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Figure 8. Mean performance of each method.

Figure 9. The forecasting performance of the methods selected per country,
at four horizons.

In Figure 9, we can assess the performance of the methods selected for different
forecasting horizons. Parameterisation remained the same for each model. SVM
performed very well for Australia and the USA, while it showed moderate increase
in False Alarm for larger forecasting horizons in the case of Japan. Moreover, we
observe that the Random Forests model for Germany loses its ability to correctly
predict an upcoming recession for horizons longer than six months. Instead, the SVM
models seem more robust in increasing the forecasting horizon order. For the case of
Australia, we observe perfect performance of SVM in terms of Sensitivity. Since the
parameterisation of the SVM model (y and C) was defined from the same data during
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the training phase, it is very likely that an effect of overfitting exists here, despite the
fact that forecasting at horizons comprises, by definition, a type of out-of-sample
performance evaluation. In general, we could avoid this situation by leaving a specific
set of observations out of any training procedure. However, in our framework this
would not be a wise decision because recessions are rare events and such a test set
probably would barely contain even one pre-recessionary period. In our analysis, every
pre-recessionary period appeared at least once in a test set for every model. Lastly,
for the cases of Mexico and the UK, the situation remained, more or less, the same.

The second question was whether any method prevails in predicting recessions.
From the analysis above it seems that SVM tends to do so. It was chosen for three out
of six countries, while no other method was chosen more than once. It probably has
the potential to perform better for the other three countries, too, if a more suitable
combination of C and y is found. Nevertheless, the trial and error procedure on the
SVM parameter setting could not provide better out-of-sample performance for those
countries. As for the Average Trees algorithm, it is true that its results are simple and
easily interpretable. However, given that a recession is going to start within next year,
it seems that it is not possible to predict the upcoming recession in half of such cases
by using this method*. Despite the fact that such simple rules about macroeconomic
variables cannot predict economic recessions in an accurate way*, after this analysis
we can argue that methods providing fewer insights from an economic perspective,
such as SVM or Random Forests, can be proven useful for policymakers because of
giving correct early warning signs in the majority of the cases.

Another question was whether a set of general rules that lead to recessions ex-
ists, at least for the countries studied. From the findings of this paper the answer is
no. Important variables differ among countries, so pre-recessionary conditions are
necessarily different according to our findings. We can argue that there are some
country-specific macroeconomic conditions often preceding recessions - this is the
output the Average Trees algorithm provides — but we cannot support the opinion that
national economies operate in a way that consistently follows such simple rules. At a
second glance, we could say that these rules — if they exist — need to be represented
by a more complex concept than a tree-like one.

Closing this section, we must also answer the question whether there is any eco-
nomic theory verified through the findings of this paper. In order to give an answer
to this question, we must look at the set of variables selected for each one of the six
countries. Each economic theory selected from relevant literature is represented in our
analysis through certain variables. Assuming our data contain no systematic errors,

41. This conclusion arises from the method’s performance in Sensitivity.
42. An example of Average Trees algorithm visual output is presented in Appendix, A.6.
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and they are what they are supposed to be*’, we expect that, if a theory is consistent
with reality, its variables tend to be characterised as important by the procedure ap-
plied. So, by looking at the relevant plots (Figures 1-6), we realise that in all countries
except Germany there is always a debt-related variable in the set of the ones selected.
For the case of Germany, the first such variable is two positions under the red line -
not so far from being chosen, though. The remaining variables appear less frequently
in the sets of the ones selected. Debt-related variables were introduced in the datasets
due to I. Fisher’s debt-deflation theory. Can we say that this is the theory which best
corresponds to reality? The answer is maybe. While we could agree with Fisher that
factors related to debt have an important impact on the evolution of business cycles*,
we completely miss the ‘deflation’ part in our analysis. In the context of this paper,
deflation means GrowCPI < 0. Apart from the USA, there is no other country for which
an inflation-related variable is characterised as important. Therefore, we cannot say
that the debt-deflation theory is truly verified through this paper. Alternatively, we
could say that it will be a rather beneficial decision to include debt-related variables
in similar future works.

Concluding remarks and topics for further research

This paper was an opportunity for investigating the topic of economic recession fore-
casting from a new basis. Instead of incorporating in our analysis only the variables
most papers in literature suggest, we started our investigation from point zero. The
rationale for choosing the main variables presented stems from theories established
very early on in economic science. Through this work it was made possible to test these
theories against each other and discover which of their hypotheses are confirmed by
data. Moreover, we reviewed some recent papers from relevant literature in order to
present the kind of methodologies applied today and to find which additional vari-
ables may potentially make good predictors.

