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Abstract

In this thesis I test if default risk is priced in equity returns. Following Vassalou and Xing (2004), Merton’s option pricing model is used to estimate a default probability measure. I test whether changes this default risk measure are priced in the cross-section of equity returns for firms listed on the Amsterdam Stock Exchange. Besides that, I control if the Fama and French risk factors, size and book to market ratio, are captured by priced default risk. The results show that, in this research, default risk is only priced in the equity returns of small firms with high book to market ratio. The size effect does not exist and the book to market effect does exist. The default risk measure does not subsume the explanatory power of the book to market ratio.
Keywords: default risk, equity returns, Merton’s model (1974), size and book to market effects.
JEL Classifications: G12, G14, G24, G33.
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1.
Introduction
The economic environment has changed drastically over the last two years. The crisis in the financial sector caused a snowball effect that moved towards all economies worldwide.  The financial sector has almost come to a standstill, not lending anymore money to institutions that want to invest. If these investments cannot take place, the businesses down the supply chain all suffer from this. Organisations all over the world have to lay off substantial parts of their workforce because of the declining demand. In these times of economic decline, more than otherwise, companies struggle to pay their debt obligations and keep from defaulting.
As we have seen in previous crises, the number of defaults will probably be substantially higher in these times of economic recession in the Netherlands, as can be seen in figure 1
. A default occurs when a firm does not have enough assets to pay its debt obligations. 

Figure 1. Number of defaults in the Netherlands 1981-2007.
The number of defaults (in thousands) over the period 1981-2007 in the Netherlands. The different colours show the types of companies defaulted.
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To do a well-considered investment, investors want to have perfect information of the asset. They don’t want an asset to behave different than profiled beforehand. Investors obviously look for the best risk-return trade-off when looking for a good investment. If high risk is faced, higher return is required. In theory, every risk an investor faces, that cannot be diversified away, must be compensated for
. In the bond market this compensation is easily observed, where a spread between government bonds and corporate bonds is present. Generally government bonds offer a lower interest rate than corporate bonds. In academic literature there is discussion about the origin of the premium on corporate bonds compared to government bonds. Some say the whole spread is due to default probability (Bodie, Kane and Marcus 2005); others say it is captured by transition probabilities (a.o. Jarrow, Lando and Turnbull 1997). Transition probabilities
 are part of the Markov Chain, which suggests that given the present state, the future states are independent of the past states. The present state captures all the information that lies in the past states (Markov, 1971). 

Elton et al (2001) state in their research that this spread exists for three reasons. First there is a tax effect. The interest received on corporate bonds is taxed on the federal level and the state level, whereas earnings on government bonds are only taxed on the federal level. However, in the Netherlands no such thing as federal and state level exists, so this argument doesn’t hold in this thesis. 
Second, the liquidity risk effect causes part of the credit spread. Liquidity
 itself is a subjective concept. It is difficult to state when a bond is liquid or illiquid. Direct measures of liquidity, based on transaction data, often do not incorporate all information available. Therefore academic literature searches for indirect measures based on bond characteristics to more accurately estimate liquidity (Houweling et al 2005). Investors want compensation for holding less liquid securities. Government bonds have much higher liquidity than corporate bonds because the volume of government bonds transactions is much bigger than that of corporate bonds. Keeping that in mind, less actively traded bonds tend to carry less information in the price, making them more costly to sell, decreasing the liquidity of corporate bonds, which demands a premium. 
Third, and for this research the most relevant reason for this rate spread, is the possibility that a company defaults and the bondholder loses (most of) his invested capital. Assuming it is very unlikely that the government defaults, part of the credit spread on corporate bonds can be attributed to default risk. As mentioned before, a firm defaults when the value of assets is not enough to service its debt obligations. So you could see investment in a firm’s equity a call option on the asset value of the firm, with the strike price at the level of debt obligations due within the investment horizon. When the asset value is above the level of debt obligations the option is “in-the-money”
, but once the asset value falls below the strike price there will not be enough assets to service all the debt obligations, the option will have no value and the firm defaults. If a default occurs, bond holders will be almost last in line to receive any of their funds, because the debt obligations are paid first using the assets
. Therefore investors require a premium on top of the “risk free” government bond interest rate. 
The above mentioned arguments are three explanations that cover part of the credit spread. The size of the premium is a topic for empirical academic research. One of the results published by Elton et al (2001) is that only 15% of that bond rate spread is caused by default risk. Other articles trying to explain the credit spread find comparable results (Collin-Dufresne et al (2001), Duffee (1998)). 

Concluding from the above, the origin of the interest rate spread between corporate and government bonds is subject of discussion in academic literature, and still no consensus is reached in this field. 

The above mentioned literature tries to explain the rate spread in the bond market. However, a similar spread, caused by default risk, may well exist in the stock market. The outcome of several studies, that default risk can only partly explain the rate spread in the bond market, triggered Vassalou and Xing (from now VX) to find another method to reveal the relation of default risk and equity. They compare equity returns with the probability of default. A firm in distress has a higher probability of default and thus faces a higher risk of defaulting. If an equivalent relation exists in the equity market, the stock returns of these firms in distress should rise. The existence of this relation will be discussed in this paper. Various factors may influence robustness of the relation, and thus this research. These factors can cause the results to be biased, and therefore the results have corrected for these factors. In the Literature Review, the main factors are described. 

Thus, the relation of the size and BM-effects, and default risk is also discussed in this paper. VX (2004) found that these effects do exist, but only in high default-risk firms. Finally, they found that high default risk firms only earn higher returns when they are small and have a high BM ratio. VX (2004) came to these results using data of more than 1400 companies listed on the New York Stock Exchange over the last 32 years. These factors have to be taken into account to be sure the outcomes are not biased.

In the uncertain economic climate, it is very interesting to know to what extent these results also hold for companies listed on the Amsterdam Stock Exchange. Therefore, in this paper I will answer the following research question:

Are changes in default risk reflected by equity returns of firms listed on the Amsterdam Stock Exchange, and are the size and value factors proxies for default risk in these firms?

Vassalou and Xing (2004) answered this question in their paper, using data from firms listed on the NYSE. This paper will be based on theirs, but tests if this hypothesis also holds for firms listed on the Amsterdam Stock Exchange. For this research a dataset of 162 firms listed on the Amsterdam Stock Exchange is created for the period from January 1986- December 2007. The specifics of the data are described in the Data chapter.

The remaining of this paper will be organized as follows. Chapter 2 contains a literature review about the origin and research on the efficient market hypothesis. The methodology of calculation the default probability and the correct stock returns is described in chapter 3. After the description of the data in chapter 4, the results of the analyses are reported in chapters 5 and 6. Chapter 5 contains the method and results of the portfolio analysis, in which the data is analysed by looking for significant relations between portfolios formed based on default risk, and the risk factors (size and book to market ratio). The adapted Fama and MacBeth regression method, and its results, are reported in chapter 6. Finally, the summary and conclusion will be in chapter 7.

2.
Literature Review

Ever since people started trading on stock markets
, investors want to forecast the movements of the stocks. Because if, for example, they know in advance that the price of a certain stock will rise in the following period, they can use this knowledge to buy the particular stock now and sell it at the end of the period. In this way, the investor is sure to make a profit out of this trade. Unfortunately, investors still cannot predict the movement of stock prices. In the past hundred years many theories were constructed to predict the market. 

2.1
Efficient Market Hypothesis
In 1900 the mathematician Louis Bachelier published his article called “the Theory of Speculation”, in which he stated that stock prices follow a random walk. His work was unnoticed by economists for decennia, until Cootner (1964) published Bachelier’s work along with empirical results. After this, in 1965, Eugene Fama, published an article empirically proving the random walk of stock prices. The random walk theory reflects the independency of changes in stock prices. In this theory, investors believe that every single stock has an intrinsic value, which means that its price depends on factors that affects the companies, like politics or the economic environment. But these intrinsic values do not have to be equal to the market prices, all investors will use all the information available to them to determine ‘their’ intrinsic value. New information will lead to changes in intrinsic values calculated by investors. Because the investors all have more or less the same information their intrinsic values will move parallel. Therefore if one investor notices that a particular stock’s price is under the intrinsic value, he assumes the stock price to rise to the intrinsic value, and he can take advantage of that, making the stock price changes dependent of these expectations (Palgrave Macmillan, 2009). But because more investors think that this will happen, a ‘bubble’ appears. When looking at the whole market, if all investors see the same opportunities these ‘bubbles’ are gone before they are able to grow. The new information available to the investors will be reflected almost instantly in the stock prices. Therefore the investors are not able to profit from their knowledge. Thus all information is reflected in the stock prices at all time. Due to this assumption it would be impossible to manage a portfolio that outperforms the market consistently using market information, because every peace of information the manager uses is already reflected in the stock prices. This leads to the theory of the efficient market, which states that financial markets are efficient in the way that all information available is reflected in the stock prices and that these prices change instantly with new available information. 
This theory assumes that all traders are utility maximizing and that they have rational expectations. Three forms of the efficient market hypothesis are recognized by Fama (1970), weak form, semi-strong form and strong form efficiency. The weak form efficiency means that current stock prices fully reflect all past prices and data. Therefore technical analysis
 is useless under this assumption, but fundamental analysis
 can still produce excess returns. In a semi-strong efficient world stock prices adjust instantly when new information becomes public. This assumption means that not only technical analysis is useless, but fundamental analysis will also be of no use. Strong form efficiency assumes that stock prices instantly reflect all information, even if it concerns insider information. These days the financial market are very well developed, and numerous experienced investors are actively trading. The more investors are trading on the market, the more efficient the market is. 

