
1 
 

 



2 
 

Abstract 

In this paper, we seek to identify variables that predict the amount of new consumer credit 

contracts. We identify 13 variables from the literature review. Seven macroeconomic variables: 

income, consumption, unemployment rate, interest rate, level of income redistribution, price 

level and returns on investment. Two microeconomic variables: repayment condition, and 

competition between credit providers. Three socio-demographic variables: level of dependency, 

level of education and household’s size. Finally, we add a behavioral variable, namely 

consumer sentiment. We then built several econometric models to explain and predict consumer 

credit. The model chosen is an autoregressive model. The results obtained show a rough 

estimate of the expected data. The variables that are found to be useful in explaining the variable 

of interest are income, repayment terms, level of dependency and consumer sentiment.  

 

 

 

 

 

Résumé 

A travers ce mémoire, nous cherchons à identifier les variables capables de prédire le montant 

des nouveaux contrats de crédits à la consommation. Nous identifions 13 variables issues de la 

revue de littérature. Sept variables macro-économiques : les revenus, la consommation, le taux 

de chômage, le taux d’intérêts, le niveau de redistribution des revenus, le niveau des prix ainsi 

que les retours sur investissements. Deux variables microéconomiques : les conditions de re-

paiement et la compétition entre fournisseurs de crédit. Trois variables socio-démographiques : 

le niveau de dépendance, le niveau d’éducation et la taille des ménages. Finalement, nous 

rajoutons une variable comportementale à savoir, le sentiment des consommateurs. Nous avons 

ensuite construit plusieurs modèles économétriques visant à expliquer et prédire le crédit à la 

consommation. Le modèle revenu est un modèle autorégressif. Les résultats obtenus montrent 

une estimation imprécise des données attendues. Les variables qui se révèlent être utiles pour 

expliquer la variable d’intérêt sont les revenus, les conditions de re-paiement, le niveau de 

dépendance et les sentiments des consommateurs.   
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1. Introduction 

Whether it is to finance the purchase of a car, to buy new furniture or to finance a holiday, these 

are all reasons why Belgians use consumer credit. This type of financing has become a common 

way to finance these expenses. As explained in Guillaume Derclaye’s July 2022 article, the 

number of consumer credit contract is increasing.  

Therefore, it is in the interest of many financial actors to predict the future amount of consumer 

credit. Indeed, in order to best adapt to the evolution of household financing, it is useful to have 

an estimate of future consumer credit figures.  

The aim of this thesis is therefore to identify the parameters that could be used to predict 

consumer credit and to build a model capable of estimating future consumer credit data. This 

thesis is based on a request from the Professional Credit Union. PCU is a professional 

association representing the consumer credit sector, namely consumer credit and mortgage 

credit. PCU has more than 50 members, including banks, mortgage companies, credit insurance 

companies, distribution companies authorized to grant consumer credit and companies issuing 

credit and charge cards.  

This work starts with a definition of the subject matter and an overview of the situation in 

Belgium regarding consumer credit.  

Then, we made an overview of the literature to identify the factors behind consumer credit. This 

part of the work is important because we chose the determinant variables to construct the model 

that will forecast the consumer credit.  

Section 5 explains the database and explains the methodology used throughout the modelling.  

I constructed different type of model in the section 6. We established the forecast, analyzed, 

discussed and compared the different model.  

Finally, we identified the limits of my work in section 7 and concluded the thesis in section 8.  
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2. Definition and context (framework) 

Definition 

In this study, the focus will be on the loans to households particularly on the consumer credit 

taken by Belgian private consumers for purpose other than housing loans. Consumer credit is 

personal and unsecured debt taken on to purchase goods and services. Consumer credit is 

extended by banks, retailers and others to enable consumers to purchase goods immediately and 

pay off the cost over time with interest (Kagan, 2021). Consumer credit can have big impacts 

on other spheres of the economy and it’s why this topic is so valuable for economists. Three 

types of consumer credit will be studied: the credit opening, the installment loan and the 

installment sale.  

Credit opening is defined as any agreement, whatever its qualification or form, at the end of 

which a purchasing power, a sum of money or any other means of payment is made available 

to the consumer, who may use it by making one or more credit withdrawals (drawdowns), 

specifically by means of payment or legitimation card or in any other way, and who undertakes 

to reimburse it following the conditions agreed upon (Economic Law Code).  This kind of credit 

is the one which gives the more freedom to use, you can use it for different acts and with the 

liberty to reimburse the loan at a certain date (SPF Economie, 2021). The borrower often opts 

for a credit opening when the investment maturity is not certain or when the amount needed is 

uncertain (expenses likely to be more expensive than expected). In fact, payment terms are 

irregular, the interest rate can fluctuate over the borrowing period and the amount already 

reimbursed are reusable. 

Installment loan is any credit agreement, regardless of its characterization or form, under which 

a sum of money or other means of payment is made available to a customer who agrees to repay 

the loan in periodic installments (Economic Law Code). People who opt for this form of loan, 

often have investment projects with a fixed maturity and a fixed target borrowing amount. 

Installment sale is a credit agreement, regardless of its qualification or form, which normally 

involves the acquisition of tangible goods or the provision of services, sold by the lender or 

credit intermediary and for which the price is paid in periodic installments, in at least three 

payments, omit the deposit (Economic Law Code). This deposit is paid when the contract is 

signed, and it is the signal of the beginning of the credit. 
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This study doesn’t focus on the leasing which is also a form of consumer credit (a lease with an 

option to buy provided in the contract) because this type of credit is no more commercialized.  

       Framework in Belgium 

The impact of the consumer credit on the Belgian economy is clear with 10,5 million of 

consumer credit in 2021. In 2020, consumer credit represents 5,89% of Belgium’s GDP and 

increase slightly over time (UPC, 2021). We can already suppose that consumer credit and GDP 

have a high degree of correlation. The number of consumer loans remains approximately stable 

over time. However, regarding the amounts of credit granted over time, we note a strong 

increase in general and some decline in crisis period (Huyghebaert, 2015). In 2021, we observed 

that a large part of a number of consumer credit is made through credit openings (69% of total 

consumer credit) and through installment loans (29% of total consumer credit) (UPC, 2022). 

The outstanding debt per capita (calculated on the basis of these turnover data instead of 

production data) has increased primarily for installment loans (both in nominal and real terms). 

We also note that outstanding debt per capita increases mainly during boom periods. Indeed, in 

boom times there is a stronger increase in the fraction of consumption financed through 

consumer credit. Inversely, it was observed that households try to reduce their consumer credit 

intake when the business cycle is down (Huyghebaert, 2015). 

The sectors most affected by consumer credit are furniture and home appliances, restaurants 

and hotels, culture and leisure, and automobiles. 

Credit consumption is intuitively linked to the goods consumption. Unlike consumer credit, 

domestic consumption has an enormous importance for the Belgian economy. Prof. Dr. 

Huyghebaert (2015) observed in her study that consumption expenditure in Belgium is very 

stable. These expenditures are made in several sectors like food, beverages and tobacco 

(17,18% in 2012), transportation (11,98% in 2012), culture and entertainment (8,92% in 2012), 

restaurants and hotels (6% in 2012), furniture and household appliances (5,6% in 2012) or 

clothing and footwear (5,16% in 2012) (Huyghebaert, 2015). 

Consumer credit is also linked to the disposable income. In 2020, disposable income 

represented about 79,24% of GDP at market prices. Sixty-one percent of the disposable income 

was consumed through households for the year 2020 and this proportion remain almost stable 

over time. We also observe that growth of disposable income is highly and positively correlated 

with the growth in consumption expenditure (Huyghebaert, 2015). 
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We also note that a growth in consumption is more likely explainable by an increase in credit 

than by an increase in household disposable income. Indeed, a 1% increase in disposable 

income in one semester increases consumption incrementally by 0,1899%, while a 1% increase 

in the amounts of credit in one semester increases consumption incrementally by 0,2916% 

(Huyghebaert, 2015). 

The growth in the consumption of the category ‘furniture and household appliances’ is driven 

by credit (particularly installment loans and credit openings) rather than by an increase in 

disposable income. Installment loans also have a significant positive impact on the category 

‘transport’ and installment sales and credit openings have a significant positive impact on the 

category ‘restaurants and hotels’ (Huyghebaert, 2015). 

It is now important to reflect the state of mind of Belgian consumers regarding credit. In 2020, 

a study revealed that a major part of Belgian consumers (71%) doesn’t like to take on credit 

because they see credit as a burden. Fifty percent of these consumers are quite pessimistic about 

the economic situation in the future and consequently they don’t believe that it’s the right 

moment to enter into a credit. However, the confidence in credit providers (like banks or other 

credit providers) has increased in one year (+8%) (UPC, 2020). 

Regarding the different categories of expenditures, the study emphasizes the most useful 

categories according to the consumers: Renovation and rebuilding, energy saving renovation, 

new vehicles, secondhand vehicles and other vehicles. Consumers see credit for vacation or 

travel as less useful than before (UPC, 2020). 

When asking for a credit, personal contact is almost always preferred by consumers particularly 

for expensive categories. Questioning about the way the consumers prefer to sign their credit 

contracts, signing in a bank or in a financial institution is the most popular answer. We also 

note that digital signature (e-ID or via Itsme) is relatively popular (UPC, 2020). 

The study highlights that 70% of households who enter into a credit contract has made a credit 

for a large purchase or a large expenditure. The type of consumer credit for each category is 

studied and we see for example that consumers prefer broadly installment loans for 

expenditures like vehicles, furniture and home appliances, renovation or technologies. For 

renovation and vehicles, consumers tend to take approximately 70% of the total amount on 

credit and they tend to take full amount on credit for cheaper purchases (UPC, 2020). 
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In 2020, the credit barometer estimates that 54% of the households expect to make a large 

purchase or expenditure in the next 12 months which is a lower percentage than one year before. 

People still plan to take on credit for categories like renovations and new vehicles (UPC, 2020). 

 

3. Identifying the Factors Behind Consumer Credit 

In this section, we will discuss over several factors that may be included in an explicative model 

of consumer credit. We will discuss each factor whether it is relevant to consider this variable 

and what could be the impact of this variable on the consumer credit demand.  

3.1.Macroeconomic variables 

3.1.1. Income 

Intuitively, we can think that revenue will have an impact on the credit demand. In fact, we can 

see in the Appendix 1 that the credit will be linked to the goods and services consumption and 

that this consumption will be impacted by the level of the household’s revenue (Deaton, 1989 

and Friedman, 1957). In this regard, the disposable revenue was the topic of a lot of research 

that is sometimes contradictory.  

According to Burdeau (2015), households reduce their credit demand due to constraints on their 

balance sheets. It means that the credit demand depends notably on the assets and the cash flows 

of households. B. Bernanke and M. Gertler join this opinion by identifying the impact of the 

balance sheet on the consumer credit market particularly the impact of the net worth of 

borrowers. They observed that the greater the borrower’s net worth the lower the external 

finance premium should be and thus the more attractive the loan seems. Besides, a stronger 

financial position enables the borrower to reduce her potential conflict of interest with the lender 

(Bernanke and Gertler, 1995).  

Huyghebaert analyses in 2015 that consumer credit is procyclical. It means that households 

don’t compensate for a decrease in disposable income by taking out or granting more credit. 

The correlation between growth of consumer loans and the growth of the household’s 

disposable income is therefore significant and positive (56,57% in 2013).  

However, J. Borowski, K. Jaworski and J. Olipra estimate that an increase in per capita income 

will lead to a decrease in the consumer credit. They noted that it is consistent with the permanent 

income hypothesis. In this study, the authors explained that in some EU country with a low per 

capita income, household expect that their income will increase in the future (due to the process 
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of convergence to the EU average) and they are therefore likely to increase their consumption 

level and consequently increase their consumer credit intake. Finally, they find a result in 

contradiction to their beliefs: a positive correlation.  

Other authors thought that households will take advantage of an increasing income by reducing 

their debt level. They thought in the same idea that in recessions, income is likely to decrease 

and that households will increase their demand for bank loans in order to smooth out the impact 

of lower income (Calza, Gartner & Sousa, 2001). Similarly, the households with a higher initial 

endowment of assets (high net wealth) have the capability to satisfy its needs without borrowing 

as proved in a study conducted in India (Swain, 2007).  

