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Abstract: This study proposes an estimate of the phases of the financial cycle in the 
Bulgarian economy using a variety of financial and macroeconomic indicators and 
investigates its interaction with the business cycle. For assessing the financial cycle in 
Bulgaria two alternative approaches are applied. The first one is based on the use of the 
band-pass filter and the principal component analysis. The second one relies on a structural 
unobserved components model. According to both methods the length of the financial 
cycle is estimated in the range of 11–12 years, which fits well within the widely accepted 
in the academic literature range of 8 to 30 years. At the same time the business cycle is 
found to exceed the generally assumed maximal length of 8 years. The results from both 
approaches indicate, that the financial cycle in Bulgaria is to a large extent synchronised 
with the business cycle. Another finding of our research is that in 2017 the Bulgarian 
economy is entering an initial phase of cyclical risk accumulation.
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1. Introduction

The macroeconomic profession has experienced a renewed interest in the 
study of financial cycles. Both policy makers and academics were caught off 
guard by the global financial crisis of 2008-2009, which was highly unexpected 
and whose consequences were severe. Since then, governments and central 
banks around the world have agreed on the urgency to develop financial cycle 
measures that go beyond standard credit-to-GDP ratios in order to secure a 
more comprehensive understanding of the forces that govern the financial side 
of the economy, and its interaction with the real cycle. These considerations 
have also informed the purpose and direction of the following paper.

The study of the financial cycle and the way it interacts with the business cycle 
is crucial for taking informed decisions when applying the macro-prudential 
policy instru ments of the central bank. The financial cycle arises from the self-
reinforcing interaction between the financial constraints of economic agents 
and the change in their risk percep tions and risk tolerance (Borio, 2014b). 
As a result of this interaction, financial markets undergo periods of ups and 
downs. Taking macro-prudential measures in a timely manner is important for 
limiting the cyclical systemic risk accumulation in the financial system and the 
adverse impact of its unwinding on economic growth. The activation of such 
measures is essential for the “building up of buffers during financial booms, 
so as to draw them down during busts, which would make the system more 
resilient and better able to withstand the bust” (Borio, 2014a).

The set of macro-prudential supervision instruments is expected to be effective 
in limiting the cyclical accumulation of risk in the financial system. Regulation 
(EU) No 575/2013 and Directive 2013/36/EU envisage the counter-cyclical 
capital buffer as one of the instruments to limit the cyclical accumulation of 
risk in the financial system. The deviation of the credit-to-GDP ratio from its 
long-term trend is the main indicator envisaged in ESRB Recommendation 
(ESRB, 2014) for the assessment of the financial cycle. Nevertheless, ESRB 
recommends the use of a set of additional indicators which may complement 
the credit-to-GDP gap for signalling the build-up of cyclical systemic risk in the 
financial system and support the process of macro-prudential decision-making.

Two possible alternative approaches for assessing the financial cycle prevail in 
the academic literature. The first one is based on the assumption that the length 
of the financial cycle is within predefined ranges, most often between 8 and 30 
years, and this assumption is used to derive an estimate of the financial cycle 
and study its dynamics and characteristics (Drehmann, Borio and Tsatsaronis, 
2012; Borio, 2014b). Within this approach, univariate frequency filters like 
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the HP filter (Hodrick and Prescott, 1997) and band-pass filter (Christiano 
and Fitzgerald, 2003) are used to derive trend and cycle information from the 
time series. Another method used within the first approach is the turning 
point analysis (Harding and Pagan, 2002), (Claessens, Kose and Terrones, 
2012) based on the identification of turning points in the time series using a 
predefined algorithm to identify these points.

Within the second approach no ex ante constraints are imposed on the length 
of the financial cycle. An example of such an approach is an unobserved 
components model (Rünstler and Vlekke, 2016) based on the estimation of 
a system of equations that char acterise the individual cyclical and trend 
components of a set of observable variables. The advantage of using this 
type of models is that their built-in design allows for greater flexibility in the 
decomposition of the time series without imposing limits on the length of the 
financial cycle. Other similar methods include the so-called wavelet transform 
(Kunovac, Mandler and Scharnagl, 2018), which represents a series both in the 
frequency and time domain at the same time. These methods allow exploring 
the synchronisation and coherence of the cycles over several time series.

The aim of this study is to assess the phases of the financial cycle in the 
Bulgarian economy using a variety of financial and macroeconomic indicators. 
Two specific methods belonging to the two alternative approaches are applied. 
The first one is based on the use of the band-pass filter and the principal 
component analysis to extract the cyclical components of the individual series 
and then to combine them into a single measure of the financial cycle. When 
applying this method we assume that the length of the financial cycle ranges 
between 8 and 30 years. The second method relies on a structural unobserved 
components model and does not impose any restrictions on the length of the 
cycle, rather it allows this length to be estimated freely within the model. As far 
as we know, this is the first attempt to estimate the financial cycle in Bulgaria.

The results from the first approach suggest that the best performing financial 
cycle measure includes a wide set of indicators covering not only the credit-
to-GDP ratio, but also credit growth, house prices growth, private sector 
debt burden, interest rate spreads, current account deficit, and indicators for 
the sustainability of the banking system. Its length, based on available data, 
is estimated at around 12 years, making it more of a mid term phenomenon. 
When compared with an estimate of the business cycle in Bulgaria, derived 
using a production function approach, the selected measure of the financial 
cycle shows a considerable degree of synchronisation with the output gap at 
59%. Another finding of the first approach is that according to the selected 
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measure of the financial cycle, in 2017 the economy is entering an initial phase 
of cyclical risk accumulation.

The findings of the second approach reveal that the length of the cyclical 
components of the real credit and house prices series, used as proxy variables 
for the financial cycle, fits into the commonly used in the literature range of 
8 to 30 years. In contrast, the length of the real GDP cycle is above the widely 
assumed upper limit frequency for the business cycle of 8 years. This study 
furthermore investigates the interrelations among the cyclical components of 
the included series. We find that the business cycle leads both the credit and 
the house prices ones, is well synchronised with the latter and less so with the 
former.

The paper is organised as follows. In Section 2 we review the literature on 
the methods used to estimate the financial cycles. In Section 3 we present 
the estimate of the financial cycle based on the use of the band-pass filter 
and the principal component analysis. Section 4 discusses the results from a 
multivariate structural state space model (STSM). Section 5 concludes the 
paper.

2. Literature Review
Developments during the global financial crisis of 2008-2009 and its aftermath 
re vealed once again that volatility in the financial side of the economy can 
affect real activity in deep and lasting ways. This has urged policy-makers and 
academics to focus their efforts on understanding the financial cycle and its 
relationship to the business cycle (BC), especially with respect to the correct 
design and implementation of macroprudential tools. In particular, increasing 
importance has been placed on grasping the dynamics of systemic risk and 
developing early warning signals to detect it, as well as exploring whether 
distinct components of the financial cycle interact to aggravate or dampen 
im balances. With a measure of the financial cycle at hand, the goal of research 
is to assess how it interacts with the business cycle.

Although the term “financial cycle” has been used in the macroeconomic 
literature for decades, there is yet no clear definition of the phenomenon. 
However, the majority of researchers adopt the formulation of Borio (2014b) as 
“the self-reinforcing interaction between risk perceptions and risk tolerance on 
the one hand and financial constraints of the other that, as experience indicates, 
can lead to serious episodes of financial dis tress and macro dislocations.” 
Although a commonly accepted model for measuring the financial cycle does 
not exist, most scholars agree on several results, which have come to be viewed 
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as stylised facts. Thus, the financial cycle is a medium-term process and is 
longer than business cycles, the latter lasting up to 8 years. Drehmann, Borio 
and Tsatsaronis (2012) demonstrate that peaks in financial cycles coincide with 
banking crises or strains, and that the amplitude and frequency of financial 
cycles are regime-dependent, where financial liberalisation, short-term 
inflation targeting monetary policy and supply side-developments since the 
1980s have almost doubled the length while increasing the amplitude of the 
financial cycle.

Before more elaborate measures of the financial cycle were introduced, credit-
to-GDP was a widely-used measure of the phenomenon, originating from 
the ideas of Minsky (1970) and Kindelberger and Manias (1978) that credit 
booms sow the seeds of financial crises, and the ratio has been shown to be a 
good indicator of the expansion/contraction phase of financial systems (Borgy, 
Clerc and Renne, 2009; Drehmann et al., 2010). Defin ing a credit boom as a 
period in which the ratio of credit to GDP grows faster than the suggested by 
its HP trend, Dell’Ariccia et al. (2014) show that one-third of credit booms are 
followed by financial crises and three-fifths by economic underperformance. 
Furthermore, Borio and Lowe (2002) demonstrate that simple deviations of the 
ratio from its long-run trend can identify banking crises with a good lead of 2 to 
4 quarters, and that inclusion of asset price deviations can serve as proxies for 
the likelihood and size of the expected reversal. The credit-to-GDP ratio does 
not require complex data which renders it suitable for cross-country analysis, 
and it is still germane to macro-financial analysis as a first-pass indicator.

Despite its historical footing and ongoing relevance, the credit-to-GDP 
suffers from a number of drawbacks. Orphanides and Norden (2002) note 
that data revisions could lead real-time reliance on the indicator to over- or 
underestimate the extent of credit expansion, and that the frequent omission 
of intra-financial lending from the measure is liable to underestimate increased 
fragility of the system in periods of stress. Because of this, and the fact that 
credit-to-GDP is slow to decline when crises hit Borio and Zhu (2012), the 
ratio may be an inadequate guide to the implementation of countercyclical 
buffers. Lastly, for the purpose of supervising debt levels, leverage indicators 
such as household credit-to-income and non-financial corporations credit-
to-profits could be more useful in assessing the financial health of economic 
agents (Drehmann, Borio and Tsatsaronis, 2011).