Numerous empirical studies confirm the efficient market hypothesis, but investors still try to find ways to outperform the market. In this search, different anomalies were found by researchers. An anomaly
 is a returning phenomenon in which the stock prices change in a pattern under defined circumstances. For example the size anomaly, that states that small-firms stocks on average outperform big-firm stocks. Unfortunately, theoretically, if investors act on these anomalies to make profit out of it, the anomaly will disappear because the information will be instantly reflected by the stock price. 

Two of these anomalies (or risk factors) were thoroughly researched by Fama and French (1992, 1993), the size anomaly, and the book-to-market ratio anomaly. In the following section these anomalies will be discussed, because in this research both factors possibly influence results. 

2.2
Fama and French Risk Factors
In the article by Fama and French (1993) five common risk factors that explain the variation between returns on stocks and bonds are found. Two of that five are specific factors that explain the bond market, regarding maturity and default risk. For this paper the other three factors describing the stock market are relevant. These three factors describe the return relation in the stock market, a general market factor, a size factor and a book-to-market factor. 
The general market factor can be interpreted as a premium for the investment in a stock rather than in ‘risk free’ government bonds. Independent of the financial position of the firm, or of the sector in which the firm operates, stock market risk is always present. The size factor describes the effect of the size on returns. Even before Fama and French published their paper on the risk factors, Banz (1981) stated that, on average, smaller firms have higher returns than larger firms, adjusted for the differences in risk
. The economic argument behind this empirical finding is that small firms have, on average, higher default risk than big firms. As firms become bigger, asset volatility falls, and therefore default risk decreases proportionally (Crosbie and Bohn, 2002). Furthermore, the book to market factor states that firms with a relatively high book-to-market ratio (value stocks) on average earn higher returns, and that firms with a low book to market ratio (growth stocks) on average have lower returns. The economic rationale behind the B-M factor lies in the fact that the market value is priced by investors (market). So if the market value is low, it means that the demand for that asset is low due to, for example, lack of growth opportunities. This leads to more risk, and hence to higher required return (Fama and French 1992).
2.3
Default risk
As mentioned above, the default risk factor is recognized as a bond market risk factor by Fama and French in their work. Because bonds of high-default risk firms earn higher interest payments than low-default risk bonds, to compensate for the higher probability of default of the company. But does this risk factor exist in the stock market too? If the risk of default rises the required return on the stock also rises. Vassalou and Xing (2004) published their article on the question if changes in default risk are reflected in the stock returns. In their research, studying over 1400 companies over a period of 32 years, they found that higher default risk firms earns higher returns, but only under the circumstances that the firms are relatively small and have high book to market ratio. In this paper, a comparable research is done. However only firms listed in the Amsterdam Stock Exchange are considered.

Existing literature models default risk (or credit risk) in two distinct ways, reduced-form models and structural models. The reduced-form models do not use economic pricing models to come to the default risk. No relations between parameters are described to accurately estimate default risk. On the other hand, the structural models, first used by Merton (1974), link various parameters to make accurate calculations of the amount of default risk a firm faces. Merton developed a method that stipulates that the value (and volatility) of a firm’s assets relative to the value of its debt, reflects its credit risk. It is based on the view that a firm’s equity can be seen as a call option on the (market) value of assets of the firm. The exercise price of this option is set at the total of debt obligations the firms face within the maturity period, because, in case of default, these obligations will be met before the equity holders will be paid.

This model is used in practice by Moody’s KMV
. In academic literature there is discussion about whether this approach is superior over other (reduced-form and structural) models.
 However, academic researchers can only mimic KMV’s model by using the public part of the model. Moody’s KMV uses a slightly different and extended model
 that can work with more complicated debt structures. Besides that, KMV built a database of defaults from which they can form a distribution of distance-to-default changes. Academics are obliged to assume a cumulative normal distribution. However, in reality this distribution tends to be non-normal, which can have influence on the outcome of the model. In the next chapter the methodology of calculation the default probability it thoroughly described. 
3.
Methodology
How can default probability be measured? Default occurs when the firm cannot pay its debt obligations, thus when the market value of the assets drops below the default point. So what is the probability that the market value of assets drops below the default point? The default point can be easily observed, being the debt obligations the firm faces in the particular period (this will be discussed later in this chapter).
As opposed to these directly observable liabilities, the market value of assets can not be observed directly. To make these values observable, Merton (1974) developed a model based on the Black and Scholes option pricing formula, which is used by KMV to calculate default probabilities. In graph 2 the derivation of default probability (Default Likelihood Indicator, DLI) is visualized. 
Figure 2.  Distance to Default and Default Likelihood Indicator.
This graph is adjusted from the graph from the article by Crosbie and Bohn (2002) for KMV that elaborates on the default risk modelling method used by KMV. The graph shows a timeline on the X-axis and the market value of assets on the Y-axis. On the right descriptions of the encircled numbers in the graph are reported. The figure is adjusted from Crosbie and Bohn (2002).
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As can be seen, the market value and volatility of assets (respectively MVA and σA) and the default point (DP) are the main variables from which the Default Likelihood Indicator is derived. When the asset value is calculated, the absolute distance to default (see graph 2) can be found by subtracting the default point from MVA. However, to calculate the DLI the relative distance to default must be derived. Therefore the asset volatility reflects the movement in asset value over a specific horizon, in this thesis one year, forming a probability distribution. The distance to default (DD) measures the number of standard deviations the asset value is away from the default point, expressed by the following equation:
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This distance to default is used in this paper. The Default Likelihood Indicator can be calculated from this distance to default. However, a few implementation problems arise when using this method. Not all variables needed to calculate the DD are directly observable. Unlike the directly observable default point, the MVA and σA have to be inferred. Existing literature shows various methods of deriving these variables, which are described in the following sections.
3.1
Estimating the Market Value of Assets
In this section the procedures of the most widely used methods to calculate the market value of assets, the KMV method, the model of Maximum Likelihood Estimations, and the method of market proxies are described.

3.1.1
KMV’s Method
Because this model is used by Vassalou and Xing (2004), it will be described more thoroughly than the other methods. KMV uses a model to estimate the market value of assets of the firm that is based on the theory of Robert C. Merton (1974) that a firm’s equity can be seen as a call option on the underlying value (market value of assets) of the firm
. Corresponding characteristics of the option and a firm’s equity are the limited liability and the fact that both are residual claimants on the firm’s assets in case of default. The strike price of that option would be equal to the face value of the debt. As noted earlier, default occurs when a firm is not able to pay its debt obligations, the option’s strike price will be at this point, the default point. The value of the option will drop to zero if the value of the firm drops below the strike price, and thus defaults. But the value of the option will rise when the firm value increases (Merton 1974). 

To price the call option Merton uses the well known Black-Scholes option pricing framework, and therefore the assumptions of that framework are also considered (see Black and Scholes 1973). The assumptions form the perfect market conditions, and additionally these assumptions are made:

· Returns of securities are serially independent, which is described by the following equation on the movements of the firm value (VA):
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Where dVA represents the change in market value of assets of the firm; α stands for the expected rate of return on the firm’s assets per period; C is total dollar payouts/received by the firm per period, which is negative if it contains more dividends and interest payments, and positive when its contains more new financing of the firm; σA is the volatility of the return on the firm’s assets per period; and dz is a Wiener process. This last variable stipulates the independency and continuity of price movements (follows a Brownian Motion
), and thus the efficient market hypothesis that was formulated by Fama (1970);

· It is assumed that the firm just issued a zero-coupon bond with a maturity of T (maturity of the bond equals that of the book value of debt, which Merton uses as strike price of the call option, which is one year in this paper). 