Karlan and Zinman observed that loan size is more responsive to price (costs of borrowing, 

lending rates) for the higher-income individuals. Income has a part of permanent component 

and a part of transitory component. The permanent one is driven by the capital value or wealth, 

the economic activity and so on. And the transitory one is driven by cyclical fluctuations, 

chances or errors of measurement but specific to consumers (Friedman, 1957). 

The credit consumption can be linked to the liquidity constraint which itself depends on the 

household’s income. We thus must pay attention to the collinearity. Cash loan sizes can be 

relative to borrower income (Karlan & Zinman, 2005).  

The potential explanatory variable to represent the disposable income could be the GDP per 

capita in purchasing power parity (PPS).   

3.1.2. Consumption 

Intuitively, we can think that consumption of goods will have impacts on the demand for 

consumer credit because more the consumption increases, more likely the consumer credit 

demand will increase too. We must be careful because of the link between consumption and 

economic growth and the revenue of households (Appendix 2) (Huyghebaert, 2015).  

In fact, economic activity affects credit demand and for example, if economic activity grows, 

income and consumption will increase with respect of this growth. Consequently, robust 

economic growth enables households to support higher levels of indebtedness (Calza, Gartner, 

Sousa, 2001). 

Calza, Gartner and Sousa presented this relation by a suite of links for both households and 

firms. In fact, if there is expectation of higher activity and productivity, it can lead to a larger 
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number of projects becoming profitable in terms of expected net present value and consequently 

to a higher demand for credit to fund them.  

The consumption factor reflects a cyclical factor via his transitory components like preferences, 

special opportunity to purchase or unusual sickness (Friedman, 1957). 

The consumption of households can be measured by the GDP via the calculation through the 

consumption (C+I+G+X-M) (Carroll, Fuhrer and Wilcow, 1994). An index which helps to 

estimate the future evolution of the economy is the Purchasing Managers’ Index (PMI) which 

reflect the sentiment of specialists about market conditions.  

3.1.3. Unemployment Rate 

Many authors studied the impact that the level of unemployment can have on the credit demand. 

It seems that the unsecured credit and the long-term average unemployment rate have a highly 

negative correlation. Over time we can see that unsecured loans increase while the long-term 

unemployment rate decrease (Bethune, Rocheteau and Rupert, 2015).  

These previous authors also describe the link between the labor market and the credit market. 

The relation between these two markets can be explained by the fact that increasing debt limits 

cause an increase in borrowing amounts that will result in an increase in good consumption and 

production. Therefore, an increase in debt borrowing promotes job creation and reduce the 

unemployment rate. Consequently, they concluded that the differences in credit conditions have 

significant implications for unemployment in the long run (Bethune, Rocheteau and Rupert, 

2015). 

For instance, they calculated that a decrease in the probability to find a job will cause a decrease 

in the aggregate firm revenue (link with good market) and a decrease of the access to credit 

(link with credit markets). Their model predicts that credit differences can account for 69% of 

the total difference in the average unemployment rate between their period of study (Bethune, 

Rocheteau and Rupert, 2015). 

There is a snowballing effect which creates amplifying consequences. If there is an exogenous 

decrease in production of goods, there is an increase in equilibrium unemployment (so the 

probability to fill job decrease) because firms post fewer vacancies, and the result is a rise in 

unemployment. This result has the effect of lowering households’ access to unsecured credit. 

This causes a further drop in firm revenue and a larger increase in unemployment.  
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The employment factor can be a good determinant factor because it reflects the influence of the 

economic cycle on credit (Borowski, Jaworski and Olipra, 2017). To reflect this variable, we 

can take the unemployment rate in Belgium over time or also the probability to find a job over 

time.  

3.1.4. Cost of Borrowing 

The cost that the borrower must pay to obtain his credit will influence his decision and thus it 

will have an impact on the general credit demand. As seen in the Bank Lending Survey, the low 

general level of interest rates continued to have a positive impact on demand for all loans to 

households in 2021.  

Interest rates represent the cost of borrowing for the consumers, and it is a cyclical factor that 

affects the consumer credit demand (Appendix 5). Borowski, Jaworski and Olipra demonstrate 

that interest rates are one of the main factors influencing cost of consumer credit and that they 

have an impact on creditworthiness of households even as credit availability.  

Karlan and Zinman studied in 2005, the demand elasticity of credit and they emphasized the 

importance of the interest rates to increase or decrease the access to credit. They studied the 

consumer sensitivity to interest rates to nuance the previous results that said that elasticity are 

close to zero and they proved that this elasticity range from -0,73 to below unity. They also 

observed that a low initial interest rates will produce more future borrowing. They also studied 

the positive dependence between interest rates and default probabilities. Indeed, if interest rates 

increase due to bad shocks for instance, loan defaults will increase too. This is unprofitable for 

the lenders because of the decrease in the demand curve and the increase of loan losses.  

Intuitively, we can estimate a negative dependence between the credit demand and the level of 

interest rates. Indeed, if the interest rates are increasing, the borrowers should be less likely to 

enter a credit contract. There are many studies that confirm this idea that a rise in interest rates 

provoke a loan contraction. Some research links the interest rate’s level to the decision of the 

monetary policy (Aiyar, Calomiris and Wieladek, 2016; Bernanke and Gertler, 1995). In their 

analysis, Bernanke and Gertler take the example of the federal fund rate which is a closely 

controlled and an overnight interest rate. They also discuss the effects of a change in interest 

rates over the financial position of borrowers if there is a tightening in the monetary policy.  

One of the instruments of monetary policies is indeed the interest rates that central bank can 

control, and it will affect the bank lending. A decline in bank capital is one effect of an increase 
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of rates and a loan contraction because of unexpected losses due to interest rate risk. If there is 

a low interest rate environment, banks are less risk averse and they will accept more credit 

demand and households are more likely to submit a credit demand (Aiyar, Calomiris and 

Wieladek, 2016). Monetary policy affects not only the general level of interest rates but also 

the size of the external finance premium (Bernanke and Gertler, 1995). 

The variation in borrowing rates can also be endogenous to borrowing and repayment behavior 

through characteristics of the borrowers. This idea induces that exogenous variation of 

borrowing rates (via monetary policy for example) is rarely observed (Alan, Dumitrescu and 

Loranth, 2011).  The interest rates can indeed depend on time or individual specific investment 

opportunities or financing alternatives.  

Swain explains that in the cost of borrowing, we find different costs like the opportunity cost 

of funds, the administrative cost of servicing the loan or the risk premium to be charged to the 

borrowers (the main part of the cost). 

For this variable, the negative relationship between demand for loans and their cost seems to be 

more consensual. We can now reflect about which type of cost we have to include into our 

model, interest rates from federal fund rate, bank lending rates, interest rate spreads or long-

term bond yield.  

3.1.5. Redistribution of Revenue 

Redistribution of revenue is a principle to avoid the large inequality of income by redistribution 

via taxes, for example. Belgium seems to be one of the more equal countries in terms of 

redistribution. In fact, if we compare the distribution of gross revenue and disposable revenue 

(after taxes and social correction), we observe a decline in inequality (RTBF, 2014).  

Bethune, Rocheteau and Rupert explained in 2015 that a general smoother labor income causes 

a decline in workers’ desire to borrow. Redistribution allows lower income risk and lower 

default probability such that households will be less likely to enter into a loan contract. 

Consensual, Borowski, Jaworski and Olipra (2017) explain that inequality leads to political 

pressure for redistribution. However, redistribution leads to a better access to credit for the low-

income households and according to those authors, consumer credit is higher when there is 

redistribution.  

Economies which find it more difficult to supply credit efficiently also implement policies that 

support stable labor income and compressed earnings. Besides, benefits of redistribution for 
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individuals who are currently poor are smaller when these individuals can look forward to more 

strongly increasing expected income (Borowski, Jaworski and Olipra, 2017).  

This factor could be measured via the employment protection indicator (index of labor market 

regulation) or via the Gini index that measures the level of inequality of the distribution of a 

variable in the population.  

3.1.6. Inflation 

Inflation is a strong determinant of the economic activity and reflects often the monetary policy 

strategy of a country. Inflation also has an impact on the interest rate, and it is why inflation 

can have a big influence on the consumer credit. European Central Bank observed a clear 

dependence between the level of inflation and the economic activity inside a country (Coralia-

Emilia, 2013). 

Inflation has also an evident influence on the way that consumers will buy goods. If the level 

of inflation is unanticipated, the dependence between inflation and purchasing attitudes of 

households is negative. If the unanticipated inflation increases, the purchasing attitudes and 

intentions will consequently decrease. Anticipated inflation has a positive influence on the 

expected purchases but less influence on the consumer sentiment so that the effect is weaker 

(Juster, Wachtel, Hymans and Duesenberry, 1972). 

The credit boom observed in Greece since the mid-1990s is attributed to the disinflation 

process. It is a proof of the negative dependence of credit and inflation (Brissimis, Garganas 

and Hall, 2014). Inflation is often linked to interest rates so we will pay attention to collinearity 

between this two, but some authors explain that inflation nuance the effect of interest rates 

(Borowski, Jaworski and Olipra, 2017).  

Inflation can be illustrated by the consumer price index like it was in the study of Coralia-Emilia 

in 2013.   

 

3.1.7. Return on equity investment 

Stocks returns can be a determinant factor for the consumer credit because they are related to 

changes in consumer confidence which impact the consumption expenditures and the credit 

(Huyghebaert, 2015). According to Wosko in 2015, the rate of return on stock market index is 
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a good predictor of the overall economic sentiment. That can influence the bank loan policy as 

well as the demand for credit.  

If the return on equity is high, the consumer sentiment will be good, and the households will be 

more favorable to take a credit to finance their needs.  

 

3.2.Microeconomic variable 

3.2.1. Repayment condition 

The repayment conditions that bank offer can influence the credit demand. Some conditions 

will encourage the credit demand and others will dissuade consumers. Particularly when we 

face high-interest loans, borrowers must agree with several incentives to repay these risky loans. 

These carrots can take the form of decreasing prices over the repayment period or increasing 

future loans sizes following a good repayment behavior. However, some conditions are 

unattractive like reporting to credit bureaus, frequent phone calls from collection agents, court 

summons or wage garnishment. (Aiyar, Calomiris and Wieladek, 2016). 

Credit demand will thus depend on collateral requirements. If general economic environment 

is risky, financial institutions will require more collateral for loans and then it will lower the 

desire to borrow.  

Consumers who want to enter a loan contract are also sensitive to the repayment condition as 

they are sensitive to the price of the loan. A long maturity often implies lower stable repayment 

during a longer time which is attractive for households.  

To illustrate this variable, reflect the tendency of the repayment condition can be a good 

estimator. The National Bank of Belgium provides indicators reflecting the opinion of 

consumers about global conditions of credit granting (collateral requested, clauses in loan 

contracts, maturity, etc.).  

3.2.2. Credit Providers Competition 

Consumer credit is driven by development and concentration of the credit providers and the 

financial sector over time. Indeed, higher concentration and development of the banking sector 

led to an increase in consumer credit (Borowski, Jaworski and Olipra, 2017). One explanation 

of this effect is that the concentration of banks leads to a decrease in the interest rates that leads 

to an increase in consumer credit demand (Weill, 2004). We can also think that more the credit 
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sector is developed, more the households will find the right solution to take a credit and thus 

submit their demand for consumer credit. 

A lot of credit providers in Belgium are not banks but the competition between the different 

other credit providers remains a possible determinant for the consumer credit. 

Karlan and Zinman studied the price sensitivity of credit demand and they observed that when 

the cost of borrowing increases, the borrowers look for multiple solutions to find a credit and it 

amplifies the competition.  

We can reflect about the variable which identifies this factor that can be the share of the five 

largest credit providers in total assets, the Herfindahl index for credit providers or the number 

of local units of credit providers per 100 000 inhabitants.  

3.2.3. Substitute of consumer credit 

The number of the substitute of consumer credit can influence the demand for this consumer 

credit. In fact, the households can have a lot of disposable substitutes to finance their project 

and it will impact the credit demand.  

Substitute of consumer credit depends on the size of the consumer credit the households need 

and on the disposable substitute they have. If a household has enough disposable funds, one of 

them is the insurance advance which consists of a demand of advance on some specific life 

insurance. Advance on life insurance allows the borrower to dispose of an amount at the lowest 

interest than a credit. Another alternative to credit is to dip into your home savings plan. These 

first substitutes are linked to the saving behavior of households (Lambert, 2013). 

André Babeau (2018) explains in his text that saving behavior of households are directly linked 

to their credit situation. He explains that the link between saving, and consumer credit was too 

often forgotten in the past and says that one of the main goals of saving is to reimburse a loan.  

