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The influence of systematic risk factors and econometric adjustments in event studies

Abstract

Event study methodology is a well-accepted technique in finance. Although its application is popular, there have not been many critical assessments of this practice. For instance, in the estimation process, the researcher has to make a choice in terms of which asset pricing model to adopt when calculating expected returns. Different expected return models and financial econometrics adjustments may give rise to different results. This study explores five commonly employed approaches. Using terrorist attacks as events, we calculate abnormal returns with different expected return techniques and then assess if there is a change in the result. Our evidence shows that the results vary according to the choice of the technique in estimating an expected return.
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I. Introduction

Event studies in finance can be traced back to the 1930s when there was a first study by Dolley 1933()
 on price effects. Other attempts were made in the late 1960s by Ball and Brown 1968()
 and Fama, Fisher, Jensen and Roll 1969()
 to capture the effects of certain events. Around a quarter of a century later, a technique was developed by Brown and Warner 1985()
 and at present this model is extensively adapted and modified by financial researchers when it comes to studying the consequences of a particular occurrence. Nevertheless, Mills, Coutts and Roberts 1996()
 argue that one must be careful when it comes to selecting an appropriate model for an event study, and until now certain difficult choices have had to be made when carrying out such studies. The consequences of choosing a particular technique and forgoing others are not properly documented in the existing literature, and this study intends to make a contribution in that area. In our paper, we start with the Brown and Warner 1985()
 and then consider other asset pricing models to empirically test whether there are discrepancies among the various techniques.

Unlike most empirical studies using event study methodology, we do not implicitly assume that alternative asset pricing models will generate the same results. Instead, we argue that two outcomes are possible. The first one is that the results of an event study are the same regardless of the different approaches used, and this is consistent with the underlying assumptions of most existing examinations. We believe that researchers must conduct these alternative tests as robustness tests to confirm their findings. The second scenario, although rare, occurs when the results of an event study changes with alternative tests. Such an outcome demonstrates that the quality of the result can be highly subjective and therefore one must be cautious when drawing conclusions.

Cam 2008()
, Ramiah et al. 2010()
 and many others have demonstrated that the equity market is sensitive to terrorist attacks. As such, these unfortunate incidents provide an ideal testing ground for our arguments. Cam 2008()
 and Ramiah et al. 2010()
 show that the September 11 terrorist attacks had a major impact on the American and Australian equity markets respectively and that subsequent attacks had minimal effects. We observe that most event studies do not report their alternative tests as robustness tests and consequently a question remains as to whether or not different methodologies yield different outcomes. We illustrate this by analysing abnormal returns estimated from the initial impact of the September 11, Bali, Madrid and London bombings on different industries in the United States. The objective of this paper is to demonstrate that the results from these different events are susceptible to changes and may depend on the method used by the researcher.
Our contributions are as follows. First, we document how abnormal returns vary according to various expected return estimation techniques. Abnormal return is estimated using three different approaches: namely Brown and Warner 1985()
, the CAPM, and the Fama and French three-factor model. Secondly, we show that when the size of abnormal returns are comparable, the statistical significance of the returns is variable, because this is dependent on econometric adjustments made, such as CAPM and the Fama and French three-factor model. Using these five different models we illustrate how using a different technique generates a different outcome. Third, we identify various classes of abnormal returns to test if the same results are observed. Another modest contribution of this work is that it provides additional evidence of the impact of London bombings on the American equity market. 

Our conclusions challenge the implicit assumption that different event study techniques generate the same outcomes. We start with the Brown and Warner 1985()
 model, where we argue that there is no consideration of risk in the determination of expected return, and then we control for systematic risk from the market using the CAPM. We show that the abnormal from these two models differs after controlling for this first risk factor. Given that the American equity market is prone to two additional risk factors, namely size and value/growth systematic risk, we control for them as well, using the Fama and French three-factor model. The introduction of these two factors has a significant impact on the abnormal returns, and thus the abnormal returns from these three models are different. Another interesting finding is that this effect varies with the different classes of abnormal return. In other words, the effects observed for negative abnormal returns can be different from the positive abnormal return ones. When econometrics adjustments are made to the CAPM and Fama and French three-factor model, we observe a weak change in the abnormal return and thus the economic benefit of financial econometrics becomes questionable. 

To the best of our knowledge, there is no current empirical study that looks at the impact of these five different techniques on event studies like terrorist attacks. Hence the first objective of this paper is to bridge this gap in the literature. Furthermore, researchers using event study methodologies can use this as a guide when they are conducting their experiments. Analysts interpreting outputs from event studies must be aware of the impact of systematic risk factors on the abnormal return observed. In Section II, we present the data and methods used in this paper. Section III presents the empirical findings, and Section IV provides some concluding remarks.
II. Data and Methods

Data

The equity returns of ten industry indices, seven super sector indices, 22 sector indices and 56 sub-sector indices, as well as those of individual firms, were collected from DataStream. The daily closing value of the indices and firms were gathered from September 2000 until August 2005. Table 1 shows the descriptive statistics of these series and shows that the daily returns for each portfolio were considerably low. The terrorist attacks evaluated are: the September 11, 2001 attack; the October 12, 2002 Bali bombing; the March 11, 2004 Madrid bombing; and the July 7, 2005 London bombings. These were expected to generate larger daily abnormal returns. Tests are run on daily returns, with a window starting one year before the event tested and closing one month after the event. The multiple methods involve the use of two different data sets. The non-regression based method uses returns from equally weighted portfolios made up of firms consisting of the DataStream industry, as well as sector and sub-sector indices. The regression based method uses industry, sector and sub-sector indices returns provided by DataStream. In the study, both the equally weighted portfolios and the indices are referred to as portfolios. 

