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ABSTRACT

The Role of Credit on Business Cycles
Burak Parlak
Master of Arts in Economics
February 25, 2023

This study investigates whether there is a direct and meaningful effect of credit-
related variables on business cycles in terms of magnitude and duration, or not.
The research also focuses on the possibility of structural changes caused by the
coronavirus pandemic through the credit channel, compared to the pre-pandemic
era. For these purposes, real GDP and total credit to private non-financial sector
datasets that belong to 31 selected OECD countries were employed as input. The
main model used on this study is hierarchical Markov mixture model with Bayesian
simulation. To observe possible effects of credit-related variables on business cycles,
time-varying transition probabilities were enabled in emphasized model by means
of probit model. For the pre-pandemic era, credit-to-GDP ratio tends to decrease
the magnitude of cycle whatever the current phase is. Another finding states that
annual real credit growth leads to an increase in the magnitude of cycle for both
phases during pre-pandemic periods. It can be said that there exists evidence for
several effects of credit-related variables on business cycles even though some of

them seem to be disappeared with the pandemic era.
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OZETCE

i§ Dongiilerinde Kredinin Rolii
Burak Parlak
Ekonomi, Yiiksek Lisans
25 Subat 2023

Bu ¢aligma, krediye iligkin degiskenlerin ig dongtileri tizerinde genlik ve stire bakimindan
dogrudan ve anlamli bir etkiye sahip olup olmadigini irdeler. Aragtirma, aym
zamanda pandemi Oncesi doneme kiyasla koronaviriis pandemisinin kredi kanali
vasitasiyla sebep oldugu yapisal degigiklikler ihtimali iizerinde durur. Belirtilen
amagclar dogrultusunda, girdi olarak 31 OECD fiiye tilkesine ait reel GSYH ve finansal
nitelik tagimayan 6zel sektor unsurlarina verilen toplam kredi adli veri setleri kul-
lanilmigtir. Bu caligmada kullanilan ana model, Bayes simiilasyonuna dayanan hiy-
erarsik Markov modelidir. Krediye iligkin degiskenlerin ig dongiileri tizerindeki olasi
etkilerini gozlemlemek i¢in probit modeli araciligiyla zamanla birlikte degisen gecis
olasiliklar1 vurgulanan modelde kullanima elverigli hale getirilmistir. Pandemi 6ncesi
donem ozelinde kredi/reel GSYH orani, i¢inde bulunulan safha fark etmeksizin, ig
dongiistiniin genligini artirma egilimi gostermektedir. Diger bir bulgu, pandemi
oncesi periyotlarda yillik reel kredi biiyiimesinin her iki safha i¢in de ig dongiisiiniin
genliginde bir artisa sebep oldugunu belirtmektedir. Bazilarinin pandemi donemiyle
birlikte kayboluyor gibi goriinmesine ragmen krediye iliskin degiskenlerin is dongtileri

tizerindeki gesitli etkilerine dair bir bulgunun var oldugu soylenebilir.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

The relationship between business cycles and financial conditions has been the
focal point of many researchers in field of macroeconomics. Especially after several
financial crises, the question whether financial conditions mainly determined by
credit levels (or, credit growth) have considerable influence on the business cycles in
terms of magnitude (depth) and duration has became the subject which should be
investigated for further policy responses. Most of the related studies in the literature
(e.g., [Gourinchas and Obstfeld, 2012] and [Kaminsky and Reinhart, 1999]) focus
especially on the "recession” phase of business cycles to observe the role of credit-
related variables on the predictability of these periods and on the size of economic
downturn. As opposed to these studies, in this research, "good times” (that is,
”expansion” phase) of various economies are also investigated from the perspective
of credit conditions. Moreover, main phases that construct business cycles (i.e.,
expansion and recession) are decomposed into sub-states in order to examine the
impact of credit during the different types of main phases.

Another fundamental issue that had been studied in this research is the imple-
mentation of credit expansion (stimulus) programs during the Covid-19 pandemic.
Additional to these credit expansion programs, unprecedented levels of fluctuations
in real global output (that is, business cycles with large magnitude) experienced
at this period, can be treated as the fresh topic in terms of the impact of credit
measures on business cycles. To maintain sustainable economic and financial con-
ditions and to mitigate drastic effects of Covid-19 on these conditions, fiscal and
monetary authorities (i.e., governments and central banks) had implemented sev-

eral economic stimulus packages. For instance, the European Central Bank had put
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”pandemic emergency purchase program(PEPP)” into action with the purpose of
providing households, firms and governments an access to funding (via loose borrow-
ing conditions). The ECB had also announced the third series of " targeted long-term
refinancing operations (TLTRO III)” in order to support lender-borrower relation-
ship between banks and actors in real economy during the coronavirus pandemic.
According to [Kose et al., 2021], private debt levels in emerging markets and their
"single-year” growth rates recorded at the early stage of Covid-19 pandemic were
"unprecedentedly” high for the past fourty-year period. The similar phenomenon
can be found in an advanced economy such as the United States. (see Figure A.12)

The connection between credit-related variables and business cycles had been
investigated in several papers of which findings were similar to ones in this research.
For example, [Jorda et al., 2013] stated that expansionary periods with high levels of
credit are more likely followed by sluggish recovery and severe recessionary periods by
analyzing recession phases of advanced countries occurred far before the pandemic.
In another paper, [Claessens et al., 2012] had studied the modifications in business
cycle structure within different financial conditions (also called ”financial cycles”).
They concluded that there are meaningful linkages between business cycles and
financial conditions. They stated that recessionary periods coincided with financial
breakdown are greater in terms of magnitude and duration compared to the other
recessions. On the expansion side, credit booms (or, credit growth with fast pace)
during recoveries more probably lead to strong expansionary periods.

On the contrary to papers emphasized above, the broad data sets that contain
observations from post-pandemic era, are used in this study. The inclusion of sam-
ples from both pandemic and post-pandemic periods might lead to a new insight
on the interaction between credit-related variables and business cycles. Beyond the
wide range of data sets employed in this study, the content of these data can be
advantageous. Having observations belong to countries from diverse economic and
geopolitical conditions can be thought as the strong aspect of data sets. Moreover,
Gibbs sampling, the commonly used Bayesian simulation method, is employed in
this study to make inference. Similar to the aforementioned studies, this research

has following main findings: (a) countries with high credit-to-GDP ratio just before
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the recessionary period are more likely to experience long-lasting recession phase
for pre-pandemic era, (b) credit-to-GDP ratio acts as a smoothing factor, that is, it
prevents the existence of deep sub-states for both main phases, (¢) annual real credit
growth has positive impact on the expected duration of recession phase whereas it
affects duration of expansion regime adversely for both pre-pandemic and full sam-
ple, and (d) real credit growth during the recession phase leads to an increase in the
probability of being in mild recession instead of deep recession which might make

credit stimulus programs implemented in pandemic reasonable.

The overall structure of this paper can be summarized as follows: In Chapter
2, data sets and related data manipulation processes are introduced. The main
data employed in this study is ”National Accounts, GDP by Expenditure: Con-
stant Prices” obtained from the FRED, database belonging to Federal Bank of St.
Louis. For the formation of credit-related variables, the data named ”Total Credit
to Private Non-financial Sector” from BIS database is employed. The detailed expla-
nations about the content and range of these data sets are expressed in this chapter.
In addition, distributional properties of main phases are constructed and analyzed
by means of the non-parametric business cycle dating algorithm. The extraordinary
nature of the Covid-19 pandemic in terms of the recorded real output growth rates
is emphasized to justify the use of additional layers in the econometric model.

The econometric model and its components are explained in the Chapter 3.
Since business cycles are formed by two main phases, it can be said that the regime-
switching model and its derivatives fit well into the purpose of this study. Thus,
firstly, the definition of the regime-switching model(that is, base model) including
Markov process and corresponding notations are given in detail. As an extension,
probit model and its theoretical background are summarized in order to understand
how time-varying transition probabilities are constructed within the specified model.
Lastly, the Gibbs sampling algorithm, one of the most common Markov Chain Monte
Carlo methods, and its implementation on the hierarchical model are described.

The demonstration and the interpretation of simulation findings can be found in

Chapter 4. At the beginning of this chapter, the data set from which credit-related
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variables are derived, is introduced. Descriptions with mathematical expressions for
each variable are also added. The table that contains descriptive statistics about the
generated variables, can be seen from the mentioned chapter in order to compare
pre-pandemic sample and full sample at first glance. Initially, the empirical results
obtained from the hierarchical model with fixed transition probabilities are inter-
preted in terms of estimated business cycle durations and mean values. Smoothed
probabilities for the United States and Turkey are also investigated (and, evaluated)
within the historical perspective. Then, by allowing time-varying transition prob-
abilities, findings belong to the modified hierarchical model are examined in order
to seek any relationship between credit measures and business cycles. Simulation
results and smoothed (hence, filtered) probabilities are illustrated via tables and

figures at succeeding pages after the interpretation section.
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Chapter 2

DATA

2.1 Data Characteristics

Within the scope of the study, firstly, real output values are required in order
to observe business cycles and turning points for each country. Thus, it can be
said that the main data of this study contains real Gross Domestic Product values
with varying periods in quarterly basis. This data set can be obtained from the
FRED (the database belongs to Federal Reserve Bank of St.Louis) in the exact
name ”National Accounts: GDP by Expenditure: Constant Prices”.

Since the Markov mixture model is designed for real GDP growth rates, the
original data should be properly transformed into the relevant format via another
MATLAB program. For the model, the real output data of thirty one predeter-
mined OECD countries (listed from Australia to the United States) were taken into
consideration.! Both advanced economies and emerging markets from main regions,
at which economic activities are intensified (such as trade and monetary unions),
are included in the data.

After the data transformation, we have real output growth rates in standardized
form (emphasized in Distribution of Growth Rates) for specified countries. However,
the number of country-level data elements varies from a country to another. Due
to such differences in sample size, we can follow the same format established by

[Gadea Rivas and Perez-Quiros, 2015] to investigate empirical results as a whole.

!The detailed list can be observed in the Appendix.
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Following the same method emphasized before, the chain-like data can be em-
ployed as an input for the econometric model. ”Chain-like” means that growth rate
data for each country are ordered in the proper way:

Let ¢ denote the specific country (where ¢ = 1,...,31), and ¢ represent the time
period (or, quarter) where t = 1, ..., N, for the country c¢. N, can also be considered

as the sample size of the country c. Hence, the final data can be described as below:

Y = {yl,h (L) yN1,17 (RS yLCv (RS yt,m (RS ch,Cu 3] y1,317 L) yN31731}

where y, . indicates the real output growth rate for country c at time period ¢.