Households have also the possibility to use the pawnbroking. Indeed, if someone wants to 

borrow and have a valuable object like jewel or watch, he can deposit this object in a credit 

institution in exchange of the amount borrowed. Then the person must reimburse the amount 

with interest (Lambert, 2013).  

It is also possible to borrow thanks to a family loan or a loan between individuals. Frequently, 

there is no interest in the family loan and low interest in the loan between individuals (Lambert, 

2013).  
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There exists now some other alternative like instant loan on a digital platform named Lydia for 

example.  

In high-rate environment, borrowers look for other solution than traditional credit or they wait 

for the lender’s rates drop and this phenomenon leads to a decrease in the demand for consumer 

credit (Karlan and Zinman, 2005). 

The impact of substitute to consumer credit can be measured by the proportion of people using 

substitute or by the part that alternative lending represent.  

3.3.Sociodemographic variable 

3.3.1. Age 

Demographics can play an important role in the determination of the demand for credit. Higher 

share of young people in population leads to increase in consumer credit. This idea represents 

the life cycle hypothesis. Younger people, with expectations of rising income and high marginal 

utility of consumption are more interested in taking consumer loans than older people. Taking 

consumer credit allows to smooth the consumption which is valuable for young households. 

This positive dependence was proved in the study of Borowski, Jaworski and Olipra.  

Age is one of the variables to describe the household’s characteristics according to Swain. She 

finds that this variable is insignificant in the loan demand equation, but she considers another 

variable which represents a demographic indicator: the dependency ratio. This ratio is a measure 

of the number of dependents aged zero to 14 and over age of 65, compared with the total 

population aged 15 to 64. This indicator reflects the number of people of non-working age, 

compared with the number of those of working age (Hayes, 2021). This ratio also represents a 

characteristic of households, and he is significant and positive (Swain, 2007). A higher number 

of dependents imply a higher consumption need of the household but a lower per capita income 

which according to Swain leads to more credit demand.  

Age is also linked to interest rates and financial sophistication (knowledge or education). Young 

people live longer with their parents in countries where credit is scarce (it’s difficult to borrow) 

and where the labor market is inflexible (Bertola and Koeniger, 2004). 

To reflect this variable, we can think about the share of young people in the total population or 

the dependency ratio.  
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3.3.2. Education  

Levels of education positively affect consumer credit because a high level of education raises 

the probability to obtain a stable future income which leads to a rise in the credit demand (it 

also raises the creditworthiness and lowers the margin on consumer credit) (Swain, 2007). 

Education is measured by taking the proportion of people aged between 15 and 64 that have 

completed upper secondary, post-secondary, tertiary education.  

3.3.3. Size of household 

An increase in the family size should decrease the demand for loans because a big family size 

reflect an increased number of earnings members in the family. And in this study, the author 

thinks that if households earn more money, they will be less likely to demand for a credit 

(Swain, 2007). 

However, many authors do not agree with this statement about the earned income and the 

demand for credit. Moreover, we can think that the higher the household’s size the higher the 

needs of consumption for the family and thus the higher the usefulness of credit.  

4. Research Gap with the Literature  

After having gone through the literature concerning the relation between consumer credit and 

macroeconomic, microeconomic and sociodemographic variables, we never see clear result 

about the relation between consumer credit and household’s behavior. Many papers talk about 

the possible explanatory character of a household’s behavior but none of them tested really if 

there is a concrete dependence.  

BLS balances of opinions are frequently used as explanatory variables of the evolutions of 

credit flows but especially for firms’ loans as in research of De Bondt, Maddaloni and Peydro.  

The Bank Lending Survey has been set up by the Eurosystem in 2003. This is a qualitative 

survey implemented in each euro area country and developed to enhance monetary 

policymakers’ knowledge on credit markets.  There are qualitative questions about the future 

evolution of the credit markets and about the future household’s behavior (Burdeau, 2015). 

E. Burdeau observed that evolutions of balances of opinion in the BLS precede evolutions of 

quantitative data such as credit flows. This is the reason why this kind of indicator or variable 

must be delayed.  
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BLS collect a lot of expectation for the future evolution of credit markets and identify the 

developments in consumer confidence, the increased spending on durables and the low general 

level of interest to contribute positively to loan demand by households in the end of year 2021 

(Appendix 3 and 4). Banks also expected that demand for consumer credit will have a moderate 

net increase.  

However, the relation and the reliability of these surveys were never tested but just observed. 

What we can think is that consumer credit also depends on the change of consumer sentiment 

indicator. Indeed, if the optimism concerning the financial situation in the following months is 

high, the households’ expenses will increase as well as their demand for credit.  

We also know that households have a high sensitivity to high rates. It means that if interest rates 

increase slightly, credit demand decrease slightly too and vice versa for a decline (flat demand 

curves for consumer credit). Prospect theory from Kahneman and Tversky generates this pattern 

because consumers evaluate prices relative to their prior experiences and they weight losses 

more heavily than gains (Karlan and Zinman, 2005).  

To illustrate this variable, the consumer survey or the bank lending survey reflect well the 

household’s opinion and these indicators can be extracted out of the National Bank of Belgium 

(NBB).  

One consumer survey proposes an indicator based on assessment of credit conditions. 

Households can evaluate the general credit conditions through their opinions about the interest 

rates, the volume of credit or the collateral required.  

Another consumer survey reflects the confidence of consumers through their previsions of the 

economic situation, their prevision of unemployment, their prevision of the household’s 

financial situation or also the prevision about the prices and the saving level situation.  
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5. Methodology 

5.1.Data 

In order to create a model to forecast future data, time-series data are relevant, and they are 

practical. Indeed time-series regression is often used to model or forecast economic, financial 

or engineering systems. Predict future responses based on the response history is a well-known 

statistical method also called autoregressive dynamics (MathWorks). 

For example, in a time-series regression of consumer credit on GDP, the random variable CC 

is called the dependent variable, because the model shows how its mean depends on the vector 

of k regressors of independent or explanatory variable GDP. Time-series data reflect the same 

variables in different point of time no matter which group of individuals is selected. 

I choose to select my variable with quarterly frequency because we want to forecast consumer 

credit more than one time in a year and four times a year was feasible in the point of view of 

the available data. The period we selected to run my model is 14 years from Q1 2007 to Q4 

2020. It’s a quite large period to draw trustable conclusions and it is recent period to be 

representative of the near future. Nevertheless, the number of observations is not big (48 

observations + 8 observations) because we consider quarterly data. The reason is because we 

can’t find all the variables monthly and the goal is not just to forecast the consumer credit with 

two or three variables, but it is also to identify which variables is useful for this purpose.  

In the next section, the explanation of my dataset with the specification about the collection of 

the database.  

5.1.1. Dependent variable 

The dependent variable is the amount of new consumer credit contract. This number is available 

each month and expressed in billions of euros. This number of new consumer credit includes 

the three types of consumer credit explained in the definition’s section. This variable is 

published by the statistics of UPC. 
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5.1.2. Macroeconomic variables 

Variable full 

name (short 

name) 

Unit Definition Source Previous research 

Gross wages and 

salaries (Income) 

In 

billions € 

Household’s 

remuneration 

calculated in Gross 

Domestic Income (or 

Gross Internal 

Revenue). It doesn’t 

consider social 

contributions. 

NBB.Stat Deaton, 1989 – 

Friedman, 1957 – 

Burdeau, 2015- 

Bernanke &Gertler, 1995 – Borowski, 

Jaworski&Olipra, 2013 – 

Calza, Gartner&Sousa, 2001 – Swain, 

2007 – Karlan & Zinman, 2005 

Final private 

consumption 

expenditure 

(GDP) 

In 

billions € 

Final private 

consumption 

expenditures 

calculated in Gross 

Domestic Product 

with the 

consumption 

approach. 

NBB.Stat Calza, Gartner & Sousa, 2001 – 

Friedman, 1957 – 

Carroll, Fuhrer & Wilcow, 1994  

Harmonized 

unemployment 

rate 

(Unemployment) 

In % Unemployment rates 

of all age classes and 

all genders 

harmonized with 

official national 

figures from 

Eurostat.  

NBB.Stat Bethune, Rocheteau & Rupert, 2015 – 

Borowski, Jaworski & Olipra, 2017 

MFI Interest Rate 

(IR) 

In % Bank interest rates 

for loans to 

households for 

consumption.  

European 

Central Bank – 

Statistical Data 

Warehouse 

Borowski, Jaworski &Olipra, 2017 – 

Karlan & Zinman, 2005 – 

Aiyar, Calomiris & Wieladek, 2016 – 

Bernanke & Gertler, 1995 – 

Alan, Dumitrescu & Loranth, 2001 – 

Swain, 2007  
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Gini Index (Gini) In unit 

 

Gini Index 

(representing the 

level of income 

redistribution) at 

survey year and 

considered as a year-

fixed index. 

EU-SILC, 

IWEPS 

Bethune, Rocheteau & Rupert, 2015 – 

Borowski, Jaworski & Olipra, 2017  

Global 

harmonized 

consumer price 

index (CPI) 

In % Consumer price 

index representing 

the price level. It 

includes taxes on 

products such as 

value-added tax and 

reflect seasonal 

balances. 

NBB.Stat Coralia-Emilia, 2013 – Juster, Wachtel, 

Hymans & Duesenberry, 1972 – 

Brissimis, Garganas & Hall, 2014 – 

Borowski, Jaworski & Olipra, 2017 

 

 

 

 

BEL 20 stock 

return (Return) 

In % Stock return of BEL 

20 which represent 

the 20 most 

important companies 

in Belgium 

Boursorama Wosko, 2015 – 

Huyghebaert, 2015 
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5.1.3. Microeconomic Variables 

Changes in 

award criteria 

(Conditions) 

Dummy  Scores of the Bank 

Lending Survey 

regarding the 

conditions to take on 

a credit. If cost of 

funds, balance sheet 

constraints, contract 

counterparts, 

motivation tighten 

(it’s more difficult to 

obtain a credit), it 

equals to 1  

European 

Central Bank – 

Statistical Data 

Warehouse. 

Aiyar, Calomiris and Wieladek, 2016 

Impact of bank 

competition 

(Competition) 

Dummy Bank Lending 

Survey’s Scores. If 

bank competition 

ease credit standards, 

it equals to 1 

European 

Central Bank – 

Statistical Data 

Warehouse. 

Borowski, Jaworski & Olipra, 2017 – 

Weill, 2004 – Karlan & Zinman, 2005 
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5.1.4. Socio-demographic Variables 

Dependency 

ratio 

(Dependency) 

In % Fixed-year ratio 

calculated by 

dividing number of 

people aged between 

18 and 64 by people 

aged less than 18 

and people aged 

more than 64 

Statbel  Borowski, Jaworski & Olipra, 2017 – 

Swain, 2007 – Hayes, 2021 – Bertola & 

Koeniger, 2004 

Level of 

education 

(Education) 

In % People with a level 

of education higher 

than secondary 

education (fixed-

year effect) 

Statbel Swain, 2007 

Size of 

households 

(Size) 

In 

number 

of people 

Mean number of 

people in a 

household (fixed-

year number) 

IBSA Swain, 2007 

 

5.1.5. Consumer sentiment 

Consumer 

confidence 

index 

(Sentiment) 

In unit Index representing 

the future and past 

confidence of 

consumers 

NBB.Stat Burdeau, 2015 – 

Karlan & Zinman, 2005  

 

The consumer confidence index is a good variable to represent the consumer sentiment and his 

beliefs about the general economy. This indicator is composed by some forecast about the 

economic situation, about the unemployment forecasting, about forecasting the financial 

situation of households or still the forecast of saving situation of the household. This indicator 

is interesting because it also considers the near past sentiment of consumers about the recent 

situation of economic life. Indeed, consumers are asked about the past and the future price level 
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or about the past household’s situation. They are also asked about their judgment if it is the 

right moment to make an important investment (Appendix 6). This variable is available monthly 

only, so we took the mean over 3 months to represent the trend over the quarter.  

 

As observed, four variables are disposable only annually, so we assumed that these figures 

are stable in the same year and change only between years. Sometimes we only found monthly 

data and we transformed them in quarterly data by taking the mean on three months. This 

method gives the tendency over three months, but we considered them like the quarterly data.  