Methodology
We begin by using the Brown and Warner 1985()
 mean adjusted model to calculate the abnormal returns. We chose this model as a starting point because it is the simplest model with no adjustment for risk, and is still widely used. Although Brown and Warner 1980()
 propose a market adjusted model, they argue that the mean adjusted model does not differ from the market adjusted model. The daily returns at time t, (DRit) for all individual stocks (i) in our sample are estimated using the following formula 
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where SRIit is the stock return index for stock i at time t. The ex-post abnormal return [image: image3.png](AREW
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 for each firm following the Brown and Warner (1985) is calculated as the difference between the daily return and the expected return, E(Rit) and is represented by the equation 2 below
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where the expected return, E(Rit), is the average returns over a pre-event period (1). The mean is estimated over a 239-day estimation period starting 244 days prior to the event day t and closing 6 days before the event and is represented by equation 3
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Next the cumulative abnormal return for each firm over five days is estimated using equation 4 below 
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The abnormal return for industry I, [image: image8.png]ARE'



, is then obtained by averaging the abnormal return of each firm within the industry. 
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Similarly, the five-day cumulative abnormal return for each industry is calculated. The standardised excess return t–test Brown & Warner 1985()
 is used to measure level of statistical significance of the abnormal returns and cumulative abnormal return on the event day. The Corrado and Zivney 1992()
 non-parametric rank tests is also used as a robustness test. The proponents of this non-parametric test argue that the rank t-test performs better than the standardised tests when the distribution is not normally distributed 
 ADDIN EN.CITE 

(Campbell, CJ & Wasley 1993; Campbell, JY, Lo & MacKinlay 1997; Hamill, Opong & McGregor 2002; MacKinlay 1997)
. 

The other approaches employed in this study are regression based ones. In the regression based method, an event dummy introduced into a particular asset pricing model captures the abnormal return. The dummy variable takes a value of one on the day of a terrorist event, or the first trading day following the event, and zero on any other day. For instance, for the September 11 attack, the dummy takes a value of one on September 17, the day that the New York stock exchange reopened after the attack. For the estimation of the cumulative abnormal returns, the dummy assesses abnormal returns over a week; and in this case the five consecutive days following the event take a value of one. Individual regressions are run for each terrorist event tested. Each regression estimates abnormal returns using a time series starting one year before the event and finishing one month after. In the last analysis, a dummy containing all terrorist events is created and a regression is run over the entire time series window, starting one year before the September 11 attack and finishing one month after the London bombing.

The CAPM model postulates that security return is a function of the market and a risk-free financial asset return. If the CAPM is adjusted to control for a particular terrorist attack, the following regression framework is developed:
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DRit is defined as in equation 1 and is replaced by industrial portfolios when the effects are captured for a particular industry. Rft is the risk free return from the one-month US Treasury bills rate. [image: image13.png]capm
e



 is the intercept from the CAPM and Rmt is the value-weighted return on all NYSE, AMEX, and NASDAQ stocks obtained from CRSP. [image: image15.png]


 represents systematic risk of firm i at time t obtained from the CAPM and D
 is an additive dummy variable taking a value of one the first day of trading following a terrorist attack. [image: image17.png]


 captures the short-term impact of a particular terrorist attack on stock i when it happens at t. The abnormal return immediately after a terrorist attack from the CAPM is given by
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The CAPM controls for one risk factor – if we want to add two additional risk factors, we will have to use the Fama and French three-factor model. In a similar manner to the CAPM, the Fama and French three-factor model 1996()
 can be fitted with the same dummy variable to capture the short-term effect of a terrorist event giving rise to the following equation 8
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SMB represents size risk factor and it stands for ‘small minus big’. It is estimated by subtracting the average return of the 30% largest stocks from the average return of the 30% smallest stocks. The HML factor accounts for value stocks and stands for ‘high minus low’. HML is the difference between the average return of the 50% of the listed firms with the highest book-to-market ratio and the average return of the 50% of listed firms with the lowest book-to-market ratio. The remaining variables from equation 8 are defined as above. captures the short-term impact of a particular terrorist attack on stock i when it happens at t. The abnormal return on the first day of trading after a terrorist attack from the Fama and French is given by
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Cable and Holland 2000()
 and Mills, Coutts and Roberts 1996()
 argue that event studies are susceptible to autoregressive conditional heteroscedasticity (ARCH) effects, and to correct for these disturbances a generalised autoregressive conditional heteroscedasticity (GARCH) model is required. A GARCH (p,q) model minimises the autocorrelation problem, controls for heteroscedasticity and enhances model fit
. A GARCH (1,1) model is most effective in financial time series ‘structure’ in volatility. As a result, equations 6 and 8 are re-estimated to control for ARCH effects.