With a view to these weaknesses of the credit-to-GDP indicator, recent studies 
have developed more elaborate measures of the financial cycle. One category 
consists of fi nancial condition indices (FCI), which seek to measure the extent 
to which financial conditions are tight or easy, employing this as a proxy for 
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the level of stress in the fi nancial system. An underlying assumption of the 
FCI approach is the importance of non-neoclassical credit channels due to 
the existence of asymmetric information, which necessitates the inclusion 
of asset prices as proxies for collateral. For example, Guichard, Haugh and 
Turner (2009) construct an OECD FCI by supplementing a monetary condi-
tions index which already includes long and short rates, and the real exchange 
rate with financial sector indicators such as credit availability, corporate bond 
spreads and house hold wealth. While these authors determine the weight of 
each constituent parameter in the index by the sensitivity of activity to the 
respective parameter, other possibilities for assigning weights have also been 
tested.1 Similar FCI’s have been constructed in Hooper, Slok and Dobridge 
(2010), D’Antonio (2008) and Dudley and Hatzius (2000). The advan tage of 
using FCI’s is that, with the inclusion of asset prices it can capture the external 
finance premium, and thus the credit channel of monetary policy to the real 
economy (Bernanke and Gertler, 1995). Nevertheless, this method remains 
a goal-oriented one. By placing a disproportionate emphasis on monetary 
variables in forming the FCI, it tends to neglect the build-up of sectoral, 
specifically banking, fragilities.

To address such criticism of FCI’s, financial stress indicators (FSI) attempt 
to ag gregate into a single index sector- and segment-specific indicators, and 
make this index appropriate for real-time analysis and policy-making. Thus, 
Cardarelli, Elekdag and Lall use 7 parameters that describe 3 sub-groups – 
banking sector, securities and for eign exchange markets. The FSI is constructed 
by taking the variance-weighted average of the constituent parameters, and a 
Hodrick-Prescott filter is applied to the FSI. When the cyclical component of 
the FSI exceeds its HP-implied trend, the authors define the episode as one of 
financial stress. Hollo, Kremer and Lo Duca (2012) create a composite index of 
financial stress (CISS) out of 15 variables (5 sectors with 3 parameters each), 
and they innovate in aggregating using portfolio theory, whereby weights 
reflect time-varying cross-correlation. This allows more importance to be 
placed on scenarios where stress affects several markets at one and the same 
time. Overall, FSI’s are an advance in under standing the inherent cycle of the 
financial system, and they make significant inroads in capturing the interaction 
of its constituent parts. However, there still exist areas where the methodology 
could be improved. For example, it remains unclear what the criteria are that 
define which sectors will be covered by the FSI, and, subsequently, in pinning 

1  Weights could alternatively be determined from structural models (Goodhart and Hofmann, 
2002), reduced-form models (Gauthier, Graham and Liu, 2004), or time-varying weights from 
Kalman filters (Swiston, 2008).
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down which variables best characterise a given sector. More generally, FSI’s, 
together with FCI’s, are indirect ways of characterizing the financial cycle, 
because these methods focus on how financial conditions are transmitted in 
financial markets via prices.

Direct ways of describing the cycle attempt to extract the long-run component 
from one or more series that are assumed to contain enough financial cycle-
specific information. One hallmark approach known as turning point analysis 
(Harding and Pagan, 2002) consists of the application of an algorithm to 
one or more time series in order to identify peaks and troughs, where the 
algorithm includes rules about the duration and alternation of booms and 
busts. Claessens, Kose and Terrones (2012) applies a multivariate version of the 
algorithm, based on Harding and Pagan (2006), to expose the cycle in credit, 
property and house prices, and they find long duration of the cycle together 
with high synchronicity between credit and house prices. An appealing feature 
here is that the researcher can produce a cycle inherent to all underlying 
variables, which makes the methodology a more genuinely bottom-up one.

The other direct approach to measuring the financial cycle relates to the 
use of frequency-based filters, the band-pass filter being the prominent 
representative. It is a two-sided moving average filter which isolates cyclical 
components in the time series (Christiano and Fitzgerald, 2003). As frequency-
based filters allow for the comparable transformations of multiple series, while 
their additive property makes it straightforward to stack the filtered series into 
a single estimate, they can be viewed as combining the main advantages of the 
other methods described previously. Drehmann, Borio and Tsatsaronis deploy 
a band-pass filter with a frequency of 8 to 30 years, chosen to account for the 
mid-term nature of financial cycles, to credit, asset and equity prices, and then 
they aggregate the filtered components into a single time series via averaging. 
They show that credit and asset prices are important for characterising the 
financial cycle, while equity prices do not carry significant information. 
Stremmel (2015) commend a similar approach in a cross-EU study, the novelty 
in their research being the inclusion of banking sector developments such as 
funding-to-total assets, net income-to-total assets and loans-to-total assets, 
but they find that such parameters do not contribute to the “best-fitted”2 
financial cycle. In choosing which specification of the financial cycle to report 
as final, both Drehmann, Borio and Tsatsaronis (2012) and Stremmel (2015) 

2 The “best-fitted” indicator of financial cycle is determined with the area under the receiver 
operating curve (AUROC) which allows to judge the model’s adequacy and the goodness of fit 
(Stremmel, 2015).
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apply a concordance index, which is a measure of the synchronicity between the 
underlying bandpass-implied series and the resulting financial cycle indicator.

Finally, wavelet analysis integrates time and frequency decomposition, thus 
bring ing together features of turning point dating and band-pass filters while 
imposing less prior restrictions3. Thus, wavelet analysis does not presuppose 
any cycle length or fre quency but allows to account for variation of these 
parameters over time and across series. This makes the method particularly 
beneficial in the cross-country euro area analysis by Scharnagl and Mandler 
(2016) which concludes that loans to non-financial corporations exhibit strong 
co-movement since 1980, while the inter-country synchronicity of loans to 
households has increased with the introduction of the EMU.

Prior to the new wave of research on financial cycles, the academic literature’s 
focus was on uncovering the mechanisms through which financial imbalances 
translated to the real economy. The importance of leverage and financial 
frictions comprised the central themes of this scholarly agenda, which showed 
that ease of access to external financing could amplify wealth and substitution 
effects and thus carry over to the real economy (Bernanke, Gertler and 
Gilchrist, 1999; Kiyotaki and Moore, 1997)4. Ten years after the global financial 
crisis of 2008–2009, interest in the interplay between finance and business 
cycles is stronger than ever, and this is motivated by two goals. The first is to 
understand what it is about the underlying structure of financial developments 
that may aggravate a downturn of the real cycle. The second is to explore the 
extent of synchronisation of the two cycles – whether their amplitudes and 
durations match or diverge and what the feedback effects are between them, in 
order to improve the implementation of macroprudential policy.

A straightforward avenue for approaching these problems is comparing and 
analysing financial and business cycles that come about as a result of detrending 
procedures (HP filter, band-pass filter, turning point analysis, etc.), where 
a number of variables – usually credit, property and equity prices, are used 
separately to proxy different aspects of the financial cycle. The significant body 
of papers that has adopted this methodology has agreed on a set of findings 

3 Wavelet analysis is a form of spectral analysis which decomposes a time series into a set of cycles 
with/matched to specific periods and estimates the contribution of these cycles to the variation of 
the series.
4 Drehmann and Juselius (2015) argue that aggregate debt service is just as important in propagating 
shocks from the financial to the real side of the economy. In particular, they show that both leverage 
and debt service relationships have to be in equilibrium in order for credit and asset prices to be at 
their long-run sustainable level.
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about the interaction of financial and real cycles around peaks and troughs5. 
Thus, it has been found that recessions associated with housing and equity 
price busts are long and more severe than those without such disruptions, 
while recoveries associated with rapid growth in credit and property prices 
are stronger. Also, sustained growth in house prices prior to an economic 
downturn is associated with increased duration of the recession, while growth 
in equity prices before a recession is inconsequential to the length or depth of 
the downturn. Last but not least, credit growth does not impact the duration 
or amplitude of a recession but it can foster a recovery (Claessens, Kose and 
Terrones, 2012; Comunale, 2017; Reinhart and Rogoff, 2009).

As useful as such studies have been in laying down the foundations for future 
re search, there are two major issues with their general approach. Firstly, one 
cannot reach conclusions about a single financial cycle, as cyclical components 
of different variables are used interchangeably to proxy aspects of the financial 
cycle. Secondly, the framework does not shed light on the interaction of both 
cycles throughout their past developments, but only highlights correlations 
around peaks and troughs.

Building on the agreement that financial cycles do have a bearing on 
macroeconomic aggregates, Hubrich and Tetlow (2015) attempt to quantify 
the effects in a Bayesian Markov-switching VAR model (BMS-VAR) of the 
US economy6. The paper reveals that shocks to the financial cycle do impact 
consumption, yet the magnitude is episodic in na ture – the linkage between 
financial and business cycles is characterized by non-linearities, whereby 
financial conditions impact real activity more heavily during periods of 
financial turmoil. The researchers also establish that conventional monetary 
policy is ineffective during crisis periods. Nevertheless, such embedding of real 
variables and financial cycle indicators suffers from the general purpose of the 
set-up used. In the case of Hubrich and Tetlow (2015), the BMS-VAR model 
is employed for the assessment of monetary policy transmission, and the FSI 
is heavily skewed to capturing the movement of financial prices, rather than 
aggregates. Its results may therefore be interpreted as portraying how the effect 
of financial market conditions influence the workings of monetary policy on a 
given macroeconomic aggregate.

