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1. Introduction 
 

This essay tests the performance of the Capital Asset Pricing model using competitive OLS and 

GARCH models. Furthermore, the use of additional factors in the CAPM equation will be employed. 

Two factors will be used, the GARCH-in-mean coefficient (δ) and the lag of excess returns. The OLS 

estimated coefficients (alpha and beta) will be compared with rolling and recursive OLS estimates, 

testing the time-varying nature of the CAPM coefficients. The findings can lead to significant 

conclusions about the validity of CAPM model.  

 

2. Literature Review 

The original CAPM version was introduced by Jack Treynor (1961, 1962), William Sharpe (1964), 

John Lintner (1965a, b) and Jan Mossin (1966) independently, building on the earlier work of Harry 

Markowitz on diversification and modern portfolio theory. 

The capital asset pricing model (CAPM) extends the capital market theory and portfolio analysis to 

the fact that, for an investor, there is a theoretical trade-off relationship between risk and returns of 

diversified portfolios and individual securities. In order for this relationship to be achieved, the CAPM 

redefines risk measurement from total volatility, (in the Capital Market Line CML mathematical 

relationship) to the non-diversifiable portion of total volatility (meaning systematic risk). 

This risk measure is called the beta coefficient (β), and it calculates the level of a securities 

systematic risk compared to that of a market portfolio. By the use of beta as a relevant measure of risk, 

CAPM redefines the expected risk premium in an equal way. This results to an expression of the 

expected return to be decomposed into the risk free rate and the expected risk premium. 

The static CAPM model mentioned above, predicts a linear relationship of returns to systematic risk. 

Further studies supported this relationship (Fama and Mac Beth, 1973; Black, Jensen and Scholes, 

1972). Other studies in Australia (Ball, Brown and Officer) showed consistent results with the zero-

beta CAPM
1
. Chen, Roll and Ross introduced a multi-factor CAPM model (1986) known as the 

Arbitrage Pricing Theory (APT), which outperformed the original CAPM model. 

U.S studies showed empirical irregularities of the model, such as size effect (Banz 1981). Other 

essays prove that market beta was not priced efficiently and argue (Fama and French 1993) that the 

cross-section of returns can be explained by 3-factors, market labor and factors based on size, and 

book to market ratio of an equity. 

    Research based on the Fama-French 3-factor model in Australia, (Halliwell, Heaney and Sawicki, 

1999) and other countries (Marooney and Protopapadakis)
2
 showed that the size factor was statistically 

significant, but their results showed sensitivity to the sample and portfolio formation technique and 

Book to Market Ratio factor was statistically insignificant. Other study (Faff 2001) using a different 

sample of data and commercial measures found the Book to Market Ratio statistically significant.  

    The reason of the CAPM failure is the time varying nature of asset betas, market risk premiums 

(Jagannathan and Wang, 1996). J&W developed a model of cross-returns (C-CAPM) in which the 

value of a firm’s beta is conditional to the state of the economy. This approach (with US data) 

outperformed APT model and showed efficient results similar to the Fama-French approach. 

                                                           

1
 Mean-Variance efficiency is rejected by Stockie (1982),Wood (1991), Faff(1991)  

2
 In their multy-country analysis,find less support to the 3-Factor model 
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The ARCH models were initially introduced for heteroskedasticity correction by Engle (1982), where 

conditional variance is depended on the lags of the squared residuals of the error terms taken from the 

conditional mean equation. Bollerslev (1986) suggested GARCH models where the conditional 

variance is depended on the lags of the squared residuals and on the lags of the conditional variance. 
However, it was widely observed that a negative shock to financial time series is likely to cause 

volatility to rise by more than a positive shock of the same magnitude. Such asymmetries are typically 

attributed to leverage effects, whereby a fall in the value of a firm’s stock causes the firm’s debt to 

equity ratio to rise. Further studies introduced asymmetric GARCH models to capture this property of 

financial time series such as the Threshold GARCH by Glosten et al (1993) and the exponential 

GARCH proposed by Nelson (1991). 

There are essays estimating the Capital Asset Pricing Model using GARCH models. Soufian N. 

(2004), tested the APT and CAPM models using GARCH-type modeling for conditional variance. 

Soufian used monthly returns stock data, and created from those 47 portfolios according to the Fama 

Mac Beth (1973) procedure their size and market value. In the methodology, after testing for structural 

breaks and stationarity in conditional variance, she applied Integrated GARCH models. The results 

show that the GARCH models increase efficiency (increase maximum likehood function, decrease 

information criteria) of the CAPM and reduce the beta estimates. In the APT model the beta 

coefficient decreases in the presence of macroeconomic factors. Furthermore, the estimates of the sub-

periods (in the existence of structural breaks) differ both in the cross section and the time series 

estimates.  

  Ming (2011) tested the CAPM model using the time varying technique and the state varying facility 

method by using multivariate GARCH models. The data used by the author were weekly returns (Jan 

1980-May2007) for G7 equity markets. As risk free rate the Treasury-Bill was used and apart from the 

local indexes the world index was used. The result or the essay implies that there is correlation 

between the world and local markets, independently of the states of variance. Time varying and state 

varying betas could not outperform the static beta, while dynamic beta estimates employing both time 

varying and state varying techniques, outperformed static beta estimates. 

Ng (1991) tested the simple index model and the zero-beta CAPM using GARCH (1,1) and 

multivariate GARCH estimates. The data refer to monthly observations of common stock returns and 

cross section data created by various port5folio formation techniques. The results of the essay imply 

that the mean variance efficiency of the market proxy portfolio is valid. Also the ratio of the expected 

beta is positive correlated to the level of the conditional market variance. The size- sorted portfolios 

imply that the model is invalid. 

Lanne and Luoto (2008) used GARCH-in-mean models in Bayesian analysis to study the robustness 

of the risk-return relationship. In their analysis they used monthly U.S. stock data (1928:01-2004:12), 

the CRSP index and the T-Bill to create excess returns. The results show the existence of a fairly 

robust risk-returns relation, not depending on the intercept values. The magnitude of the in-mean 

parameter depends on the size of the estimated intercept coefficient. The intercept parameter is 

positive only in the first half of the sample period. 

 

3. Data 

3a. Data Information 

  

This essay uses data referring to three stocks from the NYSE stock market. The pharmaceutical 

sector is comprised of 11 stocks of pharmaceutical companies. The list of the companies of the 

pharmaceutical index is displayed in Appendix C. All financial variables are retrieved from the 

website Yahoo Finance and represent the adjusted close prices of the stocks of the companies 
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Astrazeneca (AZN), Bristol-Myers Squibb (BMY), Johnson and Johnson (JNJ) , which belong to the 

pharmaceutical sector of the NYSE Stock Market.  

In addition, the Standard and Poor’s 500 Index (SNP), which is retrieved from Yahoo Finance 

website, is used as a market benchmark as well as the 13 Week U.S Treasury Bill (TBILL),which is 

used  as a risk-free benchmark asset, retrieved from S.T Louis FRED website.  

The observations of stock prices are daily of five days week regular frequency. The sample range 

dates from 09/10/2002 to 08/04/2011 and includes 2218 observations. The choice of the sample 

starting date is based on the starting date of the pharmaceutical index. The observations of the holidays 

are created by taking the average of the previous and following observation between the holiday date.   

From the stock prices the variables for the returns are computed by taking the log differences of the 

stock prices. The returns for the stocks mentioned in order are denoted as R1, R2, R3, respectively. 

The excess returns are created by reducing the returns variable with the risk free rate. The non 

stationary factors are turned into stationary by taking the log differences, apart from the 13-week 

Treasury bill which is considered as mean reverting, implying stationarity. 

 

   3b. Descriptive Statistics-Stationarity Testing 

  

In this section the results of the data analysis will be mentioned briefly. More detailed analysis is 

presented in Appendix A. The graphs, the histograms for prices and returns and excess returns of the 3 

stocks, the 1 index, and the risk free rate are displayed in Tables A1-A7 and A12-A15 in Appendix A. 

The descriptive statistics, the unit root tests (Augmented Dickey Fuller, Phillips-Perron, and 

Kwiatkowski-Phillips-Schmidt-Shin) are displayed in Tables A8-A11 and A16-A17. The graphs reveal 

that the level of prices has dropped significantly in the second quarter of 2002 and in the outbreak of 

the financial crash in 2008.The universal maximum level of prices is achieved for most stocks in the 

first quarter of 2007.The unit root tests show that the prices are non-stationary.  

The graphs and the descriptive statistics confirm the characteristics of financial time series for returns 

(leptokurtosis, volatility clustering, (Brooks 2008).The returns display high volatility in the period of 

the 2008 financial crash, and the unit root tests imply that they are stationary with exception for the 

KPSS test, implying the existence of type-b error for some cases. 

The excess returns display in the average high negative values and higher standard deviation than in 

returns. The distributions of the excess returns are closer to the normal distribution than in the series of 

returns (in values of Jarque-Berra stat).In addition the excess returns are stationary. 

 

4. Methodology 

 

The analysis for every stock is follows a specific procedure. First of all, the excess daily returns are 

regressed onto a constant and the market risk premium (CAPM equation). The OLS representation for 

the daily data for the three stocks is 

 

   t i 1i itt
i=1,2,3,- -  =α +β +ε

it
rf rm rfE r  

 

Furthermore, from the regression, the t-tests and the F-test are performed; the results for the log 

likehood function, the R
2
   and the Akaike and Schwartz information criteria are taken into account. 