For our first assumption to hold, i.e. applying different techniques to event studies generates similar results, the following conditions must be met
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Equation 10 shows that the results of a particular event study – in this case, terrorist attack – is robust. When equation 10 does not hold, then it cast doubts on the results produced. The worst-case scenario is when the abnormal returns from the different models are of different signs and magnitude. In this study, we will not conclude as to which of the asset pricing models
 best fits for event studies but will rather highlight the fact that different asset pricing models may give different results. 

III. Empirical Findings

This section reports the results of five different estimation techniques on the short-term impact of four terrorist attacks on the American equity market. Using Brown and Warner’s 1985()
 methodology, a modified CAPM and a modified Fama and French three-factor model, we test whether the abnormal returns and five-day cumulative abnormal returns of 95 industrial portfolios are affected by these four events. Further, we carry out additional tests to analyse whether these outcomes are different as a result of alternative methodologies used. We confirm that there is a strong variation in the returns as a result of using different techniques. The Brown and Warner 1985()
 model generates the highest change in abnormal returns; CAPM came second, as it controls for market risk. Fama and French 1993()
 controls for two additional factors and generates the least abnormal return. There is asymmetry in the results, as the outcomes described originate primarily in instances with negative abnormal return and less so for positive abnormal returns. Financial econometrics does not have a major influence on the mean equations, i.e. the abnormal return, but affects the standard errors and thus the statistical significance.

Table 3 summarises the empirical results for the September 11 attack, Bali bombing, Madrid bombing and London bombing for the different methods: namely, the Brown and Warner (B&W thereafter) model, the CAPM, the Fama and French (FF thereafter), the CAPM GARCH, and the FF GARCH models. We report the following: the mean and median abnormal return on the first day of trading immediately after the attack, the percentage of firms where we observe statistical significance, and the percentage of the industrial portfolios that experienced a downturn for the 95 portfolios.

Columns 2 and 3 of Table 2 report the mean abnormal returns and the median abnormal returns for the various sectors on the first day of trading. Table 2 shows that the American equity returns fell by 6.2% after the September 11 attacks when the B&W approach was used. All the other methodologies exhibited a negative abnormal return, but the magnitude of the drop is different. In other words, CAPM, FF, CAPM GARCH and FF GARCH recorded a drop of 2.44, 0.29, 2.38 and 0.33 respectively. The methodology that exhibited the largest drop was obviously the B&W, and the remaining methods produced different answers on the magnitude, whereby
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This empirical evidence does not support the implicit assumption that alternative asset pricing models generate the same results. This is a direct violation of equation 10 – in other words, we find support for the second hypothesis whereby different methods used can generate different results. We used other analytics to reinforce this view. B&W also recorded the highest percentage of statistically significant abnormal returns. Column 4 of Table 2 shows that 92.63% of the portfolios were significantly affected by September 11 attacks when the B&W approach was utilized. Other approaches show a lower proportion was affected. For instance, only 7.37% of the portfolios were reported to be affected when the CAPM GARCH model was used. Such a difference is quite large and we consider this as evidence that different techniques produce different answers. Consistent findings are observed for the remaining terrorist attacks. 

Equation 9 ranks the models in terms of which one creates more negative abnormal returns. The B&W model comes first and is followed by the CAPM and then the FF. The implication of this finding is that negative abnormal returns are influenced by systematic risks. B&W uses a simple average technique to estimate the expected return and does not control for any risk factor. If we depart from this model and control for market risk (CAPM), then the magnitude of the abnormal return drops from 6.2% to 2.38%. FF controls for three risk factors: namely market, size and value/growth risk factors. When it is used, the magnitude of the abnormal return drops to the lowest level of 0.29%. 

Next we study the impact of financial econometrics on the regression models. The econometrics adjustments are more likely to affect the standard errors, rather than the mean, and our findings confirm this. The magnitude of the abnormal return obtained from the CAPM (FF) marginally changes from 2.44% (0.29) to 2.38% (0.33) after the econometrics adjustments. This change in magnitude is relatively low and raises doubt on the economic significance
 of certain econometrics analyses. However, there is a significant change in the percentage of significant industrial portfolios. The percentage from the unadjusted CAPM (FF) model drops from 56.84% (38.95%) to 7.37% (12.63%) after correcting for autocorrelation and ARCH effects.

Table 3 reports the findings for the cumulative abnormal returns (CAR). We use the evidence from CAR to reinforce our view on the effects of using alternative techniques in estimating abnormal returns. The conclusions that can be draw from table 3 are similar to the ones observed in table 2. As expected, the order of the models in terms of producing negative abnormal returns over a five-day period is: first B&W, then CAPM, followed by FF. This time, however, the difference is much larger, whereby the B&W shows a magnitude of 14.94% and CAR and FF show a magnitude of only 0.05. The econometric adjustments still have a stronger effect on the standard errors and also influence the percentage of statistically significant portfolios.