5 Other studies focus on the international synchronicity cycles. Many papers discuss the cross-
country correlation of business cycles, mostly finding increased coherence in Europe since the 
introduction of the EMU (Gayer, 2007; Gächter, Riedl and Ritzberger-Grünwald, 2013; Belke, 
Domnick and Gros, 2016; Mink, Jacobs and Haan, 2011; De Haan, Inklaar and Jong-A-Pin, 2008; 
Samarina, Zhang and Bezemer, 2017). Regarding financial developments, Samarina, Zhang and 
Bezemer (2017) points out that after the introduction of the EMU, international coherence of credit 
cycles has diminished.
6 This strand of the literature also includes the works of Ng (2011) and Dees (2016).
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It has become clear that a major challenge in grasping the interplay between 
financial and business cycles is that most analyses start from a position where 
the two estimates are different by construction7, which limits the analysis to 
periods where their peaks or troughs overlap but convey little information 
about the rest of the co-movement of their dynamics (Rünstler and Vlekke, 
2016). To overcome this drawback, a final class of papers attempts to estimate 
the two cycles in a multivariate framework (Rünstler and Vlekke, 2016; 
Bulligan et al., 2017). The advantage of this approach is twofold: first, no prior 
restrictions are placed on the duration of financial and business cycles, thus 
allowing the model to select the most appropriate parameters; and second, 
the multivariate framework allows the measurement of cycles to take into 
account how one cycle influences the other, and vice versa. The results of the 
multivariate estimation are compared to those from univariate models and 
the difference is interpreted as the inter-cycle impact. Thus, Rünstler and 
Vlekke (2016), using credit and house prices as components of the financial 
cycle for six OECD countries, observe that compared to the baseline univariate 
scenario, joint estimation of financial and business cycles result in longer, 
by 1 to 5 years, business cycles and shorter, by 1 to 4 years, financial cycles, 
taking this as evidence that the latter acts to lengthen the former, while the 
business cycle effects a shortening on the financial cycle. Further, the credit 
cycle tend to lag the business cycle, while the house price cycle moves roughly 
contemporaneously with the latter.

The foregoing has shown that scholarly work has gone a long way in 
understanding the financial cycle. With the credit-to-GDP ratio widely regarded 
as insufficient for a holistic grasp of the phenomenon, direct and indirect 
ways of gauging it have emerged, each with their advantages and drawbacks. 
In line with the theoretical and computational developments described in 
this literature overview, the ensuing study adopts two separate approaches to 
measuring the financial cycle, building on the respective strengths of each of 
them. The selection of these methods is underscored by the view that the two 
represent comprehensive tools with mutually reinforcing properties. The first 
relies on the band-pass filter and is based on the widespread assumption that 
the financial cycle spans within the 8 to 32 years frequency bands. The cyclical 
components of the financial series derived using the band-pass filter are then 
aggregated into a single measure by means of principle component analysis. 
The second part of the paper deploys a multivariate state space model where 
the goal of this exercise is twofold. On one hand, by employing the property 
of such models that they are not restricted by prior assumptions regarding the 

7 In the case of detrending and filtering methods, the real cycle is assumed to span 8–32 quarters, 
while for the financial the duration is much longer – 32–120.
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length of the cycle, the purpose is to test the assumptions of the band-pass 
filter approach. On the other hand, given the inherent advantage of such joint 
estimation methods that allows the identification of leads and lags, the state 
space model will attempt to make the first steps in uncovering the interplay 
between the financial and business cycles in Bulgaria.

3. Financial Cycle Estimates
Following the academic literature on financial cycles and also taking into 
account the Recommendations of the ESRB (2014) on the indicators that 
may complement the credit-to-GDP gap for signalling the build-up of cyclical 
systemic risk in the financial system, as well as the availability of information 
for the Bulgarian economy, we base the assessment of the financial cycle on 
aggregation of the cyclical component information of the following set of 
indicators:

1) Measures of credit developments and private sector debt burden. Excessive 
growth of lending to firms and households and, respectively, high private 
sector indebtedness create risks of inability to repay the debt obligations in the 
downside phase of the business cycle.

2) Measures of potential overvaluation of property prices. Rapid growth in 
property prices is one of the factors considered in the literature to accompany 
and accelerate the onset of most financial crisis. During the expansion phase 
of the financial cycle cheap financing can push demand and prices above a 
sustainable level, which can stimulate further credit expansion.

3) Measures of external imbalances. High and persistent current account deficits 
are usually associated with an excessive accumulation of external debt and 
overheating of the economy.

4) Interest rate spreads. In the upside phase of the business cycle, the favourable 
macroeconomic environment, the positive attitude of economic agents and 
growing income and profits contribute to a reduction in risk perceptions, 
resulting in declining interest rate spreads. At the same time, the reduced risk 
assessment can stimulate the financing of more risky projects, which can turn 
out to be unprofitable in the downside phase of the cycle, generating losses for 
creditors.

Measures of the strength of banks’ balance sheets. The low level of capital 
adequacy and the high ratio of loans to attracted deposits reduce the ability of 
banks to respond to shocks.
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The indicators used to obtain a measure of the financial cycle are displayed in 
Table 1. All data are quarterly and cover the period 1999 Q1–2017 Q4.

Table 1: Indicators Used to Obtain a Measure of the Financial Cycle in Bulgaria

Groups of indicators Indicators Notation Source

Measures of credit 
developments and 
private sector debt 
burden

Credit to NFC-to-GDP 
(domestic credit+external debt*) CR_GDP_NFC

BNB: Monetary statistics,  
Gross external debt; 
NSI

Credit to households-to-GDP CR_GDP_H BNB: Monetary statistics  
NSI

Credit to NFC (annual growth rate) CR_NFC_Y BNB: Monetary statistics 
Credit to households  
(annual growth rate) CR_H_Y BNB: Monetary statistics 

Measures of potential 
overvaluation of 
property prices

House price index (annual growth 
rate) HPI_Y NSI

Measures of external 
imbalances Current account balance-to-GDP CA_GDP BNB: Balance of payments  

NSI

Interest rate spreads

Spread between interest rates on 
new loans to NFC and 3-month 
EURIBOR

LIRC_EUR BNB: Interest rate statistics; 
ECB

Spread between interest rates on new 
loans to households and 3-month 
EURIBOR

LIRH_EUR BNB: Interest rate statistics; 
ECB

Measures of the 
strength of banks’ 
balance sheets

Capital-to-asset ratio (leverage) C_A BNB: Banking supervision
Bank profits to total assets P_A BNB: Banking supervision
Loan-to-deposit ratio L_D BNB: Banking supervision

* External debt includes the items “Other sectors” and “Direct investment: inter-company lending” from 
the Gross external debt statistics.

Concerning the indicators measuring credit developments and private sector 
debt burden we assume that the main source of financing for households is 
the bank credit. At the same time enterprises in Bulgaria rely not only on bank 
lending, but also on external financing from parent companies. For that reason 
concerning enterprises we adopt a broader definition of credit, which includes 
bank credit, foreign direct investment and external debt. The reason for 
compiling two different variables (separately for the non-financial corporations 
sector and for the household sector) is to make it easier to dis tinguish between 
sectoral tendencies and tendencies at the whole-economy level. Further we 
take into consideration the annual growth rates of bank credit to NFC and 
households to account for different pattern of credit developments from that of 
GDP. Naturally, dur ing the expansion phase of the business cycle credit growth 
accelerates as the optimistic expectations of economic agents stimulate credit 
demand for financing consumption and investment. From the supply side, 
banks are also more prone to lend even to riskier clients. However, during the 
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contraction phase of the business cycle it is possible that GDP growth turns 
negative, while credit growth remains subdued, but still positive due to the long 
term nature of some of the credit contracts.

All indicators used to obtain an estimate of the financial cycle are normalised 
to ensure comparability of their units, which is a standard approach in the 
literature on financial cycles. The normalisation procedure for each time 
series consists of extracting the mean from each observation and dividing the 
result by the standard deviation. In addition to being normalised, some of 
the indicators are multiplied by a coefficient of -1 so that an increase of the 
respective variable indicates accumulation of risk and a decline is indicative for 
materialisation or reduction of risk. This is the case with the current account 
balance as a ratio to GDP. It is multiplied by a coefficient of -1, so that when 
this ratio increases it means that the deficit (not the surplus) on the current 
account increases as a percent of GDP and this indicates accumulation of risk 
in the financial system. Similarly we treat interest rate spreads and the capital-
to-asset ratio. This implies that accumulation of risk occurs when interest 
rate spreads decrease and when the capital of banks in relation to their assets 
declines. Interest rate spreads decline in the upside phase of the business cycle 
when risks are accumulating.8 At the same time the reduction of capital relative 
to banks assets poses risks to the ability of banks to deal with shocks.

After the normalisation procedure a standard technique is applied to extract 
the cyclical components of the series, namely the band-pass filter. Band-pass 
filters are two-sided moving average filters designed to isolate and extract 
cycles with certain lengths in the series. The frequency band of the filter, which 
defines the upper and lower boundary of the cycle lengths are set in advance.

There is a common view in the academic literature, based on a wide range of 
evidence, that in contrast to the business cycle which is a short-term process 
(with duration of 8 to 32 quarters), the financial cycle is more of a mid-term 
length (32 to 120 quarters).9 Following the literature, we use band-pass filter 
with a frequency of 32 to 120 quarters for the individual indicators we have 
chosen to analyse, in order to obtain an aggregate measure of the financial 
cycle. When filtering the series we also take into account whether they are 
stationary or integrated of order 1.10 The individual band-pass filtered series 
are displayed in Figure 1. Due to the normalisation of the indicators, generally 

8 See Figure 7 in Appendix A.
9 Drehmann, Borio and Tsatsaronis (2012); Aikman, Haldane and Nelson (2015).
10 Unit root tests are presented in Table 10 in Appendix A.
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the crossing of the null axis can be interpreted as a boundary between the 
phases of risk accumulation and risk materialisation.

Based on the cyclical movements of individual indicators it can be concluded 
that recently an accumulation of risks is observed in respect to growing house 
prices, declining interest rate spreads, rising bank profits and acceleration of 
lending to households. Ac cording to the cyclical components of both ratios 
of credit-to-GDP, the annual growth of lending to NFC, the current account 
balance and the ratios of capital to assets and loans to deposits in 2017 the 
Bulgarian economy is still in the phase of risk materialisation.

