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Abstract 

     This paper aims to find macroeconomic and financial variables with ability to predict 

financial crises. A dataset covering 17 developed countries over the period 1870-2013 have 

been investigated using a logit model. We found commonly used macroeconomic variables 

such as terms of trade and consumption to be strong predictors within our sample. Whereas 

private debt and house prices are frequently found to be strong predictors, we found loans 

to business to be at least as good in predicting financial crises. Multivariate models are 

constructed as warning systems and used to analyze Sweden from 1975 up until 2016. The 

most efficient warning system give a strong signal before the first and moderate signal before 

the second crisis. In extension, regarding today’s climate the warning system provides no 

signal, suggesting low current risk. Policy makers can benefit from observing certain variables 

that are found significant in this study to improve financial stability and reduce socio-

economic costs. 

Keywords: Financial crisis, Logit, Practical forecast, Early warning system, ROC-Curve   
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1. Introduction 

     This paper sets up to find macro and financial variables with the ability to predict financial 

crises across 17 developed countries covering more than 140 years. The aim is to construct 

a practical forecasting model that can be applied to Sweden´s situation today. To serve the 

purpose of this paper an econometric approach is used to estimate variables predictability on 

crises. This application will provide new information about the Swedish financial markets, 

historical and current state. We believe this kind of study is of interest since a substantial 

growth in asset prices and a significant growth in credit have occurred following the last 

financial crisis. 

     Financial crises are considered a rare event (Taylor, 2015) and is often started by asset 

and credit booms (Claessens et al., 2014). Financial crises seem to occur more frequently 

after the Bretton Woods era (Bordo et al., 2001) and the adoption of financial liberalization 

in the 1980s (Demirgüc-Kunt and Detragiache, 2005). Often economists do not see them 

coming (Allen and Gale, 2008), which suggests that there is still a lack of knowledge regarding 

which factors are contributing in creating them, as well as the ability to anticipate and prevent 

a forthcoming crisis. If we can learn to see signals for financial instability it can help policy 

makers to alleviate economic costs (Jordà et al., 2010).  

     Sweden is not an exception in experiencing financial crises and have in the last century 

suffered from several crises, most of which occurred pre-World War two. In post-World 

War two, Sweden has suffered from two crises per the definition used in this paper. The first 

is considered a credit crisis that took place in 1991 and the subprime-crisis that started in the 

United States and spread into a global crisis in 2008. Furthermore, in the post-World War 

two eras Sweden experienced turmoil as a consequence of the IT-bubble bursting in the early 

21st century, causing Sweden’s financial market to rapidly fall. This is not considered a crisis 

in this study due to the definition used, but it is possible that we can observe abnormal 

behavior in the variables during this episode. 

     A financial crisis can lead to consequences with high costs for the economy and a 

persistent decrease in GDP (Allen and Gale, 2008). Recessions as an effect of financial crises 

have higher social costs compared to ordinary recessions (Taylor, 2015). Laeven and Valencia 

(2012) also empathizes the costs connected to crises and say that GDP on average can deviate 

about 20 percent the upcoming four years after a crisis. Sweden is currently experiencing an 

unusual situation with low, even negative, nominal interest rate. This is an economic factor 
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that has a substantial impact on credit (Claessens et al., 2014), and makes the current financial 

climate in Sweden interesting for a more thorough investigation with regards to financial 

crises. 

     Previous studies have shown that financial crises can lead to significant negative impact 

on several sectors, e.g. housing prices, equity prices, unemployment and government debt 

(Reinhart and Rogoff, 2009). The subprime crisis in 2008 resulted in approximately eleven 

million jobs lost in the OECD countries, a number that is close to the number of all workers 

in Australia (Jordà, 2013). Estimates of Sweden’s fiscal costs in the 1990s crisis is accounted 

to 60 billion SEK (Boksjö and Lönnborg-Andersson, 1994) and an output loss of 32.9 

percent of GDP (Laeven and Valencia, 2012). In 2008 the output loss is accounted to 25 

percent (Laeven and Valencia, 2012) and the stock market lost almost half of its value 

(Österholm, 2010).  

     Research in this area is crucial and can provide policymakers with tools to improve 

financial stability, reducing the likelihood of future crises and the costs associated. There 

have been quite extensive amounts of research conducted worldwide regarding predictors of 

financial crises. Researchers have with different statistical methods made attempts to solve 

which variables can predict financial crises. The most common conclusion is that credit 

booms are a main factor of increasing the risk of financial crises. 

 

1.1 The aim objectives 

     We aim to find predictors of financial crises using the panel dataset created by Jordà et 

al., (2017), with a few modifications. Variables found significant and consistent across crises 

and countries will be used to construct an early warning system. This system will be used to 

investigate predictability concerning the financial crises in Sweden from 1975 up until 2016. 

If statistical and economic significance can be found from the warning systems when applied 

specifically to Sweden, an analysis of the current climate will be made. Variables included in 

the warning system will also be examined individually for further analysis. The application of 

this paper, conducting a more thorough analysis of Sweden is unusual, making this study an 

interesting contribution to the field. The following research questions are examined 

throughout this research: 

 

• Which variables can help predict financial crises in developed countries? 
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• To what extent can the combined ability of several variables create good predicting 

models? 

• What can our models say about the modern time crises, and the current financial 

climate in Sweden? 

 

     The main contribution of this paper is that it provides a practical forecasting model 

applicable to Sweden. Limiting this research regarding countries and variables included is 

necessary, where we choose to limit ourselves to the 17 countries already included by Jordà 

et al., (2017). Explanatory variables included are restricted to 38, where additional variables 

and ratios adjusted by GDP have been created. An additional limitation is due to the 

difficulties in retrieving the exact same data when extending the sample covering Sweden 

from 2013 to 2016. Most variables were found in the exact same form, but some variables 

had to be represented by similar variables highly correlated with the original data. 

Furthermore, ethical issues in this study are limited since only secondary data is used. 

Transparency with regards to data and implementation is the most important aspect, which 

is managed by including thorough details of data description and actions taken through this 

investigation.  
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2. Theoretical framework 

2.1 Theoretical background 

     There is an extensive amount of research done regarding the many different aspects and 

types of financial crises. To clarify the occurrence of financial crises used in this study it is 

first important to point out that there are several different definitions of financial crises used 

in previous literature. Different types of crises that can be referred to as financial crises can 

be caused by inflation, currency crashes, and various types of debt crises (Reinhart and 

Rogoff, 2009). These different crises all have their own methods for investigations and 

generate different implications for the economy. Combinations, like banking crisis and a 

currency crisis, can arise simultaneously (Leaven and Valencia, 2012). This paper focuses on 

the broader definition of specified banking crisis which from this point will be referred to as 

financial crisis. 

     An accepted and commonly used definition of financial crisis (e.g. Jordà et al., 2010; 

Taylor, 2015) is the one early used by Bordo et al., (2001), and later applied by Laeven et al., 

(2008). The definition states that when the banking sector is exposed by public intervention, 

bankruptcy, merging of financial institutions or significant decline in deposits, a financial 

crisis is apparent. Reinhart and Rogoff (2009) use a large sample with respect to both time 

and number of countries included. They use a similar approach to estimate the starting date 

of a crisis and strengthens the validity of the definition due to their experience in the area. 

Researchers variation in the interpretations of the definition of financial crisis has been 

questioned since the result is highly dependent on which description have been used (Van 

den Berg et al., 2008). 

     Throughout the last decades, financial markets around the world have experienced a lot 

of deregulations which have pushed the occurrence of financial crises to go up rapidly in 

developed countries (Kaminsky and Reinhart, 1999). In Sweden, the crisis in 1990 was a 

consequence of the deregulation in 1985 (Ahnland, 2015) which included among other things 

the abolition of the borrowing ceiling (Boksjö and Lönnborg-Andersson, 1994). 

Deregulation and the phenomena of an increasing number of financial crises in developed 

countries have captured the interest among economists, especially after the subprime crisis 

in 2008 (Kauko, 2014). After this crisis, there has been a significant amount of valuable 

contributions to the field regarding predicting variables (e.g. Reinhart and Rogoff, 2009; 

Schularick and Taylor, 2012). For practical use, a well-constructed warning system can be 
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used for e.g central banks to implement measures to counteract great economic costs due to 

financial stress (Zhang et al., 2016). The European Central Bank (Lainà et al., 2015) and 

Svenska Riksbanken (Giordani et al., 2017) have recently devoted themselves to this. 

     This paper focus on research using quantitative analysis and will discuss theory related to 

this field of methods. Even though financial crises are a phenomenon that have existed in 

centuries, early work regarding financial crises, e.g. Kindleberger (1996), did not use 

econometric analysis to the same extent as is used today. Econometric analysis regarding 

financial crises is therefore a relatively new field, and there is no perfect model designed to 

predict financial crises (Hamdaoui, 2016). Researchers constantly provide this field with new 

information, although there have been more comprehensive econometric studies concerning 

developing countries. Econometric application on developed countries do now also get a 

higher level of researcher’s interest (Jordà et al., 2010). 

     To study rare events like financial crises it is essential to have a robust econometric model 

and large amounts of data. A common problem is the difficulty of conducting econometrical 

tests on specific countries, like Sweden in this case. Since it is a rare event, there are limited 

numbers of observations covering financial crises which can create problems when using an 

econometric model. A solution for this problem and a regularly used method is to pool data 

over countries, which increases the number of observations. Some researchers have 

succeeded in the difficult task of compiling large datasets over time, e.g. Jordà et al., (2017), 

whose dataset stretches from the end of the eighteenth century to modern time. By using 

long datasets, interesting comparisons between historical and modern crises is possible. This 

has also been a method to create statistical evidence that the origin of crises is quite similar 

over time (Reinhart and Rogoff, 2009). 