Having set all the assumptions, the relation between the market value of equity (VE) and the market value of assets (MVA), also known as the Black-Scholes-Merton option valuation equation (Barath and Shumway, 2004), can be described as:
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Where rf is risk free rate, X is default point and d1 and d2 are respectively:
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This Black-Scholes-Merton option valuation equation is the first of the two equations to solve the problem of the unobservable variables. It links the value of equity with the value of assets of the firm. The second equation relates the equity volatility with the asset volatility as follows:
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This system of two equations with two unknown variables can be solved easily. But according to KMV this easy solution gives biased results. The movements of the asset value are not reflected by the equation quick enough, resulting in biased distance to defaults. It tends to overestimate asset volatility when the distance to default becomes smaller (leverage falls), and underestimate asset volatility when distance to default becomes bigger (leverage rises). To avoid this, KMV uses another way to find the volatility of the market value of assets, which gives much better results.
The KMV method to get to accurate asset volatilities starts with an estimated “guess” of the actual asset volatility, in this case the equity volatility. With this “guess” of the volatility, the asset value of the firm is calculated using equation (3). From these asset values, we can now estimate the corresponding volatilities. These volatilities will not be equal to the “guess” volatilities we started with. With these calculated new values we start the procedure again from the beginning. So filling in the Black-Scholes formula (3) and retrieve the asset values and from that, the asset volatilities. If this procedure is iterated a couple of times, the asset volatilities will converge. To get very accurate asset volatilities, and thus asset values, the procedure is iterated until the consecutive asset volatilities are converged with a spread no more than 10E-4 (as Vassalou and Xing, 2004). 

The main advantages of the KMV-Merton model are the fact that the model uses the equity value to estimate the market value of assets, directly incorporating market information into the model, and the linking of the DD to the observed default frequency makes the DLI estimates depend less on the assumption of the normal distributed asset returns. On the other hand there are some disadvantages of the model. The most important parameters of the model (MVA and σA) are not observable and must be estimated by the model. However, the accuracy of these estimations cannot be checked. And secondly the interest rates are assumed to be fixed. Within a short period (≤1 year) this will not bias estimations, but when used for longer periods or for interest sensitive products it will give decreased accuracy. Third, to get to the estimation of the DLI historical data is used, implying a stationarity assumption. However in different economic environments the distribution may shift causing a shift in the Default Likelihood Indicator for a given distance to default
. (Jarrow and Turnbull, 2000).
The KMV-Merton model is widely used in commercial fields, and applied in academic research. In well known Finance books it is the only estimation model explained (Ericsson and Reneby, 2003). 

3.1.2
Maximum Likelihood Estimation (MLE)
In his research, Duan (1994) developed a method for solving the unobservability of asset values and volatilities in Merton’s (1974) bond pricing model. The problem is solved using transformed-data maximum likelihood estimation. 

The log-likelihood function of the specific data set will be noted as L(θ; data). The symbol θ represents a set of unknown parameters that are within the model. The key of the MLE is to find the value of θ for which the data has the highest likelihood of occurrence. For an extended explanation of this model see, among others, Duan (1994), Duan and Simonato (2002) and Ericsson and Reneby (2003). 
The advantages of this method are, first, that the estimators statistically hold, particularly in large samples. And second, the sampling distributions, the output of this method, are directly usable for hypotheses testing (Duan et al (2005), Chou and Wang (2006)). 

3.1.3
Market Proxies

This method is the least complicated of the models presented in this paper. Various research articles take a proxy for the market value of assets, and thus also for the asset volatility. Eom et al (2004) estimate MVA  as: 
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Where MVtotal debt is proxied by BVtotal debt. 

However, other articles use another proxy for the market values of assets
: 
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Where BVA and BVE are the book value of assets and equity respectively. 

The rationale behind this proxy is that first the book value of assets is taken and then correcting for the market condition of the firm by adding the difference between the market value of equity and the book value of equity. If the market value of equity of a firm is higher than the book value, investors see the firm as a good investment, therefore the market value of assets rewards this.
Due to the implementation difficulties of the Black-Scholes option pricing model and the application of this market proxy in academic literature, this last method is used in this paper. 

3.2
Calculating Asset Volatility
Asset volatility can also be calculated in various ways. In this paper it refers to the standard deviation of returns on the stocks over the past year. In VX (2004) the instantaneous volatility is inferred by the iterative procedure described in the previous chapter. They use this type of volatility because it appears in the Black-Scholes option pricing formula. It is calculated by taking the square root of the expected variance of the relative changes in the stock prices per time period. The Black-Scholes formula assumes “ideal conditions” in the market. Due to this assumption, stock prices are assumed to follow a random walk with a variance proportional to the square of the stock price, resulting in a lognormal distribution of stock prices at the end of the set horizon (Black and Scholes, 1973).

However, in this thesis the MVA is not calculated using the Black-Scholes option pricing formula. Therefore the asset volatility isn’t estimated using the iterative procedure, but is estimated directly from the proxy MVA . The instantaneous asset volatility is calculated by first taking the standard deviation of the logarithms of the daily returns of the previous year. Second, the outcome is multiplied by the square root of the number of trading days in the previous year:
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Where Rt,T  is the daily return on assets within the horizon, and  #tradingdays is the number of trading days within the horizon (1 year, 261  trading days).

3.3
Calculating Default Point

The default point, for calculation of Distance to Default, is also not estimated uniformly in the existing literature. Gharghori et al (2005) and  Eom et al (2004) use total liabilities of the firm to proxy the default point. They argue that equity value only increases as all the debt in the firm is paid off, and that thus the default boundary lies at the level of the total liabilities of the firm. However, according Crosbie  and Bohn (2002) a firm does not have to service its long term debt obligations on a short term (one year), so the total liabilities tend to overestimate the default point. To counter this problem of overestimation, another method to infer a firm’s default point is used by Crosbie  and Bohn (2002), Vassalou and Xing (2003,2004,2005), Barath and Shumway (2004) and Du and Suo (2003). They use short term debt (with a maturity of one year or less) and half of the long term debt of a company. The portion of the long-term debt is taken into account because the amount of long term debt restricts the ability to roll-over the short term debt. Crosbie and Bohn note that some firms do actually default when the value of their liabilities rises to the level of the market value of their assets, but the majority doesn’t because not all the debt obligations are due in short term. After a study of defaults, Crosbie and Bohn found that the default point lies between total liabilities and current liabilities (due within one year). However, in this study total liabilities is chosen to for the default point, because, in case of default, equity holders of the firm only receive their investment back if all debt obligations have been met, making total liabilities a good proxy for default. For reference a list of all data items used is in the appendix.
3.4
Calculating Default Probability
Once the market value of assets and the volatility of asset value are known, the distance to default
 (in number of standard deviations from mean asset value) can be calculated. The equation for this looks like the Black-Scholes option valuation formula:
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(6)

Where μ is the mean change in the value of assets, estimated by taking the mean of the daily changes of the logarithm of the asset values over one year (the period over which the default probability is calculated. 

VX (2005) state that μ can be replaced by Rf. They argue that the outcome of the study doesn’t change when using Rf and that it is much easier to implement. So the DD will be calculated as follows:


[image: image13.wmf]t

t

R

Xt

MV

DD

A

A

f

A

×

×

÷

÷

ø

ö

ç

ç

è

æ

-

+

÷

ø

ö

ç

è

æ

=

s

s

2

ln

2








(7)
Since all variables are known, the default probability can be calculated. This probability shows what is the chance that the book value of liabilities will be higher than the market value of assets at the end of the period, when the debt is due (one year in this research), and thus can be written as:
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Where pt is the probability of default at the debt maturity, MVtA is the market value of assets at debt maturity (t) and Xt is the book value of liabilities (default point) at debt maturity.

The movements in the value of assets follow a random walk (Brownian motion), as stated in equation (2). So the market value of assets at the end of the period (t) will be:
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Where ε reflects the random walk of the return on the firm’s assets.

