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Abstract

The credit-to-GDP gap is a widely used early warning indicator of banking crises. It has become standard to 
calculate this trend deviation with a one-sided Hodrick-Prescott filter that uses a much larger value for the 
smoothing parameter λ than commonly applied in most business-cycle studies. We recalibrate the smoothing 
parameter with panel data covering almost one-and-a-half centuries of data. As a result, the 2008 crisis does not 
dominate the results and sample length helps contain filter initialization problems, i.e. most observations are 
preceeded by decades of data. The optimal λ is found to be much lower than previously suggested.

Keywords: Banking crises, early warning, credit-to-GDP gap
JEL: G01, E44, N20 

mailto:karlo.kauko%40bof.fi?subject=
mailto:eero.tolo%40gmail.com?subject=


2

KAK 4/2019

1. Introduction

The pioneering studies of Kaminsky and Rein-
hart (1999) and Demirgüç-Kunt and Detragi-
ache (1998) helped bring banking crisis predic-
tion into the mainstream. Regulatory authori-
ties now often mandate increases in bank 
capital adequacy requirements in response to 
emerging banking crisis risk. As part of this 
push, the credit-to-GDP gap, introduced by 
Drehmann et al. (2010) as an indicator of sys-
temic risk, has become a common tool for 
policymakers in setting countercyclical capital 
buffer requirements. The credit-to-GDP gap is 
the difference between the credit-to-GDP ratio 
and its trend calculated by a one-sided Ho-
drick-Prescott filter on quarterly data. This 
one-sided filter method is recommended to 
national macroprudential authorities by such 
international bodies as the Basel Committee 
and the European Systemic Risk Board. 
Among others, Detken et al. (2014) and Tölö 
et al. (2018) suggest that this indicator would 
have been highly useful in providing early 
warning of banking crises in recent decades.

In most econometric studies, a smoothing 
parameter λ = 1,600 is typical when an HP-
filter is applied to quarterly data. However, 
Drehmann et al. (2010) find that a much larger 
value for λ (400,000) yields the most accurate 
early-warning signs in banking crisis forecast-
ing. Their sample consists of G20 and OECD 
economies between 1980 and 2009. When λ 
goes to infinity, the HP-filter converges to a 
linear trend filter. Drehmann and Yetman 
(2018) provide additional evidence on the abil-
ity of this indicator to outperform many other 
early-warning indicators in banking crisis pre-
diction. Interestingly, there is little, if any, 

other empirical evidence on smoothing param-
eter values.

Given the stickiness of the estimated trend, 
the brevity of the Drehmann et al. (2010) data-
set is problematic – particularly during the 
early part of the sample period. If one esti-
mates the trend value for, say, 1990 there is 
only a single decade of data. Thus, there is 
little difference between setting λ = 400,000 or 
re-estimating a linear trend with the available 
data preceding each quarter. Reliable assess-
ment of the method’s potential benefits with a 
very large λ requires a much longer time series.

Here, we apply almost 150 years of panel 
data to test the parametrizations. Two different 
methods indicate that the best crisis prediction 
ability over this sample period is found at a 
much lower λ than previously thought, al-
though the statistical significance of the differ-
ence in predictive power is unclear. The data 
and the methods are described in Section 2. 
Sections 3 and 4 present the findings. Section 
5 concludes and discusses the findings.

2. Data and method

In the following analyses, the main source of 
data is the Jordà-Schularick-Taylor (JST) Mac-
rohistory Database. Unless otherwise stated, all 
analyses rely solely on this data source,1 which 
contains over a century of annual data for each 
country. Additionally, we perform robustness 
checks using the Reinhart and Rogoff (2009, 
2011) crisis database and quarterly credit ag-
gregates from the BIS.

1 See http://www.macrohistory.net/JST/JSTdocumenta-
tionR3.pdf

F i n n i s h  E c o n o m i c  P a p e r s  2 / 2 0 2 0



3

There are 76 crises in the sample. Canada 
is the only country that did not experience at 
least one banking crisis both before and after 
the Second World War. Interestingly, there was 
no crisis in sample countries between WW2 
and the 1970s.

Discontinuities in the data make Germany 
and Japan problematic. German hyperinflation 
during WWI and the early 1920s wiped out all 
debts and savings, causing a discontinuity in 
financial cycles. History repeated itself after 
the collapse of the Third Reich rendered the 
old Reichsmark worthless. Moreover, plenty of 
missing observations for Germany had to be 
replaced by interpolations (1914–1926 and 
1944–1949). Similarly, extreme inflation re-
duced the value of the Japanese yen to a frac-
tion of its pre-war value during and after 
WWII. For these reasons, both Germany and 
Japan are largely excluded. The data are de-
scribed in Tables 1 and 2.