The confidence intervals of the estimated parameters in the mean equation will be created. A Wald test 

will test if the beta coefficient converges to unity and the alpha coefficient converges to null. 
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In addition, the residual tests are performed. For autocorrelation, the Breach Godfrey test is 

performed. If the null hypothesis is rejected, then the CAPM model is corrected with a lag of the 

depended variable. Then the CAPM estimation shall take the form 

 

     
1t i 1i 2i itt

i=1,2,3,- - -  =α +β +β +ε
tiit i

rf rm rf rfrE r
  

 

A possible economic explanation of the beta-2 coefficient could refer to the risk-effect on excess 

returns of the expected returns with leverage, of the previous period. If excess returns (with more 

leverage) of the previous period increase, then the current period’s returns could be expected to 

increase. 

 Furthermore, heteroskedasticity will be tested with the ARCH and White tests. For all 

autocorrelation and heteroskedasticity tests, five lags are tested. The number of lags is determined by 

the frequency of the data. 

The stability of the parameters of the OLS model will be tested in many ways. For the right model 

specification the Ramsey’s RESET test will be employed. In addition for detection of structural break 

in the series the Quandt-Andrews breakpoint test will be used. The chow test will be performed to 

confirm the break(s) found from the previous test.  

Moreover for the stability checking of the estimated parameters, the OLS model will be re-estimated 

by recursive least squares and rolling regression. The estimated coefficients will be viewed as a 

variable and examined through unit root test and graph view. 

  In the presence of heteroskedasticity, the CAPM model will be tested with the addition of a 

GARCH model. The GARCH model will be tested three times (GARCH-TGARCH-EGARCH). In all 

GARCH models the order is GARCH (1, 1) and the model will be repeated each time with 

autocorrelation correction. 

It is a critical question whether an absolute measure of risk, can enter in the CAPM equation, where 

the Jensen’s alpha (α) and beta (β) coefficients, as relative measures of risk exist. In this case the 

GARCH models will be tested in their in-mean version and whether they show statistical significance, 

these shall be presented in the final results. The in-mean version of the GARCH models, the beta-3 

coefficient could imply the marginal effect of risk effect in expected returns. 

In the first model (denoted as GARCH1), the CAPM will be tested with the correction of conditional 

heteroskedasticity. For the conditional mean equation, the OLS equation will be used.  

For the stocks and the index under examination, the model shall be 

   
2 2 2

0 1 -1 -1

t i 1i itt
i=1,2,3,- -  ,

=α +α +β

=α +β +ε

t t t

it
rf rm rf

u

E r

 
 

 

The same model with autocorrelation is  

 

     
1

2 2 2
0 1 -1 -1

+t i 1i 2i itt
i=1,2,3,- - -  

=α +α +β

=α +β β +ε
ti

t t t

it irf rm rf rfr

u

E r

 



 

If a GARCH in Mean (GARCH-M) coefficient is significant then the forms shall be respectively 
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2 2 2

0 1 -1 -1

t ti 1i itt
i=1,2,3,- -  ,

=α +α +β

=α +β + +ε

t t t

it
rf rm rf

u

E r 

 
 

and

 

     
1

2 2 2
0 1 -1 -1

+t ti 1i 2i itt
i=1,2,3,- - -  

=α +α +β

=α +β β + +ε
ti

t t t

it i
rf rm rf rfr

u

E r 

 
  

 

The same model shall be estimated again as T-GARCH and E-GARCH, computed for the first model 

to observe if the coefficients in the mean equation are different when leverage effects enter in the 

conditional variance equation. The models will be adjusted for autocorrelation, if it is necessary, and 

their GARCH in mean form will be tested again. 

The T-GARCH representations for the uncorrected and corrected with autocorrelation models are 

 

 

   

t-1

t-1 t-1

2 2 2 2
t 0 1 t-1 t-1 t-1

t-1 t-1

t i 1i itt
i=1,2,3,

I =1,if  <0  I =0,if  >0

- -  

ζ =α +α u +βζ +γ u

u u

=α +β +εit rf rm rfE r



                                                              

       And 

     

t-1

t-1 t-1

1

2 2 2 2
t 0 1 t-1 t-1 t-1

t-1 t-1

+t i 1i 2i itt
i=1,2,3,

 

I =1,if  <0  I =0,if  >0

- - -  

ζ =α +α u +βζ +γ u

u u

=α +β β +ε
tiit irf rm rf rfrE r




  

In case there is TGARCH-M model valid the 2 equations are transformed into 

 

   

t-1

t-1 t-1

2 2 2 2
t 0 1 t-1 t-1 t-1

t-1 t-1

t ti 1i itt
i=1,2,3,

I =1,if  <0  I =0,if  >0

- -  

ζ =α +α u +βζ +γ u

u u

=α +β + +εit rf rm rfE r 



 

and 

     

t-1

t-1 t-1

1

2 2 2 2
t 0 1 t-1 t-1 t-1

t-1 t-1

+t ti 1i 2i itt
i=1,2,3,

I =1,if  <0  I =0,if  >0

- - -  

ζ =α +α u +βζ +γ u

u u

=α +β β + +ε
tiit irf rm rf rfrE r 




  

The E-GARCH representations for the uncorrected and corrected with autocorrelation models are 
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    t-12 2 2
t 1 t-1 t-1 2

t-1

2

t i 1i itt
i=1,2,3,

u
log ζ = +α u + log ζ +γ 

ζ

- -  =α +β +ε
it

rf rm rfE r





 
 
 
   

and 

     

    t-12 2 2
t 1 t-1 t-1 2

t-1

1
+

2

t i 1i 2i itt
i=1,2,3,

u
log ζ = +α u + log ζ +γ 

ζ

- - -  =α +β β +ε
tiit i

rf rm rf rfrE r








 
 
 
   

In case there is EGARCH-M model valid the 2 equations are transformed into 

 

   

   0

t-12 2 2
t 1 t-1 t-1 2

t-1

2

t ti 1i itt
i=1,2,3,

u
log ζ = +α u + log ζ +γ 

ζ

- -  =α +β + +ε
it

rf rm rfE r










 
 
 
   

and 

     

    t-12 2 2
t 1 t-1 t-1 2

t-1

1
+

2

t ti 1i 2i itt
i=1,2,3,

u
log ζ = +α u + log ζ +γ 

ζ

- - -  =α +β β + +ε
tiit i

rf rm rf rfrE r









 
 
 
 

 

 

For the three GARCH models the t-tests check the parameter significance. The confidence intervals 

for the estimated coefficients in the conditional mean equation will be created.  

The stationarity of the conditional variance will be tested by three methods. The first method is 

observation of the conditional variance graph. The second method is a Wald-type test with assumption 

of the null hypothesis that the sum of the ARCH and GARCH parameters equals unity, (implying non-

stationarity). The third method uses unit root tests (ADF-PP tests) to check as null hypothesis the 

existence of a unit root and as a reverse back up test the KPSS test to test as null hypothesis for 

stationarity. 

An ARCH test checks the GARCH models for heteroskedasticity. Furthermore, the AIC, SBIC 

information criteria and the Log-likehood value will be observed.  

For the OLS model and the GARCH models, the measures of risk will be evaluated. The  absolute 

measures of risk that will presented are the unconditional variance, the conditional variance and the 

long-run variance (GARCH models).The relative measures of risk include  the Jensen’s α coefficient , 

the beta (β) coefficient, the Treynor and the Sharpe ratios. In case of an alternative way of estimation, 

the same results will be presented for rolling and recursive estimation, when applied, to check for the 

parameters sensitivity. The rolling estimation requires a window of 50 observations and the calculation 

step includes 20 observations. In the GARCH-M specifications, the coefficient of the standard 

deviation will be presented as an alternative measure of absolute risk.   
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5. Results  

 
Due to the number of the tested models for the daily observations, each stock is presented separately. 

In this paragraph, the most important results will be presented. The diagnostic tests (Wald-type tests, 

stationarity tests for variance, ARCH test, Breach-Godfrey test, RESET, White, etc) supporting the 

analysis for all the models are presented separately for all stocks in sections a to c,  in Appendix B. 