Now eq. (6) can be filled in with the eq. for 
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With rearranging the terms in the above equation, the random component ε can be extracted to the right side. According to the Black-Scholes model, ε is normally distributed, so the probability of default can be written as:
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Above the derivation procedure of the default probability used by KMV (and Vassalou and Xing, 2004) is described. However, due to the differences in their derivation of the market value of assets and default point and the derivations in this paper, the actual default probability is also estimated differently.
After the market value of assets, the default point, and the volatility of assets are estimated the distance to default can be derived with following formula (already stated above):
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This equation measures the number of standard deviations a firm’s market value of assets lies from the default point, and is thus a measure of default probability. Because the variance of the market value of assets is assumed to be normally distributed, the derivation of the actual default probability is quite easy. As shown in graph 2, the default point is the critical value for default. If the market value of assets drops below the default point, the firm will not be able to pay its debt obligations and defaults. In a normal distribution a standard deviation stands for a certain probability, so the default probability can be derived from that. 
Compared with the default probabilities KMV derives, the probability derived in this paper will not be as accurate, because the probability of defaults occurring is based on an assumption of normal distribution of asset values. In contrast, the KMV-model uses a real-life database to determine the occurrence of defaults more precisely. Therefore, following Vassalou and Xing (2004), the term used for the default probability derived in this paper will be Default Likelihood Indicator (DLI). 

3.5
Return on Stocks
Now the derivation of the DLI is clear, the method for testing the relationship with returns must be defined. How is the possible influence of variation in DLI reflected in the returns of listed firms? To see whether the risk premium on the return on stocks actually changes as a reaction on variation of DLI, the returns of stocks have to be calculated. What has to be kept in mind is that the effect of changes in DLI in returns is the case of interest. Therefore not the returns of the same period (month) have to be considered, but the returns of the month following on the month considered by DLI. In this way the effect of a change in default probability on the return on the stocks can be estimated. If the return of the present month would be used, it would not represent the effect I look for. In the next section I will further expand on how the exact procedure to find any relation is constructed.  

4.
Data

To estimate the default probabilities of the firms listed (incl. non-active) on the Amsterdam Stock Exchange various data of the firms are needed. In this section the choices of which data I used and the sources they come from are explained.

4.1
Data description

This study uses a 21-year research period from January 1986 until December 2007. This period is conform periods used in comparable studies
. Due to the lag in the information from listed firms, the year 2008 is not incorporated in the research
. The data is retrieved from the Thomson One Banker Database
. 

The monthly stock prices are retrieved using Datastream item Price Close. For the market value of equity, the daily values of MarketCapDaily
 are used. Further, in this study the default point is estimated by Total Liabilities. The corresponding data item is retrieved from the Thomson One Banker Financial Database. 

As stated in the previous chapter the market value of assets is approximated by: MV equity plus BV assets minus BV equity, following Smith and Watts (1992), Barclay and Clifford (1995), Jung, Kim and Stulz (1996) and Brockman and Turtle (2003). The book value of assets is retrieved from Thomson Financial using data item TotalAssets. For the book value of equity the data item TotalCommonEquity from the Thomson Financial database is used. Because annual reports are usually published with four months delay, I use the data that is retrieved from annual reports from the fourth month in the year, following Vassalou and Xing (2004).
Before any analysis can be done, the variables must be investigated thoroughly. The regression techniques, explained in the next chapter, involve that the variables have to meet the assumptions described in the next section and therefore have to best tested.
4.2
Testing and transforming
Before the actual analysis is started the collected data must be checked for any distortions. The regression analysis makes a number of assumptions about the data used. In this section the data is controlled for these assumptions and, where necessary, data is deleted or transformed. 

4.2.1
Outliers
Outliers can severely distort outcomes of research. When a dataset is build, it is almost inevitable that outliers will appear. This can happen due to a human mistake, like wrong input, or just an extreme value that is valid. 

Various methods of controlling for outliers exist, for example by making a scatterplot or by looking at the Mahalanobis Distance
. The critical values of Mahalanobis Distance for three degrees of freedom (three independent variables) is 16.266 (Tabachnik and Fidell, 2007). The downfall of this method is that, under certain circumstances, it can produce false negatives and false positives. In Figure 3 below two scatterplots are shown with their corresponding Mahalanobis Distances, both plot residuals against predicted values of the multivariate regression run. In Panel 3A the original data is shown, and Panel 3B shows the transformed set without the most severe outliers. The Mahalanobis Distance drops significantly, roughly from 66 to 17, which is very close to the critical value. 

Figure 3. Outliers.
The scatterplots shown are standardized residuals plotted against the standardized predicted values of the multivariate regressions before and after deleting the outliers from the dataset. The Mahalanobis Distance is a method used to check for outliers. Note that the X-axis of the panels are not similar. 
A) Before deleting outliers



B) After deleting outliers
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Mahalanobis Distance: 16,741
Because firms in the financial services sector have a different capital structure compared to firms in other sectors, the model used to calculate default probability gives odd values. Financials have relatively much more leverage (and higher liabilities) than other companies. The financials
 in this dataset are very large and have distorting influence on the results of the analysis. Therefore I chose omit these financials from of the dataset. In this procedure 1003 outliers have been removed, leaving 26,547 observations in the dataset. 

4.2.2
Testing assumptions and transforming data
Now the variables can be tested further on the following assumptions made when analyzing data by uni-, bi- and multivariate regressions, which are listed in the appendix. If some of the assumptions are not met, it is possible to transform the data by a mathematical method, like a natural logarithm or inverse of the variable. By doing these mathematical changes the distribution can get closer to normal, what is assumed in the model used. What needs to be mentioned is that the interpretation of any outcomes of analysis can change due to these transformations. For example if an inverse is taken of a variable, any relation found must also be reversed. Moreover, if the scale of the transformed variables is widely used, it can lead to difficulty in interpretation, which is not the case in this study (Tabachnik and Fidell, 2007). Each variable is tested and transformed if necessary. In Appendix C. overviews of the descriptives of each of the variables are shown. 

The most important assumption, the normality of the probability distribution of the used variables, will be discussed here. This assumption consist of 3 parts: skewness
 and kurtosis
 testing; normality of residuals; and homoskedasticity
 of the variance of residuals.
Figure 3, above, shows that the residuals of the regressions are not heteroskedastic. The residuals lie randomly in cloud, not forming a cone-like form, making them homoskedasticity.  The skewness and kurtosis of every variable are relatively high in all cases. Following Fama and French (1992), VX (2004) and Gharghori et al (2006) a natural logarithm is taken from all independent variables. However, if the natural logarithm is taken from the default likelihood indicator the transformed values become negative. Therefore, first one is added to all values of DLI before taking the natural logarithm of them. This is convenient because all values stay positive. If, due to the transformation of the variables, the values become negative, the interpretation of the output doesn’t change because the analysis considers the relative changes between consecutive values. This means that possible negative values do not influence the outcome. The outcome of this logarithmic transformation is shown below in Table 1. 
Table 1. Skewness and Kurtosis of all independent variables before and after transformation by taking the natural logarithm.
These tables show the skewness and kurtosis values for the independent variables before and after the transforming them by taking the natural logarithm. Before taking the natural logarithm of DLI, one is added to all values to prevent that the transformed values become negative.
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The skewness and kurtosis values both drop and become closer to zero in all variables, which is an improvement. Both statistics of the DLI are outside the margin of assuming normality, however Tabachnink and Fidell (2007) state that in very large samples, above 200 observations, the risk of underestimation is reduced. Following this, no further transformations are necessary on the variables. 
5.
Portfolio Analysis
In this section the method and results of analyzing the collected data using portfolio analysis are described. The data is analysed by sorting the data in portfolios based on different criteria, and then looking at possible significant relations between the different variables. In the next chapter a regression analysis is run on the data. 
First portfolios a formed based on their DLI. Each month, the data is sorted in ten portfolios where portfolio 1 corresponds with the lowest DLI decile, and portfolio 10 includes the 10% highest DLI-stocks. 

Table 2. Means of all variables sorted by deciles of Default Likelihood Indicator.

Each month, from January 1986 to December 2007, all variables are sorted by Default Likelihood Indicator and divided into ten portfolios. The averages of the portfolios are shown for each of the variables. The non-transformed variables are shown, to make the interpretation better. Portfolio 1 contains the decile with the lowest DLI, and portfolio 10 the 10% highest DLI-stocks. The DLI is transformed by multiplying every outcome by 100, making the values of DLI percentages (in portfolio 10, DLI is 33.2%). The size variable is shown in millions. 
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1 .000019 .00640 4,615.96 .60034 .01087

2 .001691 .01157 2,912.78 .56457 .01535

3 .021177 .01168 2,570.10 .62653 .01437

4 .111394 .00993 3,752.93 .60138 .01210

5 .397796 .00667 2,480.85 .63547 .00791

6 1.156886 .01220 1,745.91 .61645 .00927

7 2.976680 .00596 1,882.55 .60813 .00826

8 6.683256 .00487 1,345.18 .69173 .00383

9 14.564102 .00462 771.35 .74437 .00448

10 33.236297 .01318 563.52 .94560 -.00221


In the table above there is no linear relation between the next month’s returns and the DLI-portfolios. When DLI increases the averages of the next month’s returns column do not show a definite pattern, indicating no linear relation. The higher the DLI the smaller the firms get, except for portfolios four and eight. However the question is of course whether this is also significant. The significance of any relations is controlled further in this section. This is also true for the book to market ratio, where the ratio rises as the DLI gets higher. However, also in this case, portfolio four and eight are not consistent with the pattern that the rest of the portfolios follow. I also included the present month’s return in Table 2, to show that there is a negative linear relation between the DLI and the present returns, that is proved significant in Table 3, below. From these findings I can conclude that present month’s returns, although not considered in this thesis, have a significant negative relation with the default probability. However, the purpose of this paper is to find whether variation in the default probability has a relation with the returns of the following month. Theory also says that the investors demand a premium for systematic risk, so the negative relation between present month’s returns and DLI, is not in line with this theory, assuming the DLI is a systematic risk. In Table 3 the correlation matrix of all variables is reported, to see (significant) relations between the variables.