The performance of credit-to-GDP gaps in 
banking crisis prediction is evaluated by the 
AUROC score. The method is described by 
e.g. Berge and Jordà (2011) and Detken et al. 
(2014). To be useful, an indicator must have an 
AUROC value higher than 0.5. An AUROC 
value of 1.0 characterizes a perfect indicator, 
forecasting every crisis and issuing no false 
alarms. Values of 0.5, in contrast, indicate no 
better than random predictions, and an  
AUROC value of less than 0.5 indicates worse 
than random performance. Unlike nearly all 
previous contributions, we systematically test 
a very large number of values for the smooth-
ing parameter λ. Moreover, the predictive 
power of gaps calculated with linear trends is 
calculated for comparison. When λ approaches 
infinity, trends based on one-sided HP-filters 
asymptotically approach these linear trends.

Traditional logit analysis is used to test the 
main conclusions.

Table 1. Variable description

Variable Definition Source

Credit Total Loans to Non-financial Private 
Sector (nominal, local currency)

JST Macrohistory Database

GDP Nominal GDP (local currency) JST Macrohistory Database

Crisis dummy Systemic Financial Crisis dummy 0-1 JST Macrohistory Database 
(or Reinhart-Rogoff 2009)

Pre-crisis dummy variable 1 for 1-3 years before first year of crisis; 
Empty for crisis year and the subsequent 
four years, 0 otherwise

Constructed from crisis 
dummy
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3. AUROC analyses

The explained variable is the pre-crisis dummy. 
Its value for a year t equals +1 if a systemic fi-
nancial crisis broke out during the period t+1 
to t+3. If it is an ongoing crisis, or if the latest 
crisis started less than five years earlier, the ob-
servation is excluded to eliminate post-crisis 

Table 2. The first year of the data and number of crises

Data from Crises before WW2 Crises after WW2

Australia 1870 1 1

Belgium 1885 5 1

Canada 1870 1 0

Denmark 1870 5 2

Finland 1870 4 1

France 1900 3 1

Germany 1871 5 1

Italy 1870 7 2

Japan 1875 4 1

Netherlands 1900 4 1

Norway 1870 3 1

Portugal 1870 4 1

Spain 1900 6 2

Sweden 1871 4 2

Switzerland 1870 2 2

U.K. 1880 1 3

U.S.A. 1880 4 2

63 crises before WW2, 24 crises after WW2. Last year of data 2016 for each country. 
Data sourse: http://www.macrohistory.net/data/

bias. The credit-to-GDP gap is the sole ex-
planatory variable.

Credit-to-GDP trends and their respective 
gaps are first estimated with the one-sided HP-
filter for the entire sample. While previous 
analyses focus on a handful of smoothing pa-
rameter values, we take a systematic approach 
that essentially covers the entire positive real 
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line. Using the entire sample, the highest  
AUROC (0.633) is found at λ = 100 (see Fig. 1). 
This parameter value was obtained with an-
nual data, so it is not directly comparable to 
those obtained with quarterly data. One needs 
to multiply the annual λ by 44 = 256 to get the 
corresponding λ at the quarterly frequency (see 
Ravn and Uhlig, 2002). In any case, this sug-
gests that the optimal λ with quarterly data 
would be about 26,000, which is much lower 
than the current standard originally recom-
mended by Drehmann et al. (2010). However, 
when Germany and Japan are included in the 
sample, the optimal value of the smoothing 
parameter is about 200 (detailed results avail-
able from the authors upon request).

The value of the smoothing parameter can-
not be derived from any explicit assumption on 
cycle duration. Adopting an ill-suited lambda 
value makes it difficult to observe relevant 
cycles, and possibly even generates spurious 
cycles (Schüler 2018). However, the value 

Figure 1. All crises

1,600, the apparent industry standard in mac-
roeconomics, seems to classify changes in 
quarterly US output into the trend component 
and a cyclical component in a meaningful and 
intuitive way. Indeed, this parameter value well 
suits most advanced economies (see Marcet & 
Ravn, 2004) and would correspond to 1,600/
(4^4) = 6.25 in annual data. If λ = 100 is the 
best parametrization for analyses on financial 
cycles (a possible interpretation of the above 
results), the duration of financial cycles must 
be approximately twice as long as the duration 
of business cycles (6.25*2^4 = 100). 