 

a. CAPM models of Astrazeneca Stock 

The results of the of the full sample models for the Astrazeneca stock are presented in Table 5a-1 

 

CAPM MODELS OF  AZN STOCK 

MODEL OLS GARCH TGARCH EGARCH 

  Coeff p-value Coeff p-value Coeff p-value Coeff p-value 

α -0,0021 0 -0,0017 0 -0,0017 0 -0,0423 0 

β1 0,888 0 0,93 0 0,931 0 0,726 0 

β2                 

δ             1,546 0,01 

ω             -7,833 0 

α0     

8,14E-

06 0 

8,08E-

06 0     

α1     0,0803 0 0,102 0 0,694 0 

β0     0,881 0 0,885 0 -0,074 0,79 

γ         -0,054 0,01 -0,394 0,2 

                  

log-likehood 6163,7 6490,9 6493,6 113,08 

AIC -5,578 -5,85 -5,851 -4,289 

SIC -5,573 -5,834 -5,833 -3,98 

R2 0,628 _ _ _ 

Prob 0 0 0 0,62 

Table 5a-1 

 

The results of the of the OLS rolling estimation for the Astrazeneca stock are presented in Table 5a-2 

 

RESULTS OF ROLLING ESTIMATION 

  a Beta1 Low High 

OLS 

Average -0,00431 0,709293     

2stand errors 0,00532 0,203674     

P-Values 0,35 0,05     

Confidence interval alpha -0,01 0,00101 

Confidence interval beta1 0,5056 0,91297 

R2 0,25       

Table 5a-2 
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The results of the of the OLS recursive estimation for the Astrazeneca stock are presented in Table 5a-

3 

RESULTS OF RECURSIVE ESTIMATION 

  a Beta1 Low High 

OLS 

Average -0,00243 0,828836     

2stand errors 0,001127 0,054656     

Confidence interval alpha -0,003 -0,0013 

Confidence interval beta1 0,7742 0,88349 

Table 5a-3 

 

First of all, the recursive estimates appear stable in time. Nevertheless, most clearly, the rolling 

estimates lead to the conclusion, that the alpha and beta coefficients are varying in time, implying that 

the CAPM model cannot be valid in certain periods. The recursive coefficients graph in Table 5a-4, the 

rolling coefficients graph, in Table 5a-5, the rolling standard-errors graph in Table 5a-6, the rolling P-

values graph in Table 5a-7 and the R-Square graph in Table 5-8, confirm the very same conclusion. 

 
Table 5a-4 
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Table 5a-5 

 
Table 5a-6 

 

 
Table 5a-7 
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Table 5a-8 

A careful inspection on the graphs provides some valuable remarks. First of all, the coefficients are 

stationary. In addition, the values of the beta coefficient are economically (speaking) more significant 

than the values of the alpha coefficient. 

Furthermore, there are periods, where the model is not valid. In periods of high leverage and high rise 

in prices, (the period of the beginning of financial crash as a bench mark), we observe that the 

explanatory power of the model is low, and high p-values are observed, while the opposite occurs for 

periods of low prices.  

The Jensen’s alpha coefficient appears less volatile, compared to the beta coefficient.  In times of 

continuous rise followed by periods of continuous fall of stock prices, the alpha coefficient appears 

more deviant. The p-value of the alpha coefficient though is extremely deviant, changing sharply from 

zero to unity. The beta coefficient, displays more stable p-values. In times of bubbles though (high 

rise), the p-values of the beta coefficient rises significantly. This means that with this model, investors 

overestimate risk in times when prices fall and underestimate it in times of rise. In other words, only in 

periods of low volatility and stability in prices, the models seem to work well.  

The OLS estimations, display many differences in the estimated parameters. First of all, the alpha 

coefficient appears as non- significant (p=0.35) in the rolling estimations. For the same coefficient, the 

estimated values are negative, with the static and recursive estimates, resulting similar values (a=-

0.0021 and a=-0.0023 respectively, with at least 1% significance), while the rolling coefficient 

displays much higher values (a=-0. 0043).  

The beta-1 coefficient is significant in all models for at least 5% level. The static and recursive values 

(β1=0.88, β1=0.81) provide higher and similar results, than the rolling estimates which appear with s 

relatively smaller value (β1=0.70).  

The Breach-Godfrey autocorrelation test rejects autocorrelation, while the heteroskedasticity tests 

accept heteroskedasticity. The RESET tests, implies that the data in the model have non-linear 

properties. 

In the GARCH type models, where conditional variance is modeled, the CAPM model provides 

better results. In the symmetric GARCH model, the alpha coefficient, shows similar values to the 

static-recursive OLS values (a=-0.0017) and the value of the beta coefficient value is increased 

((β=0.93).The parameters of the conditional variance equation imply variance stationarity with little 
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memory in the ARCH term (a0=8.14E-06, a1=0.08, β1=0.88).All the parameters are significant for at 

least 1% level. 

In the Threshold GARCH model, the alpha coefficient, the alpha and beta coefficients are the same 

with the symmetric GARCH model .The parameters of the conditional variance equation imply 

variance stationarity with the asymmetry parameter significant and negative (a0=8.08E-06, a1=0.10, 

β1=0.88, γ=-0,054).All the parameters are significant for at least 1% level. 

The E-GARCH model shows low performance, with insignificant b1 parameter (b1=0.35). The E-

GARCH-in mean model, though displays significant parameters in mean equation with values 

proportionate to the rolling estimated coefficients (a=-0.0423 b1=0.72, δ=1,546).Notably the δ 

coefficient is economically more significant than the b1 coefficient. The b1 parameter in the in mean 

model apart from statistical significance appears with twice as big value. In the conditional log-

Variance equation, the slope and the ARCH coefficients are significant (at least 1% significance), 

while the GARCH and the asymmetry coefficients are insignificant (ω=-7.83, α1=0.69, β0=-0.074,γ=-

0.39). 

The confidence intervals for the estimated parameters, confirm the previous discussion for the 

estimated parameters in the conditional mean equation .The CI for 5% significance are displayed in 

Table 5a-9 

CONFIDENCE INTERVALS (α=0,05) 

coefficient alpha beta1 beta3 

  Low High Mean Low High Mean Low High Mean 

STATIC OLS -0.002977 -0.001194 -0,002834  0.857622  0.921807  0.862785       

GARCH -0.002438 -0.001140 -0.001789  0.908085  0.952609  0.930347       

TGARCH -0.002400 -0.001083 -0.001741  0.909222  0.953084  0.931153       

EGARCH -0,06801 -0,016775 -0.042392 0,39481 1,057829 0,72632 0,3302 2,76183 1,546 

Table 5a-9 

 

The model that maximizes the likehood function and minimizes the Akaike and Schwartz 

information criteria is the T-GARCH model.  

The absolute risk measures for variance and standard deviation are displayed in Tables 5a-10,5a-11 

ABSOLUTE RISK MEASURES 

  VARIANCE ASYMPTOTIC  UNCONDITIONAL CONDITIONAL 

OLS 

FULL SAMPLE 

 
0,000285779 0,000220968 

RECURSIVE   0,000285779 0,000220968 

ROLLING    0,000285779 0,000220968 

GARCH 

SYMMETRIC 2,10E-04 0,000285779 0,000228 

THRESHOLD 0,000120597 0,000285779 0,000229 

EXPONENTIAL -0,000152198 0,000285779 0,00022 

Table 5a-10. 
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ABSOLUTE RISK MEASURES 

  STAND.DEVIATION ASYMPTOTIC  UNCONDITIONAL CONDITIONAL 

OLS 

FULL SAMPLE    0,016905 0,014865 

RECURSIVE   0,016905 0,014865 

ROLLING    0,016905 0,014865 

GARCH 

SYMMETRIC 0,014502962 0,016905 0,015099 

THRESHOLD 0,010981667 0,016905 0,015132 

EXPONENTIAL   0,016905 0,014832 

 Table 5a-11 

From the above tables the model with the minimum variance and standard deviation is the E-GARCH 

model. The minimum long run variance and standard deviation is provided by TGARCH (EGHARCH 

variance is calculated with negative value)  

The relative performance measures (Jensen’s alpha, beta, Treynor ratio, Sharpe ratio) are displayed in 

Table 5a-12 

RISK-RETURNS/PERFORMANCE MEASURES (ER=-0,09318) 

RELATIVE 

MEASURES 

OF RISK  

TYPE OF 

MODEL 
MEASURE Jensen's alpha 

Beta-1 

coefficient Sharpe Ratio Treynor Ratio 

UNCONDITIONAL _ _ -1,142738835   

OLS 

FULL SAMPLE -0,0021 0,888 -1,299562731 -0,021754505 

COND.RECURSIVE -0,00243 0,828 -1,299562731 -0,023330918 

COND.ROLLING -0,00431 0,709 -1,279365804 -0,027246827 

GARCH 

SYMMETRIC -0,0017 0,93 -1,279365804 -0,020772043 

THRESHOLD -0,0017 0,931 -1,276569372 -0,020749731 

EXPONENTIAL -0,0423 0,726 -1,302419294 -0,026608815 

LONG-RUN 

GARCH 

SYMMETRIC     -1,332003732   

THRESHOLD     -1,759113586   

EXPONENTIAL         

Table 5a-12 

The alpha coefficient, negative value implies that, there is constant damage by holding this stock. 

The beta coefficient implies that this stock is considered in average as defensive. That is the reason 

why excess returns on this stock increased, in the period of the financial crash of 2008.The Sharpe 

ratio is over unity (in absolute value), implying that excess returns are bigger than risk. 

The Treynor ratio implies that this stock provides excess profits/damage less than the market since 

the beta coefficient is less than unity. 

 

 

b. CAPM models of Bristol-Myers Squibb Stock 

 

The diagnostic tests for all the models are presented in section b in Appendix B. The existence of 

autocorrelation in the residuals, leads to re-estimation of the models adding a lag of the excess returns. 