One innovation of this paper is focusing on the short period before a recession
begins and not on the recession per se. The advantage of this choice is that the predic-
tions resulting from it refer to potentially pre-recessionary periods. This means it is
very likely that if a policymaker takes them into account, they have the time to design
a proper policy and, ultimately, intervene in the economy. If predictions referred to
recessionary periods, it would probably be too late for a policymaker to take precau-
tionary measures. On the other hand, though, many explanatory variables behave in
a known much clearer manner during recessionary periods than in the last quarters

43. For example, BCI is a variable that indeed sufficiently captures the expectations businesspeople
have.

44. We found that models based on such variables can predict pre-recessionary periods with ad-
equate accuracy, at least for three out of the six countries (Australia, Japan and the USA).
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prior to a recession. For example, unemployment may rise even from the onset of
a recession. Thus, following the conventional approach translates to less uncertain
predictions. However, in this paper, the choice was to detect early recessionary signs,
even allowing for some false alarms. An additional issue that refers to the whole meth-
odology is that of data availability. For us to be able to make a timely prediction, it is
important to have updated necessary data, as far as this is possible. However, there
are many variables — at least in the OECD database - that are published once a year,
which makes such a goal more challenging.

Probably the most important innovation of this paper is the Average Trees algo-
rithm. It generally achieved better out-of-sample performance than classic Decision
Trees, while its good interpretability remained unchanged. It is characterised as most
important because it provides us with an alternative way to extract decision tree rules,
which are very likely more generalisable than classic ones. However, we should not
neglect the contribution of all methodological steps before building average trees.
Initially, for every dataset more than 100 variables existed, while there were roughly
170 observations. The number of variables had to be significantly smaller, in order to
build parsimonious, yet well-generalisable, models in the steps to follow. The variable
selection procedure through fitting an initial Random Forests model with 10,000
trees was proved efficient; models of different methods based on only ‘important
variables’ showed very good out-of-sample performance in evaluation metrics. Even
the inclusion of lagged variables and variables of percentage changes and differences
has proved helpful, as numerous such variables were above the red line in variable
importance plots. Furthermore, the construction of some new variables seemed to
be a correct decision in the attempt to build well-generalisable models. And even if
it was somehow expected for variable Spread, as we know that many researchers take
it into account in similar works, it was probably not expected for variable ElastRC
from the Marxian analysis*. For the case of the USA, these two variables were quite
enough to predict more than half of the recessions using the Average Trees algorithm
(see Appendix, A.7). Therefore, although Average Trees did not show better out-of-
sample performance than Random Forests, it seems that the overall dataset prepara-
tion procedure had a positive impact on evaluation results in general.

We saw that for four out of six countries it was possible to find models with sat-
isfactory performance. This is a good sign for the methodology developed, but six
datasets cannot probably be considered a sufficiently large number. A suggestion for
further research is to repeat the same methodological steps for many more countries
and evaluate them in the same manner. Thus, it could probably be possible to draw
more certain conclusions regarding the effectiveness of the methodology applied.

45. This is said because it was not possible for the author to find a quantitative study that included
a variable identical - or similar - to ElastRC in models aiming at the prediction of economic
recessions.
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Additionally, it would probably be possible to give more certain answers about which
theory seems more plausible. Moreover, testing some additional methods may lead us
to find satisfactory models for the two countries this was not achieved (i.e., Mexico
and the UK). Lastly, probably the most interesting aspect of investigating this topic in
a future research project is through a complex network framework. In this paper we
completely missed the dimension of interconnectivity among countries. Each country
was studied as if it were isolated from the rest of the world. However, economies are
interconnected and a recession in country A may cause a recession in country B after
some time. In order to build a realistic model for predicting economic recessions, one
should look at this aspect, too, because the global economy does operate as a single
system. In fact, countries are not isolated from each other. In this paper it was not
feasible to follow such an approach, since it essentially requires training and testing
complex network models that encompass dozens of countries. In a more extensive
future research, though, it is very likely that such an approach will provide us with
even better models, because it may incorporate a very important aspect of business
cycles evolution; namely, that of interconnectivity among national economies.
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Appendix

A.1 Details about the methods mentioned

With regard to the Logit and Probit models, details can be found in Baltagi (2002, pp.
332-333). Regarding Support Vector Machines (SVM), a very good presentation of
the method can be found in James et al. (2013, pp. 341-353). The k-NN algorithm can
be found in Kubat (2017, p. 44). Decision Trees and Random Forests are presented in
James et al. (2013, pp. 304-313), and (2013, pp. 319-321), respectively. Artificial Neural
Networks (ANN) are extensively presented in Bishop (2006, pp. 225-231). Finally, the
Boosted Regression Trees (BRT) algorithm can be found in James et al. (2013, p. 323).