5.2.Calculation Method 

I build my model on a period of 12 years from 2007 to 2018, it will represent the in-sample part 

of the work. Then we will take a period of 2 years from 2019 to 2020 to test my model and it 

will represent the out-of-sample part of the work. Even more my model is called multivariate 

time series forecasting because we have multiple exogenous variables.   

In a lot of types of models, external validity is paramount. The historical data must be able to 

predict future data. We must check the stationarity. A time series is stationary if the probability 

distribution does not change over time, the joint distribution doesn’t depend on the time. 

Forecasting a stationarity series is easier and the forecast is more reliable. If the series are 

stationary, we have fewer difficulties to forecast because the autocorrelation will be fewer. 

To create a stationary model, the best-known method is to differentiate the value. In other 

words, we subtracted the previous value from the current value. We must apply this differencing 

only for the variables that are non-stationary, not for the others. To know if a series is stationary, 

we performed an augmented Dickey-Fuller test and saw if the p-value is under 0,05 or not. If 

the p-value was fewer than 0.05, the series wasn’t stationary, and we differentiated it.  

We will also put importance to the correlation of series with their own lagged values 

(autocorrelation or serial correlation). To observe the correlation, an autocorrelation function 

(ACF) gives the correlation between 2 variables at different lags and indicates when it is 

significant or not.  

A partial autocorrelation function gives the coefficient of a variable for different lags. For 

example, at lag 2, a PACF gives the pure contribution of 𝛽2 in the equation  𝑌𝑡 = 𝛼 + 𝛽1𝑦1 +

𝛽2𝑦2. So the partial autocorrelation is the correlation between the series and its lag after 

excluding the contributions from the intermediate lags.  
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I compared different models by looking at an information criterion. With information criteria 

we trade off bias (too few lags) versus variance (too many lags). Bayes (BIC) and Akaike (AIC) 

are two information criteria that represent the information loss. The fewer they are the better.   

My attention was also put on the R squared because it shows at which level my models can 

predict the future response. It determines the precision of my model and so the usability of my 

model to predict consumer credit. Obviously, we paid attention to the residuals of my models 

too.  

5.2.1. Choice of the models 

I tested some regression model like the Vector Auto-Regressive if the data are stationary or the 

Auto-Regressive Integrated Moving Average model or the Vector Error Correction Model.  

Firstly, the vector auto-regressive model is often used in the literature to forecast macro and 

micro-economic variables such as output growth or inflation (Clements & Galvão, 2013). They 

can also be used for economic analysis (Lütkepohl, 2013). This model is identified as one of 

the most successful, flexible and easy-to-use models to forecast micro or macro-economic 

variables (Zivot & Wang, 2006). For example, the model to forecast the Swiss inflation has 

been shown to be useful to predict the future inflation level with a sample of 80 observations 

(Lack, 2006). Despite the short sample period we tried to use this model because of his success 

in the existing research (Levieuge, 2017).   

Then, we performed a vector error correction model which is also a famous technique to 

forecast many types of variables. VECM gives better results of forecast with lower root mean 

squared errors (Anggraeni, Andri & Mahananto, 2017). VAR and VECM seems to be models 

useful to reflect marginal informational content of many indicators. VECM allows to 

investigate potential nonlinearity in credit dynamics. However, it appears difficult to accurately 

predict credit dynamics (Levieuge, 2017). The study leads by Andersson and Lauvsnes in 2007 

shows that multivariate models predict better when cointegration is imposed. 

Finally, we chose to run an ARIMA model because this model is very flexible and makes very 

few assumptions (Ho & Xie, 1998). Moreover, this model is a viable alternative that gives 

satisfactory results in term of its predictive performance. As shown by Noreen, Asif, Nisar and 

Qayyum in 2017, the bank credit to private sector can be model and forecast by an ARIMA 

model. This style of model is also used to forecast macro and microeconomic variables such as 

inflation or gold prices (Meyler, Kenny and Quinn in 1998 and Guha & Bandyopadhyay in 
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2016). However, care needs to be paid in the use of ARIMA models in a forecasting context 

because of some limitations of ARIMA approach (Stevenson, 2007). 

 

6. Calculation and modeling 

6.1.Causality 

After the review of literature, we suppose that the selected variables will cause or at least will 

impact the dependent variable “CC.” However the impact of the variables is studied in theory, 

with a large dataset, over different situations and over a large period. In this study, we have a 

quite short time period with the specific situation of Belgium and specific kind of data between 

2007 and 2018. Consequently, we must check the causality between each independent variable 

and the dependent variable “CC”. 

It's why we perform a Granger Causality test to observe the relation between variables. The null 

hypothesis of this test is that the variable X does not Granger-cause the variable Y. We will also 

observe the p-value to see in which proportion each variable could cause the dependent variable 

“CC”. Figure 1 is an example of a Granger Causality test result. 

Figure 1: 

 

The Granger Causality test is a Wald test comparing the unrestricted model (model 1 : CC is 

explained by the lags of CC and GDP here) and the restricted model (model 2 : CC is only 

explained by the lags of CC). We notice that the p-value is equal to 44,19%, meaning that in 

44,19% of the case, the null hypothesis can’t be rejected. The number of lags (here 4) specified 

in the formula correspond to the order of lags to include in the auxiliary regression.  

The number of lags for each variable is chosen by performing a VAR selecting calculation on 

R. The number of lags for the autoregressive (AR) part is p and is often between 1 and 5 for 

our variables. The “VARselect” calculation gives four information criteria that show the ideal 

order. Figure 2 is a summary of the different Granger Causality test for each variable and for 

some different lags.  
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Figure 2: 

 

We note that variables like “GDP”, “CPI”, “Competition”, “Return”, “Education” or “Size” 

have a quite high p-value which means that it is difficult to reject the null hypothesis of zero 

causality. However, it doesn’t necessarily mean that these variables don’t have any prediction’s 

power.  

6.2.Correlation 

The relation between the variables can have an impact in the results or in the performance of 

the models and it is why we perform beforehand a test of correlation between the variables. 

First, we calculate the correlation matrix (Appendix 7), and we notice particularly the 

correlation with a red flag (correlation>0,7). Among these correlations, we see a strong 

correlation between 3 main macroeconomic variables. In fact, the correlations “Income-GDP”, 

“Income-IR” and “GDP-IR” are respectively 88%, 72% and 87%. We notice the same problem 

with the variables “Dependency”, “Education” and “Size”. 

I see that these correlations and particularly the relation of "GDP" or "Education" with the other 

variables can cause problems (like multicollinearity) when we perform models like VECM 

because a variable which is a linear multiple of another variable create disturbances in some 

model.  
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6.3.Autocorrelation  

Like mentioned before, we perform autocorrelation test to see if some variables are correlated 

with their own lagged variables. We perform an Auto-Correlation Function (acf) test on each 

variable to show when the autocorrelation is significant and for which lag. The plots of acf test 

are in Appendix 8, they are called auto-correlograms.   

I observe that the variables “CC”, “Condition”, “Competition” and “Return” have no 

autocorrelation tendency in their data.  The degree of similarity between the times series and 

their lagged version are under 0,3. 

We see a lot of variables with a declining tendency in their auto-correlogram. It means the 

autocorrelation decline when the number of lags grows.  

We have to notice the fact that some variables have year-fixed effect in our assumptions and 

that can obviously influence their autocorrelation test. In fact, “Gini”, “Dependency”, 

“Education” and “Size” are variables with this type of data and we see a high autocorrelation 

in their first four lags.  

The ACF test is also useful to figure out the order (q) of a Moving Average (MA) model. This 

model assumes that the current value is dependent on the error terms including the current error. 

And because error terms are random, there is no linear relationship between the current value 

and the error terms.  

6.4.Stationarity 

I continue the analysis by checking the stationary of the variables. Checking the stationarity is 

useful to test if the predictions will be consistent in the future. Stationary variables have a stable 

means and a stable variance over a period which is essential to forecast. Stationarity check is 

also useful to correct some problem of seasonality or trend.  

To check the stationarity, we perform a Augmented Dicker Fuller test which will illustrate the 

phenomenon of stationarity. The null hypothesis of this test is that the tested variable is non-

stationary. After performing this test, we look at the p-value and we want that this value is 

smaller than 5% to reject the null hypothesis and consider the variable as stationary. A result of 

two of these tests is shown in Figure 3. 
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Figure 3: 

 

I notice that only the variable “Dependency” is stationary at a 5% level (stationary at a level or 

integrated of order 0). Consequently, we must take the first difference of the other variables, 

check again the stationarity and repeat this check until all the variables are stationary. After the 

calculation of the first difference, the variables “CC”, “Gini”, “CPI”, “Condition”, 

Competition”, “Return”, “Size”, “Sentiment” is stationary at a 5% level. We perform a second 

differentiation and obtain all the variables stationary. Indeed, all the p-values are less than 1% 

except for variable “GDP” (p-value is equal to 1,83%). 

The consequence of these two steps of differentiation is length of the dataset, in fact, by 

differentiation, the data lost 2 observations. Now the period’s dataset run from 2007 Q3 to 2018 

Q4. 

6.5.Vector Auto Regression (VAR) 

As explain in section 5.2.1., VAR model has shown some ability to forecast economic variables. 

In this section we explain how we choose the parameters and how to model a VAR model.  

6.5.1. Short theory on VAR model 

In a Vector Auto Regression each variable is a linear function of the past values of itself and 

the past values of all the other variables. For example, the equation of a multivariate VAR(1) is    

𝑦1(𝑡) = 𝛼1 + 𝛽1𝑦1(𝑡 − 1) + 𝛽2𝑦2(𝑡 − 1) + 𝑒1(𝑡 − 1)  where 𝑦1(𝑡) depends on the first lag of 

𝑦1 𝑎𝑛𝑑 𝑦2. The estimation of a VAR is an equation-by-equation OLS (Ordinary Least Squares) 

where OLS are run on each equation. The VAR model is a kind of AR model where the multiple 

variable terms like y(t) = α + β*y(t-1) + e    are accommodated by using vectors in this way: 

𝑦1(𝑡)

𝑦2(𝑡)
   =    

𝛼1

𝛼2
    +     

𝛽11 𝛽12

𝛽21 𝛽22
    *    

𝑦1(𝑡 − 1)

𝑦2(𝑡 − 1)
   +  

𝑒1(𝑡)

𝑒2(𝑡)
   

A multivariate VAR of order p can be represented like this:  
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𝑦1(𝑡) = 𝛼 + 𝛽1𝑦(𝑡 − 1)+. . +𝛽𝑝𝑦(𝑡 − 𝑝) + ԑ𝑡   

The term ԑ𝑡 in the equation represents multivariate vector white noise. It means that ԑ𝑡 should 

be a continuous random vector that satisfies the condition of the null expected value for the 

error vector and the condition that expected value of ԑ𝑡 and ԑ𝑡
′  is equal to the standard deviation 

of the series (Lütkepohl, 2005). 

We test a VAR model because it can understand and use the relationship between several 

variables. It is useful for describing the dynamic behavior of macroeconomic data. However, to 

use VAR model we must use the stationary time series (Aishwarya, 2018).  

6.5.2. VAR (2) implementation 

I started to make my series stationary, and we looked for the p order to use in my model. To 

make all the data stationary we performed an Augmented Dicker Fuller test, and we 

differentiated my data once or twice if necessary. After differentiating, my time series was 

stationary and ready to be used.  

Data not differentiated Dependency  

Data differentiated once CC, Gini, CPI, Condition, Return, Size 

Data differentiated twice Income, Unempl, IR, Competition, Education, Sentiment  

Data differentiated three times GDP 

 

To find the order p that we used for my model we used the “VARselect” formula to see which 

lag seems to provide the smaller information criteria. Following this calculation, the number of 

lag p tends to be 3 but one information criterion gives a lag 2.   