The results of the full sample models for the BMY stock are presented in Table 5b-1. 
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CAPM MODELS OF  BMY STOCK 

MODEL OLS OLS(lag) GARCH GARCH (lag) TGARCH TGARCH (lag) EGARCH EGARCH(lag) 

  Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff p-val Coeff p-val 

α -0,007 0 -0,005 0 -0,006 0 -0,003 0 -0,0075 0 -0,003 0 -0,137 0 -0.003 0 

β1 0,628 0 0,435 0 0,798 0 0,555 0 0,7943 0 0,538 0 0,037 0,06 0.555 0 

β2     0,299 0     0,313 0     0,308 0     0.313 0 

δ         0,146 0,04     0,194 0,001     5,46 0     

ω                         0,002 0,56 -0,161 0 

α0         2,23E-06 0 2,62E-06 0 2,09E-06 0,01 2,71E-06 0         

α1         0,045 0 0,055 0 0,049 0 0,034 0 0,011 0 -0,009 0,38 

B         0,946 0 0,934 0 0,948 0 0,94 0 1 0 0,992 0 

γ                 -0,01 0,3 0,032 0 0,004 0 0,127 0 

                                  

log-likehood 5652,9 5751,8 5989,3 6099,7 5989,6 6045,5 6246,7 6102,7 

AIC -5,097 -5,188 -5,396 -5,498 -5,396 -5,449 -5,628 -5,5 

SIC -5,092 -5,18 -5,378 -5,48 -5,375 -5,431 -5,607 -5,48 

R2 0,343 0,4 _ _ _ _ _   

Prob 0 0 0 0 0 0 0   

Table 5b-1 

 

The results of the of the OLS rolling estimation for the BMY stock are presented in Table 5b-2 

 

RESULTS OF ROLLING ESTIMATION 

  a Beta1 Beta2 Low High 

OLS 

Average -0,02006 0,0238       

2stand errors 0,005311 0,205539       

P-Values 0,14 0,54       

Confidence interval alpha -0,025371 -0,0147 

Confidence interval beta1 -0,181739 0,22934 

R2 0,014         

OLS 

WITH 

LAG 

Average -0,02052 0,0266 -0,00678     

2stand errors 0,005977 0,20717 0,14093     

P-Values 0,158 0,547 0,527     

Confidence interval alpha -0,026497 -0,0145 

Confidence interval beta1 -0,18057 0,23377 

Confidence interval beta2 -0,14771 0,13415 

R2 0,031         

Table 5b-2 

 
The results of the of the OLS recursive estimation for the BMY stock are presented in Table 5b-3 
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RESULTS OF RECURSIVE ESTIMATION 

  a Beta1 Beta2 Low High 

OLS 

Average -0,089 0,479535       

2stand errors 0,001152 0,055191       

Confidence interval alpha       -0,01005 -0,0078 

Confidence interval beta1 0,424344 0,53473 

OLS 

WITH 

LAG 

Average -0,00732 0,377594 0,18281     

2stand errors 0,001264 0,059859 0,041724     

Confidence interval alpha -0,008584 -0,0061 

Confidence interval beta1 0,317735 0,43745 

Confidence interval beta2 0,141086 0,22453 

Table 5b-3 

 

The recursive coefficients graphs are presented in Tables 5b-4 and 5b-5 for both CAPM models with 

lag and without lag. The same is repeated with rolling estimation for both models. The rolling 

coefficient graphs, the rolling standard-errors graphs, the rolling P-values graphs and the R-Square 

graph, are displayed from Table 5b-7 to 5b-13. The graphs confirm the very same conclusion about the 

coefficients stability. 

 

 
Table 5b-4 
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Table 5b-5 

 
First of all, the recursive estimates appear stable in time. The behavior of alpha and beta-1 

coefficients is similar with the addition of the lag. The lag coefficient (beta2) displays stability in the 

period sample period. 

 
Table 5b-6 

 
Table 5b-7 
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Table 5b-8 

 

 
Table 5b-9 

The rolling estimations for the model without lag provide important conclusions. First of all, the 

parameters aren’t stable in time, in comparison to the whole sample estimates. The beta-1 coefficient 

fluctuates more than the alpha coefficient, and appears negative in some periods. The standard 

deviation of the beta coefficient is relatively higher than the standard deviation of the alpha coefficient. 

It is common phenomenon, the unusual rise in standard deviation for both coefficients between the 

second quarter of 2006 and the second quarter of 2007.The p-values imply that the alpha coefficient is 

more often significant than the beta-1 coefficient that is changing sharply from null to unity very often. 

The R-square is relatively low, and variant. The periods, when R-squares is zero, is observed in 

periods of unusual market behavior.  

The rolling estimations for the model with lag provide similar conclusions for alpha and beta 

coefficients. The beta-2 appears with similar properties to the beta-1 coefficient. Similar results can be 

observed for the model with lag as whole. 
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Table 5b-10 

 

 
Table 5b-11 

 

 
Table 5b-12 
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Table 5b-13 

  

 The OLS estimations, display many differences in the estimated parameters. First of all, the alpha 

coefficient appears significant for at least 5% level in all estimations. For alpha coefficient, the 

estimated values are negative, with much difference in value, which is the least (in absolute value) for 

full sample estimations (a=-0,007 a=-0,006 with lag) different for rolling estimation (a=-0,02)and 

different for recursive estimation (a=-0,089) The same applies for the beta-1 coefficient, where the full 

sample estimations (b1=0.68, β1=0.45)  are different from rolling(b1=0.02) and recursive (b1=0.47, 

β1=0.37) estimations. The beta-1 coefficient is significant in all models for at least 5% level.  

As mentioned from the start, the Breach-Godfrey autocorrelation test implies strong autocorrelation, 

while the heteroskedasticity tests accept heteroskedasticity. The RESET tests, implies that the data in 

the model have non-linear properties fitted variables that have even power (^2, ^4 etc). 

In the GARCH type models, where conditional variance is modeled, the CAPM model provides 

better results than the OLS model. The symmetric GARCH-M model without lag performs better than 

GARCH model without lag. But when there is lag in the CAPM model then the in-mean term is 

insignificant. The same applies for both TGARCH and EGARCH. 

In the symmetric GARCH-M model without lag in the conditional mean equation, the alpha 

coefficient, shows similar values to the full sample OLS values (a=-0.0067) and the value of the beta 

coefficient value is increased (β1=0.79).The in-mean parameter (δ=0.14) is significant for at least 5% 

level. The parameters of the conditional variance equation imply variance stationarity with little 

memory in the ARCH term (a0=2.23E-06, a1=0.045, β0=0.94).All the parameters are significant for at 

least 5% level.  

In the symmetric GARCH model with lag in the conditional mean equation, the alpha coefficient, 

shows similar values to the full sample OLS values with lag (a=-0.003) but different to the symmetric 

GARCH model  without lag. The very same applies for the value of the beta coefficient which is 

decreased (β1=0.31).The lag beta coefficient is for at least 5% significant (b2=0.31).The parameters of 

the conditional variance equation imply variance stationarity with little difference in the ARCH and 

GARCH terms (a0=2.62E-06, a1=0.055, β0=0.93).All the parameters are significant for at least 5% 

level. 

In the Threshold GARCH-M model without lag, the alpha coefficient, the alpha and beta coefficients 

are the similar to the symmetric GARCH-M model(a=-0.007,b1=0,79) The in-mean parameter 

(δ=0,19) is similar and significant for at least 5% level. The parameters of the conditional variance 
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equation imply variance stationarity with the asymmetry parameter insignificant and negative 

(a0=2.09E-06, a1=0.04, β0=0.94, γ=-0.01).All the parameters are significant for at least 1% level.  

In the TGARCH model with lag, the alpha coefficient, the alpha and beta coefficients are the similar 

to the symmetric GARCH model with lag (a=-0.003, b1=0.53). The parameters of the conditional 

variance equation imply variance stationarity with the asymmetry parameter significant (p-value=0.3) 

and negative (a0=2.71E-06, a1=0.034, β0=0.94, γ=0,032).All the other parameters are significant for at 

least 1% level. 

The EGARCH model shows lower performance, with significant parameters in 1% level (a=-0.004, 

b1=0.8). The E-GARCH-M model, though displays significant parameters in mean with values 

proportionate to the rolling estimated coefficients (a=-0.137 b1=0.037, δ=5.46).Notably the δ 

coefficient is economically more significant than the b1 coefficient. In the conditional log-Variance 

equation, apart from the intercept parameter, the other coefficients are significant (at least 1% 

significance).Notably, the asymmetry coefficient is positive with small value (ω=0.02,α1=0.011, 

β=1,γ=0.004). 

The E-GARCH model, with lag displays significant parameters in mean (a=-0.003 b1=0.555, 

b2=0.313). In the conditional log-Variance equation, apart from the ARCH parameter, the other 

coefficients are significant (at least 1% significance).Notably, the asymmetry coefficient is positive 

with small value (ω=0,161, α1=-0.009, β=0,992, γ=0.127). 