The second data set mainly needed for model with time-varying transition proba-
bilities may be called ”credit-to-GDP ratio”. As seen from its name, this data consist
of total credit level expressed quarterly in terms percentage of the output. To ob-
tain credit-to-GDP data set, the Bank of International Settlements (BIS) Statistics
Warehouse which contains various data sets from international banking to policy
rates, can be used. However, the data imported from the source stated before has to
be modified in order to prevent any mismatch with the format of growth rate data
(Y). Since the data set contain credit ratio values for many countries(even the ones
that are not in the scope of our study), the data manipulation (simply, filtering) is
needed to construct the final version. For data arrangement and manipulation, R
programming language that has comprehensive libraries were utilized. Similar to the
real output growth data, country-level sample size varies depending on idiosyncratic
characteristics of country. On the other hand, the credit ratio data set usually have
more observations than ones in the growth rate data set. In other words, credit
ratio data of the country include entries from earlier quarter, if any adjustment is
not applied. The detailed explanation of the data set called credit-to-GDP ratio can

be found in the section at which empirical results are reported.
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2.2 Construction of Business Cycles

As stated in the former section, output (or, real GDP) growth rates of the specified
countries are transformed into the suitable data format. Although output growth
rates are obtained via data manipulation, classification of these elements in terms
of different business cycle phases is the required step for the model implementation.
Hence, an algorithm which detects turning points called as peak and trough, should
be employed.

There exist non-parametric and parametric business cycle dating algorithms.
The non-parametric business cycle dating algorithm is mainly based on the practical
definition of recession whereas parametric one includes a statistical model such as
Markov-switching model. Both types of dating algorithm and their performance
were investigated by [Harding and Pagan, 2003]. In this study, the non-parametric
business cycle dating algorithm, called Bry-Boschan Algorithm [Bry and Boschan,
1971], is preferred to specify peak and trough points. Following the definition? of
recession and expansion stated by NBER Business Cycle Dating Committee, that is
responsible for dating U.S. business cycles, growth rates are grouped in appropriate
part depending on their location with respect to nearest peak and trough points.

In order to evaluate results (i.e. business cycle dates) obtained from the non-
parametric algorithm, turning point dates stated by NBER Business Cycle Dating
Committee are considered as control data, like [Harding and Pagan, 2003] did. From
the Table 2.1, it can be observed that there may be small mismatch (which does
not exceed three quarters) between turning point dates stated by NBER and results
obtained from the algorithm due to the methodological distinction. To visualize cycle
dates specified by the algorithm, recession periods in U.S. economy are represented
with the gray-colored bars in Figure 2.1. As shown in the same figure, recession
periods constructed by the algorithm are able to capture periods in which decline

in the U.S. real GDP had been experienced.

2 A recession can be defined as the period between a peak of economic activity and its subsequent
trough whereas an expansion is explained as the period from the trough to the following peak.
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Table 2.1: The Comparison of U.S. Business Cycle Dates
Peak Trough
NBER Algorithm NBER Algorithm
1969 Q4 1969 Q3 1961 Q1 1960 Q4
1973 Q4 1973 Q4 1970 Q4 1970 Q4
1980 Q1 1980 Q1 1975 Q1 1975 Q1
1981 Q3 1981 Q3 1980 Q3 1980 Q3
1990 Q3 1990 Q3 1982 Q4 1982 Q1
2001 Q1 2001 Q2 1991 Q1 1991 Q1
2007 Q4 2008 Q2 2001 Q4 NA
2019 Q4 2019 Q4 2009 Q2 2009 Q2
NA 2021 Q4 2020 Q2 2020 Q2

30

Log Real GDP
@
oo
T

US Business Cycle Dating: Bry-Boschan Algorithm
T T

L
1990
Years

1980

]
2000

]
2010 2020

Figure 2.1: Implementation of the Bry-Boschan Algorithm on U.S. Real GDP Data
including quarters between 1960 Q1 and 2022 Q3

Note: Shaded areas represent the period between two consecutive peak and trough points (from

peak to trough according to the definition of recession) obtained via the algorithm.
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2.3 Distribution of Growth Rates

In previous section, output growth rates were divided into recession and expansion
phases via non-parametric business cycle dating algorithm. As a result, data ele-
ments can be observed separately for each phase. To investigate the distribution of
the growth rates (i.e., extreme values, central tendency measures and overall shape),
the simple method may be using histograms. As seen from the Figure 2.2, growth
rate distributions for both recession and expansion phases cannot be included in the
form of normal distribution simply due to absence of symmetry with respect to the
mean value represented with black dashed line in both figures 2.2.a and 2.2.b.

According to the skewness values for each distribution, it can be said that dis-
tribution of the recession phase has negative skewness (left-skewed) whereas the one
belongs to expansion phase has positive skewness (right-skewed). The distribution
of the growth rates labeled as "recession” has longer left tail (hence, left-skewed)
which denotes the presence of deep recession cases. On the ”expansion” side, we can
encounter the high levels of real GDP growth that represent exceptional ”growth”
phases. These extreme values will constitute the reason behind the use of hierarchi-
cal model which will be emphasized later.

As an addition, the effect of Covid-19 pandemic on the statistical properties can-
not be neglected. Since V-shaped fluctuations in real GDP growth, that is, sharp and
successive movements in opposite directions occurred during the pandemic, there are
additional extreme values (or, tail elements) in both phases. The aforementioned
movement in the real GDP growth can be seen clearly through the Figure 2.4 at
which data for the United States and Germany were illustrated as instance. Another
evidence for such increase in tail elements can be deducted from scatter plots 2.5
and 2.6 at which real output growth rates are illustrated. In Figure 2.5, it is obvious
that only growth rates experienced in the pandemic (most effective in the first half
of 2020) are included in the left side of the threshold (that is, 2.5!" percentile) repre-
sented by blue dashed line. Similarly, majority of the observations from ”expansion”
phase, that exceed the threshold (determined by 99" percentile) in red dashed line,

were occurred during the Covid-19 pandemic, as seen from Figure 2.6.
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Hence, it can be claimed that the sharp swings emerged during pandemic led to
an increase in number of tail elements for both recession and expansion phases.(In
other words, the pandemic magnified the asymmetry in distributions as explained

with the term ”skewness”.)

During the investigation of real GDP growth rate distribution, country-specific
cases were neglected. However, we can observe distinct growth rates for each coun-
try even under the identical conditions. In other words, a country, depending on
whether it is a member of emerging market or advanced economy club, can experi-
ence different levels of real GDP decline or increase in response to the same reces-
sionary (or, expansionary) pressure. In order to construct reasonable categorization
and to emphasize common characteristics, we should try to remove idiosyncratic
specifications among countries contained in data set® by means of standardization,
as [Gadea Rivas and Perez-Quiros, 2015] did before. This approach can be explained

with these three consecutive steps:

1. Calculate the mean and standard deviation of the whole data, and denote

these values as pg and oy, respectively

2. For each country (¢ = 1,2,...,31) in data set, calculate the mean (u.) and

standard deviation (o.) of country-specific data

3. Modify every element of real GDP growth data (represented with ¢t = 1, ..., N..)

according to the standardization formula given below:
—~ Y ,c He
Yie = (—t - ) ¥ 0+ fla

Hence, the distribution for standardized data can be observed in Figure 2.3. At
these histograms, the improvement in the skewness value (that is, getting closer to
zero), especially of expansion phase, may indicate a decrease in the number of tail

elements and an increase in symmetry with respect to the recalculated mean.

3For details see section 2.1: Data Characteristics
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Distribution of Growth Rates: Recession Distribution of Growth Rates: Expansion
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(a) Recession (b) Expansion

Figure 2.2: Histograms for growth rates occurred in both phases

Distribution of Standardized Growth Rates: Recession Distribution of Standardized Growth Rates: Expansion

300 — T T T s : : £ arow
i i
i i
250 | : 800 F i
i
! 500 -
200 - !
I
8 i & sat
@ i =
% 150 i %
8 ; Eon|
100 - :
Skewness: -1.7312 i 200 -
| Below 10%: 77 i
? : 100 - Skewness: 1.0175

-20 -15 -10 -5 o 5 10 15 20 -10 -B -6 -4 -2 0 2 4 6 8 10
Growth Rate (%) Growth Rate (%)
(a) Recession (b) Expansion

Figure 2.3: Histograms for standardized growth rates
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Growth Rate (%)

A5 I 1 1
2000 2005 2010 2015 2020

Periods

(a) Real GDP Growth: the United States

15 T T T T

10

Growth Rate (%)

-15
2000 2005 2010 2015 2020

Periods

(b) Real GDP Growth: Germany

Figure 2.4: Real GDP growth for the US and Germany between 2000 Q1 - 2022 Q1

Note: The red dashed line represents the growth rate of zero percentage.
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Growth Rates in Recession Phase
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Figure 2.5: Non-standardized real output growth rates included in recession phase

Note: Dashed lines from right to left represents 5%, 2.5" and 1%¢ percentile thresholds of the
recession sample, respectively. The number of observations smaller than these percentile values

are calculated as 50, 25 and 10 since the sample size of recession phase is 999.

Growth Rates in Expansion Phase
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Figure 2.6: Non-standardized real output growth rates included in expansion phase

Note: Dashed lines from left to right represents 95", 97.5" and 99" percentile thresholds of the
recession sample, respectively. The number of observations greater than these percentile values
are calculated as 166, 83 and 33.
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Chapter 3

THE ECONOMETRIC MODEL

3.1 Markov Mixture Model

The fundamental part of model implemented in this study can be described as
"regime switching” due to the existence of distinct business cycle phases. As in
previous studies at which regime switching had been used as main framework (such
as [Hamilton, 1989] and [Albert and Chib, 1993]), structural changes(switching)
on observations are represented with latent state variables depending on Markov
process. To make these concepts concrete, the main equation can be defined as
below:

Yt = Us, + €t , € N(O,O'Q) (31)

where y; is real output growth (observation) and pg, denotes regime-dependent
mean value. Since there are two phases (expansion and recession), the mean value
is determined by unobserved state variable, S;, in binary form. In other words,
when S; = 1, it can be said that y; belongs to the "recession” regime whereas 1
is considered as a sample in ”expansion”, if S; takes the value 0. As emphasized
above, a shift in S; depends on first-order two-state Markov process with following

transition (or, shift) probabilities:

P(St = O’St_l = 0) = Poo and P(St = 1|St_1 = 1) = P11 (32)

On the contrary to [Hamilton, 1989] who had employed regime-switching model
for business cycle dating, there is no auto-regressive dynamics in this equation, that
is, past observations of real output growth(y;_;) are not included in the equation 3.1

as explanatory variable.
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The model represented with equations 3.1 and 3.2 can be thought as a Markov
mixture model in which components (for each state, S;) are normally distributed.
However, as stated in Chapter 2, both expansion and recession phases have a large
number of tail elements which can be understood from positive or negative skew-
ness values for each phase. Hence, hierarchical Markov mixture model, that might
be considered as the "restricted” version of Markov mixture model [Geweke and
Amisano, 2011], should also be implemented in this study for obtaining reasonable
empirical results.