So far we have been analysing the abnormal returns in aggregate, i.e. all the 95 industrial portfolios, and then working on the average abnormal return. It is important to disaggregate the data and assess if the same results hold. We categorised the portfolios into a range of abnormal returns. A frequency distribution of the abnormal return in percentage is summarised in table 4. Panel A of table 4 shows the distribution of abnormal returns following the September 11 attack. If we consider the B&W model, we find that only one portfolio generated an abnormal return of higher than 8% in our analysis. Consistent with the prior discussion, we observe 29 portfolios with abnormal returns worse than -8%. We can see from this output that the September 11 attacks had more negative impacts than positive, as there were more frequencies in the negative abnormal return classes than the positive ones. This allows us to test whether the five models generate the same results within these subclasses. For larger negative abnormal return classes, that is AR ≤ -8%, -8% < AR ≤ -6%, -6% < AR ≤ -4%, we find that the B&W model is still generating a higher negative abnormal return than the CAPM and F&F. Interestingly, for the class -4% < AR ≤ -2%, there is no difference as to which model one can use, as each of the three approaches show that 19 portfolios are affected. Surprisingly for positive abnormal return classes, FF appears to show more statistically significant portfolios.

When considering the class AR > 8% and class AR < -8%, we are actually studying the two extreme portfolios that were created by the terrorist events. It is worth exploring what these constituents are and also assessing how they performed, not on a statistical point of view but on a practical point of view. Table 5 shows the top five portfolios within the extreme negative and positive abnormal return classes. As expected, all the five models ranked the Travel and Tourism portfolio as the most adversely affected. However, there are major discrepancies in terms of abnormal returns. For instance, the B&W states that the Travel and Tourism industry was down by 52.80% on the first day of trading where the F&F model recorded a drop of 18.57%. Such a magnitude of difference is quite large. It is also consistent across the other four extreme loser portfolios (see Hotels, Aerospace, Apparel Retailers and Automobiles). The magnitude of difference in the extreme winner portfolios is not as large as the one detected in the loser portfolios. For instance, the Defence portfolio has a positive gain of 19.53% from the B&W model and 15.91% from the CAPM model. These observations lead us to believe that different methodologies give different abnormal returns and that the difference is more pronounced when the abnormal returns are negative.
IV. Conclusion

This study presented a classic empirical approach measuring the impact of an event on equity security prices when using various estimation techniques. It has compared abnormal returns estimated using a traditional approach from Brown and Warner (1985) and moved to a relatively new regression-based approach. Results from this study show that depending on the estimation techniques used to perform analyses, event studies can produce a wide range of results. An analysis controlling for systematic risk factors usually detects fewer and smaller abnormal returns than an evaluation based on Brown and Warner (1985). In some instances, studies using the Brown and Warner (1985) approach can detect twice as many abnormal returns than studies using asset pricing models. Researchers need to be aware that abnormal returns are sensitive to the methodology used. The CAPM model controls for one risk factor and tends to generate less statistically significant portfolios than the Brown and Warner (1985). The Fama and French model controls for two additional risk factors and thus produces the least statistically significant portfolios when the abnormal return is negative. Results may differ for positive abnormal returns. Financial econometrics adjustments have minimal effects on the abnormal returns but do affect the level of statistical significance. The lessons from this study imply that researchers must control for various risk factors when conducting an event study.
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	Table 1 Data Descriptive Statistics of Daily Returns

	This table shows the descriptive statistics of daily returns of 95 equity portfolios – which can be subcategorised into industry, super sector, sector and sub-sector – from 11.09.2000 to 08.05.2005. The size indicates the number of firms per portfolio. The descriptive statistics include the mean, standard deviation, maximum, minimum, skewness, kurtosis and results from Jarque-Bera test. In this table, portfolios are presented following the FTSE industry classification. Portfolios in bold characters represent industry, portfolios in italics and bold characters represent super sector, portfolios in plain font represent sector, and those in italics represent sub-sector.

	FTSE Code
	Portfolio
	
	Descriptive Statistics

	
	