Table 3. Correlation matrix for non-transformed variables.

The cross-sectional two tailed Pearson correlation coefficients between all transformed variables are reported in this table. The T-values are reported under the correlation coefficients. 
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Besides the significant correlation between present and next month’s returns, only the book to market ratio has a significant (at the 0.05% level) positive correlation with next month’s returns. This is consistent with the predictions made in the introduction, which states that increased systemic risk must give higher returns, and that the size and book to market effect have respectively a negative and positive relation with returns. The correlation with next month’s returns is indeed negative but insignificant in case of the size factor. The book to market factor does give a significant positive correlation with next month’s return, although it is small (1.6%).

The significant positive relation between this month’s and next month’s return confirms the momentum effect. The momentum effect is an anomaly that states stocks that have high (low) return in one period are more likely to have high (low) return in the next period. Jegadeesh (1990) was the first to mention the momentum effect. The other correlation coefficients also confirm the expectations. Size has a significant negative relation with DLI, which confirms the predictions that big firms are less likely to default, and the book to market ratio has a significant positive relation with DLI, confirming that firms in bad state, with relatively high book value compared to market value, have higher probability to default. It is prominent that the correlations between size and present and next month’s returns are both insignificant, which is against the Fama and French (1993) findings regarding the size factor that report that, on average, small firms earn higher returns. 

The relation between (next month’s) returns and the three variables is further investigated in Table 4, in which each variable is sorted in ten portfolios and the average return per portfolio is calculated. 

Table 4. Returns on Portfolios sorted by ranking each variable.

This table shows the average returns of the present month and next month’s average returns of portfolios formed using rankings of the original variables. For all columns the deciles are made by the ranking the variables on top of the columns. The column on the right reports average next month return per portfolio sorted by returns of the present month. The bottom row reports the difference between the highest (biggest) value decile and the lowest (smallest) value decile.
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As already shown in the correlation matrix (Table 3), no clear linear relation between DLI and next month’s returns is visible. The same holds for the size and book to market columns. All variables show better linear relations with present month’s returns, which is also consistent with Table 3. The size-present returns column reports an almost perfect pattern, the bigger the firm, the higher the present return is. This is not consistent with the theory of Fama and French (1992,1993 and 1995) that states the opposite. The same holds for the column of the book to market ratio that shows present month’s returns, the highest returns are in the low book to market portfolios. 

Again the momentum effect is shown in the right column by the positive linear relation between returns and next month’s returns, if returns are high (low) in the first period, they tend to be high (low) in the next month. 

Besides investigating if changes in default probability have influence on stock prices, this thesis also tests if the size of the firm and its book to market ratio capture this default risk. Therefore the relations between these risk factors and the default probability and their combined relation with returns must be looked at. 
To make this relation visible 16 tables are presented in the following section. The first 8 tables (Tables 5 and 6) are constructed by first dividing all firms into five DLI-portfolios. Then, every portfolio is subdivided in five sub-portfolios based on either size or Book to Market ratio, creating 25 portfolios. The tables show the averages of all variables over the whole research period, in every portfolio. These tables report any size or book to market effect after controlling for default probability. In the last 8 tables (Tables 7 and 8) the firms are first sorted by size or book to market ratio and then on subsorted on DLI, also creating 25 portfolios but these tables report any relation after controlling for either size or mook to market ratio.
Table 5. Firms sorted in portfolios first by DLI and then by Size. 

First the firms are sorted into five portfolios based on their DLI. Then, each of these five portfolios is sub sorted into five sub-portfolios based on their size (measured in market value of equity). The right two columns report respectively the difference in return between the smallest and the biggest size quintiles, and the significance of this spread tested with an independent sample T-test. A significance value below 0.05 means significant relation at the 5% level. Panel A reports the averages of the next month’s returns for all 25 sub-portfolios. Panel B reports the average size (market value of equity) in millions of Euros for all portfolios. Panel C reports the DLI (multiplied by 100) for all portfolios, and Panel D reports the book to market ratio.
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Panel A reports that no significant relation can be found between next month’s returns and DLI, even in particular parts of the portfolios that hold small (big) firms with high (low) DLI no relation is found. The bottom row of the table actually shows a size effect, as size increases the returns decrease, but it is insignificant. However, Panel B holds some interesting significant information. The firms in the higher DLI-quintiles are smaller than the low DLI-quintile firms, meaning that on average smaller firms have a higher DLI. 

Thereby, in Panel C we see the same, the small-big column gives positive values, which indicates that the big size portfolios on average have lower DLI than the small size portfolios. What is also prominent in Panel C is that firms in the highest DLI-quintile have approximately five times higher DLI than firms in the DLI quintile 4, meaning that only a small part of the firms have such high probability of default. Considering this and looking back at Panel B, you see that this quintile holds the smallest firms. 

Panel D reports that per DLI portfolio, the book to market ratio is lower in big-sized portfolios than in small-sized portfolios. Moreover, it must be mentioned that in Panel D these relations are not valid for all portfolios, especially in the highest DLI-quintile where no linear decrease can be found.

In Table 6 below, the firms are sorted first on the basis of size and then subdivided on DLI. By doing this you can possibly see a default effect, in the whole sample or just in particular sub portfolios of the sample.

Table 6. Firms sorted in portfolios first by their Size and then by DLI.
This table has the same composition as Table 5, but the portfolios are formed in a different way. First the firms are sorted into five portfolios based on their size (measured in market value of equity). Then, each of these five portfolios is sub sorted into five sub-portfolios based on their DLI. The panels (A,B,C and D) report the averages per subportfolio of the variable in the corresponding panel title.
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Looking at Panel A, the smallest size portfolio shows a default effect, as DLI increases the returns increase. However, with a significance of 9.7%, this is not significant and does not show a linear relation. In bigger sized firms this default effect disappears entirely.

Panel B again reports the findings also seen in Table 5, the lowest DLI firms lie in the highest size quintile and thus that the average default probability falls as firms get bigger What also stands out is that on average the bigger the firms get, the smaller the difference between the DLI quintiles becomes. 

The firms in the highest size quintile are on average 15 times bigger than the size quintile that holds the 4th quintile firms, making the highest size quintile firms stand out in the dataset. Panels 6B and 6C again show that low size-quintiles have on average significantly higher default probability than high size-quintiles. The last Panel of Table 6 reports that on average bigger firms have lower book to market ratio. And in addition the lower the DLI of these firms the lower the book to market ratio.

In Table 7 the firms are sorted first on their DLI and then subdivided based on their book to market ratio. By doing this the possible book to market effect can be revealed in the whole dataset or just in particular parts of the DLI sorted data. 

Table 7. Firms sorted in portfolios first by DLI and then by the Book to Market ratio.
This table has the same composition as Table 5, but the portfolios are formed in a different way. First the firms are sorted into five portfolios based on their DLI. Then, each of these five portfolios is sub sorted into five sub-portfolios based on their book to market ratio. The panels (A,B,C and D) report the averages per subportfolio of the variable in the corresponding panel title.
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The variation of returns between high and low book to market ratio is large, when comparing the DLI quintiles in Panel 7A. For low DLI quintiles the returns are, significantly higher in low book to market firms, undermines the book to market effect. However, for high DLI quintiles returns get higher in high book to market firms, which corresponds with the book to market effect. Thus a significant book to market effect only exists in the highest DLI quintile. 

Also in Panel B something peculiar is found. In the lowest book to market quintile the book to market ratio get lower when DLI increases, but in higher book to market quintiles the book to market ratio increases as DLI increases, meaning that this relation twists depending on the level of the book to market value. Further, what is more interesting is that the difference in the book to market quintiles increases as the DLI increases. In the highest DLI quintile, the highest and the lowest average book to market ratio appear. This emphasizes the book to market effect shown in the highest DLI quintile of Panel 7A.

