing nonlinearities in the complex and changing economic reality.
At the same time, Woloszko (2020) criticizes the unrealistic assumptions of econometric
models concerning stable relationships and stable data distribution across history. Random
forests also show an exciting potential to serve for early recession warnings (Alessi and
Detken, 2011); Nyman and Ormerod (2017) capture the economic downturn in 2009, and
Coulombe (2020) the unemployment growth in 2008.

However, despite the evidence on the forecasting accuracy of the method, the random
forest suffers from several drawbacks. The more complex the machine-learning algorithm
is, the better it captures complex economic reality, but this growing accuracy comes
at the price of lower interpretability, the Occam dilemma (Woloszko, 2020, p. 7).
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The random forest calculation process is also slower and harder to interpret than a single
regression tree forecast (Baybuza, 2018). The interpretation is facilitated with the so-called
variable importance analysis, which measures impact of variables on the prediction
result (Li et al., 2019). The variable importance analysis also complements the outcome
estimation in this study.

Other issues relate to time series forecasting. Woloszko (2020) discusses difficulties
in time series forecasting with machine-learning models, such as the process of classification
of data into sub-samples, the if-then concept and abstracts from simultaneous interactions
among forecast variables. In contrast, agent-based macroeconomic models understand
interdependent economic relationships (Gawthorpe, 2019). This study introduces mutual
dependence among variables with sequential forecasting, where a prediction estimate for one
target variable becomes a feature value for forecasting another target variable. Machine-
learning models also have no awareness of time and struggle to predict trends (Pavlyshenko,
2019). The present paper confronts this problem in the pre-processing data stage.

This study builds on previous research and evaluates a random forest model for fore-
casting Czech macroeconomic variables. The model features eleven variables collected
from the third quarter of 2003 to the third quarter of 2019. The forecasting process consists
oftwo steps. In the first step, the random forest estimates one-step-ahead forecasts for every
variable. In the second step, multivariate multi-stage forecasts for these variables provide
new prediction values for the entire year 2020 (not controlling for the recent pandemic).
The final evaluation depends on comparing the model outcome and its accuracy to forecasts
by the Czech central institutions, the Ministry of Finance, and the Czech National Bank.
The variable importance approach closes the analysis with information about the variables
most significant for forecasting the Czech GDP.

The structure of the present study is as follows. Methodology describes the random
forest model and lays out the estimation process. The Data section summarizes observa-
tions for the training and the testing set. The Results section starts with a single regression
tree presentation and continues with a random forest analysis and ends with an evaluation
of the model accuracy. The Conclusions section summarizes the findings at the end
of the paper.

2. Methodology

To be valuable for forecasting the Czech economy, the random forest must outperform
forecasts from the two leading Czech forecasting institutions or bring new information
for Czech forecasting. This study tests both the model accuracy and the significance
of variables unusual in the Czech forecasting models.
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The random forest, being an ensemble of regression trees, starts by estimating
a regression tree on a randomly selected feature and data samples. These data samples
are divided into training and testing sets, where the tree practices on the training samples
to deliver estimates comparable to the testing samples (Breiman, 2001). The tree estimation
process is a continuous splitting of a node into two child nodes and each child node into
another two child nodes. A left-hand child node consists of samples that meet a feature
argument (for example, x <5), while a right-hand child node consists of those that violate
it (Woloszko, 2020). The node splitting stops when the model reaches a maximum tree
depth or meets a restriction on the number of training samples per leaf. The trained model
then delivers a prediction estimate for a target variable. These prediction estimates from
number of regression trees f,,. enter the final random forest f,, prediction outcome y
(Wager and Athey, 2018):