     Two approaches commonly used to investigate variables ability in predicting financial 

crises are signal approach and binary response models. Kaminsky and Reinhart (1999) were 

contributing to the early work of building an early warning system based on the bank's 

financial position. When using signal models, pre-crisis is analyzed to see which variables did 

signal the crisis and it is usually modelled through a univariate model. When an indicator 

reaches a certain level, a signal is created as a warning for a crisis.  Here it is important for 

the architect of the model to choose a threshold for the signal that maximizes the utility 

derived from true and false signals (Kauko, 2014). In binary response models, the early work 

was made by Demirgüc-Kunt and Detragiache (1998) and Hardy and Pazarbasioglu (1998). 
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Furthermore, probabilistic models such as logit and probit are used to analyze which 

variables have ability in explaining outbreaks of financial crises. A major advantage of these 

models is that constructions of multivariate models are possible, which have better ability to 

predict crises (Alessi et al., 2014).  

     Linear models, such as Ordinary Least Squares (OLS) are mainly rejected since a linear 

relationship between economic variables and financial crises does not exist (Bussiere and 

Fratzscher, 2006). Another model, used to a less extent is classification trees, a method used 

by e.g. Ward (2017) that categorize variables value of levels of risk. Furthermore, another 

difference between the many different applications is regarding the explanatory variables, 

where some papers focus on a single model and others on a multivariate model. Although it 

is easier and more straightforward to interpret a single model you suffer the risk of missing 

important information. This can result in missing signals of a potential financial crisis which 

is not perceived by the model (Alessi et al., 2014).  

     Regardless of which method, data or definition of crisis chosen, there will be both 

strengths and weaknesses, with different results and implications. Researchers should be 

aware of the spillover effect from one country to another which might lead to cross- sectional 

dependence. This could influence the estimations and affect the outcome, since other 

countries impact on the probability of domestic financial crisis (Van den Berg et al., 2008). 

Logit and probit is commonly used as a discrete choice model and the difference between 

them is small. In the logit model, the occurrence of a financial crisis is higher due to a more 

fat-tailed distribution in the underlying latent variable. The fact that financial crises are a rare 

event is therefore beneficial for the logit model as the occurrence end up far out in the 

distribution (Kumar et al., 2003). 

     A critique of logit models to forecast crises is the argument that there are more effective 

methods to investigate the variables of interest with higher accuracy. Ward (2017) is one of 

the researchers who argue that an early warning system based on classification tree is more 

effective for forecasting crises than the probabilistic logit or probit model. To compare 

different methods and models in their effectiveness in predicting crises, Receiver Operating 

Characteristics (ROC) is commonly used in recent literature. It controls the number of 

correct against incorrect predictions, as well as non-made wrong and right predictions. The 

warning systems is evaluated based on the sensitivity chosen and expressed as a graph where 

a high area under the ROC-curve (AUROC) is preferred. This approach provides a good 
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measure of the accuracy, of which the model's functionality can be rated (Alessi and Detken, 

2011). 

     Certain variables are consistent in previous research across financial and macroeconomic 

variables. Researchers are quite united when it comes to credit variables (e.g. Reinhart and 

Rogoff, 2009 and Perugini et al., 2016). On the contrary, results regarding variables as 

inequality are more inconsistent (Bordo and Meissner, 2012; Kirschenmann et al., 2016). A 

possible explanation for this could be by variation in methods, definition and dataset used in 

the different publications. The complexity of financial crises makes it impossible to find 

perfect answers and to build flawless warning system. The importance of persistent research 

regarding the many aspects connected to crises is therefore of great importance. 

     Sweden has repeatedly been part of researcher’s panel dataset contributing to the variables 

interpretations (e.g Jordà et al., 2017). In these studies, the focus has generally been on the 

overall result of variables significant as predictors across countries. Isolated time series 

approach regarding Sweden's crises is not that common and a hard task due to the lack of 

data. Recent studies focusing on Sweden, Österholm (2010) and Ahnland (2015), have been 

used as framework for this study. Österholm (2010) focuses on the costs associated to GDP 

after financial crises and suggest that the subject is interesting for fiscal policy. Ahnland 

(2015) accomplished the difficult task of assembling a new dataset, covering Sweden from 

the 1900 to 2013. Through a detailed analysis, the author confirms much of previous 

findings. Although it can be hard to investigate a single country's variables behaviors in an 

econometric model, it is possible to observe the behavior of variables in graphs. 

2.2 Literature review 

     During the last decades, economists have provided a plethora of new studies examining 

financial crises. To find relevant sources for this study, solely articles and books that are 

scientifically recognized and quality assured have been used. Among these literature, several 

methods to find variables able to predict crises have been used. Data of different variables 

concerning developed and developing countries are presented over different time-periods. 

Thus, provides us with a clear framework and make comparison of results possible. Previous 

literature in this field that have served a purpose as framework for this research are 

summarized in table 1. Furthermore, following the table are brief summaries of the main 

findings. 
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Table 1. Literature Review 

Authors Dependent Explanatory Data Method Key findings 

Demirgüç-Kunt and 

Detragiache (2005) 

Financial crisis 11 macroeconomic 

variables 

94 mixed 
countries, 
1980-2002 

Logit This paper is an extension of previous work with more countries and crises 

and get approximately the same result as previous paper (Demirgüç-Kunt 

and Detragiache 1998). GDP, interest rate, credit growth and inflation is 

significant variables for financial crisis.  

Reinhart and Rogoff 

(2009) 

Financial crisis Exchange rate, 

housing prices, stock 

price, i.a. 

66 mixed 

countries, 

1800-2007 

Signal approach Exchange rate, housing prices, short-term capital inflows, current account 

balance and stock prices are considered strong predictors. 

Büyükkarabacak and Valev 

(2010) 

Financial crisis Credit, money, 

interest rate, inflation, 

terms of trade, bank 

debt, bank assets 

37 mixed 

countries, 

1990-2007 

Logit The author’s estimates show that household credit expansions are a 

statistically and economically significant predictor of financial crisis. Credit 

to firms is also a significant variable to predict financial crisis, but is less 

effective than credit to household. 

Jordà et al., (2010) Financial crisis Credit, interest rate, 

i.a. 

14 developed 

countries, 

1870-2008 

Logit  

ROC 

From a policymaker perspective, credit is the most important variable to 

observe to predict a crisis. Including the variable external imbalances 

increases predictability slightly. In front of global crises interest rate minus 

growth rate tends to be low from a historical perspective. 

Österholm (2010) The Swedish 

Economy 

Financial crisis Sweden, 

2008 

BVAR The global crisis of 2008 had the biggest impact on Sweden since 1930s.  

Predicting slow growth in GDP as a consequence of a financial crisis. 

Alessi and Detken (2011) Asset price 

boom/bust cycles 

18 financial variables, 

creating 89 indicators 

18 developed 

countries, 

1970-2007 

Signal approach With a signal approach extended with quasi real time exercise, the global 

variables provide higher predictability than domestic and global private 

debt. Global narrow is rated as the best indicator compared to a wide range 

of indicators. 
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Drehmann et al., (2011) Financial crisis 10 macroeconomic 

variables 

36 mixed 
countries, 
1960-2010 

Signal approach By comparing the number of true signals against false signals to financial 

crisis in each variable credit to GDP gives the best result. Banking sector 

indicators as the banks revenues and losses, indicators based banks cost of 

funding is not effective indicators to signal financial crisis. 

Bordo and Meissner (2012) Financial crisis, 

credit 

Credit, inequality 14 developed 

countries, 

1880-2008 

OLS Prob, Logit They confirm the relationship between credit and crises, but not between 

inequality and crises. Finds that credit increases the risk of financial crises 

and that low interest rates as well as growth in the economy lead to increased 

credit. They find no relationship between inequality and credit and therefore 

no evidence that the variable increases the risk for a financial crisis. 

  

Schularick and Taylor 

(2012) 

Financial crisis Credit 14 developed 

countries, 

1870-2008 

OLS Prob, Logit, 

ROC 

 

Credit is a good, but not perfect predictor of financial crises. Credit may in 

some cases be driven by economic growth and therefore not lead to financial 

instability. In previous crisis, an expansion in credit is more a rule then an 

exception. 

Kemme and Roy (2012) Financial crisis Housing prices United states, 

1950-2005 

VEC, Logit, 

Probit 

Boom in housing market can lead to a financial crisis and resulted in the 

global financial crisis in 2008. This is similar like historical crisis which often 

is driven by a sharp rise in house prices according to the authors.  

 

Betz et al., (2013)  Bank distress Macrofinancial, bank-

specific and country 

specific indicators 

546 European 
banks, 
2000-2016 

Logit, ROC Contributes on finding macro-financial and banking sector indicators for 

bank distress and shows that including them in an early warning system 

higher the predictability power to bank distress in the model. 

Lo Duca and Peltonen 

(2013) 

Financial crisis 17 variables 28 mixed 
countries,  
1990–2009 

 

Logit An early warning system containing a multivariate framework is more 

effective for policymaker then a univariate model. Domestic and global 

variables should be mixed in the same multivariate model to maximize the 

effectiveness of the model.  
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Ahnland (2015) Financial crisis Credit Sweden, 

1900–2013 

Logit Build-up of private debt has a significant effect on financial crises in 

Sweden. A constructed time series data over Sweden implicates that both 

private debt as well as bank debt has a significant effect on financial crises 

in Sweden. 