 

The confidence intervals for the estimated parameters, confirm the previous discussion for the 

estimated parameters in the conditional mean equation .The CI for 5% significance are displayed in 

Table 5b-15 

 

 

 

CONFIDENCE INTERVALS (α=0,05) 

coefficient α β2 β1 δ 

  Low High Mean Low High Mean Low High Mean Low High Mean 

FULL SAMPLE OLS -0.0082 -0.0061 -0,0072 0,592 0,664 0,628             

FULL SAMPLE OLS 

(LAG) -0,0064 -0,0038 -0,0051 0,366 0,504 0,435 0,243 0,356 0,299       

GARCH -0,0091 -0,0043 -0,0067 0,768 0,828 0,798       0,004 0,288 0,146 

GARCH(LAG) -0,0038 -0,0021 -0,0030 0,516 0,594 0,555 0,274 0,351 0,313       

TGARCH -0,0053 -0,0035 -0.0044 0,772 0,832 0,802        0,04 0,33   0,19 

TGARCH (LAG) -0,0040 -0,0022 -0,0031 0,500 0,577 0,538 0,26 0,349 0,308       

EGARCH -0.0053 -0.0036 -0.0044 0,771 0,829 0,800        4,26  6,66  5,46 

EGARCH (LAG) -0.0038 -0,0022 -0,0030  0.517 0,593 0,555 0,275 0,35 0,313       

Table 5b-14 
 

The model that maximizes the maximum likehood function and minimizes the Akaike information 

criterion is the Ε-GARCH-Μ model.  
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The absolute risk measures for variance and standard deviation are displayed in Tables 5b-15,5b-16 

 

ABSOLUTE RISK MEASURES 

VARIANCE ASYMPTOTIC  UNCONDITIONAL CONDITIONAL 

OLS 

STATIC    0,000245 0,000357 

RECURSIVE   0,000245 0,000357 

ROLLING    0,000245 0,000357 

OLS 

WITH 

LAG 

STATIC    0,000245 0,000326 

RECURSIVE   0,000245 0,000326 

ROLLING    0,000245 0,000326 

GARCH 

SYMMETRIC 0,000248 0,000245 0,000368 

THRESHOLD 0,000161 0,000245 0,000368 

EXPONENTIAL -0,268419 0,000245 0,000367 

GARCH 

WITH 

LAG 

SYMMETRIC 0,000238 0,000245 0,000335 

THRESHOLD -0,000452 0,000245 0,000331 

EXPONENTIAL   0,000245 0,000333 

 Table 5b-15 
 

ABSOLUTE RISK MEASURES 

STAND.DEVIATION ASYMPTOTIC  UNCONDITIONAL CONDITIONAL 

OLS 

STATIC    0,015641 0,018905 

RECURSIVE   0,015641 0,018905 

ROLLING    0,015641 0,018905 

OLS 

WITH 

LAG 

STATIC    0,015641 0,018064 

RECURSIVE   0,015641 0,018064 

ROLLING    0,015641 0,018064 

GARCH 

SYMMETRIC 0,015741 0,015641 0,019183 

THRESHOLD 0,012679 0,015641 0,019183 

EXPONENTIAL   0,015641 0,019157 

GARCH 

WITH 

LAG 

SYMMETRIC 0,015433 0,015641 0,018303 

THRESHOLD   0,015641 0,018193 

EXPONENTIAL   0,015641 0,018248 

Table 5b-16 
 

From the above tables the model with the minimum variance and standard deviation is the OLS with 

lag model. The minimum long run variance and standard deviation is provided by TGARCH-M 

(EGARCH variance is calculated with negative value)  

The relative performance measures (Jensen’s alpha, beta, Treynor ratio, Sharpe ratio) are displayed in 

Table 5b-17 
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RISK-RETURNS/PERFORMANCE MEASURES (ER=-0,019355) 

  

TYPE 

OF 

MODEL MEASURE 

Jensen's 

alpha 

Beta1 

coef 

Beta2 

coef 

Beta3 

coef 

Sharpe 

Ratio 

Treynor 

Ratio 

RELATIVE 

MEASURES 

OF RISK  

  UNCONDITIONAL _ _ _ _ -1,237453 _ 

OLS 

FULL SAMPLE -0,0072 0,6284     -1,023803 -0,0308 

COND.RECURSIVE -0,089 0,479535     -1,023803 -0,040362 

COND.ROLLING -0,02006 0,0238     -1,023803 -0,813235 

OLS 

WITH 

LAG 

FULL SAMPLE -0,005151 0,4358 0,2995   -1,071468 -0,044413 

COND.RECURSIVE -0,00732 0,377594 0,18281   -1,071468 -0,051259 

COND.ROLLING -0,02052 0,0266 -0,00678   -1,071468 -0,727632 

GARCH 

SYMMETRIC -0,0067 0,7984   0,1464 -1,008949 -0,024242 

THRESHOLD -0,0075 0,7943   0,194 -1,008949 -0,024367 

EXPONENTIAL -0,1372 0,0372   5,466 -1,010323 -0,520296 

GARCH 

WITH 

LAG 

SYMMETRIC -0,003 0,555 0,313   -1,057477 -0,034874 

THRESHOLD -0,0031 0,5389 0,3085   -1,063847 -0,035916 

EXPONENTIAL -0,003022 0,555628 0,313071   -1,060647 -0,034834 

LONG-

RUN 

GARCH 

SYMMETRIC         -1,229595   

THRESHOLD         -1,526482   

EXPONENTIAL             

LONG-

RUN 

GARCH 

WITH 

LAG 

SYMMETRIC         -1,254119   

THRESHOLD             

EXPONENTIAL             

Table 5b-17 
 

The alpha coefficient, negative value declares that the, there is constant damage by holding this 

stock. The beta coefficient implies that this stock is considered in average as defensive. The Sharpe 

ratio is over unity (in absolute value), implying that excess returns are bigger than risk. 

The Treynor ratio implies that this stock provides excess profits/damage less than the market since 

the beta coefficient is less than unity. 

 

c. CAPM models of Johnson& Johnson Stock (JNJ) 

 

The diagnostic tests for all the models are presented in section c in Appendix B. The existence of 

autocorrelation in the residuals, leads to re-estimation of the models adding a lag of the excess returns. 

The results of the full sample models for the JNJ stock are presented in Table 5c-1. 
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CAPM MODELS OF  JNJ STOCK 

MODEL OLS OLS(lag) GARCH GARCH (lag) 

TGAR

CH   TGARCH (lag) EGARCH EGARCH(lag) 

  Coef p-val Coef p-val Coef p-val Coef p-val Coef p-val Coef p-val Coef p-val Coef p-val 

α -0,0035 0 -0,0019 0 -0,0041 0 -0,0012 0 

-

0,0693 0 -0,0012 0 -0,075 0 -0,001 0 

β1 0,8257 0 0,7004 0 0,9 0 0,6701 0 0,526 0 0,670 0 0,513 0 0,671 0 

β2     0,2015 0     0,2862 0     0,286 0     0,285 0 

δ         0,176 0,03     5,426 0     5,74 0     

ω                         -0,00091 0,88 -0,584 0 

α0         

1,66E-

06 0 

2,80E-

06 0 

2,67E-

08 0,6 
2,87E-

06 0         

α1         0,066 0 0,137 0 0,0092 0 0,145 0 0,013 0 0,0283 0,2 

B         0,917 0 0,842 0 0,9994 0 0,8399 0 1 0 0,959 0 

γ                 

-

0,0205 0 -0,0139 0,7 0,001 0,1 0,2664 0 

                                  

log-

likehood 7087,5 7200,7 7329,3 7488,9 7565   7489 7609,9 7489,2 

AIC -6,415 -6,519 -6,605 -6,777 -6,817   -6,776 -6,857 -6,776 

SIC -6,409 -6,511 -6,587 -6,759 -6,796   -6,755 -6,837 -6,755 

R2 0.771 0,794 _ _ _|   _| _ _ 

Prob 0 0 0 0 0   0 0 0 

Table 5c-1 

 

The results of the of the OLS rolling estimation for the JNJ stock are presented in Table 5c-2 

 

RESULTS OF ROLLING ESTIMATION 

  a Beta1 Beta2 Low High 

OLS 

Average -0,009 0,52       

2stand errors 0,003 0,12       

P-Values 0,17 0,018       

Confidence interval alpha -0,012 -0,006 

Confidence interval beta1 0,39 0,64 

R2 0,32   

 
    

OLS WITH 

LAG 

Average -0,008 0,51 0,016     

2stand errors 0,004 0,12 0,12     

P-Values 0,2 0,01 0,49     

Confidence interval alpha -0,01 -0,004 

Confidence interval beta1 -0,1 0,14 

Confidence interval beta2 0,39 0,63 

R2 0,33         

Table 5c-2 
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The results of the of the OLS recursive estimation for the BMY stock are presented in Table 5c-3 

RESULTS OF RECURSIVE ESTIMATION 

  a Beta1 Beta2 Low High 

OLS 

Average -0,004 0,78       

2stand errors 0,00064 0,03       

Confidence interval alpha       -0,0047 -0,0034 

Confidence interval beta1 0,74 0,81 

OLS 

WITH 

LAG 

Average -0,003 0,72 0,07     

2stand errors 0,0007 0,03 0,03     

Confidence interval alpha -0,0042 -0,0027 

Confidence interval beta1 0,68 0,75 

Confidence interval beta2 0,03 0,1 

Table 5c-3 

 

The recursive coefficients graphs are presented in Tables 5c-4 and 5c-5 for both CAPM models with 

lag and without lag. The same is repeated with rolling estimation for both models. The rolling 

coefficient graphs, the rolling standard-errors graphs, the rolling P-values graphs and the R-Square 

graph, are displayed from Table 5c-7 to 5c-12. The graphs confirm the very same conclusion about the 

coefficients stability. 

 

Table 5c-4 
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Table 5c-5 

First of all, the recursive estimates appear stable in time. The behavior of alpha and beta-1 

coefficients is similar with the addition of the lag. The lag coefficient (beta2) displays stability in the 

period sample period. 