A.2 Data references

1) BankRate
Bank of England (2018), Official Bank Rate History Data from 1694. https://www.
bankofengland.co.uk/monetary-policy/the-interest-rate-bank-rate (Accessed on
10 June 2018)

Bank of Japan (2018), The Basic Discount Rates and Basic Loan Rates. https://www.
boj.or.jp/en/statistics/boj/other/discount/index.htm/ (Accessed on 10 June 2018)

Bank of Mexico (2018), Representative interest rates. http://www.banxico.org.
mx/Sielnternet/consultarDirectoriolnternetAction.do?accion=consultarCuadro
Analitico&idCuadro=CA51&sectorDescripcion=Precios&locale=en (Accessed
on 14 June 2018)

Deutsche Bundesbank (2018), Discount rate, Lombard rate and base rate. https://
www.bundesbank.de/Navigation/EN/Statistics/Money_and_capital markets/
Interest_rates_and_yields/Tables/table.html (Accessed on 10 June 2018)

FRED Economic Data (2017), Interest Rates, Discount Rate for United States.
https://fred.stlouisfed.org/series/ INTDSRUSM193N (Accessed on 10 June 2018)

Reserve Bank of Australia (2018), Cash rate. https://www.rba.gov.au/statistics/
cash-rate/ (Accessed on 10 June 2018)

2) BCI
OECD (2018), Business confidence index (BCI) (indicator). doi: 10.1787/3092dc4f-
en (Accessed on 05 June 2018)

3) CPI
OECD (2018), Inflation (CPI) (indicator). doi: 10.1787/eee82e6e-en (Accessed
on 04 June 2018) (Accessed on 05 June 2018)
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4) Fdebt
OECD (2018), Financial corporations debt to equity ratio (indicator). doi: 10.1787/
a3108a99-en (Accessed on 08 June 2018)

5) Fprof
OECD (2018), Value-added in financial corporations (indicator). doi: 10.1787/
f891bfeb-en (Accessed on 09 June 2018)

6) Gdebt
OECD (2018), General government debt (indicator). doi: 10.1787/a0528cc2-en
(Accessed on 08 June 2018)

7) GFCF
OECD (2018), Investment (GFCF) (indicator). doi: 10.1787/b6793677-en (Ac-
cessed on 05 June 2018)

8) Gov
OECD (2018), General government spending (indicator). doi: 10.1787/a31cbf4d-
en (Accessed on 08 June 2018)

9) GrowGDP
OECD (2018), Quarterly GDP (indicator). doi: 10.1787/b86d1fc8-en (Accessed
on 05 June 2018)

10) HHC
OECD (2018), Household spending (indicator). doi: 10.1787/b5f46047-en (Ac-
cessed on 06 June 2018)

11) HHdebt
OECD (2018), Household debt (indicator). doi: 10.1787/f03b6469-en (Accessed
on 08 June 2018)

12) LIR
OECD (2018), Long-term interest rates (indicator). doi: 10.1787/662d712c-en
(Accessed on 08 June 2018)

13) M1
OECD (2018), Narrow money (M1) (indicator). doi: 10.1787/7a23d68b-en (Ac-
cessed on 06 June 2018)

14) Mports
OECD (2018), Trade in goods and services (indicator). doi: 10.1787/0fe445d9-en
(Accessed on 06 June 2018)

15) NFdebt
OECD (2018), Non-Financial corporations debt to surplus ratio (indicator). doi:
10.1787/dc951ta7-en (Accessed on 08 June 2018)
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16) NFprof
OECD (2018), Value-added in non-financial corporations (indicator). doi:
10.1787/731f0874-en (Accessed on 09 June 2018)

17) Pop
OECD (2018), Population (indicator). doi: 10.1787/d434f82b-en (Accessed on
08 June 2018)

18) PPI
OECD (2018), Producer price indices (PPI) (indicator). doi: 10.1787/a24f6fa9-en
(Accessed on 05 June 2018)

19) PPP
OECD (2018), Purchasing power parities (PPP) (indicator). doi: 10.1787/1290ee5a-
en (Accessed on 08 June 2018)

20) RnD
OECD (2018), Gross domestic spending on R&D (indicator). doi: 10.1787/
d8b068b4-en (Accessed on 08 June 2018)

21) Sav
OECD (2018), Saving rate (indicator). doi: 10.1787/ff2e64d4-en (Accessed on 06
June 2018)

22) SIR
OECD (2018), Short-term interest rates (indicator). doi: 10.1787/2cc37d77-en
(Accessed on 08 June 2018)

23) SPI
OECD (2018), Share prices (indicator). doi: 10.1787/6ad82f42-en (Accessed on
05 June 2018)

24) Tax
OECD (2018), Tax revenue (indicator). doi: 10.1787/d98b8cf5-en (Accessed on
08 June 2018)

25) Unemp
OECD (2018), Unemployment rate (indicator). doi: 10.1787/997c8750-en (Ac-
cessed on 06 June 2018)