There are differences among sub-periods. 
If we omit crisis observations before 1980, but 
otherwise use the entire sample for estimating 
credit-to-GDP trends, the highest AUROC is 
0.732, i.e. much higher than with the entire 
sample. This optimum is found when the an-
nual λ equals 900, corresponding to a quar-
terly λ = 230,400. This is lower than the λ = 
400,000 recommended by Drehmann et al. 
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(2010), but still quite large.2 If the trend is es-
timated with data for 1970-2016, the optimal λ 
equals 1000, corresponding to a quarterly λ = 
256,000. For comparison, we also estimated 
the trend with data for the years 1970–2016. In 
general, using a short HP-filter initialization 
period relative to the value of the smoothing 
parameter affects the results, and may even 
improve the fit. As can be seen in Figure 2, 

2 As an additional robustness check, we use BIS quarterly 
credit data (https://www.bis.org/statistics/totcredit.htm) to 
see if the results for 1980–2016 depend on the definition of 

credit. λ = 1,000 is found to be optimal with the BIS data 
(either total credit to non-financial private sector or bank 
credit to non-financial private sector) as long as the HP-filter 
is initialized by chain-linking the BIS data with the long 
macro series.

such a difference significantly affects crisis 
predictions if λ is very large. For λ = 1562.5, 
this difference is still quite small.

Conclusions based on crises after 1980, 
however, suffer from the fact that the number 
of independent crisis observations is remark-
ably limited. In 12 out of 24 cases, a post-WW2 
crisis materialized in 2007–2008. We can con-
sider them as national manifestations of the 
same crisis rather than independent events. 
This unique event drives the results very 
strongly. If we run the analysis with crisis data 
on the period 1960–1990, preliminary results 
indicate that the optimal annual λ would be 
about 400 (an imprecise estimate due to the 
very limited number of crises in the sample).

As can be seen in Figure 3, the highest fit 
with pre-WW2 data is reached when λ is about 

Figure 2. Crises after 1980
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Figure 3. Crises before WW2

Figure 4. The gap with two different smoothing parameters, 1881–2016
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70, which corresponds to the quarterly λ value 
of 17,900 (AUROC = 0.623).

The statistical significance of the accuracy 
of gaps calculated with different λs can be as-
sessed with the test proposed by DeLong et al. 
(1998). Results are presented in Table 3. In 
most cases, the difference between the stan-
dard credit-to-GDP gap and the optimal gap is 
not statistically significant. The sub-sample of 
1960–1990 is the sole exception. The robust-

ness of findings is assessed by calculating the 
same statistics with crises from the Reinhart 
and Rogoff (2009) database. The findings re-
main broadly similar. If anything, optimal λs 
would be somewhat lower and the fit of the 
model somewhat weaker with the Reinhart and 
Rogoff database.

Figure 4 presents the development of two 
slightly different gaps in four countries, one 
calculated with λ =100 and another with λ = 

Table 3. Statistical significance of differences with respect to the standard gap

Sample Statistics
Jorda, Schularick, and 

Taylor crisis dates
Reinhart and Rogoff 

crisis dates

All crises

λopt

AUC(λopt)
AUC(1562.5)
p-value
N

100
0.6330 (0.0217)
0.6115 (0.0224)

0.1548
1 678

20
0.5672 (0.0208)
0.5431 (0.0210)

0.2295
1 678

Crises before WW2

λopt

AUC(λopt)
AUC(1562.5)
p-value
N

70
0.6312 (0.0283)
0.6058 (0.0300)

0.1811
590

20
0.5939 (0.0272)
0.5699 (0.0286)

0.3836
614

Crises between 1960-1990

λopt

AUC(λopt)
AUC(1562.5)
p-value
N

400
0.7925 (0.0494)
0.7416 (0.0515)

0.0153
440

300
0.7632 (0.0491)
0.7010 (0.0485)

0.0102
423

Crises after 1980

λopt

AUCλopt)
AUC(1562.5)
p-value
N

900
0.7755 (0.0318)
0.7712 (0.0327)

0.5173
453

900
0.6965 (0.0351)
0.6956 (0.0355)