First, we tried the equation with all the variables and a p-value equals to 2. It means that in our 

equation there are each variable lagged once and each variable lagged twice.  
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The equation FirstVAR (2) looks like:  

𝐶𝐶𝑡= -2,541 - 0,649 𝑪𝑪𝒕−𝟏 - 0,095 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟏 - 0,019 𝐺𝐷𝑃𝑡−1 - 0,172 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1 - 

0,096 𝐼𝑅𝑡−1 - 9,301 𝐺𝑖𝑛𝑖𝑡−1 + 0,032 𝐶𝑃𝐼𝑡−1  - 0,294 𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟏 + 0,078 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−1 - 

0,005 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 - 0,671 𝑫𝒆𝒑𝒆𝒏𝒅𝒆𝒏𝒄𝒚𝒕−𝟏 - 0,014 𝐸𝑑𝑦𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑡−1 + 5,902 𝑆𝑖𝑧𝑒𝑡−1 + 0,004 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 - 0,438 𝑪𝑪𝒕−𝟐 - 0,079 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟐 - 0,009 𝐺𝐷𝑃𝑡−2 - 0,049 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−2 - 0,012 

𝐼𝑅𝑡−2 - 31,925 𝐺𝑖𝑛𝑖𝑡−2 - 0,083 𝐶𝑃𝐼𝑡−2 - 0,08 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−2 + 0,086 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−2 -0,012 

𝑹𝒆𝒕𝒖𝒓𝒏𝒕−𝟐 + 0,717 𝑫𝒆𝒑𝒆𝒏𝒅𝒆𝒏𝒄𝒚𝒕−𝟐 - 0,126 𝐸𝑑𝑦𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑡−2 + 49,895 𝑆𝑖𝑧𝑒𝑡−2 - 0,029 

𝑺𝒆𝒏𝒕𝒊𝒎𝒆𝒏𝒕𝒕−𝟐  

I observed (Appendix 9) the number of significant variables (5 significant variables at the 5% 

level and 4 at the 10% level, there are highlighted in green). It means that nine lagged variables 

really contribute to estimate my model. For the other variables, the null hypothesis can’t be 

rejected, and we can think that these variables don’t help to model the variable “CC”.  

The R-squared is equal to 75,55% but the adjusted R-squared is quite weak with a level of 

35,27%. The most relevant information we must look at is the adjusted R-squared because it is 

a corrected goodness-of-fit measure for linear models, and it shows the model accuracy. 

Adjusted R-squared identifies the percentage of variance in the target field that is explained by 

the inputs. This measure can go upper if the non-significant variables are removed out of the 

model. The formula of this measure is: 
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒 𝐸𝑟𝑟𝑜𝑟

𝑇𝑜𝑡𝑎𝑙 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒 𝐸𝑟𝑟𝑜𝑟
− 1 . The adjusted R-squared 

take into account the number of additional variables that are included into the model.  

The residual standard error is equal to 0,2289.  

Then we tested to remove some non-significant variables out of the model FirstVAR (2).  We 

removed variables progressively and observed the changes in adjusted R-squared. Because of 

the big correlation between GDP and IR, we tried to remove one and then the other variable. 

Consequently, we found better characteristic for the model with GDP. So, we decided to remove 

IR to lower the correlation in my model. We also removed fixed-year variables as Gini, 

Education or Size because their p-value is quite high and because of their nature in this kind of 

model. In fact, fixed-year variables are not easy to interpret in a VAR model because their 

figures are fixed for one year (4 quarters) and the lag used is 2.  

Finally, we observed (Appendix 10) after removing the sus-mentioned variables that there are 

nine significant variables, a higher adjusted R-squared (44,69%) and a lower residual standard 

error (0,2116). 
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 The equation SecondVAR (2) looks like:  

𝐶𝐶𝑡= -1,26 - 0,624 𝑪𝑪𝒕−𝟏 - 0,05 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟏 - 0,009 𝐺𝐷𝑃𝑡−1 - 0,17 𝑼𝒏𝒆𝒎𝒑𝒍𝒕−𝟏 + 

0,018 𝐶𝑃𝐼𝑡−1  - 0,19 𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟏 + 0,072 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−1 - 0,008 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 - 0,44 

𝑫𝒆𝒑𝒆𝒏𝒅𝒆𝒏𝒄𝒚𝒕−𝟏 + 0,01 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 - 0,397 𝑪𝑪𝒕−𝟐 - 0,045 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟐 - 0,01 𝐺𝐷𝑃𝑡−2 - 

0,039 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−2 - 0,09 𝐶𝑃𝐼𝑡−2 - 0,07 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−2 + 0,068 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−2 -0,009 

𝑅𝑒𝑡𝑢𝑟𝑛𝑡−2 + 0,46 𝑫𝒆𝒑𝒆𝒏𝒅𝒆𝒏𝒄𝒚𝒕−𝟐 - 0,02 𝑺𝒆𝒏𝒕𝒊𝒎𝒆𝒏𝒕𝒕−𝟐  

6.5.3.  VAR (2) Analysis  

To analyze the error of the FirstVAR and check if the residuals are white noise, we checked 

residuals on R with three plots of residuals (Figure 4). The first upper plot shows the chart of 

the residuals over the 46 observations.  

The second left-hand plot shows the ACF plot of the residuals, and we observed that there is no 

significant autocorrelation between the residuals for the 15th first lags.  

The right-hand plot represents the distribution function of the residuals in function of the values 

of “CC”. The graph seems to be distributed following a kind of normal distribution (indicated 

with the orange line). We also verified the normal distribution of the residuals by doing a 

Shapiro normality test which gives a p-value of 0,087. The null hypothesis of this test is that 

the residuals are normally distributed. Here, we can’t reject H0 at a confidence level of 5%. 

However, we can reject this null hypothesis at a 10% level of confidence. In other words, the 

residuals are normally distributed at the 5% level of confidence.  
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Figure 4: 

 

 

 

Then we also checked the residuals for the SecondVAR (2) model (Figure 5). We noticed that 

there is no significant autocorrelation in the residuals in the ACF plot. Moreover, the 

distribution of the residuals of this model is a normal distribution as shown with the Shapiro-

Wilk normality test.  
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Figure 5: 

 

 

 

To summarize, these two models show that their residuals are normally distributed. It means 

that their mean is very close to zero and the variance is constant. This is a good point in the 

analysis of the model and in order to forecast the consumer credit. However, we performed a 

test to verify that the residuals are white noise and this test revealed that the two models are 

not. The test of Box-Pierce verifies if the residuals are independently and identically 

distributed. The null hypothesis suggest that they are independently distributed and thus that 

there is no autocorrelation in the residuals. For the two models, the results (Appendix 22) 

show that the residuals are not white noise. This point is problematic in order to build strong 

forecast.  
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6.5.4. VAR (3) implementation  

 

I tried to run the same model with three lags but there were too many variables to estimate all 

the results. We observed that we must keep only nine variables added to the variable ‘CC’. We 

decided to remove the variables Gini, Education and Size because we observed the high p-

values in the previous model with two lags. The Granger causality test (Section 6.1.) also 

identified these three variables as weak predictors. Moreover, these variables are fixed-year 

variables which is not very relevant in this model.  

I also observed something unexpected with the previous models because the p-values of “IR” 

are high and maybe it is not a good predictor. We continued to remove it out of the VAR (3) 

model and preferred to keep GDP as potential predictor. From the previous models we kept in 

mind that these two variables (GDP and IR) could create correlation inside a model. It is why 

we made the same selection as previously.  

I tried to run the model with and without the variable CPI because this variable was not 

significant in the previous model. The following model is the one without CPI. 

The equation for this ThirdVAR (3) model is: 

𝐶𝐶𝑡= - 0,92 - 0,44 𝑪𝑪𝒕−𝟏 - 0,09 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟏  - 0,01 𝐺𝐷𝑃𝑡−1  - 0,086 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1 -

  0,28 𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟏 + 0,02 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−1 - 0,004 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 - 0,14 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−1 + 

0,016 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 - 0,55 𝐶𝐶𝑡−2 - 0,13 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−2  - 0,005 𝐺𝐷𝑃𝑡−2 + 0,115 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−2 - 

0,17 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−2 - 0,04 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−2 -0,004 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−2 + 0,18 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−2 - 0,018 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−2 - 0,22 𝑪𝑪𝒕−𝟑 – 0,13 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟑 - 0,07 𝐺𝐷𝑃𝑡−3 + 0,04 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−3 - 0,04 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−3 - 0,12 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−3 -0,003 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−3 - 0,03 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−3 + 0,011 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−3 

I also noticed that this model (Appendix 11) presents even less significant variables (only 5 in 

total). Only three different variables are significant: CC, Income and Condition. The adjusted 

R-squared is still weak (43,25%). 

I tried to replace the variable GDP by the variable CPI because they have the same kind of p-

value in the previous VAR (2) model. We kept the other variables unchanged and ran the model 

again.  
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The resulting equation is: 

𝐶𝐶𝑡= - 0,3 - 0,52 𝑪𝑪𝒕−𝟏 - 0,03 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1  + 0,07 𝐶𝑃𝐼𝑡−1  - 0,01 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1 -

  0,24 𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟏 - 0,01 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−1 - 0,007 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 - 0,28 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−1 + 

0,015 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 - 0,59 𝑪𝑪𝒕−𝟐 - 0,046 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−2  - 0,13 𝐶𝑃𝐼𝑡−2 + 0,05 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−2 - 0,22 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−2 - 0,08 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−2 -0,007 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−2 + 0,25 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−2 - 0,02 

𝑺𝒆𝒏𝒕𝒊𝒎𝒆𝒏𝒕𝒕−𝟐 - 0,13 𝐶𝐶𝑡−3 – 0,01 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−3 + 0,01 𝐶𝑃𝐼𝑡−3 + 0,04 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−3 + 0,02 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−3 - 0,12 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−3 -0,01 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−3 + 0,03 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−3 + 0,006 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−3 

I always observe (Appendix 12) a weak significant variable (4 in total). This weak number of 

significant variables is worrying because if the explanatory power of my model is weak, the 

prediction power could be weak too. The adjusted R-squared is higher with 44,94% which is 

good point for the model accuracy.  

As we did previously, we tried to remove out of the model the variables that are not significant. 

First, we kept only 6 variables added to the dependent variable CC, so we kept Income, CPI, 

GDP, Condition, Return, Sentiment. The variables that are not included are Unempl, 

Competition and Dependency added to the other variables already removed. We chose to 

remove them because they had the higher p-value.    

The result (Appendix 13) of this test is better with a better adjusted R-squared and always lower 

residuals (residual standard error equals to 0,1985).  

Here is the equation of FifthVAR (3):  

𝐶𝐶𝑡=  0,01 - 0,63 𝑪𝑪𝒕−𝟏 + 0,006 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1  + 0,1 𝑪𝑷𝑰𝒕−𝟏  - 0,005 𝐺𝐷𝑃𝑡−1 -

  0,15 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−1 -   0,01 𝑹𝒆𝒕𝒖𝒓𝒏𝒕−𝟏  + 0,01 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 - 0,62 𝑪𝑪𝒕−𝟐 + 0,06 

𝐼𝑛𝑐𝑜𝑚𝑒𝑡−2  - 0,14 𝑪𝑷𝑰𝒕−𝟐 + 0,03 𝐺𝐷𝑃𝑡−2 - 0,15 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−2 - 0,01 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−2  -  0,01 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−2 - 0,18 𝐶𝐶𝑡−3 + 0,03 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−3 - 0,01 𝐶𝑃𝐼𝑡−3 + 0,02 𝐺𝐷𝑃𝑡−3 + 0,21 

𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟑  - 0,01 𝑹𝒆𝒕𝒖𝒓𝒏𝒕−𝟑  - 0,001 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−3 

In fact, we observed an adjusted R-squared that equals to 53,45% and an R-squared quite similar 

to before removing variables (76,19%). We also noticed that the number of significant variables 

grew a little with 7 significant variables. We continued to try to remove the variables GDP 

because it had a high p-value could always create problems of correlation. 
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Here is the equation of the new SixthVAR (3) without GDP: 

𝐶𝐶𝑡=  0,01 - 0,64 𝑪𝑪𝒕−𝟏 - 0,02 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1  + 0,1 𝑪𝑷𝑰𝒕−𝟏   -  0,17 𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟏 -   0,01 

𝑹𝒆𝒕𝒖𝒓𝒏𝒕−𝟏  + 0,01 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 - 0,63 𝑪𝑪𝒕−𝟐 - 0,006 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−2  - 0,15 𝑪𝑷𝑰𝒕−𝟐  - 0,18 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−2 - 0,01 𝑹𝒆𝒕𝒖𝒓𝒏𝒕−𝟐  -  0,01 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−2 - 0,19 𝐶𝐶𝑡−3 + 0,01 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−3 - 0,002 

𝐶𝑃𝐼𝑡−3  + 0,2 𝑪𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒕−𝟑  - 0,01 𝑹𝒆𝒕𝒖𝒓𝒏𝒕−𝟑  + 0,001 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−3 

By removing the variable GDP (Appendix 14), the adjusted R-squared continued to grow 

(57,61%) and the R-squared remain approximately stable (75,35%). We also noted that there 

are nine variables that are significant at the 10% level and still six at the 5% level of confidence.  