Resulting from the existence of tail elements in both distributions, it can be bet-
ter if additional states are included in the model to capture these tail elements sep-
arately. Following this claim, both expansion and recession phases are divided into
two sub-levels: recovery and growth states for expansionary periods and mild and
deep states for recessionary periods. This modification seems to be quite reasonable
if the real output growth data is constructed for pre-pandemic era. Nevertheless,
as discussed in Chapter 2, Covid-19 caused considerable fluctuations in real output
levels(therefore, in growth data) which increased the number of tail elements for
both business cycle phases (see figures 2.4, 2.5 and 2.6 ). Thus, two more states
are added in the model, at which full sample is employed, to represent exceptionally
huge growth rates (in both directions), named pandemic expansion and pandemic
recession. As a result, we construct two different ”Markov-switching model” with
constant transition probabilities ([Kim and Nelson, 1999]) for two distinct data set:
four-state for pre-pandemic era and six-state for full sample, including pandemic.

Beyond these models stated above, the core econometric model in this study is
hierarchical Markov mixture model in which additional states such as growth and
mild recession are not examined as separate regime. In "hierarchical” approach,
unobserved state variables, S;, are determined by two distinct processes. In this
type of mixture model, there exist two main regimes: expansion and recession. State
variables (denoted as S;;) belong to these main regimes follow two-state first-order

Markov chain same as in the expression 3.2
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Because of the reason emphasized before, there are three sub-regimes for each
main regime(or, business cycle phase) when the pandemic data is included in the
data set. To make the structure clear, we can start with ”expansion” phase. If full
set of observations are deployed, expansion regime(that is, S;; = 0) can be divided
into following sub-regimes: recovery, growth and pandemic expansion represented by
Ser € {0,1,2}. In other words, for instance, when latent state variables (S}, Sa2¢)
becomes (0,0), it can be understood that the observation y; is considered as an
element of ”growth” sub-regime of "expansion” phase. From the same manner,
"recession” regime (denoted as S;; = 1) can be partitioned into these sub-regimes:
mild recession, deep(severe) recession and pandemic decline, represented again by
Sor €4{0,1,2}. Let, as an example, state variables (S, S2.) be (1,0), then it can be
said that this observation is included in "mild recession” sub-state of recession phase.
Lastly, it should be emphasized that pandemic expansion and pandemic decline sub-
regimes are not valid for the model in which pre-pandemic data is employed.

In hierarchical model, the probability of being in specific sub-state is defined
conditionally on the main state, and it does not follow any Markov process. If the

related probability is represented by ¢;;, then it can be expressed as below:

P(Sy; = j|Si: = 1) = qi5 (3.3)

For instance, the notation q;9 denotes the probability of being in "mild recession”
sub-state of "recession” phase (Sz; = 0 when S;; = 1). Hence, if the hierarchical
model with full sample (that is, including pandemic) is taken into consideration, we
can construct transition matrix ,which contains corresponding probability values of

transition from the former state to current state, as in the following form:

To show the matrix in simple way, let vectors C'; and Cy be defined as

P00900 ] [ (1 - p11)g00 |
P00q01 (1 —p11)go1
o = poo(1 — goo — qo1) and Gy — (1 = p11)(1 — qo0 — qo1) (3.4)
(1 = poo)q1io P11q10
(1 = poo)gi1 P11q11
(1 = poo)(1 — g10 — q11) ] L p11(1—qio —qi1)
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Then, by using vectors defined before as columns, the transition matrix that

defines probability of transition for each possible case, can be expressed as:
M=o iaiaia el (3.5)

The reason behind the use of specific matrix form in 3.4 and 3.5 is making
transition probabilities suitable for the Bayesian inference. In the simulation, the
"basic filter” proposed by [Hamilton, 1989] utilizes the transition matrix in given
form via vec operator.

The transition matrix should be updated when the pre-pandemic data is used,
because there are only two sub-states for each business cycle phase in stated model.
Since extreme values resulted from Covid-19 do not exist anymore, ”pandemic ex-
pansion” and ”pandemic decline” sub-regimes can be neglected. Therefore, for hi-
erarchical Markov mixture model with four sub-states, the transition matrix can be

represented in the similar column format as:

P0090 P0090 (1 —pi1)qo (1—p11)q
1-— 1-— 1-— 1-— 1-— 1-—
Ay — poo( QO) poo( C]o) ( pn)( QO) ( p11)( QO) (36)
(1 =poo)(I —q1) (1 —poo)(l—q1) p11(l—q1) p11(l—q1)
(1 - poo)Ql (1 - Poo)(h P11q1 P11q1

in which the sum of each row shows the total probability of shift to the current

state, that is:

P[S; = (0,0)]

4= P[S; = (0,1)] (3.7)
P[St = (170)]
P[S. = (1,1)
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After the explanation of hierarchical Markov mixture model with constant transi-
tion probabilities(i.e. time-independent transition matrix), we can modify the model
by introducing time-varying transition probabilities which enables us to examine
distinct expansionary and recessionary periods in terms of duration. Moreover, the
main reason for including time-varying transition matrix can be stated as inves-
tigating the effect credit-related variables on business cycle phases (and, shifts in
transition probabilities as a response to observations) during different periods. To
determine time-varying transition probabilities, binary and ordered probit model
(for detailed description, please refer to [Wooldridge, 2010a]) is constructed as fol-
lows:

Piig = P(pis + Bivi—1)

Giog = P — ¢ — Oize 1)

qite = @(O@,z‘ —q; — eﬂt—1) - (I)(Oéu —q; — 92‘1%—1)

Gizg = 1 — (a2 — q; — O 1)
where @ is the symbol for cumulative distribution function of standard normal dis-
tribution, ; and 6; are coefficients that describe the effect of credit-related explana-
tory variables (z;_1) on the transition probabilities p;;; and g;;+, respectively. Since
there are three sub-states for each phase in the model that employs the complete
data set, ordered probit model should be used for probabilities which belong to these
sub-states. Unlike the binary probit model, "threshold parameters” ([Wooldridge,
2010b]) should be added in the ordered probit model to properly cluster latent vari-
ables according to the predetermined sub-states. From the set of equations in 3.8,
aq; and ag,; for i = 0, 1 stand for these parameters. For the hierarchical model which
takes only pre-pandemic observations into consideration(that is, with two sub-states
for each phase), the binary probit model is employed for defining both probabilities

Diit and g; gt
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3.2 Bayesian Approach

There are two main approach in order to estimate parameters of regime-switching
model with Markov chain: classical and Bayesian method. The former is based on
maximum likelihood estimation, that is, estimating model parameters which max-
imizes the likelihood function with respect to given observations. After obtaining
estimated parameters, latent state variables(S;) are estimated conditional on these
parameters. In Bayesian approach, unlike the classical one, both model parameters
and latent state variables are considered as "random variables” which implies that
regime-switching variables are estimated from ”joint” distribution. (as stated in
[Kim and Nelson, 1999])

As understood from its name, Bayesian approach (or, inference) is originated
from the well-known probability concept, Bayes’ Rule, that can be formulated as

below:

_ pulB)e(d)

p(y) (3.9)

p(Bly)

where y and  are data and model parameters, respectively. The main point of
this method is accepting [ as random variable in contrast to the case in maximum

likelihood estimation.([Koop, 2003]) Using the equation 3.9, we can write:

p(Bly) o< p(y|B)p(B) (3.10)

at which p(8ly), p(y|8) and p(/3) represent the posterior, the likelihood and the prior,
respectively. This expression means that the posterior probability density function
is proportional to the multiplication of the likelihood and prior which constitutes
the Bayesian framework.([Koop, 2003]) From this relationship, it can be said that
the posterior p(f|y) is the focal point of the Bayesian method. In other words, an
econometrician who investigates the special function of model parameters (i.e. f(53))

given observations should use the posterior density as follows:

ELfE] = [ 1@)w(6las (3.11)
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In Bayesian approach, depending on the functional form and density, it might be
tough to solve integrals like 3.10 without any computational tool. Therefore, as in
this study, "Monte Carlo Integration” can be employed to obtain an approximation
of given integral. This computational method consists of sampling from the poste-
rior density (i.e., obtaining random draws of parameters from p(5|y))([Koop, 2003]).
However, it may not be simple (or, not be feasible) everytime to take random draws
from the posterior density to continue with Monte Carlo approximation. In such
cases, we can continue with Gibbs sampling which is based on sampling from ”con-
ditional posterior” densities instead the posterior itself.([Koop, 2003]) For instance,
let model parameter vector 8 be defined as (6;,6,). For the model at which there
is no possible way to take random draws from p(6;,6s|y), but it is feasible to make
sampling from conditional distributions p(6;|6s,y) and p(6s|61,y), then we can pro-
ceed with Gibbs sampling. In the generalized form, the algorithm can be expressed
as below:

Let the model parameter 5 be K X 1 vector given as (6, 6s,...,0k) where
the posterior density function is defined as p(6y, 0s,...,0k|y). Then, "the full
conditional posterior distributions” ([Koop, 2003]) from which random draws are
obtained, are expressed as p(6; | 01, 02, ...,0;_1, 0;41,...,0k, y). Let D be iteration
number (that is, number of draws) and d represents the index of draw. Then, for
d=1,2,...,D, using the initial values (0](-0)) for all elements of parameter vector f3,

the following steps should be applied:

1. Obtain a random draw for the element 9@ using p(6; | Qéd_l), . ,9%_1), Y)

2. Obtain a random draw for the element Héd) using p(6s | 9§d), . ,9&?71), Y)

K. Obtain a random draw for the element 0%) using p(fk | QEd), Héd), e 0%)_1, Y)
At the end, we have vector of draws 4 = (9@, Oéd), . ,«9&?) ), for each iteration
d = 1,2,...,D. Using these stored elements, the approximation of the special

function (f(3)) can be obtained as in Monte Carlo integration.
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It should be emphasized that the current draw for model parameters contained in
B@ is dependent on the former random draws 3(@~% similar to the Markov process
as seen from the algorithm above. Thus, Gibbs sampling is included in the family of
posterior simulation named ”"Markov Chain Monte Carlo” method. The chain-like
structure can be observed clearly. Due to this structure and dependence between
successive random draws, the first Dy stored elements, called burn-in iterations,
should be neglected during the Monte Carlo approximation.