 
Table 5c-6 

 

 
Table 5c-7 
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Table 5c-8 

 
Table 5c-9 

The rolling estimations for the model without lag provide important conclusions. First of all, the 

parameters aren’t stable in time, in comparison to the whole sample estimates. The beta-1 coefficient 

fluctuates more than the alpha coefficient, and appears negative in some periods. The standard 

deviation of the beta coefficient is relatively higher than the standard deviation of the alpha coefficient. 

It is common phenomenon, the unusual rise in standard deviation for both coefficients between the 

second quarter of 2005 and the second quarter of 2007.The p-values imply that the beta-1 coefficient is 

more often significant than the alpha coefficient that is changing sharply from null to unity very often. 

The R-square is relatively high, and variant. The periods, when R-squares decrease, is observed in 

periods of unusual market behavior.  

The rolling estimations for the model with lag provide similar conclusions for alpha and beta 

coefficients. The beta-2 appears with similar properties to the beta-1 coefficient. In addition beta-2 

coefficient fluctuates less that beta-1.Nevertheless, the beta-2 p-values are changing rapidly too often 

and instantly from all coefficients. 

 
Table 5c-9 
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Table 5c-10 

 

 

 
Table 5c-11 

 

 
Table 5c-12 

The OLS estimations, display many differences in the estimated parameters. First of all, the alpha 

coefficient appears significant for at least 1% level in all estimations. For alpha coefficient, the 

estimated values are negative, with much difference in value, which is the least (in absolute value) for 

full sample estimations (a=-0,0035 a=-0,0019 with lag) different for rolling estimation (a=-0,009 a=-
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0,008) and different for recursive estimation (a=-0,004 and a=-0,003 ) The same applies for the beta-1 

coefficient, where the full sample estimations (b1=0,82, β1=0,70)  are different from rolling(b1=0,52 

b1=0,51) estimations. There is similarity to the recursive (b1=0,78, β1=0,72) estimations. The beta-1 

coefficient is significant in all models for at least 5% level.  

As mentioned from the start, the Breach-Godfrey autocorrelation test implies strong autocorrelation 

in mean, while the heteroskedasticity tests accept heteroskedasticity. The RESET tests, implies that the 

data in the model have non-linear properties. 

In the GARCH type models, where conditional variance is modeled, the CAPM model provides 

better results than the OLS model. The symmetric GARCH-M model without lag performs better than 

GARCH model without lag. But when there is lag in the CAPM model then the in-mean term is 

insignificant. The same applies for both TGARCH and EGARCH models. 

In the symmetric GARCH-M model without lag in the conditional mean equation, the alpha 

coefficient, shows similar values to the full sample OLS values (a=-0.0041) and the value of the beta 

coefficient value is increased (β1=0.9).The in-mean parameter (δ=0,176) is significant for at least 5% 

level. The parameters of the conditional variance equation imply variance stationarity with little 

memory in the ARCH term (a0=1.66E-06, a1=0.06, β0=0.917).All the parameters are significant for at 

least 5% level.  

In the symmetric GARCH model with lag in the conditional mean equation, the alpha coefficient, 

shows similar values to the full sample OLS values with lag (a=-0.0012) but different to the symmetric 

GARCH model  without lag. The very same applies for the value of the beta coefficient which is 

decreased (β1=0.52).The lag beta coefficient is for at least 5% significant (b2=0.28).The parameters of 

the conditional variance equation imply variance stationarity with much difference in the ARCH and 

GARCH terms (a0=2.80E-06, a1=0.13, β0=0.84).All the parameters are significant for at least 5% 

level. 

In the Threshold GARCH-M model without lag, the alpha coefficient, the alpha and beta coefficients 

are much different from the parameters of the symmetric GARCH-M model (a=-0.06,b1=0,52) The in-

mean parameter (δ=5,142) is highly significant for at least 5% level, and its value enables economic 

significance. The parameters of the conditional variance equation imply variance stationarity with the 

intercept parameter as insignificant (p-value=0.6) (a0=2.67E-08, a1=0.0092, β0=0.99, γ=-0.02).All the 

parameters are significant for at least 1% level.  

In the TGARCH model with lag, the alpha coefficient, the alpha and beta coefficients are the similar 

to the symmetric GARCH model with lag (a=-0.0012, b1=0.67 b2=0.28). The parameters of the 

conditional variance equation imply variance stationarity with the asymmetry parameter significant (p-

value=0.7) and negative (a0=2.87E-06, a1=0.14, β0=0.83, γ=-0,013).All the other parameters are 

significant for at least 1% level. 

The EGARCH model shows h performance, with significant parameters in 1% level (a=-0.002, 

b1=0.9). The E-GARCH-M model, though displays significant parameters in mean with values 

proportionate to the rolling estimated coefficients (a=-0.07 b1=0.51, δ=5.74).Notably the δ coefficient 

is economically more significant than the b1 coefficient. In the conditional log-Variance equation, 

apart from the intercept parameter, the other coefficients are significant (at least 10% 

significance).Notably, the asymmetry coefficient is positive with small value (ω=0.0009,α1=0.013, 

β=1,γ=0.001). 
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The E-GARCH model, with lag displays significant parameters in mean (a=-0.001 b1=0.67, 

b2=0.28). In the conditional log-Variance equation, apart from the ARCH parameter, the other 

coefficients are significant (at least 1% significance).Notably, the asymmetry coefficient is positive  

(ω=-0.584, α1=0.02, β=0,95, γ=0.26). 

The confidence intervals for the estimated parameters, confirm the previous discussion for the 

estimated parameters in the conditional mean equation .The CI for 5% significance are displayed in 

Table 5c-13 

CONFIDENCE INTERVALS (α=0,05) 

COEFFICIENT ALPHA β1 β2 δ 

  Low High Mean Low High Mean Low High Mean Low High Mean 

FULL SAMPLE OLS -0,004138 -0,0028 -0,0035 0,802 0,849 0,825             

FULL SAMPLE  OLS (LAG) -0,002641 -0,0013 -0,0019 0,658 0,742 0,7 0,16 0,242 0,201       

GARCH -0,005677 -0,0026 -0,0041 0,884 0,915 0,9       0,016 0,335 0,176 

GARCH(LAG) -0,00167 -0,0008 -0,0012 0,648 0,691 0,67 0,262 0,309 0,286       

TGARCH -0,086904 -0,0517 -0,0693 0,504 0,548 0,526       4,079 6,773 5,426 

TGARCH (LAG) -0,001664 -0,0008 -0,0012 0,648 0,692 0,67 0,263 0,309 0,286       

EGARCH -0,096038 -0,054 -0,075 0,491 0,534 0,51       4,265 7,23 5,748 

EGARCH (LAG) -0,00166 -0,0008 -0,0012 0,65 0,693 0,671 0,262 0,308 0,285       

Table 5c-13 

 

The model that maximizes the maximum likehood function and minimizes the Akaike information 

criterion is the Ε-GARCH-Μ model.  

 

The graph appears as symmetric at first glance. The left side slope is slightly steeper though. 

Investors react negatively, but with less intensive reaction to yesterday’s negative news. 

The absolute risk measures for variance and standard deviation are displayed in Tables 5b-14,5b-15 

 

ABSOLUTE RISK MEASURES 

VARIANCE ASYMPTOTIC  UNCONDITIONAL CONDITIONAL 

OLS 

FULL SAMPLE   0,000117484 0,000096 

RECURSIVE   0,000117484 0,000096 

ROLLING    0,000117484 0,000096 

OLS 

WITH 

LAG 

FULL SAMPLE   0,000117484 0,000086 

RECURSIVE   0,000117484 0,000086 

ROLLING    0,000117484 0,000086 

GARCH 

SYMMETRIC 0,000133 0,000117484 0,000102 

THRESHOLD 0,000002 0,000117484 0,000132 

EXPONENTIAL -0,267681 0,000117484 0,000165 

GARCH 

WITH 

LAG 

SYMMETRIC 0,000133 0,000117484 0,00000954 

THRESHOLD 0,000099 0,000117484 0,00000955 

EXPONENTIAL -0,141302 0,000117484 0,00000928 

 Table 5c-14 
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ABSOLUTE RISK MEASURES 

STAND.DEVIATION ASYMPTOTIC  UNCONDITIONAL CONDITIONAL 

OLS 

STATIC    0,010839 0,009785 

RECURSIVE   0,010839 0,009785 

ROLLING    0,010839 0,009785 

OLS 

WITH 

LAG 

STATIC    0,010839 0,009284 

RECURSIVE   0,010839 0,009284 

ROLLING    0,010839 0,009284 

GARCH 

SYMMETRIC 0,011547 0,010839 0,010100 

THRESHOLD 0,001498 0,010839 0,011489 

EXPONENTIAL   0,010839 0,012845 

GARCH 

WITH 

LAG 

SYMMETRIC 0,011547 0,010839 0,003089 

THRESHOLD 0,009948141 0,010839 0,003090 

EXPONENTIAL   0,010839 0,003046 

 Table 5c-15 

 

From the above tables the model with the minimum variance and standard deviation is the EGARCH-

M with lag model. The minimum long run variance and standard deviation is provided by TGARCH-

M.  