When we removed the variable Sentiment or Income, the adjusted R-squared and the R-squared 

both went down so we decided to keep these variables in my model. Despite their significance 

is not proved in this model, we saw previously that these variables could help to explain the 

dependent variable.  

6.5.5.  VAR (3) analysis 

As previously, we must check the residuals to evaluate the ability of the models to forecast 

consumer credit. In Figure 6, the analysis of residuals of ThirdVAR model are shown. We saw 

that for lag 4 there is some significant autocorrelation. Regarding the normality of residual's 

distribution, it seems that the distribution follows a normal distribution. The Shapiro-Wilk 

normality test shows that the residuals are normally distributed. 
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Figure 6: 

 

 

Then, we checked the residuals of the FourVAR (Figure 7). We noted the significant 

autocorrelation of residuals at lag 4. This significant autocorrelation announced that the 

residuals are not independently distributed. We observed and confirmed the normality of 

residuals with the high p-value of normality test.  
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Figure 7: 

 

 

The residuals of model FifthVAR are serially correlated at lag 4 (Figure 8). Despite the kurtosis 

that we noted on the graph, the distribution of error terms is normally distributed.  
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Figure 8: 

 

 

Finally, we checked the residuals of the SixthVAR (Figure 9). The results show that residuals 

are serially correlated at lag 4. The distribution of error terms for this model is normally 

distributed as shown with the normality test.   
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Figure 9: 

 

 

 

To summarize, the models tested in this section are all normally distributed. This information 

is good to know because we know that the mean of the error terms is close to zero which means 

that model capture well the information to explain the consumer credit. Nevertheless, we 

noticed that the residuals are serially correlated. Indeed, the Box-Pierce tests (Appendix 22) all 

revealed that the residuals are not independently distributed. This point is problematic to 

construct a robust model.   

6.5.6. VAR forecasting 

Finally, we wanted to forecast data over my testing period. From 2019 Q1 to 2020 Q4 we have 

the real data, and we compared this data with the forecasted data given by the model (Appendix 

15). 

we noted that ThirdVAR model and FifthVAR model have quite irrelevant figures. Let’s 

remember that we observed here the forecasted figures for the variable “DCC” meaning that 

the forecasted values are values that are differentiated. To obtain the amount of new consumer 
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credit in euro, we must add the differentiated figures to the previous amount of new consumer 

credit. Figure 10 represents the forecasted figures obtained for FirstVAR model and FifthVAR 

model.  

Figure 10: 

In this table, we recalculated the real figures based on the previous quarter. We can already say 

that there are some differences in each forecasted data between real figures and forecasted 

figures. We also observed that the forecasted data go in the same direction as the real data which 

is a good point. We must analyze how the forecasted data fit the real data to have a good opinion 

of my model.  

For each series of forecast, we calculated the root mean squared error. The formula to calculate 

it is: √(𝑚𝑒𝑎𝑛(𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑 𝑑𝑎𝑡𝑎 − 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑑𝑎𝑡𝑎)2) 

Name of model RMSE 

FirstVAR (2) 0.1053893 

SecondVAR (2) 0.1312606 

ThirdVAR (3) 2.158985 

FourVAR (3) 0.2379964 

FifthVAR(3) 1.529254 

SixthVAR (3) 0.2063828 

 

I observed that the lower RMSE are those for the FirstVAR and SecondVAR models. As 

expected, the RMSE of ThirdVAR and FifthVAR models are very high in comparison with the 

other models.  
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6.5.7. Summary of VAR forecasting 

In this section, we summarized all the information given by the implementation and analysis. 

The table below shows the different model, the R-squared and the adjusted R-squared, the 

RMSE are represented in the fourth column and in the last, there are the significant variables 

with their impact on the consumer credit (positive or negative).  

Name R-squared Adjusted R-squared RMSE Significant variables 

 

FirstVAR (2) 

 

75,55% 

 

35,27% 

 

0,1053893 

- : CCt-1, Incomet-1, Conditiont-1, 

Dependencyt-1, CCt-2, Incomet-2, 

Return t-2, Sentiment t-2 

+: Dependency t-2 

 

 

SecondVAR (2) 

 

 

69,27% 

 

 

44,69% 

 

 

0,1312606 

- : CCt-1, Incomet-1, Unemplt-1, 

Conditiont-1, Dependencyt-1, CCt-2, 

Incomet-2, Sentiment t-2 

+: Dependency t-2 

 

ThirdVAR (3) 

 

78,07% 

 

43,25% 

 

2,158985 

- : CCt-1, Incomet-1, Conditiont-1, CCt-

2, Incomet-2 

 

FourVAR (3) 

 

78,73% 

 

44,94% 

 

0,2379964 

- : CCt-1, Conditiont-1, CCt-2, 

Sentiment t-2 

 

FifthVAR (3) 

 

76,19% 

 

53,45% 

 

1,529554 

 

-: CCt-1, Return t-1, CCt-2, CPIt-2, 

Returnt-3 

 

+: CPIt-1, Conditiont-3 

 

SixthVAR (3) 

 

75,35% 

 

57,61 

 

0,2063828 

-: CCt-1, Conditiont-1, Return t-1, CCt-2, 

CPIt-2, Returnt-2, Returnt-3 

 

+: CPIt-1, Conditiont-3 

 

I can already reject the Third and the Fifth -VAR models because of their too high root mean 

squared error. We can also reject the FourVAR model because it approximately has the same 

adjusted R-squared as the SecondVAR model and moreover this model has less significant 

variables and a higher RMSE.  
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I can now envisage the three last model that have approximately all the same number of 

significant variables. FirstVAR model has the lowest RMSE but a weak adjusted R-squared. 

SecondVAR has a better adjusted R-squared but has a quite higher RMSE. Finally, SixthVAR 

has a RMSE twice as big as FirstVAR but has approximately an adjusted R-squared twice as 

big as FirstVAR.  

 

6.6.Vector Error Correction Model (VECM) 

In this section, we test the ability of a VECM to explain and to forecast the consumer credit. 

As explained in section 5.2.1., this sort of model could improve the result for my goal in this 

study. We make a quick review of the theory about VECM, we explain how to implement this 

model and how to analyze the different result obtained.  

6.6.1. Short theory on VECM 

In our database, we show that some variables are stationary and other one not stationary. It 

means that some variables have a trend, or a seasonality and others have none of them. To deal 

with this problem, an econometric concept called cointegration can resolve this problem. 

Cointegration shows that sometimes, between variables that are different in terms of 

stationarity, there is some common element. Cointegration is the representation of a (long-term) 

comoving between very different variables. A model of non-stationary variables can result in a 

stationary model thanks to the concept of cointegration. There is sometimes a linear 

combination between variables that tend to move together and tends to be bounded together 

(Lütkepohl, 2005).  

For example, when 𝑥𝑡 and 𝑦𝑡 are non-stationary but there exists a ɵ such that 𝑦𝑡 − ɵ𝑥𝑡 is 

stationary, 𝑥𝑡 and 𝑦𝑡 are cointegrated. In other words, although each time series is non-

stationary, their linear combination may be stationary. In this kind of model, the short-run 

dynamic is augmented with the long-run relationship.  

The variables used in a VECM must be integrated of order 1 or weakly stationary after one 

differentiation. It is a condition to find a stationary relationship between two non-stationary 

variables.  

In an error correction model, the long-term path or long-term trend is identified between each 

series. Even if the variables have a common trend or path, there are some deviations to this 

trend and the main goal of the VECM is to correct these variations (Lütkepohl, 2005). A VECM 
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consists of a VAR model with stationary growth variables and error-correcting equations with 

non-stationary level variables. This model describes a short-run dynamic by vector 

autoregression as well as a long-run equilibrium by error correcting equations.  

A conventional Vector Error Correction Model looks like: 

∆𝑦𝑡 = 𝛽0 + ∑ 𝛽𝑖∆𝑦𝑡−𝑖

𝑛

𝑖=1

+ ∑ 𝛿𝑖∆𝑥𝑡−𝑖

𝑛

𝑖=0

+ 𝜑𝑧𝑡−1 + 𝜇𝑡 

Where z is the Error Correction Term and is the residuals from this long-run cointegrating 

regression  𝑦𝑡 = 𝛽0 + 𝛽1𝑥𝑡 + ԑ𝑡 . 

 

6.6.2. VECM implementation 

To realize this model, first, we must measure the level of cointegration that there is between all 

my variables. To this end, we realize a Johansen Cointegration test to see at which level my 

variables have a common path. Before we must identify the level of lag for an autoregressive 

model like VAR to see the information criterion that will identify the ideal lag to model my 

equation.  

The result of the “VARselect” formula (Figure 11) shows that lag 4 is the good order to use in 

the cointegration formula. It means that the number of lags to use in a Vector Auto-Regression 

is p equals to 4.  

Figure 11: 

 

After identifying the order p for my whole non-stationary database, we can perform the 

calculation of the cointegration test. This Johansen test is either a trace test or a maximum 

eigenvalue test. Both approaches show the level of cointegration, in other words, how many 

cointegrating equations there are.  

For this test a maximum of 10 variables is accepted by the econometric tool. It is why we made 

a first choice of ten variables based on the Granger Causality tests and based on the stationarity. 

We rejected the variables “GDP”, “Competition”, “Education” and “Size”. The variable “GDP” 
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causes always a problem because of the problem of the very low stationarity of this variable if 

integration is at level 1 or 2. In fact, like explained before, my variables must be stationary or 

weakly stationary after the first difference to fit with this kind of VEC model.  

Figure 12 shows that at the level of 5%, there is a cointegration relationship in my database of 

5 because the statistic value of the test at a level 6 is 23,41 and the corresponding critical value 

is 27,14. At level 6, there is thus no more cointegration and there is cointegration until level 5.  

Figure 12: 

 

After finding the number of cointegrating equation there are in my database, we calculated the 

VECM using a lag order p (equals to 3 and not 4 to take into account the order of integration to 

be stationary) and the cointegration level is 5. In the Appendix 16, the cointegrating equations 

are observable. In this equation, there are the long run cointegrating relationships but no other 

parameters which are obtained later. Bellows here is an example of a cointegrating equation. In 

this example, CC has a negative long-run relationship with Income, CPI, Condition, Return, 

Dependency and Sentiment. CC has a small but positive relationship with Unempl and IR.  

𝐸𝐶𝑇𝑡−1 = 1 ∗ 𝐶𝐶𝑡−1 − 1,11𝑒−16 ∗ 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1 + 1,66𝑒−16 ∗ 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1 + 2,49𝑒−16 ∗ 𝐼𝑅𝑡−1

− 0.0066 ∗ 𝐶𝑃𝐼𝑡−1 − 0,876 ∗ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−1 − 0,0069 ∗ 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 − 0,043

∗ 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦𝑡−1 − 0,0069 ∗ 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 

This Error Correction Term relates to the fact that last period deviation from long-run 

equilibrium (the error) influences the short-run dynamics of the dependent variable. 

I also observe (Appendix 17) the equation of VECM in which there are five error correction 

terms (ECT) to correct the deviations of the variables to have a long-run common trend and 

path between all the variables of the model. We also see the intercept and each variable in their 

three lags.  
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I also see that a quite poor number of variables is statistically significant (highlighted in green) 

for the equation of “CC” which is one of my preoccupations here. 