Before the explanation of the posterior simulation, priors can be described. Since
there is no former information on model parameters, non-informative priors are
mostly employed. The prior related to variance of the model given in 3.1 is deter-
mined as:

p(0?) ox — (3.12)

where the reciprocal of the variance parameter is also called ”precision(h)”. When
time-varying probabilities are included, posterior simulation is made for the param-
eters that identify coefficients of explanatory variables in probit model, by means of

these priors:

p(Bi) x 0 and p(f;) x0 fori=0,1andj=0,1 (3.13)

To provide accurate structure for regime-switching model, the regime-specific
mean values are determined by truncated normal distribution, p(u), with the fol-

lowing constraint:

L, if pog > proo > pror > 0 > p1o > p11 > iz
pli) o (3.14)

0, otherwise

The use of truncated normal distribution implies the following fact: The only random
draws that satisfy the constraint will be taken into consideration to obtain regime-

specific mean values of real output growth rates accurately.



Chapter 3: The Econometric Model 22

After the brief description of priors, the Gibbs sampling algorithm implemented

in this study can be summarized as below:

1. Obtain a random draw of state variables S; = (S} ¢, Sa¢) conditional on py, g, p, 02, 3,60

and yr, with the help of filtering

2. Take a random draw of probit model coefficients 5 = (py;, 3;) for i = 0, 1 condi-
tional on Sy, py, qi, pt, 02, 0 and yr, then, via binary probit model specifications,

transition probabilities p; = (poo+, p11,+) are constructed.

3. Obtain a random draw of probit model coefficients 0 = (¢;,6;) for i = 0,1,
conditional on Sy, py, 1,02, 3 and yr ,then, conditional probabilities of sub-
states ¢ = ¢;j for i = 0,1 and 7 = 0,1, 2 is provided by means of the ordered
probit model.

4. Using the structure of truncated normal distribution, regime-specific mean

values j1 are generated conditional on S, py, qi, 02, 8,60 and yr.

5. The parameter that corresponds to model variance, o2, is generated conditional

on Sy, pi, qi, 8,0 and yr. Then, algorithm turns back to the Step 1.

These steps described above will be iterated many times (N=10,000 in this study) in
order to allow the estimated parameters to converge. After completing the iterations,

estimation results are extracted by Monte Carlo integration.
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Chapter 4

EMPIRICAL APPLICATION

4.1 Data Description

The primary data set named ”Gross Domestic Product in Constant Prices” is
emphasized in the second chapter. The secondary data employed for estimating
time-varying transition probabilities mainly consists of total credit and its deriva-
tives. The source of this data is the database called ”Total Credit to Private Non-
financial Sector” established by BIS! Statistics Warehouse. This database contains
total credit to private non-financial sector measured in terms of both percentage
of GDP and market value in US dollars. In the related review published by BIS,
[Dembiermont et al., 2013] emphasized that the database consists of credit obser-
vations obtained from all possible sources. In other words, the mentioned data had
been constructed without taking national borders (domestic or foreign lender) and
institutional characteristics of lender (e.g. financial and non-financial corporations)
into consideration to distinguish observations. At the borrowers’ side, the following
agents were included in this data: ”"non-financial corporations” (both public and
private), "households” and ”non-profit institutions serving households”. The term
”securitization” had also been stated as a concern by [Dembiermont et al., 2013],
especially in credit observations from banks since the ”securitized” loan instruments
did not have any place on banks’ balance sheet(one of the data sources) even though
accounting standards has been changed recently. This concern has no longer influ-

ence on the data set due to the wide variety of data sources as emphasized above.

1Bank of International Settlements
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As seen from the empirical application at which time-varying transition probabil-
ities are estimated via latent variable model, required data sets derived from this
database can be listed as credit-to-GDP (or, total credit in percentage of GDP),
real credit growth (change in the total credit in US dollars adjusted with US con-
sumer price index), annual (accumulated) real credit growth and leverage indicator.
Firstly, credit-to-GDP ratio is employed as explanatory variable in the probit model,
which determines time-varying probabilities, in order to capture any causal effect.
As a second step, both real credit growth (denoted as RCG;) and annual real credit
growth (ARCG,) are included in the matrix of explanatory variables. Finally, lever-
age indicator (C'RT75;) is added as a dummy variable in the second form of model.

In order to construct real credit growth data set?, total credit to private non-
financial sector as market value (measured in US dollars) is employed as a raw
data. Since the credit growth should be expressed in ”real” terms, the quarterly
US Consumer Price Index (CPI) data set that takes 2015 as 100 (base) is also used
for the related adjustment. Then, the adjusted data elements are transformed into
natural logarithm form. The final version, that is, real credit growth data can be

defined as follows:

TotalCredit, TotalCredit,_q
—eri )~ )

—1
RCG n( CPI, CPI,_,

(4.1)

After the construction of real credit growth data, annual credit growth rate can
be easily established from the sum of four consecutive observations (i.e., annual) for

each period. The operation can be expressed in mathematical form:

3
ARCG, =Y RCG,_ (4.2)
=0

2For all these data modification processes, R libraries and functions that are established for
data operations, had been used.
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Lastly, the leverage indicator which is formed from credit-to-GDP ratio sample

can be expressed as below:

1, if CR.; > 75" percentile(Credit-to-GDP,)
CR75C’,§ = (43)

0, otherwise

which means that the dummy variable trying to represent the leverage status at the
period ¢ (i.e. CR75.;) will be equal to 1 if the credit-to-GDP ratio for the period ¢
is greater than the 75" percentile of the credit-to-GDP ratio sample for the specific
country ¢. When the indicator variable takes the value 1, it may be interpreted
as a sign of high leverage. It should be additionally noted that the definition of
the threshold which determines whether data element belongs to high leverage or
low leverage status, can be modified by means of distinct percentiles such as 50"

percentile of the credit-to-GDP data, depending on the purpose of study.

Before the interpretation of empirical results, it could be useful to investigate
descriptive statistics of aforementioned data sets. Although there does not exist
any change in minimum or maximum values after including observations during the
Covid-19 pandemic, it can be observed that mean and standard deviations for each

data set are slightly different depending on the range of observations.

Table 4.1: Descriptive Statistics

Data Set Size(N) Mean Std. Deviation Min  Max
Credit-to-GDP (F) 4282 128.50 58.61 19.10  292.20
Credit-to-GDP (P) 3972 126.12 57.26 19.10  292.20
RCG (F) 4218 0.62x103 5.31x 1072 0615 0.214
RCG (P) 3908 10.27x1073 5.33x1072 -0.615  0.214
ARCG (F) 4218 4.13x1072 0.118 -0.550  0.5154
ARCG (P) 3908 4.35%x1072 0.121 -0.550  0.5154

Note: The letter F in parenthesis means ”Full-sample” which contains observations during the
pandemic and afterwards. The letter P in parenthesis represents ” Pre-pandemic sample” that
only includes observations until the pandemic.
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4.2 Posterior Simulation Results

4.2.1 Hierarchical Markov Mixture Model with Fized Transition Probabilities

As first step through the empirical application, hierarchical Markov mixture model?
(abbreviated as HMNM) with fixed transition probabilities can be simulated to ob-
serve mean real GDP growth rates and smoothed probabilities for each regime. Since
economies had experienced sharp fluctuations in real output growth during coron-
avirus pandemic (see Figure 2.4), it might be better to proceed with the two separate
data samples: pre-pandemic sample and full sample (as seen in Table 4.1). From the
same reason emphasized in Chapter 3, the main regimes named ”expansion” and
"recession” are divided into three sub-regimes if the post-pandemic observations are
included in the sample.

For justifying the use of hierarchical models with two or three sub-states in this
study, the same data set is employed for the various models at which hierarchi-
cal structure is not considered. In Table 4.4, empirical results belong to Markov
mixture model (MNM) with only two main states are illustrated. As understood
from estimated parameters and marginal likelihood values, a model with only two
states is incapable of capturing all stages of business cycles. Its counterpart with the
time-varying transition probabilities has the same insufficiency as seen from Table
4.9. Different from these models, the MNM model with four main states instead of
hierarchical model with two sub-states is simulated. If the pre-pandemic sample is
considered, it can be said that hierarchical model with two sub-regimes has slightly
greater performance by comparing marginal likelihood values and model variance
parameters. (see Tables 4.5 and 4.9)

When the pre-pandemic sample is considered, hierarchical model with two sub-
states should be simulated. In this model, the ”expansion” regime consists of
"growth” and "recovery” as corresponding sub-states, whereas, the "recession” regime
contains "mild recession” and ”deep(severe) recession” according to magnitude of

the change in real ouput level. For the definition of these sub-states, the following

3Tt will be stated as ”hierarchical model” in remaining part of this chapter.
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inequality of the regime-specific mean values is formed:

oo > for > 0 > pg > piny (4.4)

where 0, flo1,i410 and gy represent ”"growth”, "recovery”, "mild recession” and
”deep recession”, respectively. As seen from Table 4.2, these regime-specific mean
values are estimated as 3.358, 0.816, —0.512 and —3.147 which is acceptable with
respect to the equation 4.4. Also, these estimated mean values (interpreted as
percentage change in real output) are consistent with the distribution of standardized
real GDP growth rates. The important part is the set of transition probabilities pg
and pp; that are obtained as 0.946 and 0.743. From the related property of Markov
process, the "expected duration” of each regime in this model can be calculated by
means of these estimated probabilities|Kim and Nelson, 1999].

With the help the equation # for ¢ = 0,1 which gives the expected duration
for the main regime i, it can be said that "expansion” regime (i = 0) is expected
to last for 18.51 quarters whereas expected duration of "recession” phase (i = 1)
is computed as 3.89 quarters. Beyond transition probabilities, it can be observed
that the probability of being in "recovery” sub-state is far greater than of being
in "growth”. On the other hand, it is more probable to observe the upper level
of "recession” phase named ”deep recession”. This implies that it is more likely
to encounter severe recessions (or, great decline in real output) than expansionary

periods with significant rise (e.g. around the mean 3.358 %) in real output.