	# of Firms
	Mean
	Max
	Min
	Std. Dev
	Skew
	Kurt
	J-Bera

	500
	Oil
	67
	0.0004
	0.0739
	-0.0674
	0.0140
	-0.27
	5.00
	228.56

	500
	Oil and Product
	31
	0.0004
	0.0739
	-0.0692
	0.0141
	-0.26
	5.01
	229.67

	500
	Oil Equipment & Svs
	22
	0.0001
	0.0866
	-0.0987
	0.0211
	-0.10
	4.14
	71.88

	500
	Oil Exploration & Prod
	22
	0.0007
	0.0618
	-0.0653
	0.0159
	-0.28
	3.96
	65.77

	1000
	Basic Materials
	42
	0.0004
	0.0728
	-0.0965
	0.0146
	0.10
	6.07
	503.12

	1300
	Chemicals
	24
	0.0004
	0.0699
	-0.0951
	0.0147
	0.14
	6.04
	495.89

	1730
	Forestry
	2
	0.0004
	0.0877
	-0.1102
	0.0172
	0.08
	7.65
	1152.44

	1750
	Industrial Metals
	11
	0.0002
	0.1135
	-0.1174
	0.0212
	-0.02
	5.09
	232.58

	1753
	Aluminium
	1
	‑0.0001
	0.1223
	-0.1165
	0.0230
	0.02
	5.48
	328.44

	1757
	Steel
	7
	0.0007
	0.0881
	-0.1378
	0.0221
	-0.20
	5.06
	234.80

	1770
	Mining
	5
	0.0008
	0.1080
	-0.1205
	0.0221
	0.16
	5.22
	267.35

	2000
	Industrials
	143
	-0.0001
	0.0813
	-0.0934
	0.0147
	0.01
	7.13
	910.29

	2300
	Construction and Mat
	16
	0.0008
	0.0655
	-0.0892
	0.0173
	-0.19
	5.15
	253.04

	2350
	Heavy Con
	4
	0.0010
	0.1728
	-0.0878
	0.0204
	0.79
	10.28
	2959.61

	2710
	Aerospace/Defence
	10
	0.0003
	0.0604
	-0.0930
	0.0139
	-0.37
	6.23
	584.05

	2713
	Aerospace
	5
	0.0003
	0.0665
	-0.1661
	0.0156
	-1.12
	14.76
	7649.11

	2717
	Defence
	5
	0.0004
	0.1454
	-0.0779
	0.0145
	0.46
	13.52
	5946.12

	2723
	Containers and Packaging
	10
	0.0004
	0.0637
	-0.0872
	0.0152
	-0.06
	5.69
	387.46

	2727
	Diversified Industrial
	13
	-0.0002
	0.0977
	-0.0971
	0.0169
	-0.04
	7.41
	1038.91

	2737
	Electronic Equipment
	10
	-0.0008
	0.1557
	-0.1143
	0.0256
	0.48
	7.36
	1063.36

	2750
	Industrial Engineering
	22
	0.0005
	0.0674
	-0.0779
	0.0140
	0.25
	5.37
	312.45

	2757
	Industrial Machinery
	12
	0.0005
	0.0814
	-0.0857
	0.0150
	0.21
	5.88
	450.73

	2770
	Industrial Transport 
	15
	0.0003
	0.0548
	-0.1431
	0.0138
	-0.77
	12.52
	4958.16

	2771
	Delivery Svs
	2
	0.0004
	0.0928
	-0.0832
	0.0134
	0.04
	8.78
	1782.38

	2775
	Railroads
	4
	0.0007
	0.0633
	-0.0718
	0.0160
	-0.09
	5.06
	228.48

	2777
	Transports Svs
	1
	0.0006
	0.1200
	-0.1069
	0.0188
	0.02
	6.76
	755.33

	2790
	Support Svs
	31
	0.0000
	0.0636
	-0.0839
	0.0126
	0.03
	6.31
	583.82

	2791
	Business Support Svs
	11
	-0.0001
	0.0637
	-0.1118
	0.0141
	-0.09
	7.66
	1159.19

	2793
	Business Training/Emp Ag 
	3
	0.0008
	0.1567
	-0.1232
	0.0216
	-0.30
	8.55
	1660.16

	2795
	Financial Administration
	7
	0.0001
	0.0774
	-0.1204
	0.0154
	-0.14
	7.76
	1213.47

	2799
	Waste and Disposal Svs
	4
	0.0003
	0.0677
	-0.1143
	0.0159
	-0.31
	7.37
	1040.44


	Table 1 (cont.) Data Descriptive Statistics of Daily Returns

	FTSE Code
	Portfolio
	
	Descriptive Statistics

	
	