26) Wage
OECD (2018), Average wages (indicator). doi: 10.1787/cc3e1387-en (Accessed
on 07 June 2018)

27) Xports
OECD (2018), Trade in goods and services (indicator). doi: 10.1787/0fe445d9-en
(Accessed on 06 June 2018)
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A.3 Pre-processing steps

To facilitate reproducibility of this paper’s results, in this section we present all steps
followed to build the final dataset for each country from the raw data downloaded.
The data in OECD’s database are grouped per variable. This means that each file
downloaded referred to one variable* and contained data about all countries available.
Therefore, the first step was to create six .CSV files — one per country - for each main
variable (except for BankRate). This simple step was executed in a spreadsheet. Regard-
ing the BankRate variable, which is the only one not available in OECD’s database,
a different procedure was followed. Data about BankRate are officially provided by
central banks. Each country’s central bank makes an announcement when a change
in its bank rate is to take place, but these announcements have no specific frequency.
Moreover, there are differences in file format*” and/or data structure among the data
published by each central bank. This means that, while for the rest of the variables
it was possible to import values into an initial data frame in an automated way (as
indeed happened), for the BankRate this was not possible; or, at least, it was not worth
the effort to build such a complicated procedure just for one variable. Consequently,
the data concerning BankRate were entered into the initial data frames manually*.

After creating the .CSV files, everything was ready for the construction of the
initial data frames, i.e., this very first version of the six datasets before the main pre-
processing steps. At this point, there was a folder for each country, which contained
as many .CSV files as the number of that country’s main variables. Initial data frames
were built using the script*” Building Datasets.R, in RStudio. This script was written
in order to transfer all data from the .CSV files into the six data frames quickly and
accurately. Data from variables of quarterly frequency were just copied one-by-one,
because they already had the frequency desired. Data from yearly variables were
entered into the first quarter (Q1) of each year, without filling the empty cells yet.
Variable BCI was the only one of monthly frequency. For this variable, a three-month
average had already been computed in the spreadsheet for every available quarter.
These averages were entered into the corresponding quarters of the initial data frames
using the Building Datasets.R script, as well. Finally, BankRate was the only variable
that was entered into the initial data frames manually, as already mentioned.

46. An exception was the “Trade in goods and services” indicator, which contained data about both
imports and exports — two different variables in our datasets.

47. For example, Deutsche Bundesbank publishes these data in .PDF format, while the other five
central banks provide them in either .XLS or .CSV format.

48. As these data were not provided in quarterly format, a weighted average of the corresponding
bank rates was calculated for each quarter. For example, if a bank rate changed from a to b in
the middle of a quarter, a simple average of these two bank rates was entered into the initial data
frame for that quarter. In fact, the weights varied a lot. As this procedure was accomplished in a
spreadsheet by hand, it is expected that there are some small deviations from the actual weighted
quarterly averages.

49. All the script files mentioned, along with the data downloaded, are available to anyone interested
by request via email.
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At that point we had six datasets with raw data and many missing values. The
goal of the next steps was to fully prepare the datasets for model fitting. These are the
main pre-processing steps. For this purpose, several functions were written in R by
the author, in order to make these pre-processing steps a fully automated procedure.
These functions can be found in the Preprocessing.R script, which is the same file
for all countries. The main function of this script is the preprocess(dt), where dt is an
argument that represents a data frame. The input of this function is a dataset which
contains only raw data, as described above, and the output is the final version of that
dataset. The preprocess() function is based on other functions that perform the main
pre-processing steps, i.e., its only purpose is to coordinate the entire process. These
functions are the following:

a) ql.q4(dt): This function selects the variables of yearly frequency and transfers
their observations from Q1 to Q4. This is a preparatory step for the transforma-
tion of yearly variables into quarterly ones. The rationale of this step lies behind
the fact that an observation of yearly frequency contains information about all
four quarters. In other words, information about Q4 cannot, in fact, be known in
Q1-Q3 and, therefore, the best probable choice is to transfer the yearly observa-
tion into Q4. This choice is still a convention that stems from our lack of further
information.

b) def.recess(dt): This function captures the pre-recessionary periods. In order to
find them, it checks only the values of GrowGDP. The definition used is that a
recession is a period of two consecutive quarters of decline in real GDP. Each time
the function finds such a period, it labels the first recessionary quarter and the
previous three with number “1”. In contrast to the common practice of label-
ling the recessionary periods with number “1”, in this paper we label the pre-
recessionary periods as such, because what concerns us is the conditions before
a recession. The only reason we mark the first recessionary quarter as well is
because a recession might, in fact, have begun some time during the quarter,
and, therefore, part of that quarter is also a pre-recessionary period. The remain-
ing periods are marked with number “0” and a new binary variable is imported
into the dataset, namely, the PreRecess. It now becomes clear how a classification
method could capture the conditions before the beginning of a recession.