Lainà et al., (2015) Financial crisis Credit, house prices 11 developed 

countries, 

1980-2013 

Logit, Signal 

approach 

Credit in form of loans to deposits and house prices are strong indicators. 

Different types of credit are also significant as predictors of financial 

crises. The significant indicators behaviours have been consistent with 

the financial crises in Finland. 

Vermeulen et al., (2015) Financial crisis Financial stress index 28 OECD 
countries, 
1980-2010 

Logit, Simple  

correlations 

No correlation between stress index and financial crises. Their created 

stress indicators including volatility in stocks, exchange rate, beta of the 

banking sector, interest rate and TED-spread as a method to detect crises 

are of little use for policy implications in predicting financial crises. 

Taylor (2015) Financial crisis Private credit, current 

account, public debt 

17 developed 

countries, 

1870-2015 

Logit, ROC Credit is found significant in predicting financial crises. Private debt gives 

the highest AUROC and by adding the variables current account and 

public debt into the model, the predictability does not get better. 

Perugini et al., (2016) Financial crisis, 

credit 

Inequality, credit 18 OECD 
countries, 
1970-2007 

Logit, GC 

 

Credit is found significant in predicting financial crises. Domestic credit 

as a share of GDP is a significant and robust predictor for financial crises 

and inequality leads to indirect effect on the probability for a crisis due to 

a significant effect on credit. 

Jordà et al., (2016) Financial crisis Mortgage, non-

mortgage 

17 developed 

countries, 

1870-2011 

Logit, ROC Mortgage loans and non-mortgage loans has influence on financial crises. 

Both credit variables can be used as predictors of financial crises. 
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OLS prob. - OLS linear probability model BMA - Bayesian model averaging  

SCT- Single classification trees  ROC- Receiver operating characteristics 

CTE - Classification trees ensembles JC - Cointegration test  

FMN -  Finite mixture model  GC - Granger Causality Test 

BVAR - Bayesian vector autoregression  

Malinen (2016) Credit Inequality 8 developed 

countries, 

1959-2008 

JC, GC Finds a significant relationship between inequality and credit. There is a 

long-run steady state relationship between the variables according to the 

cointegration test and a granger causality relationship. Which implicates 

that inequality have led to a growth in credit which to previous research 

leads to a higher probability for financial crises. 

Kirschenmann et al., 

(2016) 

Financial crisis Inequality, credit, 

current account, i.a. 

14 developed, 
1870-2008 

Logit, ROC Inequality is a useful predictor for financial crisis and by including other 

variables as tested for in previous research the variable is still significant as 

a predictor for financial crises. The variable credit is consistent with 

previous research and is functioning as a predictor to crises. 

Zhang et al., (2016) Financial bubbles Price time series 16 historical 

bubbles, 

1929-2015 

Quantile Crashes can be predicted by existence of log-periodic power law singular 

patterns in the stock-index. 

Hamdaoui (2016) Banking crisis 

within 24 months 

GDP growth, 

domestic credit, credit 

growth. i.a. 

49 mixed 
countries,  
1980-2010 

Logit, BMA Multinomial model more accurate and correctly predicting financial crises 

than a binomial logit model in their constructed early warning system. By 

using a Bayesian model averaging predictors are tested separately and 

current account and capital flow turns out to be important to include in an 

early warning system.  

Ward (2017) Financial crisis 70 mixed variables 17 developed 
countries, 
1870-2011  

Logit, SCT, 

CTE, ROC 

The researcher tests different models ability to predict crises gets a better 

warning system based on classification trees ensembles than logit model 

and single classification trees. In order to compare the models, they are 

rated after their AUROC value and the model with the highest is concluded 

as the best model. 
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     Reinhart and Rogoff (2009) investigate variables useful as warning indicators for financial 

crises. Significant indicators of financial crises are exchange rate, housing prices, short-term 

capital inflows, current account balance divided by investment and stock prices. As weaker 

indicators, they also mention terms of trade and Moody's sovereign ratings. Demirgüç-Kunt 

and Detragiache (2005) applied the logit model to predict crises, they found aside from credit, 

significance in GDP, inflation and interest rate. Büyükkarabacak and Valev (2010) discuss 

the difference between two credit variables impact on financial crises. Their results indicate 

significance in both, but loans to household is a more effective predictor compared with 

loans to business. Jordà et al., (2010) investigates the relationship between macroeconomic 

variables and financial crises in developed countries. When observing the period pre-crisis, 

they see a rising level in credit growth and a low natural rate gap (interest rate minus growth 

rate). In addition, they find the variable external imbalances significant, although the 

importance of this decrease in the post-World War two eras. Schularick and Taylor (2012) 

confirms that credit is a good but not perfect predictor to the event of a financial crises. 

     Kemme and Roy (2012) uses, amongst other methods, a logit model with focus on 

housing prices in the United States during the subprime market collapse, inspired by Shiller´ 

(2005) prediction of the crisis in 2008. They describe the price boom by liberalization and an 

over-optimism in the market. Meanwhile, a common belief was that financial crises where 

more likely to appear in other countries since they thought they had learned from their earlier 

mistakes. This is known and referred to as the This-time-is-different syndrome (Reinhart and 

Rogoff, 2009). Kemme and Roy (2012) suggests that the 2007 boom in the United States not 

could be explained by income, population, building cost or lower level in the long-term 

interest rate. Their sample consists of developed countries and logit and probit models are 

used to test the housing market as a predictor of financial crises. With their data, they 

construct an early warning system that strengthens Shillers´ theory and they agree with 

Reinhart and Rogoff (2009) that a boom in housing market can lead to a financial crisis. 

     Jordà et al., (2016) separates mortgage loans from non-mortgage loans and investigates if 

different kinds of credits affect the risk of a financial crises. They use the same probabilistic 

model and approach as Schularick and Taylor (2012). Both types of credit is found to have 

a significant effect on the event of a financial crisis. Ahnland (2015) creates a new dataset 

containing data regarding Sweden between 1900-2013, where a logit model is used to 

investigate the relationship between credit and financial crises in Sweden. As credit, three 
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different types of variables are used: bank debt, housing mortgage and other credit. The main 

finding is that build-up of private debt and outbreak of financial crises have a significant 

relationship in Sweden within this period, and is strongest when only bank debt is considered.  

     The work conducted by Taylor (2015) uses a logit model correspondingly with previous 

literature (e.g. Bordo and Meissner, 2012; Kemme and Roy, 2012; Schularick and Taylor, 

2012). The author finds consistent with previous researcher that credit is significant in 

predicting financial crises. Perugini et al., (2016) uses a logit model to test if credit to GDP 

ratio leads to financial crises. They use the same probabilistic methodology as Bordo and 

Meissner (2012) and Schularick and Taylor (2012). The conclusion drawn is in line with and 

confirm previous research that credit is a significant predictor of financial crises. The same 

model is also used to investigate macro and financial variables by Lainà et al., (2015), their 

result regarding credit is in line with previous work. An addition in this paper is the use of 

signal approach, leading to the conclusion that three years’ lag is optimal for detecting signals. 

This research is particularly interesting for this paper due to the focus on Finland which has 

similarities with the Swedish economy. Lainà et al., (2015) uses time series data on Finland 

and create graphical plots to investigate patterns in variables during the crises, similar to the 

application in this paper on Sweden. 

     Vermeulen et al., (2015) constructs a financial stress index containing data from 28 

OECD countries and test if it is reliable to forecast financial crises. The authors use a multi 

country sample to capture more crises compared to a single country sample. They mention 

the loss in indicators which might make the model less effective. This could be the reason 

that a strong relationship is not found between their stress indices and financial crises. 

Another financial stress index is conducted by Lo Duca and Peltonen (2013), whom uses 

logit model in their paper. A multivariate model is found to outperform a single model and 

a mix of domestic and global variables leads to the most effective estimations. Zhang et al., 

(2016) applies a different method with a quantile regression to create an early warning system 

for financial crises. Their model shows that market crashes can be predicted by existence of 

log-periodic power law singular patterns in the stock-index. In addition, a quantile forecasting 

indicator is outperforming an OLS constructed warning system and gets significant results 

in their early warning system.  

     Instead of predicting the timing of a banking crisis, one approach is to construct an early 

warning system to forecast if a crisis might occur in the following years (Hamdaoui, 2016). 
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Using macroeconomic variables as independent, Hamdaoui (2016) constructs a warning 

system with a bayesian model averaging multinomial logit model. Compared to a binomial 

logit model the multinomial models is more accurate and correctly predicts most of the tested 

crises. Betz et al., (2013) differs from the other researchers and use data from European 

banks instead of a panel based on countries. Although they use another name for the 

dependent variable it is close to the definition of a financial crisis commonly used in earlier 

research, since its developed from the bank's financial stability. 

     Bordo and Meissner (2012) analyses the relationship between credit growth and the 

probability of financial crises, getting similar results like Schularick and Taylor (2012). Focus 

in this paper is to test whether increasing inequality increases the risk of a financial crises, 

but the results show no evidence for this relationship. Kirschenmann et al., (2016), on the 

contrary, finds that inequality has predictive power for financial crises. Malinen (2016) also 

arguments that inequality leads to an increased risk of financial crisis through a higher level 

of credit. A higher level of credit leads per previous researcher to financial instability (e.g. 