Figure 1: Cyclical Movements of Individual Indicators

Once we have extracted the cyclical components of the selected series, we 
employ a principal component analysis in order to obtain an aggregate measure 
of the financial cycle. Basically, the principal component analysis is designed 
to extract the common components of the series under consideration. It is a 
statistical procedure that transforms a number of (possibly) correlated variables 
into a set of uncorrelated variables called principal components. The principal 
components are linear combinations of the original variables weighted by their 
contribution to explaining the variance. The number of the extracted principal 
components is equal to the smaller of the number of original variables or the 
number of observations minus one. The first principal component accounts 
for as much of the variability in the data as possible, and each succeeding 
component accounts for as much of the remaining variability as possible.
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In order to extract the common components of the selected indicators, which 
are sup posed to characterise the financial cycle in Bulgaria, these indicators 
need to be grouped in a certain way. For this purpose, nine sets of indicators 
have been compiled, and from each of these sets the first principal component 
is being derived. The first principal com ponent is of major interest for the 
analysis, as it explains the most of the variation in each group. The first set of 
indicators (FC1) includes only the two ratios of credit to GDP – credit to non-
financial corporations as a ratio to GDP (including both domestic and ex ternal 
financing) and credit to households as a ratio to GDP. The argument for that 
being that the credit-to-GDP gap has a long history in being used as a core 
indicator to measure cyclical movements in the financial system. In the second 
group (FC2) the annual growth of credit to NFC and households are added to 
both ratios of credit to GDP to account for different patterns in lending and 
real activity (Schularick and Taylor, 2012; Jordá, Schularick and Taylor, 2013). 
In the third group (FC3) we add interest rate spreads to account for funding 
conditions and risk premium (Giese et al., 2014; Plasil et al., 2015; English, 
2002). As a next variable we incorporate property prices, which are commonly 
used in the literature on financial cycles to take account of risk perceptions 
(FC4) (Borio, 2014b; Drehmann, Borio and Tsatsaronis, 2012; Claessens, Kose 
and Terrones, 2012; Dees, 2016). The inclusion of the current account balance 
as a ratio to GDP in FC5 aims at accounting for external imbalances (Giese et 
al., 2014; Plasil et al., 2015; Comunale, Hessel et al., 2014). Although not widely 
used in the literature on financial cycles, bank balance sheets indicators are 
included in the last four groups (FC6 to FC9), with the last (FC9) being limited 
to them (Giese et al., 2014; Stremmel, 2015). Table 2 gives information on the 
way the indicators have been grouped.

Table 2: Potential Measures of the Financial Cycle

Financial 
cycle 

measure
Bandpassed variables included (cyclical components)

FC1 CR_GDP_NFC, CR_GDP_H

FC2 CR_GDP_NFC, CR_GDP_H, CR_NFC_Y, CR_H_Y

FC3 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR

FC4 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y

FC5 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP

FC6 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A 

FC7 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, P_A

FC8 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, P_A, L_D 

FC9 C_A, P_A, L_D 
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Table 3 displays the results of the principal component analysis of the nine 
potential measures of the financial cycle. In each group the first principal 
component (PCA1) is considered.

Table 3: Results of the Principal Component Analysis

FC1 FC2 FC3 FC4 FC5 FC6 FC7 FC8 FC9

PCA1 0.98 0.49 0.58 0.62 0.62 0.66 0.64 0.58 0.51
CR_GDP_NFC 0.71 0.71 -0.06 -0.11 -0.02 -0.01 -0.06 -0.03
CR_GDP_H 0.71 0.68 0.08 0.01 0.10 0.09 0.05 0.08
CR_NFC_Y -0.15 0.51 0.45 0.42 0.38 0.37 0.37
CR_H_Y -0.08 0.47 0.44 0.40 0.37 0.35 0.34
LIRC_EUR 0.51 0.46 0.42 0.38 0.38 0.37

Loadings LIRH_EUR 0.51 0.43 0.43 0.39 0.37 0.38
HPI_Y 0.45 0.39 0.36 0.35 0.34
CA_GDP 0.38 0.34 0.32 0.33
C_A 0.40 0.38 0.38 0.75
P_A 0.28 0.27 0.64
L_D 0.13 0.17

The first row in Table 3 shows how much of the variance in each group of 
indicators is explained by the first principal component. In the case of the 
first potential measure of the financial cycle (FC1), where only the two ratios 
of credit to GDP are included, not surprisingly PCA1 explains about 98% of 
the variance. Such a result can be expected when the number of variables in 
the group is small and when the variables share common dynamics. In the 
special case of only one variable, the PCA1 would be 100%. When adding 
complementary indicators to the credit-to-GDP gap, the variance explained by 
the first principal component expectedly declines. The comparison between 
the potential measures of the financial leads to the conclusion that, apart from 
FC1, most of the data variation explained by the first principal component 
is present in the sixth group FC6 (66%). However, although it is important 
how much of the variance PCA1 accounts for, the size and the sign of the 
loadings on the different indicators in each group should also be taken into 
consideration. By construction the signs of all loadings should be positive. This 
is the case, because all indicators are so constructed, that an increase in each 
indicator is associated with the accumulation of risk in the financial system 
and respectively a decrease in the indicator is associated with materialisation 
or reduction of risk. The negative sign in front of the ratio of credit to NFC to 
GDP in most of the potential measures of the financial cycle can be explained 
by the relatively different dynamics of this indicator in comparison with the 
rest of the variables. Even if the sign in front of the ratio of credit to NFC to 
GDP is negative, its loading is the smallest in FC6. Apart from this variable, all 
other indicators in the sixth group (FC6) have the expected sign and with the 
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exception of the ratio of credit to households to GDP display very close weights. 
FC6 has also the advantage of containing indicators from all groups defined 
earlier – Measures of credit developments and private sector debt burden, Interest 
rate spreads, Measures of potential overvaluation of property prices, Measures of 
external imbalances and Measures of the strength of banks’ balance sheets. This 
suggests that they could be more informative about cyclical fluctuations in the 
financial system than just the credit-to-GDP ratio. Graphical illustration of the 
nine potential measures of the financial cycle is displayed in Figure 2.

Figure 2: Potential Measures of the Financial Cycle in Bulgaria

The graphical representation is not sufficient to draw a definitive conclusion 
about the most appropriate measure of the financial cycle. However, when 
using only the credit-to-GDP gap (which is represented by FC1), it can be 
concluded that the peak of the financial cycle occurred at the end of 2009. 
Extending the range of observed variables leads to different conclusions, 
namely that the peak of the financial cycle occurred earlier than the fourth 
quarter of 2009 and that in 2017 the Bulgarian economy was not any more in 
the phase of risk materialisation, but in an initial phase of risk accumulation. 
The gradual inclusion of complementary indicators, beyond the credit-to-
GDP gap, results in a left-hand shift of the aggregate estimate of the financial 
cycle and increase in volatility. Table 4 presents the volatility (measured by the 
standard deviation), the peak and the through of the financial cycle according 
to the nine potential measures.
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Table 4: Volatility, Peaks and Troughs of the Potential Measures  

of the Financial Cycle in Bulgaria

FC1 FC2 FC3 FC4 FC5 FC6 FC7 FC8 FC9

Volatility 1.41 1.41 1.88 2.09 2.24 2.44 2.54 2.55 1.24

Trough (MIN) -1.84 -1.82 -2.59 -2.91 -2.89 -3.04 -3.59 -3.41 -1.95

Timing 2002 Q1 2002 Q4 2012 Q4 2012 Q2 2012 Q4 2012 Q4 2012 Q4 2012 Q4 2012 Q4

Peak (MAX) 2.24 2.29 3.40 3.79 4.14 4.54 4.55 4.63 2.18

Timing 2009 Q4 2010 Q2 2006 Q3 2006 Q1 2006 Q3 2006 Q3 2006 Q3 2006 Q3 2006 Q4

According to financial cycle measures FC1 and FC2, which include the credit-
to-GDP ratios and credit growth rates, the peak of the cycle occurred between 
2009Q4 and 2010Q2. At the same time the trough of the cycle was between 
2002Q1 and 2002Q4. The inclusion of interest rate spreads and the house price 
index in the aggregate measure of the financial cycle (FC4) leads to a significant 
backward shift of the peak to 2006Q1. According to the potential measures 
of the financial cycle from FC5 to FC8, the peak cycle estimate coincides – 
2006Q3. The same applies for the trough of the cycle, which is concentrated 
in 2012Q4. Even when only banks’ balance sheets indicators are taken into 
account, the conclusions do not change significantly, with the peak and trough 
of the cycle close to those indicated by aggregate measures FC5 to FC8.

A statistical approach, which can be employed to evaluate the various measures 
of the financial cycle and to help deciding on the most appropriate one, is the so 
called concordance index. It is a bi-variate index of synchronisation, developed 
by Harding and Pagan (2002). Basically, the concordance index enables to 
study the synchronicity or co-movement between the different ingredients of 
a financial cycle measure and the aggregate measure itself.11 The concordance 
index measures the time periods in which two series are in the same phase 
(expansion or contraction) relative to all periods. If both series are in the same 
phase all of the time, the concordance index would be 100%, respectively if 
both series are in the opposite phase all of the time, the index would be 0%.
“We propose that co-movement be measured by the degree of concordance 
between the specific cycle for 

According to the potential measures of the financial cycle from FC5 to FC8, the peak
cycle estimate coincides - 2006Q3. The same applies for the trough of the cycle, which
is concentrated in 2012Q4. Even when only banks’ balance sheets indicators are taken
into account, the conclusions do not change significantly, with the peak and trough of
the cycle close to those indicated by aggregate measures FC5 to FC8.

A statistical approach, which can be employed to evaluate the various measures of
the financial cycle and to help deciding on the most appropriate one, is the so called
concordance index. It is a bi-variate index of synchronisation, developed by Harding
and Pagan (2002). Basically, the concordance index enables to study the synchronicity
or co-movement between the different ingredients of a financial cycle measure and the
aggregate measure itself11. The concordance index measures the time periods in which
two series are in the same phase (expansion or contraction) relative to all periods. If
both series are in the same phase all of the time, the concordance index would be 100%,
respectively if both series are in the opposite phase all of the time, the index would be
0%.