Only the firms in the two highest DLI quintiles have significantly higher DLI when the book to market ratio rises, as reported in Panel C. In the lower DLI-quintiles this effect is reverse and insignificant. This again gives strengthens the book to market effect seen in the Panel A and B. Furthermore, as has been said considering Table 5, the default probability of the highest DLI quintile is on average 5 times higher than that of the following quintile.

As the DLI increases the relation between size and book to market ratio becomes stronger, the linearity in size between the book to market quintiles is present in the highest DLI quintiles, as reported in Panel 7D. Also on average in the smallest firms have the highest book to market ratio, and as the DLI increases the size further drops linearly. 

In the final table of this series of tables, the firms are first sorted based on their book to market ratio and these portfolios are individually sorted in five subportfolios based on their DLI.  In this set of tables possible default effect can be seen, either in the whole sample or in subparts of the dataset based on book to market ratio. 

Table 8. Firms sorted in portfolios first by the Book to Market ratio and than by DLI.
This table has the same composition as Table 5, but the portfolios are formed in a different way. First the firms are sorted into five portfolios based on their book to market ratio. Then, each of these five portfolios is sub sorted into five sub-portfolios based on their DLI. The panels (A,B,C and D) report the averages per subportfolio of the variable in the corresponding panel title.
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The high-low column at the right of Table 8A indicates that the positive correlation between the book to market ratio and next month’s returns
 only exists in firms with high default probability. Thus the default effect is only present in high DLI-high book to market firms. For firms with low book to market ratio the relation seems to be opposite. The findings are not backed by statistical significance, therefore no conclusion can be made from them. What is interesting is that highest returns are earned by company that have either low book to market value and low DLI, or by firms that have high book to market value and high DLI.

Again, no significant relation appears in Panel A, but the other panels do give significant information. Panel 8B reports that on average firms with higher book to market ratio have higher default probability, looking at the increase in DLI per column, this was already shown in the tables above. It also shows an increase in the difference between low and high DLI-quintiles as the book to market ratio increases (except for the lowest BM-quintile), meaning that the book to market factor has a positive relation with DLI. In Panel C of Table 8 you see two significant differences between low and high DLI firms. In relatively low book to market firms, the average book to market ratio drops as DLI increases. However, the average book to market ratio rises when DLI rises in case of the high book to market quintile. Finally, Panel D again shows that book to market and size have a negative relation, accordingly the relation between size and DLI is also negative. Concluding, DLI is highest for small firms with high book to market ratio. 
6.
Regression Analysis
In this chapter the method and the results of the regression analysis is described. Fama-MacBeth regressions method is used to test whether the implied relation between default risk and equity returns exists. 
6.1
Fama-MacBeth Regression Method
Fama and MacBeth (1973) first used this method in their article to find the relationship between average return and risk for common stocks on the NYSE. The purpose of this model is to estimate the parameters that reflect a relation between variables and risk factors. It does this by making use of panel data
, which means that cross-sectional time series data is used. Over a period of time a cross section of data is collected. In this paper this means that from firms listed on the Amsterdam Stock Exchange 21 years of monthly data is put together and used for research. Fama and Macbeth started the analysis by estimating the beta and risk premia for the risk factors that are assumed to influence the stock returns. Following Gharghori et al. (2006), Dichev (1998) and Vassalou and Xing (2004), I do not include the market beta in the regressions for two reasons. First, as Gharghori already stated, the results of the tests will be “cleaner” if I only include DLI, size and book to market ratio (and exclude the beta). Because my goal is to find a relation between default risk, size, book to market ratio and stock returns, and not to find a relation between market beta and default risk. Second, there is no reason to assume that market beta influences the relation between default risk and stock returns. If the market beta would be a part of the default risk factor it would be included in the research (Gharghori et al, 2006).

The parameters are estimated in three stages. First are univariate regressions of the cross-section of returns on the individual variables. The dependent variable will in these regressions be the stock return. The default risk, size- and book-to-market factors will act as the independent variables in the regressions. The residuals of the regressions are near to randomly distributed around zero (figure 3, p.27), therefore it is not necessary to apply the weighted least squares method
, and the ordinary least squares method can be used. The output of these regressions indicates whether and what kind of relation the variables have with the return on stocks. In the tables of output these regressions, the R² is also shown. This number explains the proportion of the variance of the data that is explained by the model. It measures to what extent the model is able to predict the future outcomes. If the R² is 1 the model predicts the values for the perfect 100%, and if it is zero it cannot explain any of the variance in the variables. 
The second step is to run bivariate regressions
 of returns on default probability and one of the two risk factors. With these regressions the significance of default probability in presence of one of the risk factors, and the significance of the risk factors in presence of default probability is tested. The third and last step is to run a multivariate regression
 of returns on both default probability and the risk factors (size and book-to-market). These bi- and multivariate regressions are to test whether the risk factors explain the cross-sectional variation in returns only because they are a proxy for default risk. If this hypothesis is true, the default probability calculated in this paper will undermine the explanation power of the risk factors. Thus the default probability coefficient will be significantly positive and de coefficients of the risk factors will be insignificant, assuming the hypothesis is right. However when the coefficients of the risk factors stay significant, the risk factors do not explain cross-sectional variation because they are a proxy default risk, but because they have explanatory power themselves.
After this research concerning the whole dataset is done, further analysis is done only considering specific parts of the dataset. To analyse if any effect exists in particular parts of the dataset portfolios are build based on the firms’ size and book to market ratio. For both variables the data is sorted into quintiles. Then the univariate regression is run with, DLI as independent variable and next month’s returns as dependent variable. The possibility that an effect is only present in a particular part of the data is controlled with this regression. 

6.2
Results of the Regression Analysis
In this section the results of these regressions are shown. The previous section showed that the default, size and book to market effects possibly only exist in particular parts of the data. Therefore first regressions are run considering the whole dataset, and after that regression are run on parts of the dataset that are likely to hold these effects. As stated in the previous section, the default effect seems to exist in small firms with high book to market value, for this reason this particular portfolio will be constructed and tested for any default effect. But first the results for the regressions run on the whole sample are reported below.

6.2.1
Univariate Regressions 

These regressions will show the sign and significance of possible relations between the independent variables (DLI, Size and Book to Market ratio) and the dependent variable (next month’s stock return). Three regressions are run, one for each independent variable. The results are shown in Table 9 below.

Table 9. Univariate Regressions.
This table shows the output from the regression of next month’s stock returns on default probability, size and book to market ratio respectively. The variables used are transformed as explained in paragraph 4.1.2. 
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DLI 0.008** 0.0047 0.0000

t-value 9.244 .712

Size 0.0161* -0.0074 0.0001

t-value 2.400 -.267

Book-to-market 0.0105** 0.0165* 0.0003

t-value 10.568 2.472

* significant at the 0.05 level (2-tailed).

** significant at the 0.01 level (2-tailed).


The regression output shows that no significant relation exist in this dataset between default probability and next month’s stock returns. Accordingly, size doesn’t have a significant relation either. This confirms the findings from the series of tables 5 to 8 in the previous section, where also no significant relations between size and next month’s returns were found. Dichev (1998) and Fama and French (1992) also found a very weak size effect in their articles
. Moreover, the regression on the book to market ratio shows a positive significant coefficient, meaning that an increase in the book to market ratio leads to a increase in the next month’s stock returns. As explained in paragraph 4.1.2, the interpretation of these results doesn’t change due to the transformation of the data. This relation can also be seen in the dually sorted portfolio table 7A, but only significant for highest DLI-quintile. This outcome confirms the theory of Fama and French (1992). The most right column shows the R² of the regressions. The extremely low values of R² mean that the separate independent variables are not able to explain any of the variation in the dependent variable, next month’s returns.
6.2.2
Bivariate Regressions
Now the results of the univariate regression are known, the bivariate regressions are run to see if the relations found, stay (in)significant when two independent variables are regressed together. The results of these regressions are shown in Table 10 below. 
Table 10. Bivariate Regressions.

This table reports the results of the two bivariate regressions, with in both regressions next month’s returns as the dependent variable. The independent variables in the first regression are DLI and Size. In the second regression the independent variables are DLI and Book to Market. The variables used are transformed as explained in paragraph 4.1.2.
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DLI and SizeDLI .0151* 0.0031 0.0001

t-value 2.137 .450

Size -0.0066

t-value -.964

DLI and BM DLI 0.100** 0.0026 0.0003

t-value 8.698 .386

Book to market 0.0161*

t-value 2.400

* significant at the 0.05 level (2-tailed).