Reinhart and Rogoff, 2009; Bordo and Meissner, 2012; Schularick and Taylor, 2012). Malinen 

(2016) finds a relationship between inequality and credit which contribute to financial crises 

and is therefore an indirect effect on financial crises.  

     Alessi and Detken (2011) focus on a signal approach model with a large set of indicators 

to forecast booms in asset prices. Global indicators outperform domestic, the variables global 

narrow and global private debt is found the most significant. A signal approach is also used 

by Drehmann et al., (2011) to estimate variables interesting to determine banks capital 

buffers. By finding credit adjusted by GDP as the most important indicator and credit 

spreads as a signal in the release phase for financial stress. Their contribution is to help 

decision makers to choose optimum level for the bank’s capital buffers.  Ward (2017) deviates 

from the common methods with his classification tree ensembles, with a comparison to logit 

model where the former outperforms the other. This method is a type of signal approach 

but with the advantage of an opportunity to include more variables in the model.  
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3. Data 

     This study uses the annual dataset constructed by Jordà et al., (2017). The set includes 

macroeconomic variables and financial variables across 17 developed countries, including 

Sweden. This dataset is an extension of an earlier one, developed by Schularick and Taylor 

(2012), used frequently in this research area (e.g. Bordo and Meissner, 2012; Kirschenmann 

et al., 2016). In this dataset, the variable nominal house price is contributed from Knoll et 

al., (2017). Along with three new countries, an addition of explanatory variables is also 

included in this extended dataset. An advantage of this set is that it covers a majority of the 

developed countries and an extensive amount of years. To our knowledge, it is the most 

comprehensive and commonly used data in this field. A summary over countries included 

and their respective financial crises are presented in table 2. 

 

Table 2. Financial crises 

Countries Financial crisis time-period 

Panel sample   

Australia 1893, 1989 

Belgium 1870, 1885, 1925, 1931, 1939, 2008 

Canada 1873, 1907, 1923 

Denmark 1877, 1885, 1908, 1921, 1987, 2008 

Finland 1878, 1900, 1921, 1931, 1991 

France 1882, 1889, 1930, 2008 

Germany 1873, 1891, 1901, 1907, 1931, 2008 

Italy 1873, 1887, 1893, 1907, 1921, 1930, 1935, 1990, 2008 

Japan 1882, 1900, 1904, 1907, 1913, 1927, 1997 

Netherlands 1893, 1907, 1921, 1939, 2008 

Norway 1899, 1922, 1931, 1988 

Portugal 1890, 1920, 1923, 1931, 2008 

Spain 1883, 1890, 1913, 1920, 1924, 1931, 1978, 2008 

Switzerland 1870, 1910, 1931, 1991, 2008 

United Kingdom 1873, 1890, 1974, 1991, 2007 

United States 1873, 1884, 1893, 1907, 1929, 1984, 2007 

Time series sample   

Sweden 1991, 2008 

 

     Missing data can cause a problem when using a quantitative approach. To control if this 

affects our results, robustness-tests are performed. For this paper, modifications in the 

dataset are made by creating new variables. Furthermore, Sweden was excluded from the 
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panel dataset and used as a time series where the data are cut at the 1975s and extended from 

2013 to 2016. This will make the historical analysis of Sweden more applicable to today’s 

climate. However, the panel dataset estimated through logit regressions is kept in its original 

length to retain as many observations as possible to get effective estimations. 

     A commonly used deployment of this kind of data is pre - and post-World War two, 

however we are interested in the whole sample and will not create any sub-samples to 

maintain the large number of crises. In addition, terms of trade (export/import) and real 

exchange rate, used as predictors in previous studies (e.g. Büyükkarabacak and Valev, 2010; 

Alessi and Detken, 2011; Hamdaoui, 2016) are included in this study. Credit variables are 

proven to be among the best predictors in previous literature and are found to have a 

significant relationship with interest rate. With this background, we want to further develop 

research concerning the interest rate and created an additional variable for this study, rate 

difference (difference between long-term and short-term interest rate). This variable has not 

been tested in previous research concerning this area to our knowledge. Furthermore, 

existing variables adjusted by GDP are also created, a more thorough variable description is 

presented in appendix (table 7). Variables created are all developed from the dataset by Jordà 

et al., (2017). Sweden is excluded from the panel dataset to avoid wrongful interpretations, 

since results from our panel set will be used to analyze Sweden more thoroughly using an 

out-of-sample approach. Datasets used throughout this study are constructed as presented 

in table 3. 

Table 3. Datasets 

Time-period Countries Frequency Observations Financial crises Predictors 

1870-2013 16 Annual 2304 87 38 

1975-2016 1 (Sweden) Annual 42 2 38 

Note: Where observations refer to the total number of years included in the sample (dependent variable) and 
do not consider observations regarding explanatory variables. 

 

     Financial crisis in this study is a binary variable coded by Schularick and Taylor (2012), 

defined by Bordo et al., (2001) and Reinhart and Rogoff (2009). The variables representing 

credit are the same as the one used by Schularick and Taylor (2012). Here aggregate bank 

loans are defined as saving banks, postal banks, credit unions, mortgage associations and 

building societies amount of domestic loans in the domestic currency, excluding loans to 

nonfinancial corporations. Narrow money is defined as the amount of outstanding domestic 
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currency loans made by domestic banks to domestic households and non-financial 

corporations. Broad money includes all the currency in circulation as well as liquidity 

products.  

     The panel dataset is used to find consistent predictors across countries and crises in our 

sample. For further analyze of the current financial climate in Sweden the original data is not 

applicable due to the lack of data after 2013. To solve this problem, the dataset covering 

Sweden is extended to 2016. In most cases the exact same variables were retrieved, but in 

some cases due to lack of data similar variables had to be used. Although it is not exactly 

same as the original data, it is ensured that the new data is highly correlated with the originally 

data. Data for the extension is retrieved for rate difference, import and GDP from OECD 

(2017). Consumption is retrieved from The World Bank (2017), property price from Bank 

for international settlements (2017). Both total loans to business and terms of trade are 

retrieved from Statistiska Centralbyrån (2017).  
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4. Methodology 

     This study analyzes variables capability of predicting financial crises using two datasets, 

one panel and one time series dataset. To find variables with qualities that can help predict 

financial crises, be consistent and significant throughout our sample, an econometric 

approach is used. To analyze the panel data covering 87 financial crises between 16 developed 

countries, a logit model has been used. This model is used due to the ability of 

econometrically estimate a binary outcome such as financial crises. To create a multivariate 

warning system the model is well equipped, compared to signal approach, which can only 

handle one variable. A probit model also fits these requirements but is rejected since the logit 

models advantageous ability to estimate rare events (Kumar et al., 2003).  The model used in 

this study is similar to the one used by Schularick and Taylor (2012) and Bordo and Meissner 

(2012). 

     In order to make effective estimations the data series are properly examined and tested 

to find the order of integration necessary to make the variables stationary. This implicate that 

mean, variance and autocovariance are always the same, independent where you look 

(Verbeek, 2012). This is done by examine graphs, which is a common first step when you do 

analysis of time series (Gujarati and Porter, 2009), analyzing correlograms as well as 

performing Augmented Dickey-Fuller tests (ADF-test). Correlation in the residual and 

robustness-test will be conducted on our final models to avoid spurious results and to test 

their consistency. The robustness will be tested on the models over a shorter period, without 

missing values. Furthermore, number of lagged periods included in estimations differ slightly 

between previous research where Lainà et al., (2015) test different lag structures but focus 

mainly on three number of lags. The research by Bordo and Meissner (2012) follows 

Schularick and Taylor (2012) and use five lagged periods in their estimations. Estimations 

done throughout this paper are made including a maximum lag length of five periods, similar 

to earlier work but will adopt the length to what seems to fit the data. 

 

4.1 Panel data 

     The model used is a logit model which gives the probability for a specific outcome 

depending on the independent variables included. Variables included in the model creates a 

vector which have an impact on the probability of a crisis. When constructing an early 

warning system one must choose an appropriate threshold for signaling crises. The estimated 
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probability is a continuous variable and therefore a low threshold will send out too many 

warnings resulting in false negative (Hamdaoui, 2016). The model coefficients are estimated 

using a maximum likelihood approach. This approach is used in both the univariate model 

when testing for variables specific predicting power and in multivariate regression when 

constructing our predicting models. 

     The dependent variable financial crisis (Yi,t) is a binary variable following an irregular 

distribution and can be explained as a coin flip with an unfair dice. It is coded as one if there 

is a financial crisis and zero otherwise as presented in equation 1.  

 

𝑌𝑖,𝑡 = {
1, 𝑖𝑓 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎 𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑐𝑟𝑖𝑠𝑖𝑠 𝑖𝑛 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑖 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡.
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.                                                                                 

              (1) 

 

     Equation 2 describes the estimated probability (𝑝𝑖,𝑡) where i is a specific country and t is 

a certain time for the event of a financial crisis and can be evolved by including more 

explanatory variables (𝑥𝑖,𝑡) into a multivariate model. As we seek to find variables with 

predicting power, a lag operator (𝑡 − 𝑘) are used to estimate the lagged effect (𝛽𝑖,𝑡) of our 

explanatory variables.  