“We propose that co-movement be measured by the degree of concordance between
the specific cycle for yjt and the reference cycle (based on (say) the variable yrt), and
that this be quantified by the fraction of time both series are simultaneously in the same
state of expansion (St = 1) or contraction (St = 0)” (Harding and Pagan, 2002).

Ijr = n−1
[∑

SjtSrt + (1− Sjt)(1− Srt)
]

(1)

Following Stremmel (2015), we calculate the concordance between the different indi-
cators included in each financial cycle measure and the aggregate measure itself. We first
calculate the concordance between each indicator in a group and the aggregate measure
and then take the average. The results are displayed in Table 5.

Table 5: Concordance index

Financial cycle measure Bandpassed variables included (cyclical components) Concordance index
FC1 CR_GDP_NFC, CR_GDP_H 97%
FC2 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y 64%
FC3 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR 74%
FC4 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y 73%
FC5 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP 76%
FC6 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A 78%
FC7 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A , P_A 78%
FC8 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A , P_A, L_D 76%
FC9 C_A , P_A, L_D 74%

11 The concordance index is also used by Stremmel (2015) to assess different measures of the financial
cycle.
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FC6 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A 78%
FC7 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A , P_A 78%
FC8 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A , P_A, L_D 76%
FC9 C_A , P_A, L_D 74%

11 The concordance index is also used by Stremmel (2015) to assess different measures of the financial
cycle.

17

” 
(Harding and Pagan, 2002).

 Ijr = n−1
[∑

SjtSrt + (1− Sjt)(1− Srt)
]

 (1)

11 The concordance index is also used by Stremmel (2015) to assess different measures of the 
financial cycle.
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Following Stremmel (2015), we calculate the concordance between the different 
indicators included in each financial cycle measure and the aggregate measure 
itself. We first calculate the concordance between each indicator in a group and 
the aggregate measure and then take the average. The results are displayed in 
Table 5.

Table 5: Concordance Index
Financial 

cycle 
measure

Bandpassed variables included (cyclical components)
Concor-

dance 
index

FC1 CR_GDP_NFC, CR_GDP_H 97%
FC2 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y 64%
FC3 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR 74%
FC4 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y 73%
FC5 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP 76%
FC6 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A 78%
FC7 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, P_A 78%
FC8 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, P_A, L_D 76%
FC9 C_A, P_A, L_D 74%

The degree of concordance between both credit-to-GDP ratios and the 
aggregate measure FC1 is 97%. This result can be explained by the fact, that 
both indicators, included in the first group share common dynamics in the 
period under consideration. With the addition of other indicators, in order to 
obtain financial cycle measures FC2, FC3, FC4, etc. the degree of concordance 
between the individual indicators and the ag gregate measure declines. This is 
the case until FC5 is reached, where the concordance index starts growing again 
and reaches its highest value in potential measures FC6 and FC7 – 78%. This 
indicates that the separate indicators included in FC6 and FC7 and the aggregate 
measure of the financial cycle extracted from them co-move in 78% of the time. 
The results indicate that with the exception of financial cycle measure FC1, 
which is derived only from the credit-to-GDP ratios, it can be assumed that the 
appropriate choice for a measure of the financial cycle would be FC6 or FC7 
where the evaluation takes into account a wider set of indicators. The fact that a 
wider spectrum of vari ables indicates a simultaneous expansion or contraction 
of the cycle, should be more informative for macro-prudential policy decisions 
than relying only on the credit-to-GDP gap. Overall, these results are consistent 
with the results obtained from the principal component analysis. Besides FC6 
and FC7, in general, all measures from FC5 to FC9 display very close estimates 
of the degree of concordance between the different indica tors included in the 
respective group and the aggregate measure of the financial cycle derived from 
them. In order to examine the robustness of the results obtained, we tested all 
possible combinations of the selected indicators in the respective aggregate 
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measures, with indicators measuring credit developments and house prices 
included in all. Figure 3 shows the selected aggregate measure of the financial 
cycle – FC6 against the background of all possible alternatives. Except the first 
two potential measures, FC1 and FC2, which include only the credit-to-GDP 
ratios and the growth of credit to NFC and households, all other alternative 
measures exhibit similar dynamics and differ only in respect to their amplitude. 
The calculated concordance indexes between the different indicators in each 
possible combination and the aggregate measures derived from them do not 
change the current conclusions, with financial measures FC6 and FC7 remaining 
with the highest concordance index of 78% (see Table 11 in Appendix A).

Figure 3: Output Gap, Financial Cycle Measure FC6 and Alternatives

Note: The grey lines show all possible alternatives to the selected potential measure of the financial cycle in 
Bulgaria (FC6), derived by combining the selected indicators.

As a next step in the analysis the selected aggregate measure of the financial 
cycle FC6 is compared to an estimated business cycle for Bulgaria, using 
production function approach12, in order to examine the synchronicity between 
them. The dynamics of both cycles is presented in Figure 3.

The graphical investigation of the dynamics of the selected measure of the 
financial cycle and the output gap leads to the conclusion that both cycles 
are generally well syn chronised. Following the major financial crisis of 
1996–1997 and the introduction of the currency board in Bulgaria, in the 
period 1999–2002 the economy still operated below its optimal production 
capacity. The negative output gap corresponded to high unemploy ment and 
high inflation, which was partly a legacy from the hyper-inflationary period 
in the end of the 90s. At the same time, this period was characterised by 

12 See Appendix B for the estimation of the output gap.
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moderate credit growth, low credit-to-GDP ratio, comparatively high interest 
rate spreads between Bul garian and European interest rates and low banking 
sector profits. The average annual growth of the house price index was close 
to 0%. These developments explain the dynam ics of the selected measure of 
the financial cycle, which in this period indicated, that the Bulgarian economy 
was in the phase of risk materialisation. It is important to mention that in this 
period there were also structural factors which affected the banking system 
developments in Bulgaria. They were related to the high share of state-owned 
banks, which were stocked with non-performing loans and cautious in new 
credit disbursement. Meanwhile, bank privatisation was an important factor 
which started the gradual process of restructuring of the banking sector in 
Bulgaria.

From 2003 onwards the ongoing process of structural reforms and privatisation 
of many domestic banks by foreign financial institutions contributed to the 
deepening of financial intermediation in the country. Parent banks provided 
capital, liquidity and know-how to their subsidiary banks and their branches in 
Bulgaria, intending to boost their market share in the region where return on 
capital was very high. These processes prompted a strong competition among 
banks and contributed to a gradual acceleration of credit growth. In this period 
the demand for loans was also high, stimulated by domestic and external 
factors.13 High expected return on investment and positive income convergence 
expectations related to the process of gradual transition to a market economy, 
as well the favourable domestic macroeconomic environment and the global 
upswing in the business cycle stimulated consumption, investment and 
FDI inflows. Growing income and profits on the other hand contributed to 
an increase in attracted funds in the banking system. Funding their lending 
activity through residents’ deposits and funds from parent credit institutions, 
the banks in Bulgaria expanded their operations, contributing to further 
acceleration of credit growth. The period from 2003 to 2007 was characterised 
by declining spreads between lending interest rates in Bulgaria and the 
3-month EURIBOR reflecting the reduction in risk perceptions. High credit 
growth pushed up banks’ profits and among other factors contributed to an 
increase in house prices. In the period under consideration the current account 
deficit was widening as a percent of GDP due to the high level of investment 
in the economy as well as the high domestic demand (in particular investment 
demand boosted by FDI) which resulted in import growth exceeding that of 
exports.

13 For more details about demand and supply factors affecting the growth of credit to the private 
sector see (Karamisheva, 2016).
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In accordance with these developments the selected measure of the financial 
cycle indicates that in this period the economy was in the phase of risk 
accumulation, with the peak occurring in the third quarter of 2006, earlier 
than the peak of the business cycle. A possible explanation for the turning of 
the financial cycle earlier than the business cycle could be the introduction of a 
number of counter-cyclical measures by the Bulgarian National Bank in 2005 
and 200614 aimed at moderation and stabilisation of the rate of private sector 
credit growth to levels sustainable for the medium run and not threatening the 
financial stability. It could be stated that these administrative measures were 
effective in constraining the growth of lending to households and non-financial 
corporations, and even in restraining the growth of house prices and thus in 
reducing the accumulation of risk in the financial system (see Figure 8 and 
Figure 9 in Appendix A).

It should be taken into account that the potential aggregate measures of the 
financial cycle are extracted from the cyclical components of a set of indicators, 
each of them peaking at different point in time. In Figure l it is evident that the 
cyclical components of the annual growth of credit to households and NFC, 
as well as of house prices peak earlier than the rest of the indicators and the 
inclusion of these three variables in the aggregate measure leads to a left-hand 
shift of the entire measure.

The positive output gap peaked in the second quarter of 2008 and with the 
spreading of the effects of the global financial crisis started its downward phase 
turning negative in the second quarter of 2009 and reaching its trough at the 
end of 2009. Following the de velopments in the real sector, the financial cycle 
entered the phase of risk materialisation in the end of 2009, when the business 
cycle was at its trough and this phase continued till the beginning of 2017. 
According to the selected measure of the financial cycle, in 2017 the economy is 
entering an initial phase of risk accumulation.

A notion for the degree of synchronisation between the selected financial cycle 
mea sure and the output gap can be gained through the computation of the 
respective con cordance index between the two cycles. Table  6 exhibits the 
concordance between FC6 and the output gap. For comparison we also display 
the respective concordance indexes between the output gap and the remaining 
potential measures of the financial cycle.