c) interpolate(dt): This is the first function that deals with the issue of missing val-
ues. It ignores the missing values before the first real observation (there is an-
other function concerning them) and it completes the remaining missing values
by applying linear interpolation, where this is feasible. Essentially, interpolate()
is applied to variables of yearly frequency™. If, for example, a variable has the

50. The function does not make a distinction between yearly and quarterly variables, but, in prac-
tice, it intervened only in variables of yearly frequency due to the way these were entered into
the dataset.
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values 1990.Q4: 100, 1991.Q1: NA, 1991.Q2: NA, 1991.Q3: NA and 1991.Q4: 500,
the function fills the three missing values with the numbers 200, 300 and 400,
respectively. The main problem of all yearly variables is the fact that their missing
values appear in a systematic way: after every observation, three missing val-
ues necessarily follow. For these variables, linear interpolation is a simple and a
rather reliable solution to this problem. The only implicit assumption is that the
dots (i.e., the actual observations) are connected by a straight line; in the face of
uncertainty, there is no reason to assume something more complicated.

new.vars(dt): This function creates two new variables in the dataset. One is Spread,
which refers to the interest rate spread, and the other is ElastRC, which refers to

the elasticity of profit rate w.r.t. capital (e_). The transformations were the follow-

ing: Spread = LIR - SIR and ElastRC, = (Fprofe +NFprof)—(Fprofi—1+NFprofi-1)
’ t t t ¢ GFCFp=(Fprofs_q+NFprofe_q) ’

where t indicates time (quarter of year). With ElastRC we want to approximate

quantity Z—;% from the analysis in Tsoulfidis (2010, pp. 119-120). By definition,
GFCF = dc—c, it is the growth rate of capital formation. For the calculation of E,
T

we approximate® total profit rate with quantity r = Fprof + NFprof. Therefore,

Te—Ti—1

we approximate quantity %, by calculating: = %. Putting everything to-

Tt-1
gether, we end up with the transformation given above for ElastRC.
imput.NAs(dt): This is the function that handles the remaining missing values.
With function interpolate() we have filled all missing values between the first
and the last actual observation of every variable. However, interpolation is not
feasible for the missing values before the first actual observation and after the last
one. This is the task of imput.NAs() function. The following steps are a summary
of its main steps on each variable with many missing values®:

51.

52.

Variables Fprof and NFprof are indicators of profitability. However, according to the full defini-
tions provided by OECD (references in Appendix, A.2), they are not constructed as profit-to-
capital ratios and this is why the verb ‘approximate’ is used here.

We allow up to sixteen missing values per variable, in the total of the 196 possible observations.
If there are more than sixteen, then the function proceeds to missing data imputation. Even
without this threshold, imput.NAs() cannot complete all missing values in general, because the
imputation procedure is based on observations of other variables. In other words, the output of
the function is always restricted by the number of other variables’ missing values. Therefore, in
order to save computational time (i.e., to avoid running the whole procedure just to replace "NA"
with “NA”), we allow a relatively small number of missing values to exist in datasets.
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1)

2)

3)

4)

The first step is to find the twenty variables that are the ones most correlated
with the selected one. A correlation matrix for all variables of the dataset has al-
ready been computed. At this point it is important to mention that, where it was
feasible, lagged variables and variables of first-order differences or percentage
changes have been calculated for every main variable before running the imput.
NAs() function. This means that, at the time imput.NAs() runs, the total number
of variables is by far larger than 100 for all countries. This is the reason why only
twenty variables were selected. The functions that created those extra variables
are grows.diffs(dt) and L1.L2(dt), which are presented at a later point in this dis-
cussion.

Variables with more than sixteen missing values are excluded from the set of
twenty. The reason becomes apparent in the next step.

A linear model is fitted, using as a response variable the one that needs imputa-
tion, and as predictors the remaining variables from the set of twenty. Since these
remaining variables are going to be used as predictors in a linear model, they
should not have many missing values®; this is the explanation for the previous
step. Function step() is used to build a parsimonious linear model, using BIC as
model selection criterion. Argument direction is set to “forward”, so a variable is
added only if it reduces the BIC value.

Using the fitted model, imput.NAs() estimates the missing values of the variable
selected, where this is possible. In order to reduce a potential high variance of
these estimates, a smoother is applied on them before completing the missing
values in the dataset. Again, in the face of uncertainty, the preference here is
to capture the (more certain) trend-like movements rather than the (uncertain)
data noise. Additionally, sometimes it may be the case that this procedure pro-
duces negative values for a variable that takes only non-negative values; e.g. vari-
able Wage. Function imput.NAs() addresses this issue by properly “squeezing”
all estimates into the positive range. To be more specific, when such a violation
is verified, the minimum estimate (which is negative) takes the value of 0.001
(this is a convention) and all others are proportionally moved towards the first
actual observation of the variable®. Thus, estimates close to the first actual ob-
servation are subject to minor changes, while further estimates do change more.
This seems a good approach for coping with the problem of wrongly negative
estimates, because, on the one hand, the correlation between the response vari-
able and its predictors is maintained (as the estimates’ transformation is linear)

53.