𝑝𝑖,𝑡 =
1

1+𝑒
−𝛽1+𝛽2 𝑋𝑖,𝑡−𝑘

   (2) 

 
     The estimated probability as presented in equation 2 can be transformed into the form of 
a cumulative distribution function: 
 

𝑝𝑖,𝑡 =
𝑒𝑧

1+𝑒𝑧
                (3) 

 
Where, 

                  𝑧 = 𝛽1 + 𝛽2 𝑋𝑖,𝑡−𝑘      (4) 

 
And, 

                                                            𝑝𝑖,𝑡 𝜖 [0,1] 

                                                        𝑧 → −∞ ∶ 𝑝 → 0 

                                                         𝑧 → ∞ ∶ 𝑝 → 1 
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     After having calculated the probability (using the cumulative distribution) a certain 

threshold (𝜃)  is used in order to yield a binary value of 𝑌𝑖,𝑡, where 𝑌𝑖,𝑡 = 1 indicates financial 

crisis (Gujarati and Porter, 2009). 

𝑝𝑖,𝑡 > 𝜃 →  𝑌 = 1   (5) 

𝑝𝑖,𝑡 < 𝜃 →  𝑌 = 0   (6) 

     The estimated coefficients cannot be interpreted as an OLS model due to nonlinearity 

between the probability of a crisis and the variables (Bussiere and Fratzscher 2006). To get 

information from the coefficients except from their signs, marginal effects will be calculated 

using equation 7. Here the partial derivative of the cumulative density function (𝑝) is 

calculated with respect to one of the explanatory variables (𝑥), where (𝛽𝑗) again is the 

coefficient of the variable (Verbeek, 2012). Marginal effects give the estimator a probability 

change in a one unit rise, all other variables constant. In this paper marginal effects in mean 

is reported for significant predictors in multivariate models. This information gives the reader 

a hint of the individual variables impact on financial crises. Although it is important to 

understand this is only valid in the mean. 

𝜕𝑝(𝑧 (𝑥))

𝜕𝑥
=

𝑒𝑧

(1+𝑒𝑧)2
𝛽𝑗   (7) 

     Variables found significant and consistent in predicting financial crises will be further 

examined through pseudo-R2 represented by the McFadden-R2 and further used to construct 

an early warning system. When constructing models, the variables are tested combined in 

different combinations avoiding the problem of multicollinearity. Variables with high 

correlation will not be included in the same model to avoid spurious results, correlations are 

presented in table 8 in appendix. The construction of models is done through trial and error 

process where different combinations are tested until models including several predictors are 

found to give significant predictions. Furthermore, they will be tested and evaluated using 

ROC, which will be described more thoroughly in the upcoming section. 

 

4.2 Receiver operating characteristics 

     ROC is a tool used to evaluate binary classification ability and used in this study to test 

our models accuracy. It provides a graphical plot where sensitivity represents the Y-axis and 

1-Specificity represents the X-axis, commonly known as the ROC-curve. This provides a 
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natural distinction between the inherent detectability of the signal and the judgement 

criterion of the subject (Green and Swets, 1966). The ROC curve has been frequently used 

in recent papers assessing the occurrence of financial crises (e.g. Schularick and Taylor, 2012; 

Ward, 2017). Frequently mentioned researchers in this paper (e.g. Jordà et al., 2010; Jordà 

and Taylor, 2011; Taylor, 2015) refers to it as Correct Classification Frontier (CCF).  

     The ROC curve has a threshold under the plotted curve with AUROC of 0.5, which is 

represented by a 54-degree diagonal line called “coin toss” classifier. The AUROC is good 

for testing classification of rare events like financial crises which represent less than four 

percent of the observations in this sample. Unlike a model always predicting “no crisis” that 

would be correct more than 96 percent of the time. AUROC, rating both crisis and non-

crisis observations are providing a more thorough evaluation (Jordà et al., 2010). In this 

study, AUROC will be calculated as presented in equation 8. Where an AUROC of 0.5 is at 

the “coin toss” classifier and considered useless and an AUROC of 1.0 represents a perfect 

model. This is the same specification as presented by Jordà and Taylor (2011), for a more 

detailed description of AUROC we refer to their paper.  

𝐴𝑈�̂� =
1

𝑇𝑁𝑇𝑃
∑ ∑ {𝐼(𝑢𝑗 > 𝑣𝑖) +

1

2
𝐼(𝑢𝑗 = 𝑣𝑖)}

𝑇𝑃
𝑗=1

𝑇𝑁
𝑖=1   (8) 

 

     The ROC curve is plotted by values obtained from the predicted conditions: prediction 

positive and negative against the true conditions, negative and positive. The sensitivity of the 

ROC model can be adjusted dependent on the purpose of the system, but in this study the 

standard 95 percent is used. The signal system gives four possible outcomes, True positive 

(TP), False positive (FP), True negative (TN) and False negative (FN) as presented in figure 

1. These outcomes are later plotted in graph to represent the ROC-curve. The unique feature 

of this presentation is that the results are completely independent of any assumption one 

might make about the statistical distributions of the sensory events produced by signal plus 

noise or by noise alone (Green and Swets, 1966). 

 

Figure 1. Outcomes ROC 

 Prediction Positive Prediction Negative 

Condition Positive True Positive (TP) False Negative (FN) 

Condition Negative False Positive (FP) True Negative (TN) 
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4.3 Sweden 

     To properly analyze our time series data covering Sweden with regards to our predicting 

models, multiple approaches have been used. This is due to the limitation of the dataset, 

consisting of only 42 observations. Here our dependent variable is represented by two 

financial crises observations and 40 observations representing a non-crisis state. An 

econometric model is therefore not possible to estimate in this time series without getting 

spurious results. The models constructed from the panel data, as well as the individual 

variables, are tested of their ability to predict crises in Sweden. The models constructed are 

estimated in our panel sample creating coefficients. These are applied to Sweden’s data to 

see if they can create good warning signals with regards to Sweden’s financial crises. The 

results from this application will be illustrated as a graphical warning system covering Sweden 

over the last 42 years. In a second approach, we analyze variables from the best model 

separately in graphical plots, where we examine when the crises occur and four years back in 

time to find possible patterns. 

     The first approach uses the estimated coefficients from the multivariate models produced 

by the panel data. This in order to investigate if patterns in the variables are applicable on 

the Swedish data to create a good warning system. This approach provides an opportunity 

to analyze the historical and current risks in Sweden. By making annual estimates of 

probabilities, the opportunity to observe the models estimates mathematically and visually is 

possible. For this investigation, the previously presented equation 3 is used to see if the risk 

of a financial crisis has increased ahead of the crises. As well as to examine the level of the 

warning signal regarding today’s climate to make possible comparisons. 

     The second approach applied to Sweden uses graphical plots over individual variables in 

the most effective model to make a visual analysis. Graphical plots are created covering the 

last two financial crises in Sweden up until the last observation in 2016. Careful analyzes are 

made to see if patterns, interpretable as warning signals, can be spotted ahead of the crises 

within this time frame. This is a common method when investigating trends in time series 

data, recently applied by Lainà et al., (2015) analyzing Finland, and Österholm (2010) 

analyzing Sweden.  
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5. Results 

5.1 Panel data 

     To find variables that are significant in predicting crises, we first run our logit model with 

variables included separately in a univariate model. This include a lag length of four periods 

which appeared to best fit the data. Since we investigate for predictability, we require at least 

one period lag on all our explanatory variables. Variables are divided in two categories of 

predictors, macroeconomic and financial predictors, depending on their characteristics. 

Table 4 and 5 gives an overview of the independent variables significant and interesting for 

further analysis using a multivariate model. 

     Variables representing credit are found to have strong predictability in line with most 

previous research. Broad and narrow money indicates a significant relationship in higher 

number of lagged periods but a decrement in significance in shorter time perspective. Broad 

money seems to be the better of the two as a predictor of financial crises within our sample, 

with regards to both significance and explanation rate. In contrast, other credit variables as 

public debt, loans to business and total loans to private, all adjusted by GDP show a reverse 

relationship in the lags. Loans to business holds the strongest relationship to financial crises 

when lagged two periods in the univariate model with regards to pseudo-R2, AUROC and 

statistical significance. Nominal house prices go from an upward trend in the second lag to 

cease significance the year leading up to a financial crisis. Interestingly enough, the stock 

market does not work as a predictor within our sample and is therefore not presented in the 

table.  

     Interest rates appears to be significant when lagged one period, where long-term interest 

rate seems stronger than short-term with regards to significance and pseudo-R2. Interest rate 

are strengthened before crises and show a decline in rate difference. Terms of trade indicates 

a negative relationship with crises when lagged two and four periods but turns positive in lag 

one. When estimated alone, imports show strong significance unlike export which does not 

seem to provide any information regarding upcoming crises. Consumption follows the same 

patterns as house prices and turn from positive in lag two to negative in lag one. Government 

expenditure adjusted by GDP seems to decrease but is only significant in the second lag. 