14 For detailed information on the counter-cyclical measures of the BNB see BNB Annual Reports 
2005–2006.
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Table 6: Concordance between the Potential Measures  

of the Financial Cycle and the Output Gap

Financial cycle measure Concordance with the output gap
FC1 43%
FC2 44%
FC3 59%
FC4 53%
FC5 60%
FC6 59%
FC7 59%
FC8 60%
FC9 61%

According to Table  6, financial cycle measures FC5 to FC9 display the 
highest degree of synchronisation with the business cycle. According to the 
concordance index, the selected measure FC6 and the output gap are in the 
same phase 59% of the time. By way of comparison, financial cycle measure 
FC1, which takes into account only the credit-to-GDP gap co-moves with the 
business cycle in only 43% of the time.

With the aim of getting a notion of the length of both cycles a turning point 
analysis is applied. Generally, the length of a cycle is measured from peak to 
peak (respectively from trough to trough). Table 7 displays the minimal values 
of the respective measures of the financial cycle and the business cycle as well as 
their timing when we split the data set into two subsets, namely from 1999 to 
2007 and from 2008 to 2017. Concerning the maximal values, the data set does 
not need to be split into subsets, as both the business cycle and the measures 
of the financial cycle reached only one peak in the period under consideration. 
According to Table 7 the selected measure of the financial cycle (FC6) displays 
two local minima – the first one in 2000Q2 and the second one in 2012Q4, 
which indicates that the length of the cycle is estimated at around 12 years. At 
the same time the business cycle reached one trough in 1999Q2 and a second 
one in 2009Q4, meaning that its length is estimated at approximately 10 years, 
longer than the generally assumed in the academic literature maximum for the 
business cycle frequency of 8 years.
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Table 7: Peaks and Troughs of the Business Cycle and the Potential Measures  

of the Financial Cycle

Output gap FC1 FC2 FC3 FC4 FC5 FC6 FC7 FC8 FC9
1999–2007
Trough 
(MIN) -4.47 -1.84 -1.82 -1.41 -1.57 -1.90 -2.20 -1.78 -2.04 -0.53

Timing 1999 Q2 2002 Q1 2002 Q4 2000 Q2 2000 Q2 2000 Q3 2000 Q2 2000 Q3 2000 Q3 2001 Q1
2008–2017
Trough 
(MIN) -3.90 -1.11 -1.08 -2.59 -2.91 -2.89 -3.04 -3.59 -3.41 -1.95

Timing 2009 Q4 2017 Q4 2017 Q4 2012 Q4 2012 Q2 2012 Q4 2012 Q4 2012 Q4 2012 Q4 2012 Q4
1999–2017
Peak 
(MAX) 5.00 2.24 2.29 3.40 3.79 4.14 4.54 4.55 4.63 2.18

Timing 2008 Q2 2009 Q4 2010 Q2 2006 Q3 2006 Q1 2006 Q3 2006 Q3 2006 Q3 2006 Q3 2006 Q4

4. Structural State Space Model
The derivation of a financial cycle presented in Section 3 rests on a set of 
assump tions about the cycle attributes which, albeit considered standard in 
the literature, are still subject to some degree of uncertainty. In an attempt 
to capture the values of these cyclical features, in this section we offer an 
estimate of the financial cycle based on a structural unobserved components 
model. The multivariate model was first introduced by Harvey et al. (1997) 
and decomposes a series into latent trend and stochastic cycle components. 
It was then expanded by Rünstler (2004) by introducing phase shifts among 
the cyclical components in the multivariate case and recently further built on 
by Rün stler and Vlekke (2016) by adding an additional autoregressive root 
within the stochastic cycle specification. The model belongs to the family of 
the so-called “parametrized” decompositions, the name stemming from the 
fact that the parameters characterizing the latent components of the series 
are not a priori defined but are rather derived within the model framework 
itself. This specification allows for a greater degree of flexibility in modeling 
the unobservables as the filter is tailored to the series specifically and further 
on provides an estimate of the inherent for the latent components features 
such as cycle length, persistence, or trend growth rate for example. The final 
decomposition of the observable series obtained from the model can then serve 
as a validation for the restric tions imposed on the band-pass filter employed in 
Section 3 to derive the financial cycle component, namely the frequency bands 
containing the cycle length.

The model can either decompose a single series to its respective latent 
components by fitting each one of them to a parametrized equation, or can 
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provide the aforementioned decomposition for a group of series in which case 
estimation is performed jointly for all. The latter builds on the former and 
integrates information contained within all series by allowing the model to 
select the optimal level of correlation among the cyclical components and the 
innovations of the latent components across series. The difference between the 
final decomposition reached by employing the univariate and the multivariate 
specifications reveals about the degree to which the observable series affect one 
another either through inter-cycle impact or through shocks correlation.

In a univariate structure, the one proposed originally by Harvey (1989), the 
series is decomposed into a stochastic trend (

decomposition for a group of series in which case estimation is performed jointly for
all. The latter builds on the former and integrates information contained within all
series by allowing the model to select the optimal level of correlation among the cyclical
components and the innovations of the latent components across series. The difference
between the final decomposition reached by employing the univariate and the multivariate
specifications reveals about the degree to which the observable series affect one another
either through inter-cycle impact or through shocks correlation.

In a univariate structure, the one proposed originally by Harvey (1989), the series is
decomposed into a stochastic trend (τt), a stochastic cycle component (ψt), and a white
noise term (εt):

yt = τt + ψt + εt, εt ∼ NID(0, σ2
ε ) (2)

The stochastic trend component is assumed to follow the flexible local linear trend
specification and is defined as:

τt+1 = τt + βt + ξt, ξt ∼ NID(0, σ2
ξ ) (3)

βt+1 = βt + ζt, ζt ∼ NID(0, σ2
ζ ) (4)

where βt is the trend’s slope and equals the underlying long-term growth of the
series which varies with the innovation term ζt. The cyclical component ψt is defined as
a bivariate AR(1) process where:
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The stochastic cycle is parametrized in terms of its persistence ρ which under the
assumption of being less than one ensures the stationary property of the cyclical com-
ponent. The additional autoregressive root φ allows for the extended persistence of the
cyclical component expected in financial series as suggested by previous research. The
cycle’s frequency is measured by 0 < λ < π, its spectral density peaks at λ, and its length
equals 2π
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), and a white noise term (components xC
t , and an Nx1 vector of irregular components εt, such as:

yt = τt + xC
t + εt, εt ∼ NID(0, σ2

ε ) (6)

All trend components are modelled within the local linear trend framework and
both trend and slope innovations may be correlated across the N series where Σξ and Σζ

are the NxN covariance matrices. Each cyclical component xC
t is modelled as a linear

combination of the stochastic cycle components of all series, as defined by equation 5,
with loadings expressed in the A and A∗ matrices:

xC
t =

[
A,A∗

] [ψt

ψ∗
t

]
(7)

This specification 16 allows the cyclical component of each series to load on stochastic
cycles with different parameters and therefore dynamics, and to account for phase shifts
between the cyclical components (Rünstler, 2004). Correlations across the innovation
terms of the cyclical components of the series are allowed as well and defined in the NxN
covariance matrix Σκ.

To estimate the financial and business cycle by capturing their correlation without
imposing prior ad hoc constraints on the parameters characterizing them, we use the
unobserved components model in its multivariate specification. The observable variables
are then real GDP, real credit17, and real house prices18, and the estimation is performed
using maximum likelihood by employing the Kalman filter.

In theory, a wide set of financial variables should be included in order to extract
the cyclical component they all share, an estimation approach we have already applied
in Section 3. Within the state space framework however, we include the real bank credit
and the real house price index as representative for the financial cycle variables and the
real GDP as an indicator of the business cycle. This selection follows other similar studies
and is motivated by a handful of reasons. There is an already existing in the literature
notion that credit can be used as a proxy for leverage and furthermore the credit-to-gdp
ratio is at present included in financial regulatory frameworks. The real house price index
is widely assumed to measure the availability of collateral within the economy and withal
to serve as a proxy for asset prices.

16 Certain identifying restrictions are imposed on the A and A∗ matrices, namely aij < 0 for all i < j
and a∗ij < 0 for all i ≤ j.

17 Credit is measured by the index of notional stocks of loans (non-MFIs excluding general government
sector) calculated by the European Central Bank. The index of notional stocks adjusts for reclassifi-
cations, other revaluations, exchange rate variations and any other changes which do not arise from
transactions. Within the state space framework this definition is preferred as some of the information
which is contained within the credit stock series, but is not significant for the structural decomposition,
is already pre-filtered.

18 All three series (GDP, credit, and house prices) are deflated using GDP deflator
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decomposition for a group of series in which case estimation is performed jointly for
all. The latter builds on the former and integrates information contained within all
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either through inter-cycle impact or through shocks correlation.
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decomposition for a group of series in which case estimation is performed jointly for
all. The latter builds on the former and integrates information contained within all
series by allowing the model to select the optimal level of correlation among the cyclical
components and the innovations of the latent components across series. The difference
between the final decomposition reached by employing the univariate and the multivariate
specifications reveals about the degree to which the observable series affect one another
either through inter-cycle impact or through shocks correlation.
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All trend components are modelled within the local linear trend framework and
both trend and slope innovations may be correlated across the N series where Σξ and Σζ

are the NxN covariance matrices. Each cyclical component xC
t is modelled as a linear

combination of the stochastic cycle components of all series, as defined by equation 5,
with loadings expressed in the A and A∗ matrices:
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] [ψt
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(7)

This specification 16 allows the cyclical component of each series to load on stochastic
cycles with different parameters and therefore dynamics, and to account for phase shifts
between the cyclical components (Rünstler, 2004). Correlations across the innovation
terms of the cyclical components of the series are allowed as well and defined in the NxN
covariance matrix Σκ.

To estimate the financial and business cycle by capturing their correlation without
imposing prior ad hoc constraints on the parameters characterizing them, we use the
unobserved components model in its multivariate specification. The observable variables
are then real GDP, real credit17, and real house prices18, and the estimation is performed
using maximum likelihood by employing the Kalman filter.