1 N
fRF:_ZfR (5/) (D
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The algorithm in this study estimates a separate random forest model for every target
variable. The tested variables include, besides hard data commonly used in forecasting
models (see Gawthorpe, 2020; Aliyev et al., 2014; CNB g3 model, www.cnb.cz), also
soft data as recommended by Woloszko (2020). The variables consist of gross domestic
product, consumption, gross domestic product of the Eurozone, export, import, interest
rate, household confidence, PMI manufacturing, construction confidence, industrial
confidence, and wage. The model links these 11 variables K in time r =1, 2, 3, ..., T,
T = 66 in the following way:
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where the model relates a target variable y,  to the same set of lagged features and
the previous state of the variable. We need to estimate forecasts only on the lagged values
if we want to compare the forecasting accuracy to previous forecasts from the central
institutions, which also had only past values available when making predictions. Nyman
and Ormerod (2017) also use lagged features to predict GDP growth and note that only past
values would have been available to a forecaster. The author’s previous study (Gawthorpe,
2020) recommends applying only one lag while forecasting growth rates for the Czech
macroeconomic variables.
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This study evaluates the random forest method with one-step-ahead and multi-step
forecasts, where error measures reflect the one-step-ahead forecast performance. Ten
one-step-ahead forecasts for every target variable result in over 1600 prediction estimates.
This rich dataset provides representative error measures for evaluating the model accuracy.

The multi-step prediction takes the form of a multivariate forecast; multivariate
because the forecast includes the lagged character of both the target and the explanatory
variables and multi-step because it predicts many steps into the future. While the random
forest is a one-step-ahead forecasting method, the multi-step approach enables this model
to predict values further into the future. The algorithm predicts the new values in a step-
by-step manner. In every step, the code estimates a one-step-ahead forecast for every target
variable and gradually expands the original data set with these new values. The prediction
in the current step then depends on the values predicted in the past step.

This iterative forecasting procedure assimilates the method of Nyman and Ormerod
(2017). In contrast to their article, the present prediction benefits from a multivariate
forecast character where all explanatory variables are subject to multi-step forecasting.
Unfortunately, the multi-step forecasting process suffers from error accumulation: errors
from the past propagate into future predictions (Cheng et al., 2006). This issue means
growing bias and variance of the model with increasing the prediction window. The present
study, therefore, concentrates on forecasting only four quarters.

The forecasting outcome is further analysed using the variable importance method.
The variable importance analysis measures importance of features for the prediction
result, simplifying outcome interpretation, and excluding insignificant variables. Similar
to principal component analysis, the method enables decreasing the number of regressors
to reduce model overfitting.

The variable importance method operates with out-of-bag data, which is the fraction
of data left out during the random sample selection process. The importance of including
a feature in the model depends on the comparison between the mean squared error (MSE)
for the model estimated on the out-of-bag data to the MSE for the model estimated
on the original dataset (Nguyen ef al., 2015).

This study applies the mean decrease impurity method as the variable importance
method. Impurity reflects how well observations fit a model and is measured as a residual
sum of squares in a node. The mean decrease impurity approach selects those features that
decrease the impurity most across all trees. However, this technique can display much smaller
significance for less but still significant, although strongly correlated features (Li et al.,
2019). This study verifies the mean decrease impurity outcome using separate simulations
of a target variable as a function of only one other feature. In other words, the method tests
the sensitivity of the random forest forecast to the inclusion of a particular variable.

340 Prague Economic Papers, 2021, 30 (3), 336357, https://doi.org/10.18267/j.pep.765



3. Data

The dataset consists of eleven time-series variables collected quarterly from the third
quarter of 2003 to the third quarter of 2019. The dataset consists of both soft and
hard data. The OECD study of Woloszko (2020) recommends soft data for machine-
learning forecasting of GDP. In this study, the soft data consist of household confidence
(HHs. conf.), Purchasing Managers’ Index for manufacturing (PMI), construction confi-
dence (Const. conf.)and industrial confidence (Ind. conf.), and the hard data include
Czech gross domestic product (GDP), consumption, gross domestic product of the Euro-
zone (GDP EA), export, import, 3-month PRIBOR (IR), and wage.

The Czech National Bank publishes the variables PMI and IR (www.cnb.cz);
Eurostat the GDP EA (ec.europa.eu) and the Czech Statistical Office the remaining series
(www.czso.cz). The GDP of the Eurozone and the interest rate enter the model as exogenous
variables. The exogenous character of the Eurozone GDP originates in the limited impact
of the Czech economy on the Eurozone. The exogenous character of the interest rate
stems from the CNB’s control over the interest rate. The model adopts the Eurozone GDP
prediction from the Ministry of Finance (www.mfcr.cz) and the three-month PRIBOR
from the Czech National Bank (www.cnb.cz).