𝐶𝐶𝑡 = −𝟐, 𝟔𝟑 𝑬𝑪𝑻𝒕−𝟏−0,18 𝐸𝐶𝑇𝑡−2 − 0,12 𝐸𝐶𝑇𝑡−3 − 𝟎, 𝟕𝟒 𝑬𝑪𝑻𝒕−𝟒

+ 3,4 𝐸𝐶𝑇𝑡−5+𝟑𝟐, 𝟓𝟐 + 0,92 𝐶𝐶𝑡−1 + 0,15 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1 + 0,27 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1

+ 0,75 + 𝟎, 𝟕𝟔 𝑰𝑹𝒕−𝟏 + 0,9 𝐺𝑖𝑛𝑖𝑡−1 + 0,03 𝐶𝑃𝐼𝑡−1 − 0,32

+ 0,03 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 + 0,24 𝐷𝑒𝑝𝑡−1 − 0,01 𝑆𝑒𝑛𝑡𝑡−1  + 0,39 𝐶𝐶𝑡−2 

+ 𝟎, 𝟏𝟕 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟐 + 0,13 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−2 + 0,32 𝐼𝑅𝑡−2 + 18,48 𝐺𝑖𝑛𝑖𝑡−2 

+ 0,05 𝐶𝑃𝐼𝑡−2 − 0,46 𝐶𝑜𝑛𝑑𝑡−2 + 0,02 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−2 − 0,62 𝐷𝑒𝑝𝑡−2 

+ 0,01 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−2 + 0,1 𝐶𝐶𝑡−3 + 𝟎, 𝟏𝟑 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟑 + 0,09 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−3 

+ 0,33 𝐼𝑅𝑡−3 + 0,07 𝐺𝑖𝑛𝑖𝑡−3 − 0,05 𝐶𝑃𝐼𝑡−3 − 0,32 𝐶𝑜𝑛𝑑𝑡−3 

+ 0,003 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−3 − 0,05 𝐷𝑒𝑝𝑡−3 + 0,002 𝑆𝑒𝑛𝑡𝑡−3  

 

The coefficients of the ECT’s are the speed of adjustment because it measures the speed at 

which dependent variable returns to equilibrium after a change in other variables. We noticed 

that the first and the fourth ECT’s are significant meaning that there are long-run 

relationships. We always focused my attention on the first row “equation CC” and observed 

each coefficient (the first figure) and saw the different standard error (in brackets).   

I tried to perform other models including variables Competition and removing variables like 

Gini or Dependency. The resulting models always have higher Akaike Information Criterion. 

Furthermore, these models didn’t have higher number of significant variables.  

6.6.3. VECM analysis 

After observing the model, we plotted the histogram (Figure 13) of the residuals of this 

model, and we see that it didn’t look like a normal distribution. Except the mean, which is 

near zero, the distribution is not equally distributed around the mean.  
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Figure 13: 

 

I verified this sentiment by performing a Shapiro-Wilk normality test (Figure 14) and it 

confirmed that the residuals are not normally distributed because of the small p-value.  

Figure 14: 

 

I also wanted to know if the residuals of the model are white noise. It is why we performed a 

Ljung-Box test (Figure 15). Ljung-Box test is similar as the Box-Pierce test performed before 

for the VAR model. The p-value of this test is very small so we could conclude that the 

residuals are not white noise for this model. Indeed, the null hypothesis is that the residuals 

are independently and identically distributed but here this hypothesis is rejected.  

Figure 15: 
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6.6.4. VECM forecast 

 

Despite the poor chances to obtain a good model and despite the difficulty to perform 

diagnostic tests on a VEC model in R, we tried to forecast it to see if he fits well with the 

available data from 2019 to 2020 (8 observations). Figure 16 provides the results of the 

forecasting process.  

Figure 16: 

 

I directly noticed that some figures are non-relevant (like the negative figure). This problem is 

probably due to the imperfect stationarity after one differentiation of some variables of my 

model.  

I observed a large difference between the theoretical values of “CC” and those given by the 

forecast of the model. However, in Appendix 18 the general tendency is good but the range 

between the two red lines is too big and maybe quite imprecise. We calculated the root mean 

squared error and the result is equal to 0,6219 which is quite high when comparing to 

previous models.  

 

6.6.5. VECM Transformation to VAR 

For many diagnostic tests in R, the formulas accept only objects from a “var” or a “vec2var” 

object. Consequently, we transformed the VECM in differences (with error correction terms) 
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into a VAR in levels thanks to the “vec2var” formula. Thanks to this transformation, the long-

run relationships (the cointegration relationships) are included into the VAR equation. The 

VAR equation includes thus the cointegration. From this “vec2var” formula, there results a 

Vector Auto-Regression which is stationary at level meaning that there is no differentiation 

needed.  

Here is the equation of this VAR (3): 

𝐶𝐶𝑡 = +0,07 − 0,2 𝐶𝐶𝑡−1 + 0,06 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1 + 0,01 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1 − 𝟎, 𝟎𝟗 𝑰𝑹𝒕−𝟏

+ 45,75 𝐺𝑖𝑛𝑖𝑡−1 + 0,12 𝐶𝑃𝐼𝑡−1 + 0,12 𝐶𝑃𝐼𝑡−1 − 0,01 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 

− 3,9 𝐷𝑒𝑝𝑡−1 − 0,005 𝑆𝑒𝑛𝑡𝑡−1  − 0,23 𝐶𝐶𝑡−2 + 𝟎, 𝟎𝟒 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟐 

+ 0,02 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−2 + 0,05 𝐼𝑅𝑡−2 − 25,16 𝐺𝑖𝑛𝑖𝑡−2 − 0,17 𝐶𝑃𝐼𝑡−2 

− 0,10 𝐶𝑜𝑛𝑑𝑡−2 − 0,004 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−2 − 0,07 𝐷𝑒𝑝𝑡−2 + 0,01 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−2 

− 0,10 𝐶𝐶𝑡−3 + 𝟎, 𝟎𝟏 𝑰𝒏𝒄𝒐𝒎𝒆𝒕−𝟑 + 0,08 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−3 − 0,01 𝐼𝑅𝑡−3 

+ 6,41 𝐺𝑖𝑛𝑖𝑡−3 + 0,07 𝐶𝑃𝐼𝑡−3 + 0,45 𝐶𝑜𝑛𝑑𝑡−3 − 0,004 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−3 

+ 0,30 𝐷𝑒𝑝𝑡−3 + 0,007 𝑆𝑒𝑛𝑡𝑡−3  

In Appendix 20, we observed the results of the cointegrated VAR. 

6.6.6.  VAR analysis 

For this model, we must calculate the R-squared manually. So, we calculated the total sun of 

squares (tss) which is equal to ∑(𝑡𝑟𝑢𝑒 𝑦 − 𝑚𝑒𝑎𝑛 𝑡𝑟𝑢𝑒 𝑦)2. We calculated the residual sum of 

squared errors (rss) which is equal to ∑(𝑡𝑟𝑢𝑒 𝑦 − 𝑦 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2. Then the R-squared is equal 

to 1 −
𝑟𝑠𝑠

𝑡𝑠𝑠
 . The R-squared of this model is equal to 68,31%.  

The adjusted R-squared is calculated with this formula: adj R²=1 − [(
𝑛−1

𝑛−𝑘−1
)] ∗ (1 − 𝑅2) 

where n is the number of observations (45) and k the number of independent variables (9). 

The adjusted R-squared is thus 60,16%. 

For this model we could test the serial correlation (Figure 17). We performed a serial test to 

see if the residuals of my model are correlated over time. We noticed that the p-value is 

greater than 5%, so we concluded that this model is not serially correlated. Indeed, The null 

hypothesis of no autocorrelation in residuals can’t be rejected at a level of 5%.  
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Figure 17: 

 

Then we checked the normality of the residuals of model1VAR. Figure 18 shows that the 

model is normally distributed via the p-value of the Jarque-Bera test. In fact, p-value is greater 

than 5% so we can’t reject the null hypothesis of normality. We noticed in the same sense that 

there is no skewness and no kurtosis.  

Figure 18: 

 

Nevertheless, we observed in Figure 19, the autocorrelation plot and saw that he ACF plot 

shows a significant autocorrelation at lag 4. This is contradictory with the previous 

information from the serial test.  



54 
 

Figure 19: 

 

6.6.7.  VAR forecast 

With this model, we could expect more relevant results in the forecast of the model. We tried 

to forecast this model over my training period. As expected, the results in the Figure 20 are 

much more relevant than before.  

Figure 20: 
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The RMSE of this model is equal to 0,4331.  

6.6.8. Summary of VECM forecast 

In this section we compared the two models that we obtained thanks to the VEC theory. The 

first one is the VECM which is quite difficult to diagnose, and which gives non-relevant data 

over the training period. The second one is the VAR model derived from the VECM which is 

easier to diagnose, and which gives more relevant data.  

To compare these models, we calculated the Root Mean Squared Error. The RMSE is lower 

for the cointegrated VAR model in comparison with the VECM.  
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6.7. Auto Regressive Integrated Moving Average Model (ARIMA Model) 

 

This model can be useful in econometrics because any non-seasonal time series that show the 

trend and is a random white noise can be modeled with ARIMA models. The autoregressive 

(AR) term means that the model results in a linear regression model that uses its own lags as 

predictors. Linear regression model includes thus that the result can only get better if the 

predictors are not correlated and are independent of each other (Katchova, 2013). 

First, a pure Auto-Regressive model is a model where Yt depends only on its own lags. 

𝑌𝑡 = 𝛼 +  𝛽1𝑌𝑡−1 + 𝛽2𝑌𝑡−2+. . +𝛽𝑝𝑌𝑡−𝑝 + 𝜖1 

In this formula, the p is the value of the number of lags needed to model the better the Yt. In 

other words, p is the number of lags that impact the current value of Y. Consequently, it is 

necessary to find which number of lags to use for this AR part of the equation (Katchova, 2013). 

Secondly, a pure Moving Average model is a model where Yt depends only on the lagged 

forecast errors. 

𝑌𝑡 = 𝛼 + 𝜀𝑡 + 𝜑1𝜀𝑡−1 + 𝜑2𝜀𝑡−2+. . +𝜑𝑞𝜀𝑡−𝑞 

Where the error terms are the errors of the autoregressive models of the respective lags. The 

error 𝜀𝑡−1 is the error term of this equation for example 𝑌𝑡−1 = 𝛽2𝑌𝑡−2 + 𝛽3𝑌𝑡−3+. . +𝛽0𝑌0 +

𝜀𝑡−1 . In the formula of moving average model of Yt, the q is the number of lags that still impact 

the current value of Y. As the value p, we need to find this value q (Katchova, 2013). 

To model the CC, we must add to my model the different exogenous variables. This kind of 

ARIMA model is called multivariate ARIMA model or ARIMAX model (the letter X 

representing exogenous variables). However, in R Studio the exogenous variables are not 

lagged. Consequently, we must prepare a lagged data with the independent variables which 

should be stationary too (Katchova, 2013).   

Finally, we can now write and imagine the equation of a multivariate ARIMA model (or 

ARIMAX model) where the time series was differenced at least once to make it stationary, and 

you combine the AR and the MA terms. The equation looks like : 𝑌𝑡 = 𝛼 + 𝛽1𝑌𝑡−1 +

𝛽2𝑌𝑡−2+. . +𝛽𝑝𝑌𝑡−𝑝 + 𝑋1 𝑡−1+. . . +𝑋𝑘 𝑡−1 + 𝜖𝑡 + 𝜑1𝜖𝑡−1 + 𝜑2𝜖𝑡−2+. . +𝜑𝑞𝜖𝑡−𝑞, where α is the 
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constant or intercept and where there are a linear combination lags of Y, k lagged exogenous 

variables and a linear combination of lagged forecast errors (Katchova, 2013). 

As said before, to run an ARIMA(p,d,q) model we must find the order p for the autoregressive 

part of the model, the order d of differentiation for stationarity and finally the order q for the 

Moving Average part of the model. 

To find the order of the autoregressive part, we proceeded like we do for the VAR model before. 

In fact, we look for the ideal number of lags to use as predictors. To find this number we use 

the existing formula in R called VARselect. We perform this formula on the stationary 

dependent variables. We saw different information criteria that indicate me the number of lags 

for the autoregressive model. The AIC indicates 1 as well as the HQ, the SC and the FPE. 

Consequently, we tried by selecting an order p equals to 1. We could also look at the Partial 

Auto-Correlation function and see which lags are the most significant (or impact the most the 

current value). By doing this method, we found 2 significant lags (Figure 21) meaning that 

order p could equal to 1 or 2. 

Figure 21: 

 

After, we looked for the parameter d that represents the minimum number of times the series 

have to be differentiated to be stationary. The letter “I” in ARIMA (meaning integrated) refers 

to the fact that in this model the series should not necessarily be stationary and must be 

differentiated to become stationary. Like we explained in the point 6.4., we performed an 

Augmented Dicker Fuller test to see the stationarity. After performing this test and observed 

that the series needed one differentiation to become stationary, we fixed the order d as 1. 
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Finally, to find the last needed parameter, the one for the moving average part, we looked for 

the ideal number of lagged forecast errors. We tested to find this number by looking at the 

autocorrelation function to see at which lag the correlation is the most significant and at which 

lag there is no autocorrelation. Figure 22 helped me to see that for the lag 1, the autocorrelation 

is significant. Thus, the ideal order q for my model should be 1. 

Figure 22: 

 

After these few steps, we had all the required parameters and could calculate the ARIMA model 

by using the function arima in R and by choosing the parameters. We tested several models 

with different parameters like ARIMA (2,1,1), ARIMA (1,1,1), ARIMA (2,1,0) or ARIMA 

(1,1,0). 