If the full sample that includes observations during coronavirus pandemic (and,
afterwards) is used for posterior simulation, an extra sub-state should be added for
each main state due to the reason explained before. Thus, the results shown in the
Table 4.3 can be obtained from hierarchical model with three sub-regimes. In this
model, the inequality defined in 4.4 has to be modified because of the pandemic-

related sub-states:

fo2 > froo > pro1 > 0> pio > pan > p2 (4.5)
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at which g9, foo, o1, f410, 11 and g2 denote the estimated mean values for ”pan-
demic (great) expansion”, ”growth” , "recovery”, "mild recession”, ” deep recession”
and ”"pandemic (great) decline”, respectively. Similar to the previous model, men-
tioned mean values resulted from hierarchical model with three sub-states seem to
be appropriate according to the relationship in 4.5. It can be clearly noticed that
the extreme levels in both expansionary and recessionary phases occurred in the
pandemic period appeared as mean values pio and 2 (estimated as 11.130% and
—11.347%). By adding an extra sub-state within each main state, sharp fluctua-
tions in real GDP growth (see Figure 2.4) experienced only in coronavirus pandemic
era is captured as explained before. Although relatively small increase in terms of
absolute values can be observed in both ”recovery” and ”mild recession” (that is,
o1 and fi19) compared to the hierarchical model with pre-pandemic sample, slightly
larger shifts in ”"growth” and ”deep recession” sub-states might be noticed. This dif-
ference arising from unprecedented fluctuations during coronavirus period implies
that an economy has to experience larger rise(or, decline) in real output in order to
be included in upper level of expansion (or, recession) phase.

According to the transition probabilities p; (i = 0,1) resulted from hierarchical
model with three sub-states, expected duration for ”expansion” regime is calculated
as 17.86 quarters and "recession” regime is expected to last for 3.61 quarters. The
probability of being in ”mild recession” sub-regime (qo) decreased ,as expected, due
to the existence of ”pandemic (great) decline” sub-state, whereas there is no consid-
erable change in the conditional probability gy representing "recovery” sub-state.
This outcome implies that the coronavirus pandemic had affected the structure of

"recession” regime in noticeable way.

The hierarchical Markov mixture models have another important output which
enables us to observe(or, compare) regime shifts: filtered probabilities. Using these
generated probabilities, the ability of hierarchical model to capture regime shifts
(i.e. recessionary and expansionary phases) can be evaluated by means of historical
perspective. As an example, graphs that are constructed via filtered probabilities for

the United States, Turkey and selected eurozone countries will be investigated for
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this purpose. It should be emphasized that both hierarchical model with two sub-
states and one with three sub-states have almost the same performance on detecting
regime shifts, especially in "mild recession” and ”deep recession” sub-regimes.

From Figure A.1 and A.6 in Appendix A, periods at which smoothed probabil-
ities rapidly increase to upper levels, coincide with mild and deep recessions in the
economic history of the United States. The 1960-1961 Recession can be seen from
both mentioned graphs. It should be stated that second stage of the 1970 Recession
which was closely related to the strike at General Motors in Fall 1970 (emphasized
by [McNees, 1992]) is captured as relatively small peak in ”deep recession” proba-
bility at the end of 1970 whereas the first stage of this recession is classified as "mild
recession”. This outcome is consistent with the trough point announced by NBER
Business Cycle Dating Committee as November 1970.

The subsequent recessionary period had been experienced between 1973-1975.
The oil embargo(or, sanction) initiated by Arab oil-producer countries as a reaction
to Israel is thought as the main stimulus for this period. This recession was con-
sidered as the starting point of long-lasting ”stagflation” era (that is, high inflation
and sluggish growth rates) on a global scale, stated by [Kose et al., 2020] According
to [McNees, 1992], the similar two-stage structure can be observed during the 1973-
1975 Recession. Although no severe decline in economic indicators (e.g. industrial
production and unemployment rate) had been observed in the first stage (ended in
September 1974 according to [McNees, 1992]), there was clear clues about the am-
plitude of this recession such as drastic rise in unemployment rate. [McNees, 1992]
stated that the core inflation had reached its local maximum in February 1975. This
partitioned structure can be understood from movements in filtered probabilities in
these periods. If the figure related to ”"deep recession” is examined, it can be no-
ticed that the probability of deep recession gradually increases towards the end of
1973-1975 recession.

Another oil price shock aroused mainly from Iran and contractionary policies such
as rise in the federal funds rate led to the series of recessions at the beginning of new
decade(1980s). [McNees, 1992] claimed that 1980 and 1981-1982 recessions may be

considered as a "single” recessionary period with two successive troughs that had
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been stated as unprecedented for the post-WWII period. This claim can be clearly
seen from the graph for probability of ”deep recession” sub-state in the United States
(at the bottom of Figure A.1 and Figure A.6). Both hierarchical models with fixed
transition probabilities are able to indicate these consecutive recessions.

Unlike the recessions of early 1980s, the 1990-1991 recession should be included
mainly in "mild recession” sub-regime according to the filtered probabilities resulted
from hierarchical models(consistent with the interpretation by [McNees, 1992]). The
recession caused by dot-com bubble in 2000 is also counted as ”mild recession” which

has negligible probability of being in ”deep recession”.

Unsurprisingly, the Global Financial Crisis (also called Great Recession) occurred
between 2007 and 2009 is included in ”deep recession” sub-state with almost certain
probability. The important point deduced from filtered probability graph (Figure
A.2), is that the probability value denoting "recovery” gradually turned back to its
pre-crisis levels (also stated in [Kose et al., 2020]). This implies that the recovery
from the Great Recession had been experienced at slow pace which is consistent with
the "stylized fact” emphasized by [Jorda et al., 2013]. They claimed that severe
recessions and sluggish recovery more likely succeed expansionary periods with high
levels of credit as in the Great Recession. Following this deep recession, EU member
countries had faced with relatively long-lasting sovereign debt crises in early 2010s.
As seen from Figure A.5 and Figure A.10, probability values for "mild recession”
sub-regime indicate the mentioned debt crises among EU economies. In accordance
with the historical records, Greece has very high probability values corresponding to
"mild recession” for relatively longer periods, compared to other selected countries.
Lastly, the only contraction considered as ”pandemic (great) decline” for the United
States is the recession triggered by Covid-19 pandemic , because unprecedented real

output growth rates had been recorded during the pandemic.

If filtered probabilities for Turkey are investigated within the historical perspective
similar to the U.S. economy, it can be said that hierarchical models are able to

distinguish well-known expansionary and recessionary periods starting from the first
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quarter of 1998. When the graph for ”deep recession” in Figure A.8 is examined, the
accordance with the Turkish economic history can be clearly observed. Turkey had
experienced two deep (or, severe) economic crises at the beginning of twenty-first
century (excluding coronavirus pandemic): 2001 Financial Crisis and the Global
Recession. The financial crisis occurred in February 2001 was considered as an
instance of "very severe” economic downturn according to [Cizre and Yeldan, 2005].
They argued that this crisis caused by combined policies became gradually effective
such as ill-timed deregulation of financial markets throughout 1990s. With these
policies, the Turkish economy was getting vulnerable (and sensitive) to the short-

term fluctuations in capital flows from (or, to) abroad ([Cizre and Yeldan, 2005]).

If the graph for "mild recession” that corresponds to the Turkish economy is
examined via Figure A.3 and Figure A.8, the first case described as mild recession
is the 1998 crisis caused particularly by spread of the 1997 Asian Crises’ financial
consequences. ([Orhangazi and Yeldan, 2021]) The most interesting point might
be stated as the gradual increase in the probability of "mild recession” after the
Global Financial Crisis (that is, 2010s). [Orhangazi and Yeldan, 2021] stated the
possible reason behind this observation as the shift in the perception on overall
economic conditions led by considerable issues. This gradual rise reached its peak
in August 2018 when a kind of exchange rate crisis (i.e., sharp depreciation in
domestic currency) emerged. In addition, these periods ,at which hikes in the filtered
probability of "mild recession” are observed during late 2010s, coincide with the

sudden declines in "foreign capital inflows” in US dollars illustrated in the study

[Orhangazi and Yeldan, 2021].



Chapter 4: Empirical Application 32

Table 4.2: Results for Hierarchical Markov Mixture Model with Fixed Probabilities

2-Substate HMNM 2-Substate HMNM

Pre-Pandemic Sample Full Sample
1400 3.358 (0.107) 10.199 (0.352)
o1 0.816 (0.022) 0.805 (0.017)
1410 -0.512 (0.102) -2.398 (0.135)
111 -3.147 (0.187) -11.261 (0.205)
o? 0.533 (0.019) 1.121 (0.027)
Doo 0.946 (0.0059)*** 0.975 (0.0028)***
Do1 0.054 (0.0059)*** 0.025 (0.0028)***
D10 0.257 (0.0223)*** 0.306 (0.0268)***
P11 0.743 (0.0223)*** 0.694 (0.0268)***
Qoo 0.051 (0.0054)*** 0.009 (0.0016)***
Qo1 0.949 (0.0054)*** 0.991 (0.0016)***
q10 0.849 (0.0214)** 0.805 (0.0300)***
q11 0.151 (0.0214)*** 0.195 (0.0300)***

Marginal Log-Likelihood -4585.89 -6405.74

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and two sub-regimes. A fixed probability p;; denotes the
probability of transition from the main state ¢ to the main state j. Another fixed probability g;;
corresponds to the probability of being in the sub-state j conditional on the main state i. There
are four different regimes in total. The state labels 00, 01, 10 and 11 represent regimes

7growth” ”recovery”,” mild recession” and ”deep recession”, respectively. It should be emphasized
that regime mean values, f1;;, should be interpreted as percentage growth rate in real output.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

*H% within the 99% HPDI(Highest Posterior Density Interval)
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Table 4.3: Results for Hierarchical Markov Mixture Model with Fixed Probabilities

3-Substate HMNM
Full Sample

Lo2 11.130 (0.227)
o1 0.826 (0.023)
Hit -3.348 (0.215)
o? 0.707 (0.024)
Doo 0.944 (0.0064)***
Dot 0.056 (0.0064)***
P10 0.277 (0.0248)***
P11 0.723 (0.0248)***
q0o 0.040 (0.0046)***
o1 0.951 (0.0048)***
o2 0.009 (0.0015)***
q10 0.818 (0.0205)***
q11 0.127 (0.0176)***
q12 0.055 (0.0102)***
Marginal Log-Likelihood -5560.35

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and three sub-regimes. A fixed probability p;; denotes
the probability of transition from the main state ¢ to the main state j. Another fixed probability
gi; corresponds to the probability of being in the sub-state j conditional on the main state :.
There are six different regimes in total. The state labels 00, 01, 02, 10, 11 and 12 represent
regimes " growth” ”recovery”,” pandemic (great) expansion”,”mild recession”,”deep recession” and
"pandemic (great) decline”, respectively. It should be emphasized that regime mean values, f;;,
should be interpreted as percentage growth rate in real output.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

K within the 99% HPDI(Highest Posterior Density Interval)
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4.2.2  Time-Varying Probability (TVP) Model with Credit-to-GDP Ratio

In the former section, the model output with the assumption that transition prob-
abilities in Markov process are constant for all periods, were investigated. By per-
mitting time-varying transition probabilities, selected factors (or, explanatory vari-
ables) will be pursued in order to obtain a meaningful relation. In this study, the
main concern is about credit-related variables such as credit-to-GDP ratio and real
credit growth. As [Gadea Rivas and Perez-Quiros, 2015] did before, the possible
effect of credit-related variables on business cycle fluctuations will be investigated
by constructing Markov switching models with fixed regime means and time-varying
transition probabilities.