	# of Firms
	Mean
	Max
	Min
	Std. Dev
	Skew
	Kurt
	J-Bera

	3000
	Consumer Goods
	80
	0.0001
	0.0613
	-0.1208
	0.0138
	-0.21
	8.95
	1896.31

	3300
	Auto & Parts
	8
	-0.0002
	0.0692
	-0.1382
	0.0163
	-0.22
	8.39
	1559.48

	3353
	Automobiles
	3
	-0.0004
	0.0890
	-0.1394
	0.0186
	-0.08
	7.31
	990.02

	3355
	Auto Parts
	4
	0.0002
	0.0677
	-0.1384
	0.0152
	-0.38
	9.83
	2516.61

	3357
	Tires
	1
	-0.0001
	0.1489
	-0.1842
	0.0316
	-0.21
	6.58
	693.37

	3530
	Beverage
	11
	0.0001
	0.0587
	-0.0734
	0.0109
	-0.27
	7.44
	1064.93

	3533
	Brewers
	2
	0.0001
	0.0660
	-0.0860
	0.0140
	-0.39
	8.44
	1610.77

	3535
	Distillers and Vintners
	3
	0.0008
	0.0743
	-0.0601
	0.0119
	0.02
	6.40
	618.36

	3537
	Soft Drinks
	5
	0.0001
	0.0703
	-0.0747
	0.0121
	-0.29
	7.45
	1075.01

	3577
	Food Products
	17
	0.0004
	0.0377
	-0.0449
	0.0086
	-0.25
	5.88
	454.49

	3722
	Dur Household Product
	6
	0.0004
	0.0670
	-0.0971
	0.0144
	-0.05
	6.48
	646.45

	3740
	Leisure Goods
	9
	0.0005
	0.0610
	-0.0948
	0.0127
	0.02
	7.12
	904.11

	3743
	Consumer Electronic
	1
	0.0003
	0.2246
	-0.3087
	0.0322
	-0.36
	14.20
	6720.90

	3745
	Recreational Prd
	3
	-0.0001
	0.0781
	-0.2443
	0.0190
	-2.06
	27.81
	33729.53

	3747
	Toys
	4
	0.0005
	0.1100
	-0.0709
	0.0160
	0.37
	7.75
	1230.12

	3760
	Personal Goods
	12
	0.0004
	0.0630
	-0.0607
	0.0111
	-0.02
	6.58
	684.53

	3763
	Cloth & Access
	6
	0.0004
	0.0583
	-0.0954
	0.0145
	-0.10
	6.52
	661.58

	3767
	Personal Product
	5
	0.0003
	0.0599
	-0.0659
	0.0116
	-0.05
	6.29
	578.57

	3780
	Tobacco
	3
	0.0008
	0.0953
	-0.1436
	0.0180
	-0.79
	10.68
	3277.40

	4000
	Health Care
	68
	0.0002
	0.0526
	-0.0461
	0.0097
	-0.17
	5.59
	362.66

	4530
	Heath Care Eq & Svs
	44
	0.0004
	0.0614
	-0.0674
	0.0108
	-0.29
	6.05
	514.15

	4570
	Pharmacy & Bio
	29
	‑0.0001
	0.0598
	-0.0558
	0.0133
	-0.20
	4.83
	186.49

	5000
	Consumer Svs
	122
	0.0000
	0.0864
	-0.1022
	0.0138
	0.00
	8.04
	1352.44

	5300
	Retail
	66
	0.0002
	0.1018
	-0.0910
	0.0163
	0.18
	6.94
	835.05

	5330
	Food & Drug Retailers
	12
	0.0002
	0.1040
	-0.0996
	0.0133
	0.20
	13.05
	5399.84

	5371
	Apparel Retailers
	18
	0.0003
	0.1390
	-0.1258
	0.0209
	0.20
	7.76
	1214.42

	5375
	Home Impr Retailers
	2
	0.0001
	0.0756
	-0.0682
	0.0163
	0.22
	5.50
	343.76

	5377
	Specialized Consumer Sv
	9
	0.0008
	0.1062
	-0.1273
	0.0197
	0.10
	7.20
	942.22

	5379
	Speciality Retailers
	19
	0.0002
	0.1330
	-0.2259
	0.0202
	-0.90
	18.43
	12868.87

	5550
	Media
	26
	-0.0001
	0.0753
	-0.0806
	0.0149
	-0.08
	6.10
	514.96

	5557
	Publishing
	10
	0.0002
	0.0496
	-0.0653
	0.0107
	-0.11
	6.04
	496.01

	5750
	Travel & Leisure
	28
	0.0000
	0.1179
	-0.1527
	0.0174
	-0.57
	12.03
	4414.89

	5753
	Hotels
	4
	0.0005
	0.0996
	-0.2256
	0.0171
	-1.49
	28.92
	36319.90

	5757
	Restaurants & Bars
	8
	0.0004
	0.0500
	-0.0856
	0.0134
	-0.24
	5.46
	335.85

	5759
	Travel & Tourism
	1
	0.0004
	0.1132
	-0.2821
	0.0226
	-1.26
	24.65
	25333.37

	6000
	Telecommunication
	12
	-0.0004
	0.0784
	-0.1013
	0.0168
	0.00
	6.40
	617.36

	6530
	Fixed Line
	8
	-0.0005
	0.0792
	-0.1130
	0.0167
	-0.08
	6.86
	797.01

	7000
	Utilities
	49
	0.0000
	0.0731
	-0.0810
	0.0125
	-0.50
	8.65
	1757.34

	7530
	Electricity
	30
	0.0002
	0.0806
	-0.0855
	0.0127
	-0.47
	9.70
	2438.54

	7570
	Gs/Wt/Mul Utilities
	19
	-0.0004
	0.0665
	-0.0927
	0.0147
	-0.98
	7.95
	1513.85

	7573
	Gas Distribution
	11
	-0.0006
	0.0767
	-0.1060
	0.0161
	-1.06
	8.69
	1965.64

	7575
	Multi-utilities
	7
	0.0003
	0.0673
	-0.1035
	0.0119
	-0.83
	12.58
	5040.23

	7577
	Water
	1
	0.0010
	0.1747
	-0.0739
	0.0139
	1.56
	25.19
	26777.78


	Table 1. (cont.) Data Descriptive Statistics of Daily Returns

	FTSE Code
	Portfolio
	
	Descriptive Statistics

	
	