0.8842
431

H0: AUC(λopt)=AUC(1562.5); p-values base on DeLong et al (1988)
Germany and Japan Excluded
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Table 4. Logit analyses

eq 1 eq 2 eq 3 eq4 eq5 eq6 eq7 eq8 eq9 eq10 eq11 eq12

Gaps lagged  
by years

1 2 3 1 2 3 1 2 3 1 2 3

Years
1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

1883-
2016

GCRs No No No No No No No No No Yes Yes Yes

Constant -3.46 -3.41 -3.39 -3.44 -3.40 -3.39 -3.43 -3.36 -3.35 -3.71 -3.69 -3.70

z-stat -22.4*** -22.7*** -22.9*** -22.6*** -22.8*** -23.0*** -22.7*** -23.2*** -23.5*** -20.3*** -20.0*** -20.8***

Coeff Gap 100 9.30 11.22 12.38 14.62 13.92 12.87 10.51 12.10 11.90

z-stat 1.9* 2.3** 2.6*** 4.4*** 4.1*** 3.6*** 2.0* 2.3** 2.3**

Coeff Gap1562 4.08 2.24 0.44 7.77 6.67 5.22 0.46 -1.00 -2.34

z stat 1.5 0,8 0.2 4.3*** 3.4*** 2.5** 0.2 -0.3 -0.8

Wald chi2 21.71*** 16.98*** 12.69*** 19.34*** 16.44*** 12.72*** 18.36*** 11.84*** 6.3** 87.4*** 87.5*** 89.04***

McFadden 
pseudo R2

0.042 0.034 0.015 0.037 0.032 0.026 0.036 0.024 0.013 0.192 0.191 0.194

Crises 58 58 56 58 58 56 58 58 56 58 58 56

eq13 eq14 eq15 eq16 eq17 eq18 eq19 eq20 eq21 eq22 eq23 eq24

Gaps lagged  
by years

1 2 3 1 2 3 1 2 3 1 2 3

Years
1883-
1969

1883-
1969

1883-
1969

1970-
2016

1970-
2016

1970-
2016

1970-
2016

1970-
2016

1970-
2016

1970-
2016

1970-
2016

1970-
2016

GCRs No No No No No No No No No No No No

Constant -3.36 -3.31 -3.36 -3.68 -3.67 -3.59 -3.68 -3.64 -3.55 -3.61 -3.65 -3.57

z-stat -18.5*** -18.85*** -18.6*** -13.16*** -13.1*** -13.2*** -13.18*** -13.24*** -13.5*** -13.0*** -12.89*** -13.4***

Coeff Gap100 12.35 10.54 10.71 0.42 9.08 13.33 18.74 21.66 21.70

z stat 2.2** 1.9* 1.9* 0.0 1.0 1.5 3.8*** 4.2*** 3.9***

Coeff Gap1562 1.27 -3.00 -4.34 10.61 7.58 5.35 10.78 11.30 10.65

z stat -0,4 -0.9 -1.4 2.6** 1.7* 1.2 4.7*** 4.5*** 3.9***

Wald chi2 6.06** 3,56 3.72 21.64*** 20.68*** 16.94*** 21.65*** 20.24*** 15.4*** 14.37*** 17.24*** 14.8***

McFadden 
pseudo R2

0.018 0.006 0.011 0.110 0.110 0.081 0.110 0.104 0.077 0.076 0.094 0.082

Crises 36 36 34 22 22 22 22 22 22 22 22 22

The gap with lambda=100 and with lambda=1562 as explanatory variables. Both gaps lagged by the same nr of years.
* = 10% signific; **=5% signific.; ***=1% signific; 
GCR = Global crisis dummy ; two separate dummy variables, one for 1931 and another for 2008 as control variables
Random effects; observed information matrix stf errors
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1,562.5. Canada, Australia, Switzerland and 
Sweden are used as the sample; there are data 
from 1870 for all four and the effects from the 
world wars were less severe than in some coun-
tries. As can be seen, the gaps are highly cor-
related for each country, which probably ex-
plains the limited impact of the smoothing 
parameter on the predictive power. Countries 
differ, of course. In Switzerland, where cycles 
have been more pronounced, the difference 
between the two gaps has not always been 
minimal.

4. Logit estimations

A traditional logit analysis is used to test 
whether differences in the explanatory power 
of gaps obtained with the different smoothing 
parameters are statistically significant. Results 
are presented in Table 4.

In most equations, both the equivalent of 
the standard credit-to-GDP gap (Gap1562) 
and the parametrization optimized with the 
entire sample excluding Japan and Germany 
(Gap100) are used in parallel as crisis predic-
tors. In each equation, the forecasting horizon 
is one, two or three years. There are no year- or 
country-specific fixed effects aside from 1931 
and 2008 in Equations 10–12 in Table 4. Cases 
where a crisis broke out one to five years prior 
to the moment to be forecasted are excluded 
from the sample.