Forecasting with random forests requires a data pre-processing step. The series enter
the model as seasonally adjusted year-on-year (YoY) growth rates, as the Czech Statistical
Office, the Czech National Bank, and the Eurostat supply data in a seasonally adjusted
form. The transformation resembles the dataset used for forecasting dynamic stochastic
general equilibrium (DSGE) models, a forecasting instrument used by the Ministry
of Finance as well as the Czech National Bank (see the Ministry of Finance model, Aliyev
et al., 2014; or see Pfeifer, 2020). Applying a dataset similar to that used for other models
simplifies outcome comparison across different approaches. This data pre-processing is
also convenient as machine-learning algorithms struggle to forecast trends (Pavlyshenko,
2019). The growth rate transformation can be formalized as log(y,) — log(y, ). While
differencing helps stabilize the mean, log transformation helps stabilize the variance.
The data are randomly split into two datasets: 25% as the testing set and 75% as the training
set. This testing-training ratio is the default in the scikit-learn algorithm (scikit-learn.org).

Table 1 provides summary statistics for the selected variables.

The random forest algorithm also requires parameter selection. The so-called hyper-
-parameter tuning method can test an appropriate parameter mix. This method runs
the initial random forest numerous times to decide over the best parameter combination,
which provides the most accurate prediction (scikit-learn.org).
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Table 1: Summary statistics

Variable Mean Mode Variance | St.dev. Min Max Obs.
Output 2,86 2,50 8,81 2,99 -5,60 7,30 66
Consumption 2,43 2,90 3,45 1,87 -1,70 5,40 66
GDPEA 2,64 2,70 4,51 2,14 -4,50 6,20 66
Export 8,33 12,50 86,85 9,39 -16,90 37,40 66
Import 7,37 14,80 75,19 8,74 -17,00 35,00 66
IR 1,57 0,30 1,18 1,09 0,30 4,20 66
HHs. conf. 0,21 1,90 64,84 8,11 -28,90 18,40 66
PMI 0,74 3,50 16,90 414 -10,80 8,00 66
Const. conf. 0,63 2,90 141,28 11,98 —-38,60 35,50 66
Ind. conf. 1,64 —4,60 255,27 16,10 —-34,80 52,20 66
Wage 4,40 2,30 7,53 2,76 -1,60 10,20 66

Source: Author’s calculations

The hyper-parameter tuning tests the following parameter combinations: boot-
strapping as the sample selection method; a number of trees varying by ten between
200 and 2000; 2, 5, or 10 as the minimum number of samples required to split a node;
1, 2, 4, or 5 as the minimum number of samples required at each leaf node; all features
or subset of features allowed for tree consideration; and no limit on the maximum tree
depth (see Koehrsen, 2018, for parameter selection). The parameter tuning is proven to be
the most accurate random forest model estimated with 1000 trees, a minimum of two
samples required to split a node, a minimum of one sample to be at a leaf node, and which
randomly selects 42 features. This selected parameter set enters the random forest esti-
mation in this study.

4. Results

This section first presents a regression tree, a random forest component, to forecast
the Czech GDP.
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Figure 1: Regression tree
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Source: Author’s calculations. All these variables are first lags of their YoY growth rates. The lag(GDP)
label emphasizes the GDP variable being lagged as opposed to the non-lagged GDP target variable.

Figure 1 illustrates one regression tree out of the 1000 simulated trees in the random
forest. In the regression tree, each node presents a feature used for splitting, a number
of samples in a node, and an average forecast value. Every parent node is split into two
child nodes: a left-hand child node with data smaller or equal to the splitting feature value,
and a right-hand child node with data higher than the value. The last leaf nodes show
the final conditional forecast for the Czech GDP. The weighted average across the leaf
nodes is 2.98, representing a one-step-ahead forecast for one regression tree.

The regression tree predicts a lower GDP growth rate with smaller household
or construction confidence; or smaller export values. This tree splitting and the selected
feature set seem intuitive, which is a good sign for the random forest forecast being
a combination of the tree predictions. The small open character of the Czech economy
explains the export feature; the lagged GDP feature reflects the autoregressive character
of the GDP series; and the household and construction confidence features signal
the significance of soft data for GDP forecasting, as suggested by Woloszko (2020).
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The final random forest forecast is visible in Figure 6 in the Appendix. The red
dots are one-step-ahead forecasts estimated on a randomly selected testing sample, and
the red line is a multi-step forecast from the last quarter of 2019 to the last quarter of 2020.
The forecast is estimated on the dataset until the third quarter of 2019, thus neglecting
the recent pandemic. The random forest method for predicting the Czech GDP shows high
accuracy with R? equal to 0.9.