GDP when estimated alone and current account adjusted by GDP indicate no predictability 

of financial crises. All significant variables are presented respectively with more detail 

including pseudo-R2 and AUROC in the upcoming table 4 and 5. 
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Table 4. Results from Univariate Models 

Note: Where consumption per capita is used, terms of trade by (export/import), import is nominal, GDP is 
nominal, expenditure is nominal government nominal expenditure adjusted by GDP, public debt is nominal 
public debt adjusted by GDP and current account is nominal current account adjusted by GDP. The main 
finding from these models is that terms of trade, added in this study, lagged four periods is found to be a 
significant predictor. Standard error in [parenthesis] and AUROC in (parenthesis). 
*** - Significant at one percent level 
** - Significant at five percent level 
* - Significant at ten percent level 

 
 
 
 
 
 
 
 
 
 
 

  Macroeconomic predictors Lag1 Lag2 Lag3 Lag4 Pseudo-R2 

Consumption -2.425 4.220**   0.007 
 [1.875] [2.053]    
 (0.478) (0.533)    

Terms of trade 0.214 -1.126** -0.941 -1.515*** 0.017 
 [0.616] [0.548] [0.577] [0.535]  
 (0.530) (0.426) (0.430) (0.434)  

Import -1.131* 1.600***   0.016 
 [0.590] [0.453]    
 (0.459) (0.581)    

GDP -1.638 4.407* -2.791*  0.008 
 [2.129] [2.263] [1.683]   
 (0.470) (0.533) (0.432)   

Expenditure / GDP -0.351 -1.945**   0.009 
 [0.867] [0.770]    
 (0.481) (0.397)    

Public debt / GDP -2.479**    0.009 
 [1.030]     
 (0.426)     

Current account / GDP -4.426*    0.004 
 [2.555]     
 (0.434)     
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Table 5. Results from Univariate Models 

Note: Where narrow money is nominal adjusted by GDP, total loans to business is nominal adjusted by GDP, 
total loans to private is nominal adjusted by GDP, rate difference is the difference between short-term and 
long-term interest rate, short-term interest rate is nominal percentage per year (3m bond), long-term interest 
rate is nominal percentage per year (10y bond) and house prices are nominal. The main finding from these 
models is that credit is found to be strong predictors in line with previous research and that rate difference, 
added in this study, is found significant. Standard error in [parenthesis] and AUROC in (parenthesis). 
*** - Significant at one percent level 
** - Significant at five percent level 
* - Significant at ten percent level 

 

      After analyzing each variable, we now set up to build multivariate models, including 

several variables that appears good in predicting crises within our sample. Variables 

combined ability in predicting crises are tested through several combinations, between two 

separate models to avoid potential multicollinearity. Models are constructed through a trial 

and error process, until several significant variables are found. To evaluate different models, 

statistical significance, AUROC and the pseudo-R2 is used for evaluation. The two final 

  Financial predictors Lag1 Lag2 Lag3 Lag4 Pseudo-R2 

Narrow / GDP 0.257 -0.310 3.543***  0.014 
 [1.278] [1.316] [1.082]   
 (0.520) (0.512) (0.598)   

Money / GDP 2.179 2.781 4.550*** 3.107* 0.028 
 [1.696] [1.773] [1.643] [1.686]  
 (0.560) (0.585) (0.614) (0.568)  

Total loans to business / GDP 6.952*** 4.979**   0.067 
 [2.451] [2.090]    
 (0.720) (0.714)    

Total loans to private / GDP 0.357 3.102***   0.018 
 [1.282] [1.043]    
 (0.588) (0.649)    

Rate difference -0.133**    0.009 
 [0.053]     
 (0.395)     

Short-term interest rate 0.595**    0.006 
 [0.283]     
 (0.597)     

Long-term interest rate 2.498***    0.01 
 [0.911]     
 (0.592)     

House prices -2.540* 3.027***   0.016 
 [1.365] [1.019]    
 (0.477) (0.583)    
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models further analyzed are presented respectively in table 6. 

 

Table 6. Results from Multivariate Models 

Note: The main finding from this table is that the first model is found to have a higher explanation rate of 
financial crises per pseudo-R2 and predict crises more accurate according to the AUROC retrieved. Robustness-
test and Residual diagnostics over the models is presented in table 9 and table 10 in appendix. Standard error 
in [parenthesis] and Marginal effects in (parenthesis). 
*** - Significant at one percent level 
** - Significant at five percent level 
* - Significant at ten percent level 
 

     The first predicting model consists of four variables, where: total loans to business 

adjusted by GDP, terms of trade, consumption per capita and rate difference are included. 

The results indicate that total loans to business are highly significant when using two lags, 

terms of trade lagged three time-periods are significant at the last lag. Whereas consumption 

and rate difference are only lagged one period where they are found significant and have 

negative coefficients. Pseudo-R2 measurement for this model is 0.1256 which is significantly 

higher than the univariate models, indicating a better explanation rate when estimated as 

Variables Model 1. Model 2. 

 Lag 1 Lag 2 Lag 3 Lag 1 Lag 2 

Total loans to business / GDP 7.450*** 4.713** 
   

 [2.734] [2.381]    
 (0.108) (0.068)    

House prices    -2.999** 2.334* 
    [1.504] [1.242] 
    (-1.494) (1.162) 

Consumption -9.699*     

 [5.760]     
 (-0.141)     

Long-term interest rate   
 

3.580*** 
 

    [1.183]  
    (1.783)  

Terms of trade -2.669 -2.511 -2.881*   

 [1.902] [1.917] [1.743]   
 (-0.039) (-0.036) (0.042)   

Import     -2.144*** 1.748*** 
    [0.756] [0.560] 
    (-1.068) (0.871) 

Rate difference  -0.295*** 
    

 [0.113]     
 (-0.004)     

Pseudo-R2  0.1256  0.0636 
AUROC  0.815  0.684 
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multivariate. The AUROC value retrieved from the ROC are also presented in the table, 

taking the value 0.815, indicating that the model is accurate in its predictions. This model 

appears to be quite robust as well where total loans to business and terms of trade is 

significant. Consumption and rate difference are found to be not as robust when estimated 

in this shorter sample. For details of the robustness-test see table 9 in appendix. 

      The second model consist of three variables, where: nominal house prices, import and 

long-term interest rate are included. The first two, includes two lagged periods and the latter 

is represented using one period. All variables in this model are found to be significant but 

pseudo-R2 indicate that this models explanation rate is a lower than the first one, the marginal 

effects appear to be similar between nominal house prices and import, where we can see a 

negative effect at the first lag and a similar magnitude but positive effect at the second lag. 

Long-term interest rate on the other hand, with significance at just one lagged period presents 

a positive marginal effect at the first lag with great magnitude. This suggests that the 

movements of this variable behave differently one period before financial crises within our 

sample. Furthermore, our models are analyzed using ROC to evaluate their performance, 

ROC-curves for the models are presented in figure 2. The figure show that model 1 is clearly 

outperforming model 2 in its prediction accuracy, obtaining an AUROC of 0.815. This is a 

sufficient difference from the second models prediction accuracy which obtains an AUROC 

of 0.684. These ROC-curves along with the pseudo-R2 retrieved from our estimations, 

suggest that our first model is more accurate in predicting crises within our sample.  

 

Figure 2. ROC-Curves 

 
                Note: AUROC=0.815   Note: AUROC=0.684 
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5.2 Sweden 

     The in-sample models are applied as an early warning system using out-of-sample 

probability calculation on Sweden, to test predictability in modern time where two crises are 

observed. The first warning system gives strong signals before the crisis of 1991, two year 

ahead the signal increase rapidly and peaks one year ahead. When this crisis settles, a calm 

period of ten years begins with an exception in 2002 which is partly expected since Sweden 

suffered a stock market crash in 2000s when the IT-boom went bust. In 2006 the warning 

signal increases once more, two years before the subprime-crisis, providing a solid warning 

for this crisis as well. When this crisis settle, an upwards trend starts to take place in 2012 to 

remain for one year before shifting down, resulting in a refluent warning signal over the last 

three years leading up to 2016. The second warning system do not provide any significant 

signals before the crises, proving itself useless regarding the last two crises in Sweden as a 

warning system. Both warning systems are presented in figure 3. 

 

Figure 3. Early Warning System 

 

 

     Model 2 will be undisclosed for further analysis due to the nonexistent ability in predicting 

the Swedish crises. The behavior of the variables in the first warning system are analyzed 

separately in figure 4 within the time-period from 1975 up until 2016, where consumption 

show a similar pattern before of both crises. Following 1983 a five-year period of sharp 

increase is apparent before the trend shifts and a moderate decline is present before the crisis 

of 1991 takes place. As the crisis settles consumption keep increasing over the ten years 

building up to the crisis of 2008, except for a slight slowdown occurring around the IT-

boom. Following the crisis, the same pattern reappears where a couple of years decline ones 
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more shift to a strong upwards trend which is ongoing today. 

     Terms of trade show a more irregular behavior compared to consumption, where trends 

are harder to determine. The trend in the variable changes but one can still find interesting 

behaviors for specially the second crisis. Five years before the 1991 crisis a decline in terms 

of trade occurs, but turns positively two years before the crisis. A shift in the trend is apparent 

in 2004 and turns downwards and continues falling until the 2008 crisis, resulting in a 

negative direction four years in a row before the crisis. Prior to the financial crises, a rapid 

decline in rate difference is apparent. Interestingly both crises show the same behavior where 

a decline in the variable takes place exactly four years in front of the crises. This can be 

comprehended as a solid pattern to help detect historical financial crises in Sweden, not to 

be trusted completely but it can be used as one tool among others. 

     Total loans to business which is found to be one of the stronger predictors within our 

sample, show rapid growth ahead of both crises and a substantial decrease following the 

crises. The four years building up to both crises give solid warning signals with its pattern. 

The downward trend following the crisis of 2008 are continuing throughout the period 

observed. Apart from terms of trade, the variables show consistent patterns in the four years 

building up to the crises observed. Here, consumption shift from an upward to downward 

trend during the period, rate difference shows a significant decline and loans to business 

show a strong upward trend. Interestingly these patterns are not present in today’s climate 

regarding any of the variables analyzed. Graphical plots over model 1 are presented in figure 

4, other variables are presented in figure 5 in appendix. 