** significant at the 0.01 level (2-tailed).


In the univariate regressions both default probability and size gave insignificant coefficients. In the first bivariate regression, with DLI and size as independent variables, the coefficients of both variables drop compared to the univariate regression, and both coefficients stay insignificant. The second bivariate regression shows that the book to market ratio again gives a significant coefficient. The coefficient and t-value of the DLI are almost half of those in the univariate regression, from which can be concluded that the part of the cross-sectional variation of returns that is explained by DLI is actually the book to market effect. The default risk measure cannot significantly explain cross-sectional variation in the next month’s returns. The R² of both regressions is almost zero again, which means that in both regressions the independent variables are unable to explain the variation in next month’s returns.
6.2.3
Multivariate Regression
In the multiple regression all three independent variables are tested on next month’s returns. The results are shown in the table below.

Table 11. Multivariate Regression.

This table reports the results of the multivariate Fama-MacBeth regression, with next month’s return as dependent variable. The independent variables are DLI, Size and Book to Market. The variables used are transformed as explained in paragraph 4.1.2. 
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DLI 0.0121 0.0021 0.0003

t-value 1.682 .311

Size -0.0021

t-value -.295

Book-to-market 0.0155*

t-value 2.220

* significant at the 0.05 level (2-tailed).


Here, the same results appear as in the previous regressions. The book to market ratio still has the only significant coefficient (at the 5% level). The same conclusion as in the bivariate regression can be drawn, being that the book to market effect is the only effect that is significant in this research. If the book to market ratio of a firm increases in month 1, there is a significant probability that the returns one month later will increase. As already shown in tables 9 and 10, the size variable is not able to explain variance in next month’s returns. The same holds for the DLI, the proxy for default risk. The book to market stays significant in the multivariate regression. Therefore, I can conclude that the component that is explained by the book to market variable is not a default effect, because the proxy for default risk (DLI) does not subsume the explanatory power of the book to market ratio variable. 

6.2.4
Conclusions for regressions on whole sample
The results in the previous section show that the default probability, as derived in this thesis, can not explain any of the cross-sectional variance of returns of the follow-up month considering the whole dataset. The only variable that is able to explain cross-sectional variance of next month’s returns in this sample is the book to market variable. In the bi- and multivariate regressions on the whole dataset the size and book to market factors are not part of the default risk variable. The size factors doesn’t even exist in the dataset used, and can therefore not be part of the default risk. The book to market also doesn’t explain the part of the variance that is explained by the default risk factor, because the DLI does not reduce the explanatory power of the book to market ratio in the bivariate regression.

Because in tables 5 to 8 is reported that small firms with high book to market ratio tend to have higher DLI and possible significant relation between DLI and next month’s returns, additional tests are formed that are explained in the following section. 
6.3
Regression Analysis of Subportfolios
To control for any relation in subparts of the sample, I constructed ten portfolios with different characteristics. Regressions have been run on portfolios of DLI, sorted based on size and book to market ratio, for next month’s returns. In the table below the results of these regressions are reported. 
Table 12. Regressions on DLI in Size and Book to Market quintiles for next month’s returns.

In the table below the results of ten regressions are shown. The data is sorted in quintiles based on the book to market ratio (Panel A) and the size of the firms (Panel B). The variables used are transformed as explained in paragraph 4.1.2. Under the regression coefficients, the t-values are reported.
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The first that catches the eye is again the very low R². Further, the results show what we have seen in the Portfolio Analysis chapter. In Panel A the lowest and the highest quintile show significant coefficients. We can conclude that in this dataset next month’s returns get lower as the default likelihood indicator increases, but only when the book to market ratio is in the lowest quintile, because the relation is positive in firms with high book to market ratio. In the remaining quintiles (2, 3 and 4) the coefficient is insignificant. 
A high book to market ratio is a reflection of a situation where investors do not see growth opportunities for the specific company and therefore value the firm lower, causing the stock price to fall. With the stock price, the market value of the firm falls, which causes the book to market value to increase. Thereby, in high book to market ratio firms, the default probability increases as the book to market ratio increases. This leads to higher risk for investors, that needs compensation in the form of higher returns which is shown in this regression coefficient. Considering that on average the highest book to market ratio firms also have the highest default probability, as seen in Table 8, the above explanation fits. 
In case of low book to market ratio the relation between DLI and next month’s returns is negative. A possible explanation for this result is that firms with low book to market ratio have relatively high market value compared to the book value, due to relatively high demand for the firm’s stock, pushing stock prices up. This means investors see the firm as a solid, low(er) risk investment. But when at that point the probability of default rises, the investors can get anxious and willing to sell the stock causing returns to drop. This is contrary to the default effect like it was predicted.
Panel B shows very surprising results, which were also reported in table 5, but insignificant. In the regression of the size sorted portfolios the coefficients of the smallest two quintiles are both significant. However, the smallest size portfolio shows a positive relation (significant at the 1% level) between the default likelihood indicator and next month’s returns, but the second quintile reports a negative relation (significant at the 5% level). 

The default effect is present though in the smallest quintile firms. If the DLI of the small firms increases the next month’s return rises too, confirming the default effect that states that higher default risk requires higher return. The second smallest size portfolio shows a negative regression coefficient, which is hard to explain economically. 
7.
Summary and Conclusion
The research question was whether default risk is reflected in the returns on the stocks for the period following on the period for which the default risk is calculated, and if the Fama and French risk factors, size and book to market ratio, are proxies for this default effect. In 2004, Vassalou and Xing published an article considering this topic in the Journal of Finance. They looked for an effect of default risk on equity returns, and besides that, tested if the Fama and French factors size and book to market ratio, explain equity returns because they capture a default effect. Their findings were that the size and book to market factors do not explain the cross-section of equity returns because they contain information related to default risk. Furthermore, they conclude that high default risk only gets compensated by higher returns in small firms with high book to market ratio. The conclusion of this research are described below.

In the portfolio analysis all possible relations between all variables were described through a set of tables with single and dual sorted portfolios. From these tables some conclusions can be made. From table 2 can be concluded that DLI and size are negatively related. The higher the default probability is, the smaller the firms get. Also, but less clear, a positive relation with the firm’s book to market ratio is reported. To check if these results are significant, dually sorted portfolios are constructed in tables 5-8. In table 2 also no linear relation between DLI and next month’s return was detected. Tables 3 and 4 confirmed this finding. Moreover from tables 5-8 it also becomes clear that smaller firms on average have higher book to market ratio. But this is not the only finding in these tables. 

In the regression analysis of chapter 6.2, no significant relation was found between DLI and next month’s returns. The only consistent significant independent variable was the book to market ratio. This significance has nothing to do with a default effect, because the DLI didn’t show any relation with the dependent variable in any regression. The significance of the book to market ratio could be subscribed to the Fama and French risk factor that states that firms with high book to market ratio on average earn higher returns. If we use the knowledge that the correlation between DLI and the book to market ratio is 13.2%
 and significant in this dataset, we can conclude that if the DLI rises, the book to market ratio is expected to rise and that the next month’s returns also rise. This extended reasoning is not backed by the results because the correlation between DLI and next month’s return, although it is positive, is insignificant. Furthermore, size doesn’t show any significant relation with next month’s returns in any analysis. 

To test if any relation could be found in some subpart of the database, portfolios were constructed based on size and book to market ratio and for every portfolio a regression was run to test for a relation between DLI and next month’s returns. The results from these regressions (chapter 6.3, p. 45) do show significant relations for a few portfolios. In lowest book to market sorted portfolio a significant negative relation between DLI and next month’s returns was found. This is contradictive to the expectations that returns must rise as DLI rises. A rational explanation for this result is hard to find. However, in the highest book to market quintile the regression coefficient was positive, and thus the default effect is present in that quintile. In he size sorted portfolios the smallest size quintile showed a positive relation between DLI and next month’s returns, which again implies a default effect. However, again also a negative significant relation was found, this time in the second smallest size quintile. Again no economic arguments are found to explain this. Knowing that on average small firms tend to have relatively high book to market ratio, I conclude that the default effect only exists in small firms and firms with high book to market ratio. These two subgroups overlap a great deal as shown in panel D of tables 5-8.
From these findings I can conclude that the default effect exists in the smallest firms with high book to market ratio, which confirms the conclusion of the work of Vassalou and Xing (2004). But I have to make two comments with that statement. First the R² of all regressions is almost zero, which means that the DLI, size and book to market variables hardly explain any of the variance of the next month’s returns of the firms. Second, in the portfolio regressions of chapter 6.3, the second size quintile (table 12, p. 46) shows a significant negative relation between DLI and next month’s returns, which contradicts with the above conclusions. I cannot explain this finding economically.
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Appendix