The relative performance measures (Jensen’s alpha, beta, Treynor ratio, Sharpe ratio) are displayed in 

Table 5b-16 
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RISK-RETURNS/PERFORMANCE MEASURES (ER=-0,019405) 

  

TYPE 

OF 

MODEL MEASURE 

α β1  β2 δ 
Sharpe 

Ratio 

Treynor 

Ratio 

RELATIVE 

MEASURES 

OF RISK  

  UNCONDITIONAL         

-

1,790294   

OLS 

FULL SAMPLE -0,003507 0,82573     

-

1,983137 -0,0235 

COND.RECURSIVE 

 
          

COND.ROLLING             

OLS 

WITH 

LAG 

FULL SAMPLE -0,0019 0,7004 0,2015   

-

2,090155 

-

0,027706 

COND.RECURSIVE             

COND.ROLLING             

GARCH 

SYMMETRIC -0,0041 0,9   0,1761 

-

1,921381 

-

0,021561 

THRESHOLD -0,0693 0,5262   5,4264 

-

1,688988 

-

0,036878 

EXPONENTIAL -0,075053 0,51306   5,7488 

-

1,510677 

-

0,037822 

GARCH 

WITH 

LAG 

SYMMETRIC -0,0012 0,6701 0,2862   

-

6,282601 

-

0,028958 

THRESHOLD -0,0012 0,6702 0,2863   

-

6,279311 

-

0,028954 

EXPONENTIAL -0,0012 0,6719 0,2855   

-

6,370003 

-

0,028881 

LONG-

RUN 

GARCH 

SYMMETRIC         

-

1,680522   

THRESHOLD         

-

12,95482   

EXPONENTIAL             

LONG-

RUN 

GARCH 

WITH 

LAG 

SYMMETRIC         

-

1,680522   

THRESHOLD         

-

1,950616   

EXPONENTIAL             

Table 5c-16 

 

The alpha coefficient, negative value declares that the, there is constant damage by holding this 

stock. The beta coefficient implies that this stock is considered in average as defensive. The Sharpe 

ratio is over unity (in absolute value), implying that excess returns are bigger than risk especially in the 

GARCH models with lag in mean equation. 

The Treynor ratio implies that this stock provides excess profits/damage less than the market since 

the beta coefficient is less than unity. 

 

6. Conclusions 

 

From this essay several findings can be extracted. First of all, the Capital Asset pricing model seems 

to provide more efficient results, with Heteroscedasticity correction by using GARCH-type models. 

Among the tested GARCH-type models, the EGARCH modeling provides better results. The 

significance of the alpha coefficient implies market inefficiency. Two alternative additional factors to 
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the CAPM, the GARCH-in-mean coefficient and the lag of the excess returns, provide a factor that 

improves the explanatory power of the model. Both factors cannot enter at the same time in the model, 

because in that case the in-mean coefficient appears as insignificant. The factor that outperforms, when 

it enters alone in the model, though is the in-mean coefficient, which increases the explanatory power 

of the model. The fact that the in-mean value is comparatively too high to the beta coefficient is 

remarkable. The coefficient of lag of the excess returns is observed with similar values to the beta 

coefficient, but its values are smaller than the beta coefficient.  

In this point a discussion of the possible economic meaning of these factors entering in the CAPM 

model is necessary. The in-mean coefficient δ implies the marginal effect of the excess risk, taken by 

the investor on the expected excess returns. In other words, there is a tradeoff between the excess risk 

and excess returns. The CAPM model, apart from a relative measure of risk, by having an absolute 

measure of risk improves its explanatory power in the trade-off between risk and returns. An investor, 

can observe, at the same time the performance of an investment, compared to the market systematic 

risk and the excess risk being exposed to at the same time. According to the results, the use of the in-

mean coefficient in the CAPM, model, and decreases the OLS beta coefficient estimates. This fact 

implies that the beta coefficient may include part of the asset risk, and it is over estimated. 

The coefficient of lag of the excess returns beta-2 shows how excess returns of previous period affect 

the excess returns of the next period. The coefficient displays similar properties to the beta coefficient. 

This time though, it compares the excess returns of two time periods. It compares the excess returns of 

today compared to yesterday. It can be considered as a form of interest rate which connects two 

different time periods. The beta-2 coefficient can be considered as interest-beta a coefficient 

connecting excess returns of two different time periods. Moreover, it can explain the behavior of 

investors which are based on the previous movements of the prices. When excess returns of the 

previous period rise, they expect further rise and vice versa. That is an explanation of the over-reaction 

of investors in periods of bubbles and crashes. 

In the conditional variance equation of the GARCH models, the asymmetry coefficient γ is 

significant. This implies that investors are risk averse and react more in negative news than in positive 

news. 

The comparisons of the OLS estimates provide different results about the alpha and beta coefficients. 

The rolling estimates imply the variability of the coefficients (α,β),compared to the full sample 

estimation and the recursive estimates. In addition the mean of the rolling estimates is quite different 

from the full sample and recursive estimates. The rolling estimates appear similar results to the 

EGARCH estimations (the parameters in the conditional mean equation). 

Finally, all this analysis implies that CAPM model is a linear approximation of risk, which is not 

sufficient to measure efficiently risk due to its non-linear nature. The linearization of risk, cannot 

detect all the fluctuations of the returns, resulting to invalid estimation of the parameters of the model 

especially in periods of high volatility.  
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Appendix A 

 

Charts histograms Descriptive Statistics and Unit Root Tests of stock prices, Returns and Excess 

Returns 

The prices and returns of the Astrazeneca stock (AZN), Bristol Myers Squibb stock (BMY), Johnson 

Johnson stock (JNJ) and the Standard and Poor’s index (SNP) are displayed in Tables A1-A7. For 

reasons of simplicity and brevity, the analysis will be restricted into mentioning the main 

characteristics of the variables. 

 
 Table A1 

 
Table A2 
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Table A3 

 

 
Table A4 

The characteristic of the financial time series are observable. The returns are leptokurtic (peak in the 

mean and fat tails), there is volatility clustering (periods of high levels of variance and periods of low 

levels of variance).The distributions are asymmetric with more observations at the left side (higher and 
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more frequent values of negative returns).This fact can be confirmed by the News Impact Curved 

displayed in section 5. 

The asymmetry of distributions implies that there is imperfect information in the market. In addition 

leptokurtosis imply that speculation exists (excess returns), otherwise returns would be following the 

normal distribution and excess returns wouldn’t exist. 

By observing the graphs, there is conclusion for common behavior of the prices in certain periods. The 

prices variables show that there is a minimum in the second quarter of 2002, a universal maximum 

between the second quarters of 2006 and 2007, a universal minimum in the second quarter of 2008. 

Similar results occur for the returns variables. Common is the extremely high volatility period for all 

returns, referring to the financial crash of 2008.The returns of Astrazeneca (R1), Bristol-Myers Squibb 

(R2), are more volatile compared to Johnson and Johnson (R3) and the total market index standard and 

poor’s (RM). 

The descriptive statistics and unit root tests for intercept (Augmented Dickey Fuller, Phillips-Perron, 

Kwiatkowski-Phillips-Schmidt-Shin) are presented in Tables A8-11. 

 

 

 prices AZN BMY JNJ SNP500 RF 

Mean 380.78 198.5 53.68 1171.3 0.019 

Median 371.3 188.9 55.03 1177.1 0.012 

Maximum 535 269.3 66.34 1565.1 0.05 

Minimum 220.9 140 40 676.5 0 

St.Deviation 65.93 29.7 6.38 187.9 0.017 

Skewness 0.02 0.68 -0,44 -0.08 0.5 

Kurtosis 2.28 2.38 2.17 2.38 1.8 

Jarque-Bera 46.87 206.2 137.2 37.7 241.5 

Prob 0 0 0 0 0 

Table A5 

 

Stock Prices AZN BMY JNJ SNP TBILL 

Dickey Fuller stat -2,51 -2 -1,88 -1,88 -0,32 

Prob(ADF) 0.11 0.28 0.33 0.34 0.91 

KPSS Stat 0.35 0.43 0.36 0.13 6.74 

Phillips-Perron  stat -2,51 -1,99 -1,98 -2,11 -0.41 

Prob(PPT) 0.11 0.29 0,29 0.23  0.9039 

Table A6 
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Returns R1 R2 R3 RM RF 

Mean 0.0003 0.0001 0.0001 0.0002 0.019 

Median 0.0002 0 0 0.0007 0.012 

Maximum 0.1173 0.1003 0.1153 0.1095 0.05 

Minimum -0,1302 -0,078 -0,0797 -0,0946 0 

St.Deviation 0.016905 0.015641 0.010839 0.013001 0.017 

Skewness -0,08 -0,055 0.497 -0,2016 0.5 

Kurtosis 9,09 7,31 14.4 14.30 1.8 

Jarque-Bera 3437,8 1718,09 12101.68 11818.79 241.5 

Prob 0 0 0 0 0 

Table A7 

 

 

 Returns R1 R2 R3 RM 

Dickey Fuller stat -46,98 -47,83 -38,78 -38,51 

Prob(ADF)  0.0001 0.0001 0 0 

KPSS Stat  0.066 0.03 0.03 0.20 

Phillips-Perron  stat -46,98 -47,83 -50,91 -52,35 

Prob(PPT) 0.0001 0.0001  0.0001  0.0001 

Table A8 

 

The tables reveal that prices are non-stationary. The 13-week Treasury bill is appeared as non-

stationary, but since it is mean reverting the analysis will assume it has stationary features. The 

descriptive statistics of the returns confirm the conclusions from the graphs. The average of returns is 

quite small (third decimal digit) while the (unconditional) standard deviation is in high levels in 

comparison to the returns for all assets. All assets exhibit high levels of kurtosis, and extremely high 

values of Jarque-Berra statistic. The ADF and PP tests confirm that returns are stationary. The KPSS 

leads to ambiguous conclusions about stationarity in comparison to the results of ADF and PP tests, 

implying existence of type-b error. 