As can be seen in Table 4, there is little 
evidence that the standard credit-to-GDP gap 
adds much predictive power after one controls 
for the gap obtained with a much lower λ. Tak-
ing the entire sample, the Gap100 is a statisti-
cally significant predictor and Gap1562 is not 
if both are used in parallel. This result is found 

with any forecasting horizon (equations 1–3 
and 10–12). The standard credit-to-GDP gap 
improves forecasting accuracy at short fore-
casting horizons in the post-1970 era (equa-
tions 16 and 17). When the focus is on crises 
before 1970 (equations 13–15), the standard 
gap is useless in comparison to Gap100. In-
deed, the standard gap may even affect crisis 
probability with the wrong sign (equation 15). 
If the analysis is restricted to recent decades, 
as in the analysis by Drehmann et al. (2010), 
there is no evidence that either gap clearly out-
performs the other, with the exception of 
equations 16 and 17 (Gap1562 is statistically 
significant even when one controls for 
Gap100).

5. Conclusions and discussion

The credit-to-GDP gap’s smoothing parameter 
λ = 400,000 was originally optimized with pan-
el data covering less than three decades. Not 
only is this a fairly short period when assessing 
differences between very high smoothing pa-
rameters, but recent samples are dominated by 
national manifestations of the 2008 global fi-
nancial crisis. They should not be seen as truly 
independent observations in any econometric 
analysis. This paper presented results with a 
much longer sample that hopefully alleviate 
some of these problems. Data availability on 
earlier decades is limited, implying that both 
quarterly data and information on non-bank 
credit is scarce or not available at all. There-
fore, the above analyses used annual bank 
loans only. Previous research indicates that, if 
anything, bank credit may be slightly more use-
ful in banking crisis prediction than a wider 
credit aggregate (see e.g. Tölö et al., 2018, 
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p. 89; Detken et al., 2014, p. 26). As quarterly 
data are available only for recent decades in 
most sample countries, the analyses were car-
ried out with annual data.

The main findings can be summarized as 
follows. The optimal λ seems lower if it is de-
rived from a sample covering almost 150 years, 
although the evidence on the statistical sig-
nificance of this finding is mixed and found 
mainly with logit analyses. Using a lower pa-
rameter value clearly improves the predictive 
power of the gap during the early decades of 
the sample and does not significantly weaken 
the results in predicting crises of recent de-
cades. The ability of credit-to-GDP gaps to 
foresee pre-WW2 crises is weaker than its abil-
ity to forecast post-WW2 crises. However, es-
timations with post-WW2 crises may yield bi-
ased results because the 2008 global financial 
crisis drives the results too strongly, biasing 
upwards the estimate for the optimal smooth-
ing parameter. Calibration of early warning 
indicators should not over-emphasise one his-
toric event. Whenever possible, the data for 
calibration should cover countries that have 
had crises but were not hit by the 2008 tur-
moil. The data on credit and GDP must span 
over a much longer period than a few decades, 
if one intends to test very high lambda values. 

There is at least one obvious policy conclu-
sion. If one uses trend deviations of the credit-
to-GDP gap in detecting the need for counter-
cyclical capital requirements, it is advisable to 
compare different calibrations of the one-sided 
HP filter. As was seen in Figure 2, the  
AUROC values may depend rather clearly on 
the number of observations used in trend esti-
mations, which probably also implies that the 
superior performance of the parametrization 

recommended by Drehmann et al. (2010) is not 
robust to the length of the sample.

A credit gap of a given size does not neces-
sarily pose the same magnitude threat to finan-
cial stability from one era to another. The 
threshold corresponding to a given risk level 
seems to depend on the regulatory regime, the 
development of the financial system and other 
slowly evolving structural factors of the econ-
omy. Thus, the meaning of “excessive credit” 
likely varies over time, but at least one earlier 
observation suggests that the dynamics be-
tween credit, GDP and financial crises have 
not fundamentally changed. It is commonly 
held that the typical length of the financial 
cycle in recent decades has varied between 
eight and twenty years (see e.g. Verona, 2016; 
Schüler et al., 2017). Most empirical studies on 
cycle length use relatively short samples, but 
Aikman et al. (2015) extend their sample to 
cover the late 19th century. The average finan-
cial cycle length was found to be about 13 
years, which is comparable to our results. □
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