A.
Data Items Overview from Thomson One Banker Financial Database.

	Parameter
	Description
	Database
	Data Item(s)

	Stock Price
	Monthly Stock Price


	DS¹
	PriceClose

	MV equity
	# shares outstanding • current Share price


	DS
	MarketCapDaily

	# Shares
	MVE / Share price

	
	

	Default point
	Total Liabilities
	WS²

	Totalliabilities

	MV Assets

· MV equity

· BV assets

· BV equity
	MVE + BVA – BVE
Book Value of Total Assets
Book Value of Equity
	WS

WS
	(see above)

TotalAssets
TotalCommonEquity


¹ DS: Datastream
² WS: Worldscope
B.
Assumptions for regressions
1. Variables have theoretical causality;

2. Normality of variables, within this assumption

a. Skewness and kurtosis testing:

b. Normality of residuals,

c. homoskedasticity of variance of residuals;

3. No Multicollinearity of independent variables (in multivariate regressions);

4. Linearity of relation between dependent and independent variables;

5. Homogeneity of residuals.

C.
Descriptives

[image: image48.emf]Next month 

returns

DLI100 Size (millions) BooktoMarket

N

22,960 22,959 22,959 22,959

Minimum

-0.918 0.000 0.370 -3.403

Maximum

2.000 82.453 153,682 9.903

Mean

0.009 5.915 2,264 0.663

St. Deviation

0.117 10.515 9,461 0.573

Skewness

1.988 2.259 9.167 2.648

Kurtosis 25.183 4.699 101.334 21.337

Next month 

returns

LN(DLI+1) LNSize LN 

Booktomarket

N

22,960 22959 22,959 22,673

Minimum

-0.918 0.000 12.821 -3.796

Maximum

2.000 0.601 25.758 2.293

Mean

0.009 0.053 19.042 -0.674

St. Deviation

0.117 0.090 2.219 0.812

Skewness

1.988 2.066 0.333 -0.577

Kurtosis 25.183 3.592 -0.331 0.573

Descriptive Statistics (after transformation)

Descriptive Statistics (before transformation)
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� In figure 1 is shown that after the crises in 1990 and 2001 the number of defaults rise in economic recession. The 1990 recession started with Black Monday on the NYSE in October 1987, with the Dow Jones falling over 20%. After that the savings and loans started to collapse, causing panic about losing life savings. Then the Gulf War (1990) causes the oil price to peek. Due to the interdependency of US and Europe the initial US crisis also hit Europe. The 2001 recession was mainly caused by the collapse of the internet bubble and the 9-11 terrorist attacks on the WTC in New York.


� E.g. the Capital Asset Pricing Model (CAPM) states that if the risk of an investment, defined by beta (β), is higher the required return (E(R))  must also be higher: E(R) = Rf  + β · (E(Rm) – Rf). Where Rf is the risk free rate and E(Rm) is expected return on the market. (Sharpe (1964) and Lintner (1965))


� A transition in this context stands for a change of a current into another state. The current state can change in various ways to another state (or just stay in the same state), with corresponding probabilities of occurring. These are called transition probabilities.


� Liquidity, definition from investorwords.com: “The ability of an asset to be converted into cash quickly and without any price discount.”


� An call option is “in-the-money” if the underlying value (in this case the asset value of the firm) is above the strike price, and thus has value. When the underlying value is below the strike price, the option has no value and is “out-of-the-money”. An option is “at-the-money” if the strike price equals the underlying value.


� Stock holders will receive any of the funds back if there is something left after paying of first the creditors and, after that, the bond holders.


� Amsterdam was the first city where companies stocks were traded, starting officially in 1611 (from euronext.com, retrieved 07-09-2009). 


� Definition Technical Analysis: analyses the value of a security by studying historic activity. It tries to look for patterns in price changes or trading volume a.o..


� Definition Fundamental Analysis: analyses the value of a security by studying everything that can affect the security’s value. This analysis can include company-specific factors (balance sheet, performance, management) and macroeconomic factors (state of the economy, overall or per sector).


� Anomaly: abnormality 


� Previous research gives various economic arguments for this size risk factor: First, the sensitivities to important risk factors are different comparing small vs. big size stocks (Chan, Chen and Hsieh, 1985). Second, small firms are more exposed to production risk and changes in the risk premium, increasing the required return (Chan, Chen and Hsieh, 1985). Third, (on the NYSE) small firms tend to operate less efficient and have higher leverage than bigger firms (Chan and Chen, 1991).


� “Moody’s KMV is a US company that is the world’s leading provider of quantitative credit analysis solutions to lenders, investors and corporations, designed to help their clients to enhance the economic returns of their businesses.” (from KMV’s website) KMV was acquired by Moody’s in 2002.


� Among others: Chou and Wang (2006), Duan et al (2005), Eom et al (2004), Barath and Shumway (2004), Du and Suo (2003), Duffie et al (2005), Gharghori et al (2005), Jarrow and Turnbull (2000), Saretto (2005).


� This copyrighted model is called the KV-model. 


� Call option: An obligation to buy an asset at a fixed price during or at the end of a specified period. If a person buys a call option on an underlying asset (e.g. a firm’s stock), he/she has the right to buy that asset at the exercise price (prespecified price). The value of the option is the asset price minus the exercise price and the price of the option. When the asset price turns out lower than the exercise price the option is worthless, but when the asset price rises above the exercise price, the option has value. The owner of the option can buy the asset at the exercise price, and immediately sell it on the market for the actual, higher, asset price (Bodie et al,2005).


� A Brownian motion originates in the field of physics, where it describes the phenomenon that the smallest existing particles in nature also move randomly in all direction and independent of each other. The mathematical model based on this motion, is called Wiener process (Nelson 1967).


� In economic recession the DLI for a given DD will be higher than in economic prosperity, causing an underestimation of the DLI in recession and vice versa (Jarrow and Turnbull, 2000).


� Barclay and Smith (1995), Brockman and Turtle (2003), Jung, Kim and Stulz (1996) and Smith and Watts (1992).


� Also see figure 2.


� E.g. Vassalou and Xing (2004) use a 28-year test period, Gharghori et al (2006) use a period of 5 years.


� Annual reports are presented months up to a half year after the ending of the financial year. 


� Thomson One Banker uses besides its own data,  data of Datastream and Worldscope direct and for calculation of ‘new’ items.


� Market Capitalization, the number of shares outstanding multiplied by the corresponding share price. 


� Next to these, more methods exist to check for outliers, like Leverage and Cook’s Distance (Tabachnik and Fidell, 2007). Cook’s Distance controls if the removed outliers have a distorting effect on the results. In this research this measure doesn’t show any harmful numbers. 


� The financials that are left out of the dataset are, with the average DLI between the brackets: ABN AMRO (23,3%), AEGON (24,3%), Fortis (31,1%), and ING (25,3%).


� Skewness: measure of symmetry in the probability distribution. A skewness of zero reflects a perfect symmetrical probability distribution. The probability distribution is assumed to be normal if the value is between -1 and 1.


� Kurtosis: measure of relative peakedness of probability distribution. If kurtosis is positive the distribution is more peaked compared to a normal distribution, and a negative kurtosis means a relatively ‘flatter’ distribution. Unlike other users, in SPSS, the statistical analysis program used, the ‘normal’ kurtosis is at zero, instead of at 3. The margin to assume normality are the same as for kurtosis, between -1 and 1.


� Homoskedatisticity of variance: a constant variance of residuals. If the variance of the residuals is not constant, it is heteroskedastic. In large samples it’s best to test homoskedasticity by looking at the scatterplot of the residuals.


� This positive relation is found in the correlation Table 2.


� The dataset used in this paper consists of ‘unbalanced’ panel data. The data is unbalanced because not every firm included is observed every year. Because firms are newly listed or delisted during the research period for several reasons, not all firms are present during the entire period.


� If the residuals from a regression are heteroskedastic, it is possible to use the weighted least squares method. This method weighs the slope estimates by the inverse of their standard errors. In this way the more accurate estimated values get more weight (Gharghori et al 2006).


� Bivariate regression: a regression with two dependent variables. 


� Multivariate regression: a regression with 3 or more dependent variables.


� The research of Fama and French covers the period of 1962-1989 and the research of Dichev that of 1981-1995. These periods do not overlap research period in this thesis completely, so it this is not hard evidence that in the used period, from 1986 until 2007, in the Dutch market the size factor will be weak too. 


� From Table 3, p. 30.
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