In theory, a wide set of financial variables should be included in order to extract
the cyclical component they all share, an estimation approach we have already applied
in Section 3. Within the state space framework however, we include the real bank credit
and the real house price index as representative for the financial cycle variables and the
real GDP as an indicator of the business cycle. This selection follows other similar studies
and is motivated by a handful of reasons. There is an already existing in the literature
notion that credit can be used as a proxy for leverage and furthermore the credit-to-gdp
ratio is at present included in financial regulatory frameworks. The real house price index
is widely assumed to measure the availability of collateral within the economy and withal
to serve as a proxy for asset prices.

16 Certain identifying restrictions are imposed on the A and A∗ matrices, namely aij < 0 for all i < j
and a∗ij < 0 for all i ≤ j.

17 Credit is measured by the index of notional stocks of loans (non-MFIs excluding general government
sector) calculated by the European Central Bank. The index of notional stocks adjusts for reclassifi-
cations, other revaluations, exchange rate variations and any other changes which do not arise from
transactions. Within the state space framework this definition is preferred as some of the information
which is contained within the credit stock series, but is not significant for the structural decomposition,
is already pre-filtered.

18 All three series (GDP, credit, and house prices) are deflated using GDP deflator
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between the cyclical components (Rünstler, 2004). Correlations across the innovation
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imposing prior ad hoc constraints on the parameters characterizing them, we use the
unobserved components model in its multivariate specification. The observable variables
are then real GDP, real credit17, and real house prices18, and the estimation is performed
using maximum likelihood by employing the Kalman filter.

In theory, a wide set of financial variables should be included in order to extract
the cyclical component they all share, an estimation approach we have already applied
in Section 3. Within the state space framework however, we include the real bank credit
and the real house price index as representative for the financial cycle variables and the
real GDP as an indicator of the business cycle. This selection follows other similar studies
and is motivated by a handful of reasons. There is an already existing in the literature
notion that credit can be used as a proxy for leverage and furthermore the credit-to-gdp
ratio is at present included in financial regulatory frameworks. The real house price index
is widely assumed to measure the availability of collateral within the economy and withal
to serve as a proxy for asset prices.
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17 Credit is measured by the index of notional stocks of loans (non-MFIs excluding general government
sector) calculated by the European Central Bank. The index of notional stocks adjusts for reclassifi-
cations, other revaluations, exchange rate variations and any other changes which do not arise from
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which is contained within the credit stock series, but is not significant for the structural decomposition,
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Estimation is performed over the 2000–2017 period and all observable series 
enter the model in logarithms. The measurement equations are defined as in 
equation 6 and the latent variables are characterized within the framework 
described in equations 6, 3, 4, and 5. The structure of the presented model 
is slightly altered by imposing similar cycle restrictions on real credit and 
real house prices assuming that both series share the same inherent cyclical 
dynamics. This entails that the features of two cycle components (length 
and persistence) are set to be equal but no other restrictions are imposed 
concerning their value. The shared between the two series cyclical component 
can then economically be interpreted as a financial cycle estimate and the joint 
estimate of its parameters present an estimate of a financial cycle length and 
persistence respectively. Correlation among slope innovations across the series 
in the estimate of the model is allowed, and all trends are modelled within 
the integrated random walk specification.19 The values of all model parameters 
were estimated within the model framework.

The difference between the estimated parameters based on the univariate and 
the multivariate approach serves to illustrate how the additional information 
contained within the multivariate framework alters the final estimate, or in 
other words, the degree to which each individual series’ decomposition impacts 
the decomposition of the other two series (see Table 8). The cyclical component 
of the real GDP series, which is defined as the deviation of real GDP from its 
trend level excluding all other shocks20, can be said to represent an estimate 
of the real business cycle in the economy. The length of the business cycle, 
extracted solely from the GDP series, is estimated to be about four years.21 
When adding supplementary information, the business cycle appears more 
volatile and with lower frequency, with length close to 11 years. Intuitively this 
entails that information contained in the real credit and house prices series 
does have an impact on our understanding of the state of the real economy by 
both prolonging the real business cycle and by making its peaks and troughs 
more severe.

The estimate of the cyclical attributes of real credit based on the univariate 
approach results in a cycle length of close to five years, but however the cycle 
is prolonged when estimated within the multivariate framework. The relatively 
short length of the cyclical component of real credit likely has a twofold 
explanation: the rather short sample period over which estimation is performed 

19 The standard deviations of the trend innovations were estimated to be insignificant and close to 
zero, and for ease of further computation calibrated to zero.
20 These shocks include the measurement error and trend innovations.
21 It is widely accepted in the literature that the business cycle length is between 2 and 8 years.
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and the introduction of credit ceilings (BNB, 2005) by the Bulgarian National 
Bank in April, 2005, which the model attributes to a cyclical innovation.

The univariate decomposition of the real house prices series suggests a cycle 
length of fourteen yeas, but when impacted by real GDP and real credit the 
cycle oscillates at a higher frequency and spans over an eleven year period.

The multivariate model indicates the existence of two stochastic cycle 
components: one characterized with higher frequency and length of about five 
years, and the other by a lower frequency with length of more than 14 years 
(see Table 8). These two stochastic cycles then load with different weights on 
the cyclical components of the three individual series, and in doing so prolong 
the real GDP and credit cycle, but at the same time shorten the house prices 
one. Additional information on the interplay between the cyclical components 
of the series can be inferred from Table 9. The model suggests high degree of 
coherence between the house prices and real GDP cycles, the latter leading the 
former, reflecting the impact of real output on both demand and supply factors 
underlying house prices growth. House prices and credit cycles appear to be 
less coherent with each other and phase estimate indicates that the latter lags 
the former, a likely result considering house prices drive the demand for credit. 
Credit and GDP show the least amount of coherence and credit cycle appears 
to lag the business one.

Table 8: Main Parameters Estimate

Univariate estimate Multivariate estimate
Cyclical component Cyclical component Stochastic cycle

length  
(in years)

length  
(in years)

length  
(in years)

Real GDP 4 11 SC I 4.47
Credit 5 10 SC II 14.79
House prices 14 11

Standard deviation Standard deviation
Cyclical 

component
Slope  

(error term) Cyclical component Slope  
(error term)

Real GDP 0.3 0.1 1.5 0.03
Credit 2 0.4 4.7 0.2
House prices 9.6 0.3 9.1 0.2
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Table 9: Phase Shifts and Coherence

Phase (years)

Coherence (average)

GDP Credit House prices
GDP 0.691 0.676

Credit 0.634 -0.198
House prices 0.949 0.826

The upper-right half of the table shows by how much each series leads the others in years. It should be 
noted that if the value is positive, series row leads series column, whereas if the value is negative, then series 
column leads series row. The bottom-left half of the Table shows the coherence of each set of series on 
average for the whole estimation period.

The tailored filter based on the multivariate structural unobserved components 
framework further provides a detailed breakdown of the series to their latent 
compo nents, as illustrated in Figures 4, 5 and 6. The break-down of real GDP, 
as presented by Figure 4a and Figure 4b, indicates a smooth long-run growth 
of the series with no re maining leftover cyclical residue. The slope estimate is 
slowly decreasing over the sample period, likely reflecting converging processes 
happening in the early 2000s, and remains fairly constant in recent years. The 
closure of output gap at the end of the sample period signals that the economy 
is currently operating at its optimal level. Real credit series decomposition 
provides a smooth slope of the trend component decreasing with time, which 
long-term growth is anchored at 0 in the last year of the sample. The model 
then attributes credit growth in 2017 to cyclical fluctuations rather then 
structural changes and in turn the cyclical component presented in Figure 5c, 
while still remaining below the zero bound, indicates the building up of 
some financial distress. In decomposing the house prices series to its latent 
components within the multivariate framework, the model attributes most of 
the volatility of the series to cyclical movements rather than inherent long-term 
trend. Respectively, the slope term is smooth and stable throughout the entire 
estimated period (see Figure 6b). The derived cycle, as illustrated in Figure 6c, 
appears to be volatile and with large amplitude, and in recent years to be in a 
phase of expansion. In the last quarters of the sample its value turns positive, 
which in turn suggests that house prices are currently at a level above their 
equilibrium one.
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Figure 4: Real GDP Multivariate Decomposition (log)

(a) Real GDP and trend                          (b) Slope, trend, and real data               (c) Cyclical Component 
      decomposition

Figure 5: Real Credit Multivariate Decomposition (log)

(a) Real GDP and trend                           (b) Slope, trend, and real data               (c) Cyclical component 
      decomposition

Figure 6: Real House Prices Multivariate Decomposition (log)

(a) Real GDP and trend                          (b) Slope, trend, and real data               (c) Cyclical component 
      decomposition

The decomposition derived from the multivariate approach enhances our 
understand ing of the economic activity measured using the real GDP, real 
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credit, and real house prices series. Within the state space framework, the 
model optimally distributes volatility between measurement errors and the 
latent components driving the movement of the ob servable series. Providing 
an assessment of the financial cycle per se is beyond the scope of the model, but 
nonetheless it casts a light on the inherently unobservable features of the series 
included measuring financial activities. Furthermore, it indicates the existence 
of both a high and a low frequency cycles, the two of which combined with the 
respective innovation shocks, explain the movement of the cyclical components 
of the series included in the framework. The estimated length of the real GDP 
cycle of 10.7 years spans beyond the commonly predefined in the literature 
range of 2–8 years used to extract the business cycle which sets the ground for 
further research on the topic. The credit and house prices cycles length however 
fits well within the a priori set constraint of 32 to 120 quarters concerning the 
financial cycle length widely accepted in the literature and respectively used 
in Section 3 of this paper to derive a more broad measure of a financial cycle.