	# of Firms
	Mean
	Max
	Min
	Std. Dev
	Skew
	Kurt
	J-Bera

	8000
	Financials
	196
	0.0002
	0.0629
	-0.0515
	0.0125
	0.18
	6.00
	487.40

	8300
	Banks 
	55
	0.0002
	0.0669
	-0.0679
	0.0140
	0.08
	6.09
	510.13

	8530
	Nonlife Insurance
	44
	0.0001
	0.0708
	-0.0601
	0.0119
	0.13
	7.26
	972.60

	8532
	Full Lin Insurance
	3
	0.0000
	0.0792
	-0.0635
	0.0128
	0.14
	7.47
	1069.36

	8536
	Prop/Casualty Insurance
	31
	0.0004
	0.0613
	-0.0619
	0.0127
	0.15
	6.13
	525.84

	8537
	Software
	22
	-0.0005
	0.1519
	-0.0964
	0.0232
	0.35
	7.18
	956.85

	8538
	Reinsurance
	7
	0.0003
	0.0682
	-0.0494
	0.0105
	0.31
	7.82
	1259.01

	8570
	Life Insurance
	9
	0.0004
	0.0720
	-0.0605
	0.0133
	0.06
	5.86
	435.64

	8730
	Real Estate 
	50
	0.0006
	0.0466
	-0.0536
	0.0089
	-0.64
	6.32
	676.40

	8770
	General Financial
	38
	0.0001
	0.0717
	-0.0591
	0.0152
	0.26
	5.53
	355.86

	8773
	Consumer Finance
	5
	0.0000
	0.0920
	-0.1048
	0.0186
	-0.01
	6.78
	762.54

	8775
	Specialty Finance
	2
	0.0005
	0.0614
	-0.0612
	0.0131
	0.05
	5.77
	409.89

	8777
	Investment Svs
	12
	-0.0002
	0.1526
	-0.1167
	0.0221
	0.45
	7.36
	1055.69

	8779
	Mortgage Finance
	4
	0.0004
	0.0679
	-0.0625
	0.0136
	0.08
	5.35
	297.15

	8980
	Equity Investment Inst
	10
	-0.0003
	0.0871
	-0.1033
	0.0169
	0.03
	7.35
	1009.87

	9000
	Technology 
	85
	-0.0007
	0.1570
	-0.0840
	0.0231
	0.51
	6.80
	824.42

	9530
	Software & Comp Svs
	29
	-0.0005
	0.1348
	-0.0896
	0.0208
	0.36
	6.86
	820.68

	9533
	Computer Services
	6
	-0.0001
	0.0869
	-0.1163
	0.0155
	-0.06
	9.00
	1921.25

	9535
	Internet
	1
	-0.0005
	0.1556
	-0.1398
	0.0292
	0.05
	5.29
	279.79

	9570
	Technology Hardw & Eq
	57
	-0.0008
	0.1686
	-0.0981
	0.0259
	0.44
	6.27
	609.81

	9576
	Semiconductors
	27
	-0.0008
	0.1443
	-0.1355
	0.0308
	0.33
	5.14
	267.33


	Table 2 Summary of Abnormal Returns of the 95 American Equity Portfolios

	This table presents average and median of 1-day abnormal returns of industry, sector and sub-sector equity portfolios following four terrorist events. Abnormal returns are estimated on the first day of trading following the announcement of the attack. The terrorist attacks tested are the September 11 attack, the Bali bombing, the Madrid bombing and the London bombing. The indices are 17 industry and 78 sector indices. The Brown and Warner (B&W) (1985) model uses equally weighted portfolios of firms, constituents of DataStream industry and sector indices. The B&W model measures and tests mean adjusted abnormal returns. The regression models include the CAPM, the Fama and French (FF), the CAPM GARCH and the FF GARCH models, and they use DataStream industry and sector value weighted indices. The regression models measure and test market adjusted abnormal returns. Percent significant = the percentage of abnormal returns having a statistically significant value. Percent negative = the percentage of abnormal returns having a negative value.

	Panel A: Abnormal Returns Estimated following the September 11 attack

	Estimation Model
	Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	-6.20
	-5.86
	92.63% - 73.68%^
	92.63%

	Regression Model
	
	
	
	

	CAPM
	-2.44
	-2.05
	56.84%
	71.58%

	FF
	-0.29
	-0.15
	38.95%
	53.68%

	CAPM GARCH
	-2.38
	-2.01
	7.37%
	72.63%

	FF GARCH
	-0.33
	-0.33
	12.63%
	55.79%

	Panel B: Abnormal Returns Estimated following the Bali Bombing

	Estimation Model
	Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	1.02
	0.88
	43.16% - 43.16%^
	36.84%

	Regression Model
	
	
	
	

	CAPM
	-0.32
	-0.47
	20.00%
	57.89%

	FF
	0.07
	0.05
	16.84%
	48.42%

	CAPM GARCH
	-0.24
	-0.48
	12.63%
	55.79%

	FF GARCH
	0.15
	0.16
	11.58%
	46.32%

	Panel C: Abnormal Returns Estimated following the Madrid Bombing

	Estimation Model
	Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	-1.23
	-1.36
	67.37% - 31.58%^
	88.42%

	Regression Model
	
	
	
	

	CAPM
	-0.08
	-0.16
	6.32%
	58.95%

	FF
	-0.02
	-0.06
	7.37%
	52.63%

	CAPM GARCH
	-0.08
	-0.18
	3.16%
	61.05%

	FF GARCH
	-0.02
	-0.11
	0.00%
	54.74%

	Panel D: Abnormal Returns Estimated following the London Bombing

	Estimation Model
	Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	0.30
	0.24
	22.11% - 14.74%^
	25.26%

	Regression Model
	
	
	
	

	CAPM
	-0.01
	-0.03
	1.05%
	54.74%

	FF
	0.02
	-0.07
	3.16%
	57.89%

	CAPM GARCH
	-0.02
	-0.04
	0.00%
	54.74%

	FF GARCH
	-0.01
	-0.07
	0.00%
	57.89%

	The symbol ^ identifies the percentage of statistically significant abnormal returns in the sample of portfolios according to Corrado t test. 