For the specification of time-varying probability, probit model (or, binary re-
sponse model expressed by [Wooldridge, 2010a]) is employed. In the probit model,
the "first lag” of credit-to-GDP ratio (C'R;_1) is thought as an explanatory vari-
able with coefficient ; (and 6; for conditional probabilities) for each main regime
(¢ = 0,1). In order to be in harmony with the previous section, firstly, empirical
results for hierarchical model based on pre-pandemic sample will be interpreted.
From results shown in the Table 4.7, it can be said that there are relatively small
changes in estimated mean values f;; compared to the same model (HMNM with
two sub-states) with fixed probabilities shown in Table 4.2. Also, there exists a lit-
tle improvement in the marginal log-likelihood value and decrease in the estimated
model variance o2 in the hierarchical model with time-varying probabilities. If tran-
sition probabilities are considered, following probit model equations can be formed

according to the estimation results:

Poos = ©(1.6231 — 0.0045 x CR,_;) (4.6)

piry = ©(0.0505 4 0.2841 x CR,_;) (4.7)

The probability of transition to ”recession” from ”recession” increases as rise in
credit-to-GDP ratio is observed (as seen from the equation 4.7) which also implies

that the such rise leads to an increase in expected duration of recessionary period.
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Unlike the "recession” regime, the credit-to-GDP ratio does not have significant
effect on the probability of transition to ”expansion” from ”expansion” state (in
equation 4.6). However, the estimated intercept of the probit model means that this
probability will move approximately around the value 0.948 which is close to the its
counterpart on the model with fixed probabilities (0.946).

When the conditional probabilities which correspond to sub-regimes are exam-

ined through the probit model that can be described as below:

gor, = ©(1.0299 + 0.5584 x CR, ) (4.8)

qi1; = ©(-0.440 - 0.5127 x CR; ;) (4.9)

According to the estimated parameters of probit model in 4.8, given that the current
period is included in ”expansion” regime, a rise in credit-to-GDP ratio decreases the
probability of being in ”growth” sub-state (that is, negative effect on observing great
levels of real output growth). On the other hand, as understood from 4.9, conditional
on being in "recession” regime, credit-to-GDP ratio decreases the probability of
being in ”deep recession” sub-regime. Hence, it can be claimed that credit-to-GDP
ratio makes greater levels of real output growth in both direction less probable to

occur which implies a kind of smoothing in business cycles.

If the hierarchical model for full sample (that is, with three sub-states) is inves-
tigated, there exist considerable changes in mean values related to "mild recession”
and ”deep recession” sub-regimes compared to the fixed probabilities model with the
same sample (see Table 4.3 and Table 4.6). Also, unlike the HMNM model with two
sub-states, the positive effect of credit-to-GDP ratio on the probability of transition
to "recession” from "recession” seem to be disappeared (Table 4.6) in this model.
These distortions on recession-related results may be caused by the movement of
credit-to-GDP ratio during the pandemic which can be observed through Figure
A.3 for the United States*.

4Because the U.S. has official business cycle dating procedure led by NBER
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The probability of transition from ”expansion” to ”expansion” is mainly deter-

mined by the intercept term in the probit model:
pooy = ®(1.7223 +0.0392 x CR;_;) (4.10)

which implies that this probability fluctuates around 0.957, slightly higher than
its counterpart in the fixed probability model. Since there are three sub-states
for each regime in this hierarchical model, threshold parameters should be taken
into consideration during the interpretation of estimation results for conditional
probabilities (see [Wooldridge, 2010b]). To prevent identification problems, one of
the threshold parameters is fixed on the zero value whereas another one is enabled
to adjust. In "recession” phase, following equations can be constructed (as stated

in set of equations 3.8):

Qo4 = P(1.1153 — 0.3426CR,_;) (4.11)
Qi1 = D(0.793 + 1.1153 — 0.3426CR,_;) — ®(1.1153 — 0.3426CR,_;) (4.12)

G120 = 1 — ®(0.793 4+ 1.1153 — 0.3426CR,_,) (4.13)

where the upper threshold moves around the value 0.793 according to the model.
According to estimated ordered response model parameters, conditional on being in
"recession” regime, high levels of credit-to-GDP ratio decreases only the probability
of being in "mild recession” which confronts the corresponding result deduced from
the previous model based on pre-pandemic sample. For the ”"expansion” phase, the

equations belong to the ordered probit model is formed as:

doo, = P(-1.4138 — 0.3135CR, ;) (4.14)
Gory = ©(4.32 - 1.4138 — 0.3135CR,_;) — ®(-1.4138 — 0.3135CR,_;) (4.15)

ooy = 1 — ®(4.32 - 1.4138 — 0.3135CR, +) (4.16)

where the upper threshold seems to fluctuate around 4.32 in this model. With

the help of these estimated parameters, it can be stated that the rise in credit-to-
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GDP ratio has negative effect only on the probability of being in ”growth” sub-state
(denoted as 00). It might be said that the inclusion of pandemic-related observations
leads to some serious distortions on the relationship between real output growth and

credit-to-GDP ratio, especially for "recession” regime.

4.2.8 TVP Model with Real Credit Growth and Annual Real Credit Growth

Other credit-related variables are listed as real credit growth(its first lag) and an-
nual real credit growth (which is the sum of real credit growth occurred through four
consecutive quarters) that are required to observe whether the credit growth(expansion)
has significant effect on ”amplitude” and ”duration” of business cycles. (examined
in [Jorda et al., 2013] and [Claessens et al., 2012]). If simulation results for the
hierarchical model based on pre-pandemic sample (thus, with two sub-states) are
investigated (given in Table 4.10), it can be claimed that rise in annual real credit
growth (as a representative for "past credit accumulation” ([Jorda et al., 2013]))
decreases the probability of two successive ”expansion” regimes (poo;) whereas it
increases the probability of transition to "recession” from "recession” as seen from
equations below. Therefore, annual real credit growth (ARCG;_5) has a positive
effect on the expected duration of recessionary period, contrary to expansionary

period.

Pooy = ©(1.7093 - 0.8332 x ARCG,_5 — 1.1504 x RCG,_,) (4.17)
piie = ©(0.3123 4 1.7828 x ARCG; 5 — 1.5720 x RCG,_,) (4.18)

The reason why the annual real credit growth decreases the duration of ”ex-
pansion” regime may be stated by the perception that the credit expansion may
stimulate financial fragility(or, vulnerability) during expansionary times.

When the conditional probabilities related to ”expansion” regime which may give

some clues about the "amplitude” of expansion phase are examined via estimated



Chapter 4: Empirical Application 38

parameters:
o1t = P(1.8101 - 1.4609 x ARCG;_5 — 0.6628 x RCG,_,) (4.19)

which implies that the probability of being in "recovery” sub-state decreases as
annual real credit growth increases. This result is consistent with the findings of
[Claessens et al., 2012]. For pre-pandemic period, it can be claimed that, conditional
on "expansion” state, cumulative real credit growth magnifies the expansionary
period(i.e. high levels of real output growth). Similar to the ”expansion” regime, an
increase in annual real credit growth makes ”deep recession” (or, severe recession)

more probable seen from the following equation:
q11t = P(- 1.3654 + 2.0664 x ARCG,_5 - 4.648 x RCG,_,) (4.20)

In other words, given that the economy is in "recession” phase, cumulative real credit
growth has positive effect on the ”amplitude” of recessionary period. However, in
"recession” regime, positive real credit growth at the previous quarter decreases the
probability of being in "deep recession”. This result may be meaningful if rise in
real credit growth at the former period is interpreted as a signal for recovery within
recessionary period.

The empirical results obtained from the hierarchical model based on full sample
(that is, with three sub-states) are shown in Table 4.11. Like in the previous model,
rise in annual real credit growth can lead to a decrease in the probability of staying
in ”expansion” (thus, decrease in expected duration of expansionary period) whereas
such rise can cause an increase in the probability of staying in ”recession” regime
(i.e., increase in expected duration of recessionary period) shown from following

equations.

poos = P(1.7696 - 0.7680 x ARCG,_5 + 0.2007 x RCGy_1) (4.21)

prie = ©(0.0748 4 1.8090 x ARCG,_» + 0.6145 x RCG,_,) (4.22)
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For the full sample, the effect of annual real credit growth on sub-states related
to "recession” seems to be disappeared, compared to the hierarchical model based
on pre-pandemic sample. Within the scope of conditional probabilities, real credit
growth of the previous quarter has positive effect on the probability of being in
"mild recession” as in the former model(shown at the equation 4.26). Given that
the economy is in ”"expansion” regime, cumulative real credit growth may lead to
an increase in the probability of being in ”growth” sub-state (or, higher real output
growth rates) which can be deduced from the equation 4.23. Lastly, it should be
emphasized that there are improvements in marginal log-likelihood values for both
models aforementioned, compared to model at which only the credit-to-GDP ratio

is used as explanatory variable to estimate model parameters.

oot = ©(—1.8850 + 1.3419 x ARCG,_ — 0.5489 x RCG,_,) (4.23)
o = P(4.346 — 1.8850 + 1.3419 x ARCG,_, — 0.5489 x RCG,_1) (4.24)
— &(—1.8850 + 1.3419 x ARCGy_ — 0.5489 x RCGy_;)

Qozs = 1 — ®(4.346 — 1.8850 + 1.3419 x ARCG,_, — 0.5489 x RCG,_,) (4.25)

G104 = ©(0.7211 + 0.5314 x ARCGy_, + 4.7034 x RCG,_;) (4.26)
Gi1s = ©(0.699 + 0.7211 + 0.5314 x ARCG,_5 + 4.7034 x RCG,_, (4.27)
— (0.7211 + 0.5314 x ARCG,_, + 4.7034 x RCGy_;)

12t = 1-— @(0699 4+ 0.7211 + 0.5314 x ARCGt,Q +4.7034 % RCthl) (428)

4.2.4  TVP Model with Real Credit Growth and Leverage Indicator

As explained in the Data Description section, the variable denoted as CR75; is
constructed in order to detect periods at which the credit-to-GDP ratio exceeds the
threshold determined by 75" percentile of the same sample. In order words, this

dummy variable that takes 0 or 1, can be used as representative for high leverage.
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From the estimated parameters for the transition probability p;;, in Table 4.12,
it is said that experiencing a recession during the high leverage period might be
more long-lasting. Thus, being in the high leverage status considerably increases
the expected duration of "recession” regime. Similar to the model in Table 4.10,
annual real credit growth can also increase the expected duration of "recession” (or,
increase the transition probability pi;;) On the other hand, leverage indicator does
not have any significant effect on the probability of transition from ”expansion” to
"expansion” for pre-pandemic periods.