The tables 2 and 3 summarize the 2020 forecasts for different target variables:

Table 2: Yearly forecast

2018 2019 2020

mld.,c.p. 4,735 4,866 4,971
GDP

y/v,% 2.9 2.8 2.2

mld.,c.p. 2,272 2,339 2,407
Consumption

y/v,% 3.4 29 2.9

mld.,c.p. 3,996 4,057 4,213
Export

y/v,% 4.4 15 3.8

mld.,c.p. 3,706 3,767 3,881
Import

y/y,% 59 1.6 3.0

mld.,c.p. 11,549 11,764 11,882
GDPEA

y/y.% 3.2 19 1.0
3MIR % 2.1 2.3 2.1

Source: Author’s calculations, where c.p. stands for constant prices of the year 2010.

The random forest model enables the so-called variable importance analysis, which
simplifies the result interpretation. The Methodology section explains the drawback
for the mean decrease impurity if individual features are correlated. The section subsequently
suggests verifying the method outcome by analysing the importance of every feature
separately. The mean decrease impurity results are visible in Figure 1, and the second
approach outcome, with only the GDP lag and one other variable, is illustrated in Figure 2.

The soft indicators, household confidence and industrial confidence, prove their
importance for the GDP prediction in both Figure 1 and Figure 2. Similarly, Woloszko
(2020) demonstrates a significant role of soft data, namely business survey and consumer
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confidence, for French GDP dynamics. Lagged GDP is the third most crucial feature
as evaluated by the mean decrease impurity method in Figure 1. In contrast, the least
essential features are the variables PMI manufacturing, wage and interest rate.

Table 3: Quarterly forecast

2019 2019 2019 2019 2020 2020 2020 2020
Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4

mid.,c.p.| 1,138.0 | 1,222.0 | 1,242.0 | 1,264.1 | 1,161.6 | 1,251.6 |1,266.7 | 1,290.8
y/y,% 2.7 2.8 2.5 2.5 2.1 24 2.0 2.1

GDP

A mld.,c.p.| 558.0 585.0 593.0 603.0 573.0 | 600.5 611.2 622.0
Consumption

V/%,% 3.2 3.0 33 24 27 27 3.1 3.1

Exoort mid.c.p.| 1,006.0 | 1,031.0 | 983.0 | 1,037.4 | 1,027.0 | 1,075.9 | 1,033.8 | 1,076.7
Xpor

P V/9,% 14 1.8 3.8 1.8 2.1 44 5.2 3.8

| . mid,cp.| 9170 | 9350 | 9250 | 989.6 | 9286 | 9677 | 965.8 | 1,019.1
mpor

P V/,% 1.9 1.2 2.6 1.0 13 35 44 3.0

CDP EA mid.c.p.| 2,939.5 | 2,959.2 | 2,921.0 |2,944.8 | 2,963.1 |2,986.2 |2,949.5 | 2,983.1

y/9,% 2.8 2.8 1.0 0.9 0.8 0.9 1.0 1.3

3MIR % 2.0 2.1 2.2 2.2 26 2.5 2.2 2.1

Source: Author’s calculations, where c.p. stands for constant prices of the year 2010.

The variables import and export turn out to be very significant for the 2020 forecast
in Figure 2, but less critical for the forecast in Figure 1. The lower importance of foreign
trade and GDP EA in the mean decrease impurity method stem from the high correlation
between these variables and the soft data. For example, the correlation coefficient
between import and household confidence is over 70 percent. As we already discussed,
the correlation between features can undermine the importance of the relatively less
essential variables when applying the mean decrease impurity method. Nevertheless,
the second approach illustrated in Figure 2 proves the unambiguous dependence
of the Czech economic situation on foreign trade. Overall, the future Czech GDP forecast
significantly depends on the soft indicators and the Czech foreign trade; this outcome also
supports the regression tree findings.