54.

The number of missing values that imput.NAs() will not finally complete, equals that of the
predictor with the most missing values.
B-vi

In mathematical terms, the transformation is the following: v; = v; + +0.001, where v, is

the i-th estimate, ¢ = |¢-H‘£n )Vi , B is the first actual observation of the selected variable, and y

=a+f.



90

f)

g)

h)

A. PSIMOPOULOS, South-Eastern Europe Journal of Economics 1 (2020) 39-99

and, on the other hand, the non-negative nature of this variable® is respected.
An evaluation of the imput.NAs() method through an example can be found in
Appendix, A 4.

grows.diffs(dt): This function constructs the variables of percentage changes and
the variables of first-order differences. Including such variables in our analysis
allows us to examine the main problem of this paper from a dynamical perspec-
tive as well. Each variable, which is not a percentage or a ratio, has a counterpart
variable with the prefix Grow before its main name. This indicates a variable that
refers to percentage changes. For example, BCI is an index, i.e., not a percent-

age or ratio. Thus, a variable GrowBCI is also included in the six datasets, and

BCl—BCl—q
BClp-1

cases, and not merely differences, is because we want to provide models with

is equal to x100. The reason for using percentage changes in these

variables that have comparable values over time. For example, an increase in av-
erage income by €1,000 today does not create the same buying power, as it could
have done 50 years ago, due to inflation. The use of percentages for describing
such changes makes comparison much more meaningful. For variables that are
already percentages or ratios, their first-order differences are calculated in their
counterpart variables with the prefix Dif. For example, variable Tax is expressed
as a percentage of GDP. Therefore, in this case the variable DifTax = Tax, - Tax, |

was constructed.

L1.L2(dt): This function constructs variables of first and second lag order for
every variable of the dataset (i.e., also for Grow-s and Dif-s). Exceptions are the
variables PreRecess, BCI, CPI, M1, Pop, PPI, SPI and Wage. The first one is a
binary variable. The reason for excluding the rest is that these variables are of
no interest at their levels, because their values are not comparable over time. In-
stead, their Grow-s and Dif-s variables are entered on to the function L1.L2() for
constructing the corresponding lagged variables.

remain.Lags(dt): This function recalculates all lagged variables. After imput-
ing the missing data, it is necessary to update the lagged variables with the new
values.

55.

An alternative approach applied in order to cope with the problem of wrongly negative estimates
was to use glm() instead of Im() for the linear model, with argument family set to Gamma.
This approach succeeded in giving only positive estimates. However, regardless of the variable
selected, almost all estimates produced were slightly above zero. Thus, this approach was not
adopted, since it failed to produce realistic estimates.
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To put everything together, the function preprocess() constructs a dataset as follows:

Algorithm A.1  The main pre-processing steps

INPUT: dt /I A data frame with raw data.
1:  dt « ql.q4(dt)

2:  dt < def.recess(dt)

3: dt « interpolate(dt)

4. dt <« grows.dif fs(dt)

5:  dt « L1.L2(dt)

6: dt < imput.NAs(dt)

7. dt < new.vars(dt)

8: dt « grows.dif fs(dt)

9: dt < remain.Lags(dt)

OUTPUT: dt

A.4 Evaluating the imput.NAs() method

There are many R packages the objective of which is reliable missing data imputation.
Before creating the function imput.NAs(), such a package was tested on the datasets of
this paper in order to decide whether it was worth the effort to create a new procedure
for this purpose or to let an existent method complete the remaining missing values.
This package was the missForest. At first glance, it seemed that function missForest()
could not capture time trends in any variable. Thus, the author’s decision was to create
function imput.NAs() in order to produce more realistic estimates of missing values.
In order to justify this choice, a comparison was made between the two functions in
terms of Mean Squared Error (MSE) on known data’*. The two functions were tested
on the initial dataset of the USA. Eight variables with fewer than sixteen missing values
were randomly selected, and a range of observations was defined, within which no
value was missing from the dataset”. Then, 50 missing values were artificially created
on these eight variables, in order to simulate a real situation, when some variables
present a lot of missing values. The goal was to see how well each function ‘predicted’
the 50 missing values.