Conditional on the "expansion” regime, although cumulative real credit growth
increases the probability of being in ”"growth” sub-regime, there is a fall in the
same probability under the high leverage conditions (The related parameter in Table
4.12 is positive). This might be explained by the financial instability(or, fragility)
concept. But, this relation could not be seen in the "recession” phase. It seems that
the leverage indicator does not have considerable effect on sub-regimes of "recession”.
However, both ARCG;_5 and RCG;_, have the same influence on ”mild recession”
and "deep recession” as these variables have in the model that excludes the leverage

indicator (see Table 4.10).

When the hierarchical model for full sample (thus, with three sub-states for each
main state) is taken into consideration, it can be noticed that the leverage indicator
has no longer effect on the probability of transition to ”recession” from ”reces-
sion”. This might be resulted from the fact that large number of countries had been
recorded as highly leveraged during the Covid-19 pandemic. For the main regime
"expansion”, none of explanatory variables, except the intercept pg, has no meaning
for the transition probability of staying in ”expansion” state. This probability varies
around the value ®(1.7952) ~ 0.964, almost independent of the other credit-related
variables. On the contrary, annual real credit growth preserves its effect on the
transition probability of staying in "recession” regime. It increases the expected
duration of recessionary period. Given that the economy is in ”expansion” phase,
it is clear that high leverage increases the probability of being in ”recovery” sub-

state. In other words, the economy currently in expansionary period is less likely to
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experience great levels of real output growth under high leverage conditions. The
interesting result is that leverage indicator mitigates the effect of annual real credit
growth conditional on ”expansion” regime. It might be said that unless the credit-
to-GDP ratio exceed the high leverage threshold, ”past credit accumulation” ([Jorda
et al., 2013]) behaves like a kind of stimulus for real output. Conditional on ”reces-
sion” phase, it is noticed that empirical results implies the same relation as in the

model of which results are given at Table 4.11
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Table 4.4: Results for 2-State Markov Mixture Model with Fixed Probabilities

2-State MNM 2-State MNM
Pre-Pandemic Sample Full Sample
140 0.799 (0.094) 0.755 (0.015)
It -2.226 (0.165) -10.835 (0.232)
o? 0.970 (0.039) 2.047 (0.044)
Doo 0.981 (0.0055) 0.992 (0.0013)
Po1 0.019 (0.0055) 0.008 (0.0013)
D10 0.387 (0.0393) 0.455 (0.0514)
P11 0.613 (0.0393) 0.545 (0.0514)

Marginal Log-Likelihood

-Inf

-7694.38

The table above indicates the Bayesian simulation outcome of the Markov mixture model which
contains two regimes: ”"expansion” and "recession”. A fixed probability p;; denotes the
probability of transition from the main state ¢ to the main state j. The state labels 0 and 1
represent regimes ”expansion” and "recession”, respectively. It should be emphasized that regime

mean values, f;;, should be interpreted as percentage growth rate in real output.
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Table 4.5: Results for 4-State Markov Mixture Model with Fixed Probabilities

4-State MNM
Pre-Pandemic Sample

4-State MNM
Full Sample

1o 3.039 (0.104) 9.330 (0.456)
1 0.683 (0.019) 0.762 (0.016)
15 -1.880 (0.234) -3.079 (0.140)
I3 -4.772 (0.730) -11.305 (0.192)
o? 0.601 (0.022) 1.165 (0.028)
Doo 0.302 (0.0299) 0.041 (0.0148)
Po1 0.509 (0.0361) 0.880 (0.0239)
Poz2 0.183 (0.0237) 0.053 (0.0194)
Do3 0.006 (0.0038) 0.026 (0.0083)
P1o 0.032 (0.0028) 0.003 (0.0004)
P11 0.934 (0.0040) 0.970 (0.0016)
D12 0.029 (0.0028) 0.022 (0.0016)
D13 0.005 (0.0012) 0.005 (0.0005)
P20 0.260 (0.0241) 0.093 (0.0166)
P21 0.507 (0.0302) 0.598 (0.0287)
D22 0.143 (0.0390) 0.104 (0.0176)
D23 0.090 (0.0314) 0.205 (0.0179)
D3o 0.199 (0.0508) 0.759 (0.0393)
P31 0.385 (0.0676) 0.154 (0.0376)
D32 0.356 (0.0624) 0.058 (0.0130)
P33 0.060 (0.0260) 0.029 (0.0089)
Marginal Log-Likelihood -4798.85 -6531.98

In this table, posterior simulation results related to 4-state Markov mixture model can be
observed. Mean values and standard deviations (in parenthesis) obtained via Monte Carlo
integration, are listed above. A fixed probability p;; denotes the probability of transition from
the state ¢ to the state j. The state labels 0,1,2 and 3 represent the regimes ”growth”,
"recovery”, ”mild recession” and ”deep(severe) recession”, respectively. The first two regimes are
included in expansion phase. Regime mean values, p;, should be interpreted as percentage

growth rate in real output.
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Table 4.6: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Credit-to-GDP Ratio

3-Substate HMNM-TVDP
Full Sample

102 11.109 (0.222)
Hoo 3.779 (0.121)
Ho1 0.753 (0.020)
{10 -1.528 (0.210)
o2 0.721 (0.023)
Do 1.7223 (0.1040)***
Bo 0.0392 (0.0760)
D1 -0.0763 (0.2339)
B 0.0609 (0.1540)
90 1.4138 (0.0909)***
0o 0.3135 (0.0622)***
a1 -1.1153 (0.2638)***
0, 0.3426 (0.1736)*
Marginal Log-Likelihood -5523.66

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and three sub-regimes. There are six different regimes in
total. The state labels 00, 01, 02, 10, 11 and 12 represent regimes

”growth”,”recovery”,” pandemic expansion”,”mild recession”,” deep recession” and ”pandemic
decline”, respectively. It should be emphasized that regime mean values, 1;;, should be
interpreted as percentage growth rate in real output.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

*4% within the 99% HPDI(Highest Posterior Density Interval)



Chapter 4: Empirical Application 45

Table 4.7: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Credit-to-GDP Ratio

2-Substate HMNM-TVP
Pre-Pandemic Sample

Lot 0.808 (0 023)
11 -3.226 (0 194)
a? 0.525 (0.019)

Do 1.6231 (0.1124)**
Bo -0.0045 (0.0808)
D1 0.0505 (0.1896)
B 0.2841 (0.1278)**
qo 1.0299 (0.0992)***
0o 0.5584 (0.0822)***
7 -0.4440 (0.2240)**
0, -0.5127 (0.1498)***

Marginal Log-Likelihood -4537.28

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and two sub-regimes.There are four different regimes in
total. The time-varying transition probability p;; ; is defined by the equation
piit = ®(p; + BiCR,—1) where CR,_; represents the credit-to-GDP ratio. The time-varying
probability that belongs to the sub-states ¢; ; is expressed by ¢;; = ®(¢; + 6;CR,_1) The state
labels 00, 01, 10 and 11 represent regimes ”growth” ,”recovery”,”mild recession” and ”deep
recession”, respectively. The value g ; denotes the probability of being in "recovery” (when the
main regime is expansion) whereas g1 ; indicates the probability of ”deep recession” (when the
main state is recession).It should be emphasized that regime mean values, p;;, should be
interpreted as percentage growth rate in real output.
* within the 90% HPDI(Highest Posterior Density Interval)

* within the 95% HPDI(Highest Posterior Density Interval)

* within the 99% HPDI(Highest Posterior Density Interval)
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Table 4.8: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Credit-to-GDP Ratio

2-Substate HMNM-TVP
Full Sample

LLoo 10.388 (0.318)
o1 0.807 (0.017)
{10 -2.498 (0.129)
a? 1.112 (0.027)
Do 1.9102 (0.1137)***
Bo 0.0372 (0.0790)
D1 -0.2897 (0.2605)
I3 0.1033 (0.1768)
qo 2.8024 (0.1953)***
0o -0.2299 (0.1182)*
a1 -1.5457 (0.2944)***
0, 0.4122 (0.1919)**
Marginal Log-Likelihood -6383.05

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and two sub-regimes.There are four different regimes in
total. The time-varying transition probability p;; ; is defined by the equation

piit = ®(p; + BiCR,—1) where CR,_; represents the credit-to-GDP ratio. The time-varying
probability that belongs to the sub-states ¢; ; is expressed by ¢;; = ®(¢; + 6;CR,_1) The state
labels 00, 01, 10 and 11 represent regimes ”growth” ,”recovery”,”mild recession” and ”deep
recession”, respectively. The value g ; denotes the probability of being in "recovery” (when the
main regime is expansion) whereas g1 ; indicates the probability of ”deep recession” (when the
main state is recession).It should be emphasized that regime mean values, p;;, should be
interpreted as percentage growth rate in real output.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

K within the 99% HPDI(Highest Posterior Density Interval)
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Table 4.9: Results for 2-state MNM Model with Time-Varying Probabilities accord-

ing to Credit-to-GDP Ratio

2-State MINM 2-State MINM
Pre-Pandemic Sample Full Sample
Lo 0.797 (0.017) 0.758 (0.017)
I -2.295 (0.127) -10.652 (0.964)
o? 0.961 (0.024) 2.060 (0.112)
Do 1.7762 (0.1248)** 2.7457 (0.1760)***
Bo 0.2395 (0.0998)** -0.2299 (0.1113)**
D1 -0.4472 (0.2883) NaN (NaN)
b1 0.3391 (0.2186) NaN (NaN)
Marginal Log-Likelihood -5627.03 -Inf

The table above indicates the Bayesian simulation outcome of the Markov mixture model which
contains two regimes: ”expansion” and “recession”. The time-varying transition probability p;; ;
is defined by the equation p;; ; = ®(p; + 5;CR:—1) where CR;_1 represents the credit-to-GDP
ratio used as explanatory variable in probit model. The state labels 0 and 1 represent regimes
"expansion” and "recession”, respectively. It should be emphasized that regime mean values, u;;,

should be interpreted as percentage growth rate in real output.
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Table 4.10: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Real Credit Growth and Annual Real Credit Growth