 

Figure 4. Graphical Plots 
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6. Analysis and discussion 

6.1 Panel data 

     Common credit variables like narrow, broad, total loans to private/business - sector is 

found significant within our sample. This finding is in line with a majority of the previous 

research (e.g. Demirgüç-Kunt and Detragiache, 2005; Bordo and Meissner, 2012). An 

interesting finding is that the new variable, rate difference, is found significant in predicting 

crises. One year before a crisis the short-term and long-term interest rate seem to converge. 

The importance of interest rate found in this study is in line with Demirgüç-Kunt and 

Detragiache (2005) whom found interest rate to be a significant variable in their paper. Bordo 

and Meissner (2012) further confirms that interest rate leads to growth in credit which 

increases the importance of observing this variable. 

     Unlike earlier research our results differ regarding the most efficient credit variable. 

Contrary to Büyükkarabacak and Valev (2010), we have found that credit to companies is a 

better predictor than credit to household. This can partly be explained by difference in the 

dataset where Büyükkarabacak and Valev (2010) focus on both developing and developed 

countries and a shorter time span. Credit as lending from banks seems to outperform the 

money supply variables in line with Schularick and Taylor (2012), which is no surprise due 

to estimations on the same dataset. House prices is a functioning predictor, consistent with 

Kemme and Roy (2012) and Reinhart and Rogoff (2009). This variable however has a lower 

predictability power than credit and is therefore less interesting for policy makers and 

institutions according to our results.  

     Over sufficiently amount of studies using different datasets and methods, credit variables 

appear to have a big role in explaining the event of financial crises. Consumption, GDP, 

terms of trade and similar macroeconomic variables are also found correspondingly 

significant. This type of broad variables covers aspects of the economic climate within a 

country and often experience significant movements before and after the event of financial 

crises. When evaluating variables predicting abilities, one must be cautious with 

interpretations and make a proper examination. The evaluation of variables in this paper are 

supplemented with pseudo-R2 and AUROC in line with earlier research (e.g. Schularick and 

Taylor, 2012; Kirschenmann et al., 2016), to investigate the explanation rate and the accuracy 

of the predictions. When constructing predicting models common macro and financial 

variables are found to be useful across countries and time. More specific variables like house 
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prices and the stock market seem to vary in their behavior between different types of crisis. 

     The ROC-curve used for evaluation can be adjusted to serve the purpose of the warning 

system better. In the case of financial crisis, you would have to consider costs associated with 

crises to make a proper decision in the matter. The trade-off would be between not missing 

any crises while also making a lot of wrongful predictions or not make as many wrong 

predictions but suffer the risk of missing a crisis. Since financial crises are such a complex 

matter we leave the discussion regarding the sensitivity to policy makers and individuals 

better equipped to deal with this matter properly.  

     Multivariate models created through in-sample prediction of crises appears to be well 

functioning. This indicate that including more variables in the model increases the 

predictability power with higher pseudo-R2 and AUROC, supporting Lo Duca and Peltonen 

(2013) and Alessi et al., (2014) findings. The first model has higher explanation rate per 

pseudo-R2 than the second, and more accurate judging by the ROC-curves. The curves 

constructed to analyze our models retrieves an AUROC in line with predicting models in 

earlier research (e.g. Ward, 2017; Kirschenmann et al., 2016). The explanation of small 

deviations in significance and AUROC might lie in the use of different dataset, number of 

variables in the models, method deviations and number of lagged periods included. Even 

though we use the same dataset as Taylor (2015) and Ward (2017) as the core in this research, 

different results occur due to diverse approaches and specifications. 

     The first model contains a credit variable while the second includes house prices. Through 

the trial and error process they are found to not be significant when estimated in the same 

model. This is not surprising since credit drives house prices and therefore a model including 

the variables leads to spurious results. Both models including several significant variables 

appears to have an increased ability compared to univariate in predicting financial crises. The 

first model outperforms the second, which could be explained by the fact that the first model 

includes total loans to business which is found to be a superior predictor in our univariate 

estimations. As well as the fact that the first models includes one more variable than the 

second, which likely increases the explanation rate. Moreover, financial crises are an 

extremely complex event that is in no way possible to fully predict. Models seemingly good 

in predicting crises can be used as tools to gain a greater understanding in the issue.  
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6.2 Sweden 

     Before financial crises in Sweden the early warning system applied by model one give 

strong signals. The signal show high fluctuation the years following the crises but should not 

be interpreted since the crises are ongoing (Laeven and Valencia, 2012). Model two fails to 

create any useful warning signals in line with previous results regarding pseudo-R2 and 

AUROC, which indicate a lower predictability in comparison to model one. The second 

warning system shows difficulties in creating a well-functioning model due to both timing 

and differences between crises. Sweden do not differ significantly from other countries in 

the sample with regards to explanatory variables and show the same pattern in most variables. 

An important aspect of this task is that a model can be constructed and show seemingly good 

results when back tracking over historical crises. However, it is impossible to know for sure 

if upcoming crises will follow the same pattern as historical, making the effort of creating 

warning systems extremely hard. On the other hand, some variables seem to be quite 

consistent across countries and time.  

     One possible explanation for why the second model fails to create useful signals could be 

because house prices however do not follow the expected behaviour in Sweden under the 

sub-prime crisis. Although house prices slow down for a period after the crisis of 2008, an 

upward trend keeps going.  Earlier research (e.g. Kemme and Roy, 2012; and Reinhart and 

Rogoff, 2009) also found this variable significant and describe the pattern as a sharp increase 

before, followed by a decline after crises. This can be explained by the fact that Swedish 

housing market has a strong rent regulation (Lind, 2003) and can therefore deviate in 

comparison to other countries. 

     An interesting finding regarding the first model is that consumption lagged one period 

decline, in line with Hardy and Pazarbasioglu (1998), and that loans to business have an 

inverse relationship with a positive sign. This indicates that people lower their consumption 

ahead of crises meanwhile a growth in business loans are present. This can be explained by 

the diminishing correlation when loans to business are adjusted by GDP. Another interesting 

aspect of the first model is that terms of trade contain the same negative sign over the 

different lagged periods, correspondingly with Büyükkarabacak and Valev (2010). The 

explanation for this finding lies in the deterioration of pay ability of the loans as companies 

sensitive to export ends up with (Büyükkarabacak and Valev 2010). While estimated in the 

single model it is found positive at one lag and have the inverse relationship when lagged 
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additional periods. An explanation for this could be that when estimated alone the first lagged 

period contain information that is cleared out when including several variables. 

      In recent years the warning system shows that Sweden experiences a period of low risk 

for a financial crisis. This may seem contradictory due to credit, an important variable in the 

model, which has increased with the current low interest rate in Sweden. To get a better 

understanding of this one can break down the model and look more closely at its 

constituents. The model states that a decline in consumption should occur the year before a 

financial crisis. Figure 4 shows that this is not the case since an increasing trend is continuing. 

Over previous crises in Sweden this variable can be observed and a trend break can signal an 

increased risk of crisis in line with the estimated coefficient. Terms of trade and rate 

difference have similar declining behaviors before the crisis of 2008. Rate difference have 

the same pattern before the crisis of 1991 while terms of trade are inconsistent. The variables 

are at a lateral level and currently do not make any warning signals. Total loans to business 

is the most significant univariate variable in our sample and is not showing any significant 

growth in today’s climate. This can be explained by the fact that the variable is adjusted to 

GDP. GDP has grown faster than credit which partly explains the warning systems low 

values in the last observations. 
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7. Conclusion 

     This study finds the financial variables credit, house prices and interest rate to be 

significant, along with common macro variables like consumption and terms of trade. 

Therefore, in the interest of policy implications our suggestion is to keep these under 

surveillance. Furthermore, multivariate models are found to have greater predictive power 

than univariate models. This should be noted by policy makers and institutions as Central 

Banks with objective to monitor the economy. The first warning system constructed in this 

study, and its included variables, provide additional information about Sweden's financial 

risks. At the moment, the first model indicates low risk and the individual variables do not 

show alarming patterns for an upcoming financial crisis. 

     For further use of our warning system we will not comment regarding the sensitivity of 

the signal. To obtain the sensitivity at utility maximization, duration and costs associated to 

crises need to be accounted for. Findings in this study are solely based on historical data and 

although patterns are found there is no guarantee that the future will appear similar. 