56. The relevant code is provided in the script Miscellaneous.R.
57. This range was 15" observation - 184" observation.



92 A. PSIMOPOULOS, South-Eastern Europe Journal of Economics 1 (2020) 39-99

missForest() MSE imput.NAs() MSE Difference
HHC 2.269 0.192 2.077
Mports 1.830 0.385 1.445
Tax 0.662 0.649 0.013
M1 200.651 24.221 176.430
PPI 188.876 10.189 178.668
NFprof 0.084 1.959 -1.875
SPI 125.146 5.928 119.218
Unemp 1.231 1.062 0.169

Figure A.1 Comparison between missForest() and imput.NAs() in terms of MSE.

In Figure A.1 we see that, in seven out of eight variables, function imput.NAs()
performed better. In Figure A.2, we can visually assess the performance of the two
functions on the eight variables selected. Black lines represent real data, red lines
represent estimates of missForest() and green lines represent estimates of imput.NAs().

HHC Mports Tax M

5 8 10 12 1M 18

B w3 B ¥ B

sPI Unemp

Unts
8

5 8 7 8 98 10

P T

11111

Figure A.2 Optical evaluation of missForest() and imput.NAs() performance (red
and green lines, respectively).

Consequently, function imput.NAs() was selected for completing the remaining
missing values of the six datasets, since it seems to produce more reliable estimates.
This does not imply that imput.NAs() is a generally better imputation method than
missForest(); we simply have evidence that it performs better in this specific kind of
datasets and, therefore, it was finally used. At this point we must note that the per-
formance of imput.NAs() was dramatically improved when the lagged variables and
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the variables of first-order differences or percentage changes were calculated before
the missing values imputation. Initially, the plan was to calculate these variables as
a last step; however, having calculated all of them before running the imput.NAs()
function improved the latter’s performance to a large extent.

A.5 Searching for optimal parameter setting in SVM (example)

Q.05
0.048 g
PARAMETER SPACE 0044 gosp

Accuracy

0.54

0a2

Figure A.3 An example of the three-dimensional plot used for finding
the combination of C and y that gives the best out-of-sample
Classification Accuracy.
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A.6 The visual output of the Average Trees algorithm (example)

Rule found in UK

DifGov < 0.855

Figure A.4 The result of Average Trees (random sampling) using all 167
observations of the UK dataset (the model parameterisation is presented in Table
8). In this example, a recession is expected within next year provided the current

quarter holds that DifGov = 0.855.

A.7 The result of Average Trees algorithm for the case of the USA

Rule found in USA

L1_Spread ==-1.552

ElastRCl= 0.027

Figure A.5 The output of Average Trees (random sampling) for the dataset of the
USA. Regarding the splitting point (inequality), answer “Yes” is on the left-hand
side, as usual. The parameterisation of this model is presented in Table 9.
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A.8 Evaluation results: In-sample performance

Table A.1 Australia

Cl:i’:nﬁ:;'m Sensitivity | Precision | Specificity :l’]se F1-Score Comments
Average
Trees 96.51% T714%  91.67% 99.35% 067%  93.08% exsize = 012
(K-fold)
88.95% 78.57% 50.87% 90.15% 9.87%  64.89%  exsize =0.45, treenr = 200
D,;':‘:::“ 96.51% 77.14% 91.67% 99.35% 0.67%  93.08%  probability theeshold: 0.5
Random . . . . . . .
e 100% 100% 100% 100% 0% 100%  probability theeshold: 0.6
91.86% 4357% | 85.42% 98.24% 176%  60.5%  probability theeshold: 0.75
92.44% 45.57% 95.75% 98.91% 1.09%  65.3%  probability theashold: 0.75
91.86% 68.57% 50% 95.7% 4.3% 60% o= 8 off it
components: 2
- 2 £, o ~ 390, o, - o, shrinkage = 0.013,
94.19% 75.57% 88.35% 32% 2.68% e
y=0.0005, C=1.3,
SVM 88.57% B6.43%  45.63% 88.18%  11.82%  64.95% sigmoid kecnel,
probability theeshold: 0.15
ANN 90.7% 83.57% 54.76% 91.51% 8.49% 70% P‘;";Egﬁ:ﬁfé’;ﬁfg“’
Table A.2 Germany
Classification o oty b False
Method Jra— Sensitivity Precision Specificity Al Fi-Score Comments
Average
Trees 89.88% 53.13% 94.44% 98.41% 150%  77.62% ex.size = 0.13
(K-fold)
Average
Trees 86.9% 62.5% 80.54% 93.65% 6.35%  T1.02%  exsize=0.295, tree nr=200
(random)
—
S 89.29% 56.25% 94.44% 98.41% 1.59% 80% probzbility theeshold: 0.8
Random . .
% 3 3 o 3 o " ¥ threshold: 0.57
=aaes 100% 100% 100% 100% 0% 100%  probability theeshold: 0.37
Logit 84.52% 31.25% 100% 100% 0% 88.89%  probability threshold: 0.85
Probit 84.52% 51.25% 100% 100% 0% 88.89%  probability threshold: 0.83
k-NN 97.62% 87.5% 100% 100% 0% 91.67% L3S EhG cfprEe
components: 3
BRT 92.26% 87.5% 81.11% 92.46% 754%  B1.65% shrinkage = 0.01,
probability theeshold: 0.3
y=0.0014, C=2.9, radial
SVM 85.12% 59.38% 56.19% 90.48% 952%  60.95% e
probability threshold: 0.35
N o . . res maame,  probability thrashold: 0.67,
ANN 88.1% 84.58% 63.52% 58.20% aees | B | ERTS NS S e