2-Substate HMNM-TVP
Pre-Pandemic Sample

Ho1 0.802 (0.024)
11 -3.417 (0.201)
o? 0.517 (0.018)
Do 1.7093 (0.0663)***
ARCG—y  Boa -0.8332 (0.3854)**
RCG—y  Pos -1.1504 (0.8023)
D1 0.3123 (0.1258)**
ARCG—y B 1.7828 (0.6136)***
RCGi—y  Bio -1.5720 (1.0572)
qo 1.8101 (0.0660)***
ARCG—y 0o -1.4609 (0.4092)***
RCG,—y 02 -0.6628 (0.7661)
0 -1.3654 (0.1231)***
ARCG—y 01, 2.0664 (0.7591)**
RCG,—y 012 -4.6489 (1.1451)**
Marginal Log-Likelihood -4446.02

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and two sub-regimes. There are four different regimes in
total.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

#k within the 99% HPDI(Highest Posterior Density Interval)
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Table 4.11: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Real Credit Growth and Annual Real Credit Growth

3-Substate HMNM-TVP
Full Sample

o2 11.116 (0.229)
1410 -1.110 (0.294)
H11 -3.759 (0.291)
412 -11.430 (0.213)
o2 0.701 (0.022)
Do 1.7696 (0.0720)***
ARCG—y  Poa -0.7680 (0.3995)*
RCGi—1  Boe 0.2007 (0.8031)
D1 0.0748 (0.1841)
ARCG—y  Bia 1.8090 (0.7114)***
RCGi—y  Bio 0.6145 (1.0884)
qo 1.8850 (0.0456)***
ARCG—y 00 -1.3419 (0.3141)***
RCGi—1 02 0.5489 (0.6795)
1 -0.7211 (0.1364)***
ARCG—y 011 -0.5314 (0.7964)
RCG,—y 015 -4.7034 (1.0012)**
Marginal Log-Likelihood -5400.25

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and three sub-regimes. There are six different regimes in
total.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

*#% within the 99% HPDI(Highest Posterior Density Interval)
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Table 4.12: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Real Credit Growth and Leverage Indicator

2-Substate HMNM-TVP
Pre-Pandemic Sample

Ho1 0.793 (0.023)

L -3.356 (0.199)

o2 0.514 (0.019)
o 1.6976 (0.0698)**
ARCGi_s  fox L0.6734 (0.4089)*

CR75:i1 Bos 0.1449 (0.1440)

ARCG,_5 % CRT5,_1 o3 ~1.3694 (1.1022)
RCGi1  Bou “1.2534 (0.8256)
i 0.2360 (0.1253)
ARCG:_» PBia 1.6588 (0.6824)™*
CR751  Bis 0.3943 (0.1992)**
ARCGt_2*0R75t_1 6173 2.3307 (14474)
RCG,_1 B 109474 (1.0695)
% 15926 (0.0674)"*
ARCG,_5 041 -0.9769 (0.4124)**
CRT5-1 o2 1.7346 (0.7367)***
ARCG,_y % CRT5_1 0y “1.0333 (3.0877)
RCGyy b4 -0.2756 (0.8106)
@ -1.2340 (0.1520)"
ARCG,_, 0, 1.8031 (0.8603)**
CR75_1 0y, 10.3335 (0.2397)
ARCGt_Q*CR75t_1 9173 -0.6413 (15499)
RCG,.1 4 _5.1885 (1.1793)***

Marginal Log-Likelihood

-4417.34

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and three sub-regimes. There are six different regimes in
total.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

K within the 99% HPDI(Highest Posterior Density Interval)
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Table 4.13: Results for Hierarchical MNM Model with Time-Varying Probabilities
according to Real Credit Growth and Leverage Indicator

3-Substate HMNM-TVP
Full Sample

110 -1.210 (0.232)

[ -3.836 (0.265)

[i12 -11.445 (0.211)

o2 0.697 (0.022)
Do 1.7952 (0.0656)***

ARCG,_5 By -0.6323 (0.4412)

CR75.1 oz -0.0593 (0.1196)
ARCGt_Q*CR75t_1 5073 -0.7324 (09344)
RCGyy  Boa 0.1315 (0.7855)

n 0.0527 (0.1588)
ARCG:_5 B 1.8566 (0.7872)*

CR75_1  frs -0.1201 (0.2157)
ARCG, 5+ CRT5,_1 i3 -0.4773 (1.6961)
RCGyy  Pia 0.4708 (1.0861)
a0 1.8017 (0.0560)%**
ARCGy_y 0, -1.2266 (0.3524)**
CRT51 o 0.2558 (0.0926)***
ARCG,_5 % CRT5,_1 65 0.2696 (0.8227)*
RCGy, o4 0.6259 (0.7035)
Q1 -0.8080 (0.1308)***

ARCG, 5 614 -0.6766 (0.8558)

CRT5_, 15 0.3797 (0.2384)
ARCGy_y % CRT5_1 13 2.1025 (1.7010)
RCGyy 614 -4.2237 (1.0355)**

Marginal Log-Likelihood -5396.75

The table above indicates the Bayesian simulation outcome of the hierarchical Markov mixture
model which contains two main regimes and three sub-regimes. There are six different regimes in
total.

* within the 90% HPDI(Highest Posterior Density Interval)

** within the 95% HPDI(Highest Posterior Density Interval)

K within the 99% HPDI(Highest Posterior Density Interval)
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Chapter 5

CONCLUSION

This research seeks for any evidence that there exists statistically significant and
reasonable interaction between credit measures and business cycles, by means of
HMNM model with time-varying transition probabilities. Following the findings
that indicate a kind of relationship mentioned just before, possible effects of credit-
related variables on business cycles are investigated in terms of their direction (i.e.,
positive or negative impact). Hence, simulation results seem to be consistent with
the former studies in the literature. Main findings can be stated as follows: (a)
high credit-to-GDP ratio (C'R;_1), causes an increase in the duration of recession
phases for pre-pandemic era, (b) credit-to-GDP ratio is more likely to decrease
magnitude of the current phase for both expansionary and recessionary periods
which implies increased probabilities of "recovery” and "mild recession”. However,
if data elements from Covid-19 period are included in the sample, this relationship is
reversed for the recession phase. (c¢) For both pre-pandemic sample and full sample,
a rise in annual real credit growth (ARCG;_5) probably leads to an increase in
the expected duration of recession phase while it affects the expected duration of
expansion phase in opposite way. The adverse effect of annual real credit growth
on expansionary period can be thought as the sign of increased financial fragility
during expansion phase. (d) Another finding related to this adverse impact states
that annual real credit growth acts as a stimulus for real output unless the leverage
indicator (C'R75,_;) takes value of 1 which implies high credit-to-GDP ratio. (e)
Lastly, real credit growth (RCG,_1) has tendency to mitigate downward effect of the
recessionary period. In other words, rise in real credit growth makes mild recession
sub-state more probable rather than deep recession. This outcome can be thought as
the justification of credit expansion programs implemented by monetary and fiscal

authorities during the coronavirus pandemic.
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After summarizing all these findings of this research, it should be noted that
there exists an inflationary period at global scale when this research has been just
completed. Thus, it may lead interesting deductions if data sets employed here
are expanded with incoming observations from these inflationary (with monetary
contraction, as a response) periods. The scope of study can be modified according
to pre-specified country groups(e.g., emerging markets and the European Union) in
order to investigate whether these findings can vary (or, disappear) with different
samples employed as input or not. From all results emphasized above, it can be said
that the research is able to find an evidence for the interaction between credit-related
variables and business cycles. Moreover, the hierarchical model with time-varying

probabilities model may lead to original findings in future researches.
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FIGURES

A.1 Hierarchical Markov Mixture Model with Three Sub-Regimes
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Figure A.1: Smoothed regime probabilities resulted from the model with three sub-
states and fixed transition probabilities: Mild & Deep Recession in the U.S

Shaded areas represent recessionary periods announced by NBER Business Cycle Dating Commit-
tee.
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Smoothed Probabilities: Recovery for US
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Figure A.2: Smoothed regime probabilities resulted from the model with three sub-
states and fixed transition probabilities: Recovery & Pandemic Decline in the U.S.
Shaded areas represent recessionary periods announced by NBER, Business Cycle Dating Commit-
tee.
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Smoothed Probabilities: Mild Recession for Turkey
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Figure A.3: Smoothed regime probabilities resulted from the model with three sub-
states and fixed transition probabilities: Mild & Deep Recession in Turkey
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Smoothed Probabilities: Recovery for Turkey
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Figure A.4: Smoothed regime probabilities resulted from the model with three sub-
states and fixed transition probabilities: Recovery & Pandemic Decline in Turkey
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Smoothed Probabilities: Mild Recession for Spain
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Figure A.5: Smoothed ”Mild Recession” probabilities for four EU member states
that had experienced sovereign debt crises after the global financial crisis.
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A.2 Hierarchical Markov Mixture Model with Two Sub-Regimes

Smoothed Probabilities for Pre-Pandemic Era: Mild Recession for US
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Figure A.6: Smoothed regime probabilities resulted from the model with two sub-
states and fixed transition probabilities: Mild & Deep Recession in the U.S.

Shaded areas represent recessionary periods announced by NBER Business Cycle Dating Commit-
tee.
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Smoothed Probabilities for Pre-Pandemic Era: Recovery for US
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Figure A.7: Smoothed regime probabilities resulted from the model with two sub-
states and fixed transition probabilities: Recovery & Growth in the U.S.

Shaded areas represent recessionary periods announced by NBER Business Cycle Dating Commit-
tee.
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Smoothed Probabilities for Pre-Pandemic Era: Mild Recession for Turkey
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Figure A.8: Smoothed regime probabilities resulted from the model with two sub-
states and fixed transition probabilities: Mild & Deep Recession in Turkey
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Smoothed Probabilities for Pre-Pandemic Era: Recovery for Turkey
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Figure A.9: Smoothed regime probabilities resulted from the model with two sub-
states and fixed transition probabilities: Recovery & Growth in Turkey
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Figure A.10: Smoothed "Mild Recession” probabilities resulted from the hierarchi-
cal model with two sub-regimes for four EU member states that had experienced

sovereign debt crises after the global financial crisis.

The global financial crisis, named Great Recession, is denoted with the shaded area at
each figure above.
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A.3 Credit-Related Variables

US : Total Credit to Private Nen-Financial Sector (as % of GDP)
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Figure A.11: Total credit to private non-financial sector measured as percentage of
output (used as credit-to-GDP ratio): Data for the United States

Shaded areas represent recessionary periods declared by NBER Business Cycle Dating Committee.
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Figure A.12: Real credit growth in natural logarithmic scale (adjusted with the U.S.
CPI): Data for the United States

Shaded areas represent recessionary periods declared by NBER Business Cycle Dating Committee.
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Figure A.13: Annual real credit growth in natural logarithmic scale (adjusted with

the U.S. CPI): Data for the United States

Shaded areas represent recessionary periods declared by NBER Business Cycle Dating Committee.