Finally, Table 4 compares the prediction findings from the random forest model (RF),
the Ministry of Finance prediction (MF) and the Czech National Bank (CNB), the two
latter ones published in January 2020 (see www.mfcr.cz, www.cnb.cz).
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Table 4: Comparison of GDP forecasts

RF MF CNB
3,0
2019 Q1 2.70 270 | 270
2,5
2019 Q2 2.80 2.80 | 2.80
2019 Q3 2.50 250 | 2.50 2,0
2019 Q4 2.50 1.60 1.90 1,5
2020 Q1 2.08 220 | 210 1.0 R
N9 s N N g 5 N
2020Q2 | 243 180 | 210 AR S LR SR\ SRS K S
S S S
DX DN S S
2020 Q3 1.99 170 | 2.30
RF ceecee MF = = CNB
2020 Q4 2.1 220 | 270

Source: Author’s calculations, Ministry of Finance of the Czech Republic (Macroeconomic Forecast,
January 2020), Czech National Bank (Inflation Report, 1/2020).

Table 4 displays the similarity of the results from the supervised machine-learning
algorithm and the two central institutions. However, there is an apparent delay in the Czech
GDP drop for the random forest forecast. The absence of lead variables in the random
forest model could explain this difference (see Methodology section).

The MF prediction assumes the Eurozone GDP to drop in the first quarter of 2020
(www.mfcr.cz). Both the central institutions and the random forest model understand
the impact of foreign trade on the small open Czech economy. However, what differs
is the transmission of foreign shock into the domestic demand. While the random forest
operates with lagged features, the DSGE models used by the Ministry of Finance and
the Czech National Bank utilize lead variables based on rational agents’ assumptions.
The rational agents in these models are assumed to incorporate their future expectations
into their present behaviour. The random forest lacks such economic intuition. Therefore,
the expected Eurozone GDP drop translates into GDP slowdown in the same quarter
as predicted by the random forest but one-quarter ahead as predicted by the CNB and
the MF.

4.1.Forecasting accuracy

The random forest model, presented in the previous section, explains 90 percent of data
variation. Figure 2 illustrates how the R-squared statistics vary with increasing number
of regression trees in the random forest model.
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Figure 2: Prediction accuracy with increasing number of trees
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Table 5: Error measures for forecasting

R? MAE MSE RMSE
Output 0.90 0.69 0.88 0.94
Consumption 0.78 0.62 0.80 0.89
GDPEA 0.87 0.52 0.67 0.82
Export 0.62 3.67 5.73 2.39
Import 0.63 3.49 4.97 2.23
IR 0.89 0.19 0.29 0.54
HHs. conf. 0.60 3.19 4.85 2.20
PMI 0.77 1.38 1.92 1.39
Const. conf. 0.67 7.03 9.65 3.1
Ind. conf. 0.60 4.60 6.99 2.64
Wage 0.69 1.18 1.50 1.22

Source: Author’s calculations

Nevertheless, the 25 percent training/testing set split together with 66 observations
results in only sixteen testing values for a target variable. We can increase the testing
sample if we repeat the random forest estimation process. Every round, we estimate
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a random forest; the model selects random data points for the training set and the testing
set. In other words, a new random forest delivers predictions for a new set of dates, with
replacement. Ten random forests predict over a hundred and sixty values in total for every
target variable; see Figure 7 in the Appendix. The multitude of prediction points close
to the actual data indicates that the random forest is a useful prediction tool.

Performance of machine-learning models is usually evaluated with error measures
(see Hou et al., 2015). Every random forest yields its own set of accuracy statistics.
Table 5 averages these statistics across the ten different random forests for every forecast
variable.

The R? statistics, a goodness-of-fit measure, is the highest for the Czech GDP and
the lowest for the confidence variables. The household, construction and industrial confidence
indices reflect subjective feelings, which depend on the media and future expectations and
respond only partially to past economic performance. Nevertheless, the 90 percent R
statistics in Table 5 proves high forecasting accuracy for the Czech GDP.

This part compares the GDP growth in the last three years to the values forecast from
the random forest model and the Czech central institutions.