The excess returns graphs, histograms, descriptive statistics and unit root tests are displayed in Tables 

A9-A12 

 
Table A9 
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Table A10 

 

 
Table A11 

 

Excess Returns ER1 ER2 ER3 ERM 

Mean -0,01922 -0,01935 -0,0194 -0,01926 

Median -0,01809 -0,01782 -0,01643 -0,01718 

Maximum 0,10131 0,0887 0.1124 0,1066 

Minimum -0,13102 -0,1278 -0,0855 -0,1017 

St.Deviation 0,02438 0.023323 0,02045 0,021744 

Skewness 0,02457 0.004 0,0052 0,1411 

Kurtosis 3,9381 3.375 3.23 3,64 

Jarque-Bera 81.52 13.03 5,26 46,32 

Prob 0 0.001 0,07 0 

Table A12 
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Excess Returns ER1 ER2 ER3 ERM 

Dickey Fuller stat -3,06 -2,52 -0,99 -1,54 

Prob(ADF) 0.02 0.11 0.75 0.5 

KPSS Stat 4.35 4.21 2.78 3.58 

Phillips-Perron  stat -26,3 -24,99 -17,97 -22,43 

Prob(PPT) 0 0 0 0 

Table A13 

 

The tables show that excess returns series are stationary and are closer to the normal distribution than 

the returns series. The averages are negative and larger in absolute value than the returns (second 

decimal digit).The unconditional standard deviation is larger in absolute value but it is smaller 

compared to the absolute values of returns. The unit root tests for excess returns provide ambiguous 

results about the stationarity of the variables. 
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Appendix B 
a. Diagnostic tests for Astrazeneca stock  

The diagnostic tests of the estimated models are displayed in Table B1 

 

DIAGNOSTIC TESTS AZN 

test pvalue info 

Breach-Godfrey(OLS) 0,46   

White(OLS) 0,03   

ARCH(OLS) 0   

RESET(OLS) 0 

1st fitted 

squared term 

Quand-Andrews Breakpoint 

(OLS) 0 

18/6/2008, 

7/1/2008 

Chow1(OLS) 0 7/1/2008 

Chow1(OLS) 0 18/6/2008, 

ARCH(GARCH) 0,99   

ARCH(TGARCH) 0,99   

ARCH(EGARCH) 0,98   

Table B1 

For the OLS model we conclude that there are ARCH and White forms of Heteroscedasticity. The 

Ramsey’s RESET shows non-linearity in the squared fitted term. The Quandt-Andrews breakpoint 

test reveals 2 structural breaks. 2 independent chow tests confirm the same fact. The GARCH models 

don’t display ARCH effects. The Jarque-Berra statistic implies that the residual don’t follow the 

normal distribution for all models. 

The unit root tests in Table B2 imply that the conditional variance is stationary.  

Unit Root Tests(ADF,KPSS,PPT) 

Variance GARCH TGARCH EGARCH 

Dickey Fuller stat -10,68 -10,42 -10,9 

Prob(ADF) 0 0 0 

KPSS Stat 0,37 0,38 0,42 

Phillips-Perron  stat -10,51 -10,14 -12,15 

Prob(PPT) 0 0 0 

Table B2 

 

In all the models, Wald-type tests in Table B3 check whether the beta coefficient converges to 

unity. In the GARCH models, the stationarity of the conditional variance 

Wald tests(P-values)1 

test Wald1(b=1) 

Wald2( variance non 

stationary) 

STATIC 

OLS 0 _ 

GARCH 0 0 

TGARCH 0 0 

EGARCH _ _ 

Table B3 
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Due to brevity, the conditional variance graph of the best performing model is presented in Table B4. 

 

 
Table B4 

From this graph and the other graphs we conclude that conditional variance is stationary. The levels of 

the conditional variance are relatively low. 

 

b. Diagnostic tests for Bristol Myers Squibb stock 

The diagnostic tests of the estimated models are displayed in Table B5 

 

DIAGNOSTIC TESTS 22 

test pvalue info 

Breach-Godfrey(OLS) 0   

White(OLS) 0   

ARCH(OLS) 0   

RESET(OLS) 0 

fitted terms  

in even 

power are 

significant 

Quand-Andrews 

Breakpoint (OLS) 0 3/9/2008 

Chow(OLS) 0 3/9/2008 

ARCH(GARCH) 0,89   

ARCH(TGARCH) 0,88   

ARCH(EGARCH) 0,94   

Table B5 

For the OLS model we conclude that there are ARCH and White forms of Heteroscedasticity. In 

addition the Breach Godfrey Test implies autocorrelation. The Ramsey’s RESET shows non-linearity 

in the even fitted terms. The Quandt-Andrews breakpoint test reveals 1 structural break. An 

independent chow test confirms the same fact. The GARCH models don’t display ARCH effects. The 

Jarque-Berra statistic implies that the residual don’t follow the normal distribution for all models. 
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In all the models, Wald-type tests in Table B6 check whether the beta coefficient converges to unity. 

In the GARCH models, the stationarity of the conditional variance is tested with a Wald test.. The 

Wald test for TGARCH implies non-stationarity. 

Wald tests(P-values)2 

test Wald1(b=1) 

Wald2 ( 

variance non 

stationary) 

OLS 0 _ 

GARCH 0 0,03 

TGARCH 0 0,39 

EGARCH 0 _ 

Table B6 

 

 The unit root tests in Table B7 imply that the conditional variance is stationary  

Unit Root Tests(ADF,KPSS,PPT)22 

Variance GARCH TGARCH EGARCH 

Dickey Fuller stat -3,35 -3,39 -3,27 

Prob(ADF) 0,01 0,01 0,01 

KPSS Stat 0,44 0,44 0,46 

Phillips-Perron  stat -3,19 -3,18 -3,25 

Prob(PPT) 0,02 0,02 0,01 

Table B7 

The conditional variance graph of the best performing model is presented in Table B8. 

 

 
Table B8 

From this graph and the other graphs we conclude that conditional variance is stationary. The levels of 

the conditional variance are relatively low. 
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c. Diagnostic tests for Johnson and Johnson stock 

The diagnostic tests of the estimated models are displayed in Table B9 

DIAGNOSTIC TESTS  

test pvalue info 

Breach-

Godfrey(OLS) 0   

White(OLS) 0   

ARCH(OLS) 0   

RESET(OLS) 0 all fitted terms 

Quand-Andrews 

Breakpoint (OLS) 0 29/2/2008 

Chow(OLS) 0 29/2/2008 

ARCH(GARCH) 0,39   

ARCH(TGARCH) 0   

ARCH(EGARCH) 0   

Table B9 

For the OLS model we conclude that there are ARCH and White forms of Heteroscedasticity. In 

addition the Breach Godfrey Test implies autocorrelation. The Ramsey’s RESET shows non-linearity 

in  fitted terms up to 5
th

 power. The Quandt-Andrews breakpoint test reveals 1 structural break. An 

independent chow test confirms the same fact. The GARCH models  display ARCH effects (apart 

from GARCH). The Jarque-Berra statistic implies that the residual don’t follow the normal 

distribution for all models. 

In all the models, Wald-type tests in Table B10 check whether the beta coefficient converges to 

unity. In the GARCH models, the stationarity of the conditional variance is tested with a Wald test.. 

The Wald test for GARCH implies non-stationarity. 

Wald tests(P-values) 

test Wald1(b=1) 
Wald2 ( variance 

non stationary) 

OLS 0   

GARCH 0 0,2 

TGARCH 0 0,09 

EGARCH 0   

Table B10 

The unit root tests in Table B11 imply that the conditional variance is stationary  
Unit Root 

Tests(ADF,KPSS,PPT)       

Variance GARCH TGARCH EGARCH 

Dickey Fuller stat -6,41 -6,5 -5,85 

Prob(ADF) 0 0  0 

KPSS Stat 0,33 0,34 0,37 

Phillips-Perron  stat -6,28 -6,36 -5,82 

Prob(PPT) 0 0 0 

Table B11 
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The conditional variance graph of the best performing model is presented in Table B12. 

 

 
Table B12 

From this graph and the other graphs we conclude that conditional variance is stationary. The levels of 

the conditional variance are relatively low. 
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Appendix C 
The NYSE Pharmaceutical Index (^RXS) components 
 

Components for Pharmaceutical Index (^RXS) 

Symbol Name 

ABT Abbott Laboratories Common Stoc 

AMGN Amgen Inc. 

AZN Astrazeneca PLC Common Stock 

BMY Bristol-Myers Squibb Company Co 

GSK GlaxoSmithKline PLC Common Stoc 

JNJ Johnson & Johnson Common Stock 

LLY Eli Lilly and Company Common St 

MRK Merck & Company, Inc. Common St 

NVS Novartis AG Common Stock 

PFE Pfizer, Inc. Common Stock 

SNY Sanofi-Aventis SA American Depot 

 