6.7.1. ARIMA Implementation 

To compare the model, we observed the different AIC of each model to see which model had 

the less information loss. In Appendix 19, the coefficients for the ARIMA (2,1,1) model is 

observable. The exogenous variables are lagged once. There are two AR coefficients, one MA 

coefficient and 13 coefficients for each lagged variable. The AIC for this model is equal to -

2,87. 
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𝐶𝐶𝑡 = −0,5359𝐴𝑅1 − 0,2903𝐴𝑅2 − 0,9999𝑀𝐴1 − 0,0019 𝐼𝑛𝑐𝑜𝑚𝑒𝑡−1 + 0,0091 𝐺𝐷𝑃𝑡−1

− 0,0392 𝑈𝑛𝑒𝑚𝑝𝑙𝑡−1 + 14,9326 𝐺𝑖𝑛𝑖𝑡−1 − 0,2028 𝐼𝑅𝑡−1 − 0,0563 𝐶𝑃𝐼𝑡−1 

− 0,0148 𝑅𝑒𝑡𝑢𝑟𝑛𝑡−1 − 0,0319 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑡−1 − 0,0639 𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑡−1  

− 0,0705 𝐷𝑒𝑝𝑒𝑑𝑒𝑛𝑐𝑦𝑡−1 − 0,1231 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑡−1 − 14,8164 𝑆𝑖𝑧𝑒𝑡−1 

+ 0,0061 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑡−1 

However, we observed some problems to observe the fitted values and thus we couldn’t 

calculate the R-squared. We tried to remove variables like GDP or year-fixed variables but the 

model couldn’t give the fitted values.  

The ARIMA (1,1,1) model gives a higher AIC (-0,91) which shows that this model will not fit 

better than the previous one. We observed the same conclusions for the two other models 

ARIMA (2,1,0) and ARIMA (1,1,0).  

All the models tested above didn’t give fitted value due to a possible convergence in the data. 

Without the possibility to check the R-squared of these models, it’s difficult to diagnose them 

and to trust in these models to forecast.  

I also tried to run the auto.arima formula which is a formula who does the work explained 

before and choose the best parameters for the time series. The software runs a KPSS test to 

see how much differentiation the dependent variable needs to be stationary. A KPSS test is 

similar to the ADF test. The goal is in fact to check the stationarity of time series. However, 

this test checks the stationarity in presence of a deterministic trend meaning that the null 

hypothesis of stationarity will not necessarily be rejected if there is a trend.  

Then the software test different values for p and q and identified the best model as the one 

with the lower AIC. We observed that this model is an ARIMA (0,0,0). This result is 

unexpected because of the parameters that we found. The parameters d should be at least 1 

because the variable CC need to be differentiated once to be stationary (performing the KPSS 

test gives the same conclusion as performing the ADF test in this case) (Prabhakaran, 2019). 

In fact, by running this formula in R Studio (Appendix 21), the best model identified is the 

ARIMA (0,0,0). In fact, the AIC equals to -3,27. This model has thus no AR or MA 

coefficient and has just coefficients for the lagged exogenous variables. This model is more 

like a VAR model.  



60 
 

Because of this conclusion, we decided to not consider this ARIMA (0,0,0) model. Indeed, 

since there is no MA or AR factor to reflect the moving average process or the autoregressive 

process, the ARIMA model is not useful and didn’t bring anything to the modelling.  

6.7.2. ARIMA analysis 

The next step was to test if the ARIMA (2,1,1) model is trustworthy. For this purpose, we 

checked the residuals to see if they were white noise. Check the residuals is useful to see if the 

model has adequately captured the information in the data.  

First, we plotted the histogram of residuals of ARIMA (2,1,1) model (Figure 23). We noticed 

that the mean of residuals is nearly zero which is a good sign (the mean of model7’s residuals 

is equal to -0,0071). 

Figure 23: 

 

I also calculated the autocorrelation function of residuals (Figure 23). We noted the 

significant autocorrelation at lag 4. This autocorrelation between residuals means that there is 

information left in the residuals. Because of the information left in the residuals, the model 

can’t fit perfectly with the observations. 

Finally, we run a Ljung-Box test to verify the serial autocorrelation of residuals. This test 

determines thus whether errors are independent and identically distributed (or white noise). 
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The large p-value in Figure 24 suggests that there is no significant autocorrelation in the 

residuals.  

Figure 24: 

 

I can consider that the residuals of this model are white noise which is a good information to 

trust in the model.  

 

6.7.3. ARIMA forecast 

 

Figure 25 shows the result we obtained when we tried to estimate the future responses of my 

model7 for the 8 coming periods. We compared this result with my test period for which we 

had already the results of the consumer credit until Q4 2020 (56th observations).  

I noted the 8 forecasted values knowing the figures for the exogenous variables. Indeed, in the 

database “Test_lagged_ARIMA” there are the figures of exogenous variables for the 8 

periods ahead.  

After forecasting these values, we calculated the Root Mean Squared Errors between the 

forecasted values (“CCTrain”) and the observed values (“CCTest”). We saw a value of 0,197 

for this result which means that the model fits quite well with the real observations in 

comparison with the other models seen previously. 
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Figure 25: 

 

6.7.4. Summary of ARIMA forecast 

The ARIMA model is not very easy to use and to diagnose. In fact, the fitted values for the 

ARIMA (2,1,1) are not given by the model. We could just diagnose with the calculation of the 

RMSE,with AIC and with the analysis of error terms. Consequently, for this model we only 

considered the ARIMA (2,1,1) but with precautionary because of the lack of diagnose.  
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6.8. Summary of all the models 

In the table below, we gather all the models that we consider to be able to forecast consumer 

credit. These models have the better diagnostic parameters. In terms of Adjusted R-squared, 

the cointegrated VAR model gives the best result. This demonstrates that this model has the 

best explanation power. In terms of root mean squared error, the FirstVAR model gives the 

best result. This is the main goal of this study in order to predict the consumer credit. This 

model has the higher prediction power.  

 

Name R-squared Adjusted R-squared RMSE 

 

FirstVAR (2) 

 

75,55% 

 

35,27% 

 

0,1053893 

 

 

SixthVAR (3) 

 

 

75,35% 

 

 

57,61 

 

 

0,2063828 

 

Model1VAR or 

cointegrated VAR 

 

68,31% 

 

60,16% 

 

0,4331 

 

Model7 or ARIMA 

(2,1,1) model 

 

/ 

 

/ 

 

0,197 

 

Based on this table, we can say that the better model to predict the consumer credit in 

Belgium is the VAR (2) model estimated in section 6.5. The goal of this thesis was to identify 

determinant factors behind consumer credit, to construct a predictive model but also forecast 

the consumer credit.  

The potential predictors are consumer credit, income, repayment conditions, dependency ratio 

at lag 1 with a negative impact. The consumer credit, the income, the return on investment 

and consumer sentiment at lag 2 impact negatively the consumer credit. And the dependency 

ratio impact positively the dependent variable.  
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For the coming years we do not have access to the exogenous variables meaning that the 

model will forecast in the long run without knowing the exogenous variables. There is a 

possibility to forecast the independent variables or to have access to estimation for these 

future variables. However, in the short run, the model offers the possibility to predict the data 

of the next period.  

In this table, we used the model selected to predict the new contract of consumer credit in 

euros. The forecasted data are given by the econometric tool and by a function that forecast 

the dependent variable based on the model. 

 

The first 8 observations are forecasted knowing the exogenous variables and the 16 last 

observations are forecasted based on the model and the formula proposed by the econometric 

tool. 

We can observe a declining tendency over the years. Indeed, for 2024, the amount of new 

consumer credit is estimated to 647.714.691,87 €.  
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7. Limitations of the work 

The findings of this study must be seen in light of some limitations. Indeed, each work of this 

type contains some bias whether in terms of database or procedure.  

One limitation of this master thesis is the choice of the variables. Indeed, we selected 13 

variables after reading many papers on the topic. Previous studies demonstrated the 

explanation power of factors behind consumer credit but very few studies demonstrated the 

prediction power of my variables. We selected some variables that didn’t help me to predict 

and to explain consumer credit. Moreover, we didn’t include in my models some variables 

like saving behavior of households or impact of mortgage loans. The reasons why we didn’t 

select these variables are the unavailability of data for some variables or the lack of research 

about the subject. Making choices is an obligation in this type of work. We based my choices 

on the literature and on the availability of data. 

Another big limitation of this work is the limitations concerning the size of the database. In 

fact, the variables selected are often available quarterly but not monthly. This lack of 

available data has the effect of reducing my data sample. The data sample is weak, and this 

causes a problem for the robustness of the models. In a lot of studies, the data sample is 

superior to 100 observations. Fixing a model on a such short sample period is difficult and 

maybe biased. A point of improvement for a future study is to collect data over a period of 

minimum 100 observations to construct and train the model on 80 observations and test the 

model on the last 20 observations.  

The choice of the model used to explain and forecast the dependent variable is also a 

limitation. In fact, we chose to use 3 kinds of model, but some other research probably uses 

other types of models. This choice is once again based on the literature review. Use a model 

without a lot of modification to make whether on the database or on the parameters is practice 

using again. It’s also easier to adapt the model in the future with other available data.  

Linked to the previous limitations, the development of the model is limited by the capacity of 

the econometric tool. Here, R Studio sometimes limited the work in the sense that the number 

of accepted variables is limited, or that the data are not suitable (scale of unit too large for 

example). We chose to work in the R environment because it is the tool for which we had the 

basics. 
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Another limitation is linked to the forecasting in the long term. The exogenous variables are 

unknow since we look to the out-of-sample period. The estimated models are build using 

lagged variables. It means that since we dispose of the data of a period, we can easily predict 

the new consumer credit for the next period. However, the difficulty is to predict consumer 

credit for large future period. Despite, the fact that some variables are predicted by others 

financial actors, base robust forecast with data that are themselves forecasted is extremely 

complicated. The forecast or the estimation of the exogenous variables could potentially 

constitute a parallel work.  
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8. Conclusion  

Throughout this master thesis we identified different variables in order to predict the new 

amount of consumer credit. We tried to construct the econometric model using 

macroeconomic variables such as the income of households, their consumption, the 

unemployment rate, the interest rate, the level of revenue’s redistribution, the consumer price 

index or the return on investment.  we also identified microeconomic variables as potential 

predictors: the repayment condition and the competition between credit providers. We also 

included socio-demographic variables like the dependency ratio, the level of education or the 

size of households. We identified all these variables thanks the existing literature linked to 

this subject. Nevertheless, we tried to include in my models a variable which represent the 

consumer sentiment.  

I realize few tests to diagnose the database. The Granger causality test give us a first idea of 

the variables that could cause the consumer credit. Indeed, the interest rate, the Gini index, the 

dependency ratio, the unemployment rate or the condition of repayment are the variables that 

seems to Granger cause the dependent variable.  

We also noticed that a major part of the data is not stationary. It means that the figures show 

sign of trend or doesn’t present a stable mean and a stable variance. We also observed the 

serial correlation of some variables.  

After that, thanks to different models, we observed that the variables which are the most often 

useful to explain the consumer credit are the household’s income, the evolution of repayment 

condition, the return on investment, the dependency ratio and the consumer sentiment. The 

lagged consumer credit is also very useful to explain and predict the new consumer credit. 

The different predictors sus-mentioned impact the consumer credit positively or negatively 

depending on the number of lags. 

I constructed the models based on three theories: the vector autoregression model, the vector 

error correction model and the autoregressive integrated moving average model. Among these 

three models, the first one is the type that we chose to forecast the consumer credit. This 

selected model gives us the better robustness sign parameter. My personal opinion is that this 

is also the easiest model to use, it is easy to understand the functioning. The VECM is quite 

difficult to interpret in his pure form. It is also not the easiest to use before the transformation 

to VAR. The ARIMA model gives us irrelevant parameters. It is also not the most easy-to-use 

model because of the manual lagging of exogenous variables.  
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After constructing the models, we forecasted the consumer credit over the training period of 8 

observations. We evaluated the capacity to forecast and finally we forecasted the consumer 

credit until 2024.  

This master thesis served to highlight the factors that can influence the future response of the 

consumer credit. With this thesis, we realized that the size of the sample period is not easy to 

ensure because it’s not always easy to get data. We also observed and judge the manipulation 

of econometric models.  
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