Table 6: Comparison of different GDP forecasts

Date GDP RF MF_F CNB_F MF_N CNB_N
17-Mar 1.80 1.93 2.70 2.40 2.30 2.50
17-Jun 2.90 2.77 2.40 2.60 3.10 3.50
17-Sep 5.10 4.77 3.40 3.80 4.80 5.00
17-Dec 5.10 4.74 4.70 5.20 5.30 5.40
18-Mar 5.10 4.34 4.60 4.70 5.00 4.90
18-Jun 4.20 4.28 3.30 3.40 2.60 2.60
18-Sep 2.40 2.62 3.00 2.90 2.60 2.70
18-Dec 2.50 2.56 2.70 3.20 2.50 2.30
19-Mar 2.70 2.52 2.60 2.50 2.70 2.60
19-Jun 2.70 243 2.60 2.50 2.70 2.70
19-Sep 2.70 2.31 2.50 2.70 2.50 2.70
RMSE 0.33 0.72 0.59 0.53 0.58

Source: Author’s calculations. The GDP variable is expressed as a year-on-year growth rate.
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Table 6 provides the actual GDP values (GDP), the random forest forecast (RF),
the Ministry of Finance forecast (MF) and the Czech National Bank forecast (CNB).
The suffix F labels whether the institution predicts the current quarter and N whether
it nowcasts the last three months. When nowcasting, the central institutions already
dispose of high-frequency data, such as monthly sectoral indices or monthly confidence
time series. Table 6 shows the most accurate predictions for the random forest model,
based on the root means square error (RMSE), which is the lowest even compared
to the Ministry and the National Bank’s nowcasts.

Figure 3: Different GDP forecasts
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5

4

° =~ — ————

2

1

0 r r x x x
3.1.17 9.1.17 3.1.18 9.1.18 3.1.19 9.1.19

= GDP RF = = MF CNB

Source: Author’s calculations. RF labels the random forest forecast, MF the Ministry of Finance forecast
and CNB the Czech National Bank forecast.

Figure 3 illustrates the GDP prediction estimates from Table 6. The lines MF and
CNB stand for the institutions’ forecasts of the current quarter. The random forest model
again visibly outperforms forecasts from the latter institutions.

5. Conclusions

The random forest is proven valuable for Czech forecasting; the model outperforms
forecasts by the Czech Ministry of Finance (MF) and the Czech National Bank (CNB) and
proves the significance of soft data for Czech forecasting. This study assesses forecasting
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accuracy with one-step-ahead and multi-step forecasts. Estimation of ten random models
for every target variable provides over a hundred one-step-ahead prediction estimates.
The subsequent error measures show high forecasting accuracy, explaining around 90
percent of the Czech GDP. Furthermore, the model provides more accurate one-step-ahead
predictions relative to forecasts and nowcasts from the two Czech forecasting institutions,
tested on the data sample for the last three years.

The multivariate multistep forecast for the Czech GDP assimilates the forecasting
results from the MF and the CNB; however, the random forest forecast acts with a delay
relative to the central institutions’ forecasts. The MF and the CNB models assume rational
agents and thus introduce lead variables for forecasting. The absence of the lead variables
in the random forest model makes the outcome more past-dependent.

The random forest model also differs from the institutions’ agent-based models
by incorporating soft variables. The selected regression tree and the variable importance
analysis stress the importance of these soft variables, especially the household and
industrial confidence indices. The variable importance analysis thus reveals new
information about variables crucial for prediction. Forecasters could use this approach
to spot significant variables from large data sets before forecasting with other models.
While the variable importance analysis shows the most appropriate variables, the hyper-
parameter tuning identifies appropriate parameters to maximize prediction accuracy.
The random forest outcome sensitivity to selected parameters and variables necessitates
this data pre-processing step. Overall, the random forest withstands as a useful and
surprisingly accurate forecasting alternative.

Furtherresearch could use the random forest method to complement other forecasting
approaches; the variable importance analysis could help reduce the number of variables
in econometric models or serve as a counterpart to the historical decomposition in dynamic
stochastic general equilibrium models. Researchers could also apply this method to verify
assumed Czech economic linkages. The presented random forest results could also serve
for comparison with outcomes from other machine-learning models. Finally, lengthening
the dataset with new observations could further improve the model forecasting accuracy.
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Appendix

Figure 4: Variable importance
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Figure 5: Impact of variables on prediction
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Figure 6: Actual and predicted values
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Figure 7: Forecasting every target variable with ten random forests
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