Moreover, it cannot be stressed enough that predicting financial crises is an extremely 

difficult task, therefore findings in this study should be seen more of as a tools or guidelines 

rather than an absolute truth. In an area, as complex and with crucial economic costs, 

research regarding the various aspects will always be desirable to counteract the event. For 

further research, different methods could be of interest, for example the more recent 

developed classification tree ensembles. As well as a wider spectrum of explanatory variables 

like commodities and political uncertainty. Different data with regards to countries and time-

period observed would also serve a valuable purpose. 
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9. Appendix 

 

Table 7. Variable Description  

 

 

 

Variables Transformation Observations Mean Std. Deviation Skewness Kurtois ADF-test 

Real GDP per capita (PPP) log & 1st diff 2288 0.018 0.052 -2.461 42.599 -42.374*** 

Real GDP per capita (index, 2005=100) log & 1st diff 2288 0.018 0.055 -3.632 81.144 -42.171*** 

Real consumption per capita (index, 2006=100) log & 1st diff 2169 0.016 0.057 -1.293 20.906 40.211*** 

GDP (nominal, local currency) log & 1st diff 2225 0.075 0.450 42.985 1958.283 -20.065*** 

Investment-to-GDP ratio log & 1st diff 2053 0.004 0.132 -0.567 23.841 -37.703*** 

Consumer prices (index, 1990=100) log & 1st diff 2288 0.049 0.451 42.714 1955.936 -24.971*** 

Current account (nominal, local currency) 1st diff 2119 1597.085 300639.7 14.048 502.166 -3.315*** 

Imports (nominal, local currency) log & 1st diff 2237 0.070 0.199 1.894 18.874 -41.105*** 

Exports (nominal, local currency) log & 2nd diff 2214 -0.003 0.253 2.144 32.888 -13.056*** 

Narrow money (nominal, local currency) log & 1st diff 2217 0.072 0.102 1.725 14.825 -24.073*** 

Broad money (nominal, local currency) log & 1st diff 2129 0.077 0.100 7.049 154.083 -15.695*** 

Short-term interest rate (nominal, percent per year) log & 1st diff 2110 -0.026 0.374 -1.577 40.879 -37.188*** 

Long-term interest rate (nominal, percent per year) log & 1st diff 2248 -0.007 0.122 -0.379 10.949 -48.917*** 

Stock prices (nominal index) log & 1st diff 2018 0.045 0.206 -0.577 12.774 -43.876*** 

Public debt-to-GDP ratio log & 1st diff 2097 0.007 0.126 2.361 24.804 -30.050*** 

Government revenues (nominal, local currency) log & 1st diff 2181 0.076 0.142 2.487 22.447 -30.856*** 

Government expenditure (nominal, local currency) log & 1st diff 2200 0.077 0.164 2.072 21.482 -30.102*** 

USD exchange rate (local currency/USD) level 2301 0.619 4.563 -4.421 26.864 -2.807*** 
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Note: This table contains all variables investigated in this study along with their respective characteristics. Current account show high values compared to other variables since it 
contains a lot of negative values and is therefore not in log form. ADF-test in represented by Levin, Lin & Chu t*. 
¤ - Represent variables added in this study 
*** - Significant at one percent level 
** - Significant at five percent level 
* - Significant at ten percent level 
  

Total loans to non-financial private sector (nominal, local currency) log & 1st diff 2080 0.084 0.107 2.323 22.035 -19.549*** 

Mortgage loans to non-financial private sector (nominal, local currency) log & 1st diff 1968 0.091 0.110 2.431 18.514 -8.840*** 

Total loans to households (nominal, local currency) log & 1st diff 1132 0.100 0.093 1.118 7.488 -8.272*** 

Total loans to business (nominal, local currency) log & 1st diff 1127 0.079 0.093 0.254 6.375 -15.606*** 

House prices (nominal index, 1990=100) log & 1st diff 1694 0.052 0.108 2.042 16.771 -22.995*** 

Rate difference (Spread between short- and long-term interest rate) ¤  level 2304 0.991 2.439 2.163 19.868 -14.569*** 

Terms of trade ¤ log & 1st diff 2237 0.003 0.175 -1.377 46.215 -57.661*** 

Real exchange rate delta ¤ level 2285 1.29E+14 6.16e+15 47.770 2283 -43.565*** 

Narrow money/GDP ¤ log & 1st diff 2183 0.006 0.095 -1.113 38.465 46.490*** 

Broad money/GDP ¤ log & 1st diff 2093 0.009 0.075 -1.672 29.222 -42.789*** 

Government revenues/GDP ¤ log & 1st diff 2130 0.009 0.106 1.837 24.075 -47.265*** 

Government expenditure/GDP ¤ log & 1st diff 2148 0.008 0.142 1.118 21.196 53.102*** 

Total loans to non-financial private sector/GDP ¤ log & 1st diff 2044 0.018 0.095 1.142 36.756 -26.164*** 

Mortgage loans to non-financial private sector/GDP ¤ log & 1st diff 1936 0.023 0.116 0.728 15.167 -22.464*** 

Total loans to households /GDP ¤ log & 1st diff 1132 0.033 0.083 0.250 7.528 -16.411*** 

Total loans to business /GDP ¤ log & 1st diff 1127 0.011 0.081 -0.197 10.512 -19.905*** 

House prices/GDP ¤ log & 1st diff 1644 -0.015 0.109 -3.443 73.104 -20.516*** 

Current account/GDP ¤ level 2250 -0.006 0.043 -0.145 6.306 -7.765*** 

Real consumption per capita / CPI ¤ log & 1st diff 2169 -0.036 0.471 -40.542 1790.236 -28.182*** 

Real consumption per capita / GDP ¤ log & 1st diff 2169 -0.002 0.055 2.862 59.171 -45.814*** 
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Table 8. Correlation Matrix 

Note: The correlation matrix contains variables found significant when estimated as univariate models from table 4 and 5 in the result section. The variables are analyzed in the order 
of integration they are found to be stationary. 
 

 

 

 

 

 

 

 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Consumption                        (1)  1               
Terms of Trade                    (2) -0.313  1              
Import                                  (3)  0.441 -0.485  1             
GDP                                   (4)  0.398 -0.112  0.633  1            
Expenditure / GDP            (5) -0.289 -0.003 -0.221 -0.104  1           
Debt / GDP  (6) -0.305  0.125 -0.227 -0.225  0.245  1          
Current account / GDP  (7) -0.011  0.186 -0.109 -0.131 -0.053 -0.096  1         
Narrow Money / GDP  (8) -0.193  0.054 -0.323 -0.370  0.170  0.175  0.041  1        
Broad Money / GDP  (9) -0.152  0.108 -0.407 -0.409  0.143  0.153  0.035  0.459  1       
Loans to business / GDP (10)  0.199 -0.120 -0.005 -0.126 -0.155 -0.120 -0.111  0.063  0.273  1      
Loans to private / GDP  (11)  0.188 -0.075 -0.117 -0.233 -0.130 -0.125 -0.154  0.114  0.392  0.801  1     
Rate difference  (12) -0.063 -0.025 -0.076 -0.228 -0.027  0.021 -0.000  0.133  0.017 -0.127 -0.066  1    
Short-term interest rate  (13)  0.136 -0.074  0.299  0.248 -0.075 -0.148 -0.030 -0.304 -0.172  0.086  0.026 -0.265  1   
Long-term interest rate  (14)  0.038 -0.085  0.262  0.260  0.003 -0.120 -0.159 -0.274 -0.183  0.074  0.006 -0.101  0.390  1   
Nominal House prices  (15)  0.339 -0.160  0.368  0.582 -0.119 -0.263 -0.081 -0.159 -0.082  0.110  0.113 -0.224  0.203  0.194  1 
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Table 9. Robustness-test of Multivariate Models 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Note: To test how robust our multivariate models are we estimate them in a sample covering the period 1970-2013 without missing values. Total loans to business adjusted by GDP 
and terms of trade from the first model appears to be quite robust, both regarding direction and significance. Consumption and rate difference are found to be not as robust when 
estimated in this shorter sample. Regarding the second model, long-term interest rate is the only variable found to be robust, where import and house prices loses their significance. 
House price change its sign when tested in this shorter period indicating that it is not robust, this can be explained by massive changes in the variable over time. The main finding 
from this table is that the first model, found to be the better one, is more robust than the second one. And total loans to business, a central variable in this study, that have a lot of 
missing data in the original model is still robust in this smaller sample. Another important finding in this study is that loans to business is found to better predict crises than loans to 
private sector unlike most earlier research. Loans to business is also found to be more robust than loans to private, which is tested separately (loans to private is not included in this 
table). Standard error in [parenthesis] and Results from original model in (parenthesis). 
*** - Significant at one percent level 
** - Significant at five percent level 
* - Significant at ten percent level 

Variables Model 1. Model 2. 

 Lag 1 Lag 2 Lag 3 Lag 1 Lag 2 

Total loans to business / GDP 10.263*** 5.519*    

 [2.734] [2.381]    
 (7.450***) (4.713**)    
House prices    0.918 3.080 
    [1.504] [1.242] 
    (-2.999**) (2.334*) 
Consumption -20.539     
 [5.760]     
 (-9.699*)     
Long-term interest rate    4.620***  
    [1.183]  
    (3.580***)  
Terms of trade -0.422 -5.003 -7.698**   
 [1.902] [1.917] [1.743]   
 (-2.669) (-2.511) (-2.881*)   
Import     -2.481 -3.543 
    [0.756] [0.560] 
    (-2.144***) (1.748***) 

Rate difference  -0.185     

 [0.113]     
 (-0.295***)     
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Table 10. Residual Diagnostics 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

  
Note: Residual diagnostics of our first and second predicting model represented by Q-statistics and Squared residuals show that neither model suffer from correlated residuals.  

 

 

 

Test AC PAC Q-Stat Prob* 

Q-statistics     

Model 1     

Lag 1 -0.036 -0.036 1.3835 0.240 

Lag 2 -0.027 -0.029 2.1588 0.340 

Lag 3 -0.016 -0.018 2.4410 0.486 

Model 2     

Lag 1 -0.035 -0.035 2.0116 0.156 

Lag 2 -0.033 -0.035 3.8128 0.149 

Lag 3 -0.010 -0.013 3.9915 0.262 

Squared residuals 
    

Model 1     

Lag 1 -0.014 -0.014 0.2076 0.649 

Lag 2 -0.015 -0.015 0.4333 0.805 

Lag 3 -0.015 -0.016 0.6763 0.879 

Model 2 
    

Lag 1 -0.024 -0.024 0.9374 0.333 

Lag 2 -0.025 -0.025 1.9149 0.384 

Lag 3 -0.015 -0.016 2.2930 0.514 
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Figure 5. Graphical Plots 

 

Note: Where import and GDP are expressed in millions SEK, House price is expressed as an index and remaining variables are expressed in percentage or ratios towards GDP. 