5. Concluding Remarks
In this study we present an estimate of the financial cycle in the Bulgarian 
econ omy derived using two different statistical filtering methods commonly 
employed in the literature. The measure of the financial cycle provided in 
Section 3 relies on the infor mation contained within a wide set of indicators 
covering credit, house prices growth, private sector debt burden, interest 
rate spreads, current account deficit, and indicators for the sustainability of 
the banking system. This estimate shows that in 2017 we observe an initial 
phase of accumulation of cyclical risk in the economy. The assessment of the 
phases of the financial cycle in Bulgaria through the aggregation of a broad 
selection of indicators serves to identify the appropriate moments for the 
build-up or release of buffers in the financial system. The proper timing of 
the aforementioned in turn will make the system more robust and flexible 
to shocks. In theory a shortcoming to this method is the presupposed length 
of the cycle assumed when applying the band-pass filter. However we show 
that the assumption holds true by estimating the length within an unobserved 
components framework.

We find that the length of the cyclical components of the real credit and house 
prices series, used as proxy variables for the financial cycle in the model, 
falls well within the widely accepted in the literature range of 8 to 30 years. 
In contrast, the length of the real GDP cycle is above the generally assumed 
maximum for the business cycle frequency of 8 years. This assessment sheds 
light on the interplay between financial variables and real economic activity. 
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It shows that within a multivariate framework estimation, the real GDP and 
credit cycles appear prolonged and more volatile, whereas the real house 
prices cycle seems to be at a higher frequency and with lower amplitude. 
The study furthermore hints at what feedback effects are at play among the 
cyclical components, showing that the real GDP cycle leads both the credit 
and the house prices ones, while at the same time the former lags the latter. 
Disentangling the complex relationship between macroeconomic aggregates 
and financial indicators both benefits our estimates of the current phases of the 
business and financial cycles, and can provide a deeper understanding of the 
effects of macroprudential policy on economic activity.

Limitations of the state space approach can be found in both the rather 
constrained selection of financial variables included, and the lack of nominal, 
Phillips curve type of block in the model. These possible extensions, and a 
more thorough study of the features of the business cycle within a multivariate 
framework including financial variables, we leave for further research.
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Appendix A

Figure 7: Spreads between Interest Rates on New Loans to Households  
and NFC with the 3-month EURIBOR and the Output Gap

  (%)

Table 10: Unit Root Tests

H0: Variable 
has a unit root ADF Test t-Statistic H0: Variable 

has a unit root Phillips Perron Test Adj. t-Statistic

Variables Level First  
difference

Second  
difference

Degree of 
integration Variables Level First  

difference
Degree of 

integration

CR_GDP_NFC -1.68 -2.40 -15.94*** I(2) CR_GDP_NFC -1.74 -4.60*** I(1)

CR_GDP_H -1.78 -2.09 -13.31*** I(2) CR_GDP_H -1.59 -3.17** I(1)

CR_NFC_Y -1.99 -5.75*** I(1) CR_NFC_Y -2.10 -11.97*** I(1)

CR_H_Y -1.58 -5.65*** I(1) CR_H_Y -4.98*** I(0)

CA_GDP -1.94 -3.28** I(1) CA_GDP -1.34 -4.82*** I(1)

HPI_Y -3.74*** I(0) HPI_Y -2.19 -3.90*** I(1)

LIRC_EUR -1.55 -9.74*** I(1) LIRC_EUR -1.62 -9.67*** I(1)

LIRH_EUR -2.04 -5.25*** I(1) LIRH_EUR -1.63 -5.25*** I(1)

C_A -2.45 -3.93*** I(1) C_A -1.69 -9.39*** I(1)

P_A -2.22 -7.23*** I(1) P_A -1.95 -8.61*** I(1)

L_D -1.73 -2.57* I(1) L_D 95 -8.30*** I(1)
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Table 11: Concordance Indexes

Financial 
cycle  

measure
Bandpassed variables included (cyclical components) Concor-

dance index

CR_GDP_NFC, CR_GDP_H 97%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y 64%

CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR 74%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y 73%

CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP 76%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, C_A 77%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, P_A 75%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, L_D 72%

FC6 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A 78%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, P_A 76%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, L_D 75%

CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, C_A, P_A 77%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, C_A, L_D 74%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, P_A, L_D 73%

FC7 CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, P_A 78%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, L_D 76%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, P_A, L_D 75%

CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, C_A, P_A, L_D 75%
CR_GDP_NFC, CR_GDP_H,  CR_NFC_Y, CR_H_Y, LIRC_EUR, LIRH_EUR, HPI_Y, CA_GDP, C_A, P_A, L_D 76%

 C_A, P_A, L_D 74%

Figure 8: Annual Growth of Credit to NFC and Households
 (%)
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Figure 9: Annual Growth of House Prices

(%)
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Appendix B

Business cycles have garnered the attention of both economists and policy-
makers for centuries and a great number of studies has attempted to establish 
a theoretical and empirical characterization of the phenomenon. The term 
in recent years has been widely accepted to refer to the inherent fluctuation 
of aggregate economic activity (Mitchell, 1927). Assuming potential output 
growth to be the sustainable level of aggregate supply an economy can achieve 
without straining its resources and factors of production, the business cycle then 
represents the cyclical “force” that pushes an economy away from its potential 
and towards phases of growth and prosperity, but also decline in output and 
depression. The business cycle, when defined as the aggregate estimate of slack 
or strain remaining in the economy,22 is then in its nature unobservable and 
relates to the deviation of a series from its trend. Research on the topic spans 
over time and over ideas, and a wide range of methods has been proposed 
to extract an estimate of the business cycle. Deriving such a measure is of 
particular interest to central banks, as it both indicates how volatile economic 
activity is, and represents a key tool in assessing and forecasting inflationary 
pressures. Here we present two estimates of the output gap currently at use at 
the Bulgarian National Bank, one based on a theoretical production function 
set-up, and the other on a statistical filtering approach, namely a multivariate 
unobserved components model.

The growth accounting estimate is based on a Cobb-Douglas production 
function and follows the general approach suggested in Tsalinski (2007) but 
applies minor mod ifications. The Cobb-Douglas function takes as resource 
input capital, labor, and total factor productivity, has constant returns to scale, 
and is defined within the following framework:

 Y = TFP ∗Kα ∗ Lβ  (B.1)

The output elasticities of capital and labor are assumed to be 
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Y = TFP ∗Kα ∗ Lβ (B.1)

The output elasticities of capital and labor are assumed to be α = 0.4 and β = 0.6,
ensuring that α + β = 1. The Bulgarian National Statistics Institute provides no measure
of capital stock in the economy, hence an estimate of capital employing the perpetual
inventory method is used instead. Labor input is based on the growth rate of working
age population, labour force participation rate, unemployment rate and hours worked per
employee, and TFP is in turn defined as the Solow residual. Further the trend components
of all series are extracted using the Hodrick-Prescott filter23. Potential output is then
derived by using the trend components as factors of production in equation B.1. With a
measure of potential output at hand, the output gap is defined as the difference between

22 Also referred to as the output gap
23 In extracting the trend component, lamda has been set to 1600, as is commonly accepted in the

literature when quarterly data is filtered
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of all series are extracted using the Hodrick-Prescott filter23. Potential output 
is then derived by using the trend components as factors of production in 
equation B.1. With a measure of potential output at hand, the output gap is 
defined as the difference between what is produced within the economy, and 
what could be produced without straining or underusing resources. Main 
drawback of this estimate is the univariate filter employed to isolate the 
cyclical component of each series entering the production function. The use 
of HP-filter is also associated with end-point bias as the estimate provided by 
it is very sensitive to new observations. Be that as it may, this approach has the 
benefit of offering a contributions breakdown of both potential growth and 
output gap which in turn provides an intuitive economic interpretation of the 
estimates derived.

The second model we present is a state space model employing the Kalman 
filter, as presented in Kasabov et al. (2017). The model is set within the 
unobserved components framework, and assumes that each observable 
variable included can be represented in terms of its latent gap and trend 
components. The observable series entering the model are real GDP, inflation, 
and unemployment. The real output block broadly represents a local linear 
trend model in which the observable GDP equals the sum of its gap and trend 
components. The former and the latter are both defined as an AR(1) process, 
and the trend moves with its long-term growth which in turn is anchored by 
an exogenously set steady state value. Inflation dynamics is modelled based 
on the Phillips curve which relates the inflation gap to the output one, and the 
unemployment block incorporates Okun’s Law. All equations defining both 
the latent and the observable components are then cast into state space form 
and estimated simultaneously employing Bayesian methods.24 The multivariate 
setup of the model provides a business cycle measure, the estimation of which 
includes information about the relationship among the trend and cyclical 
components of all series within the model system.

23 In extracting the trend component, lamda has been set to 1600, as is commonly accepted in the 
literature when quarterly data is filtered.
24 For more information on model setup, parameters calibration, and estimation techniques, see 
Kasabov et al. (2017).
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Figure 10: Output Gap Estimates

Figure 10 provides an overview of the two measures of the business cycles 
derived using the methods described above. The gap based on the growth 
accounting method appears to be less volatile and while both models suggest 
some build-up of slack in the economy in the early 2000s, the state space 
approach results in a deeper trough of the business cycle. As the state space 
filter is multivariate in its nature, this can likely be explained by the persistent 
high unemployment throughout that period. Both estimates peak in 2008, and 
the production function based one indicates a higher degree of overheating. In 
recent years, both measures are above the zero level, pointing to production 
above the optimal for the Bulgarian economy level and consequently straining 
of the resources available.

Both methods used here to derive a business cycle estimate suffer from their 
respec tive shortcomings. The one based on the unobserved components model, 
albeit applying a tailored to the series filter set in a multivariate framework, 
remains sensitive to both the design of the model and the priors used in the 
Bayesian estimate. The production function approach indeed is subject to the 
critique to the filter it employs as described in Hamilton (2017), but however 
offers certain benefits over the state space model. It provides an estimate 
easily comparable to other countries’ measures as this approach is widely 
used by other institutions as well, further on is build upon a solid theoretical 
background, and offers a contributions break-down of the business cycle.
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