95
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Table A.3 Japan

Classificad
Method PR Precision | Specificity Fi1-Score

Comments
Accuracy

Average
Trees
(K-fold)

Average

Trees T7.13% B84.32% 92.42% 7.58% 88.61%

ex.size = 01 treenr =200
(random)

e v L
Trees :

Random

100% 100% 100% 100% 0% 100%
Forests

Probit B87.79% 66.46% 56.23% 87.9% 12.1% 58.06%

o o o, o o, 5, shrinkage = 0.035,
97.67% 95.43% 93.02% 96.3% 3.7% 93.52% Ay T

o, 5, 5, <, 3 o o ‘probability threshold: 0.5,
69.77% 63.41% 31.34% 63.42% 36.58% 55.91% 2 of hidden nodes: 6

Table A.4 Mexico

Classification
Method Sensitivity | Precision | Specificity Comments

Accuracy
Average
Traes

(K-fold)

Average

Trees 92.4% T2.5% 66.67% 86.07%

ex.size = 01 tree.nr =200
(random)

Decision
Trees

Rand
sncom 100% 100% 100% 100% 100%  probability theeshold: 0.6
Forests

Probit 87.72% 2 B6.67% 98.41% 48.89%

probability theashold: 0.4

o o 5 shrinkage = 0.01
93.57% 7 9. 98.41% T4.03% probability theashold: 0.3

o, o o, 3, probability theeshold: 0.55,
85.96% 45.24% 92.45% 47.87% % of hidden nodes: 3
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Table A.5 United Kingdom

Classification

Method Accuracy | Semsitivity | Precision | Specificity F1-Score Comments
Average
Trees 89.82% 62.5% 61.11% 95.05% 6.07% 70% exsize = 0.5
(K-fold)
Average
Trees 89.82% 62.5% 61.11% 95.95% 6.07% T0%  exsize = 015, tres.nr =200
(random)
D,;'i’:::“ 90.42% 78.13% 51.76% 90.94% 9.06%  68.47%  probability threshold: 0.5
Random _ . -
S 97.6% 86.46% 100% 100% 0% 91.96%  probability theeshold: 0.7
Logit 88.02% 20.85% 62.5% 97.13% 2.87%  71.43%  probability threshold: 0.5
Brobit 86.85% 12.5% 50% 97.13% 2.87% 50% probability theeshold: 0.5
k-NN 89.82% 50% 48.89% 95.73% 427% | 8444y, | K 10 of principal
components: 2
02% 589 75.439 33 67 179 shrinkage = 0.01
BRT 91.02% 59.58% 5.42% 94.33% T ST ki 03
¥=0.0005, €=0.009,
SV 86.83% 0% 0% 100% 0% 0% radial kernel,
probabiliy theachold: 0.95
- - . - . _— probability theashold: 0.51,
ANN 86.85% 15.63% 50% 95.05% £.07% 55% Epr eyt e

Table A.6 United States of America

C!:s:f:;‘m Sensitivity | Precision | Specificity Comments

Average
Trees 94.64% 80% T6.67% 96.05% 3.97% 75.81% ex.size = 0.1

(K-£old)

Average
Trees 94.64% 80% 76.67% 96.05% 3.97%  75.81%  exsize =01, treenr = 200

(random)
D.;':‘:e’:" 95.24% 80% 79.33% 96.85% 5.17%  77.59%  probability thrashold: 0.5

Random -

— 100% 100% 100% 100% 0% 100%  probability theeshold: 0.4
Logit 92.26% 40% 93.33% 99.21% 0.79%  T1.53%  probability threshold: 0.8
Probit 90.48% 25% 83.33% 99.21% 0.79%  T1.43%  probability threshold: 0.92
k-NN 92.26% 55% T7.T8% 96.85% 3.17% 81.9% b= T o o ozl

components: 2
o, < < B —g¢, o, shrinkage = 0.008,
BRT 92.26% 40% 90% 99.21% 079% | S | eeshold: 05
¥=0.00025, C=092,
SVM 91.07% 65% T1.79% 95.65% 6.35%  67.07% radial keznel,
probability theashold: 0.25
ANN 89.29% 85% 53.73% 91.27% 8.75% 62.93% 9‘;":?‘1‘;3;2?2“:;‘1;?;2’
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