	Table 3 Summary of Cumulative Abnormal Returns of 95 American Equity Portfolios

	This table presents average and median of 5-day cumulative abnormal returns of industry, sector and sub–sector equity portfolios following terrorist events. Cumulative abnormal returns are estimated over the five days of trading following the announcement of the attack. The indices are 17 industry and 78 sector indices. The Brown and Warner (B&W) model uses equally weighted portfolios of firms, constituents of DataStream industry and sector indices. The B&W model measures and tests mean adjusted cumulative abnormal returns. The regression models include the CAPM, the Fama and French (FF), the CAPM GARCH and the FF GARCH models, and they use DataStream industry and sector value weighted indices. The regression models measure and test market adjusted cumulative abnormal returns. Percent significant = the percentage of cumulative abnormal returns having a statistically significant value. Percent negative = the percentage of cumulative abnormal returns having negative a value.

	Panel A: Cumulative Abnormal Returns Estimated following the September 11 Attack

	Estimation Model
	Cumulative Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	-14.94
	-14.74
	94.74% - 80.00%^
	98.95%

	Regression Model
	
	
	
	

	CAPM
	-1.02
	-1.07
	47.37%
	78.95%

	FF
	-0.05
	0.00
	15.79%
	49.47%

	CAPM GARCH
	-1.35
	-1.22
	66.32%
	80.00%

	FF GARCH
	-0.16
	0.03
	33.68%
	49.47%

	Panel B: Cumulative Abnormal Returns Estimated following the Bali Bombing

	Estimation Model
	Cumulative Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	5.91
	5.65
	73.68% - 38.95%^
	5.26%

	Regression Model
	
	
	
	

	CAPM
	-0.07
	-0.04
	6.32%
	52.63%

	FF
	0.02
	0.01
	8.42%
	49.47%

	CAPM GARCH
	-0.05
	-0.04
	14.74%
	54.74%

	FF GARCH
	0.02
	0.04
	15.79%
	46.32%

	Panel C: Cumulative Abnormal Returns Estimated following the Madrid Bombing

	Estimation Model
	Cumulative Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	-0.15
	-0.36
	18.95% - 3.16%^
	56.84%

	Regression Model
	
	
	
	

	CAPM
	0.08
	0.07
	2.11%
	38.95%

	FF
	0.08
	0.07
	3.16%
	38.95%

	CAPM GARCH
	0.09
	0.09
	5.26%
	41.05%

	FF GARCH
	0.07
	0.06
	7.37%
	42.11%

	Panel D: Cumulative Abnormal Returns Estimated following the London Bombing

	Estimation Model
	Cumulative Abnormal Return

	
	Average
	Median
	Percent Significant
	Percent Negative

	B&W
	1.02
	0.88
	43.16% - 6.32%^
	36.84%

	Regression Model
	
	
	
	

	CAPM
	-0.32
	-0.47
	20.00%
	57.89%

	FF
	0.07
	0.05
	16.84%
	48.42%

	CAPM GARCH
	-0.24
	-0.48
	12.63%
	55.79%

	FF GARCH
	0.15
	0.16
	11.58%
	46.32%

	The symbol^ identifies the percentage of statistically significant abnormal returns in the sample of portfolios according to Corrado t test. 


	Table 4 Frequency Distribution of Abnormal Returns in percentage for American Equity Portfolios

	This table shows the frequency distribution of 1-day abnormal returns of 95 industry, sector and sub-sector equity portfolios following September 11 terrorist events. The Brown and Warner (B&W) model, CAPM, the Fama and French (FF) were used to estimate the abnormal return. A GARCH (1,1) model was applied to the CAPM and FF Model. 

	Panel A: Distribution of Abnormal Returns Estimated following the September 11 Attack

	Abnormal Return
	Estimation Model

	
	
	Regression Model

	
	B&W
	CAPM
	FF
	CAPM GARCH
	FF GARCH

	AR >8%
	1
	2
	2
	1
	2

	8% ≥ AR > 6%
	0
	0
	3
	0
	2

	6% ≥ AR > 4%
	0
	2
	6
	2
	8

	4% ≥ AR > 2%
	2
	9
	17
	9
	15

	2% ≥ AR > 0%
	4
	14
	16
	13
	15

	
	7
	27
	44
	25
	42

	
	
	
	
	
	

	-2% < AR ≤ 0%
	11
	18
	17
	21
	23

	-4% < AR ≤ -2%
	19
	19
	19
	15
	15

	-6% < AR ≤ -4%
	14
	11
	6
	14
	6

	-8% < AR ≤ -6%
	15
	11
	5
	9
	5

	AR ≤ -8%
	29
	9
	4
	10
	4

	
	88
	68
	51
	69
	53


	Table 5 Extreme Abnormal Returns Portfolios

	This table contains estimates of 1-day abnormal returns of the 5 sub-sector portfolios exhibiting the largest and the worst abnormal returns on the first day of trading after the September 11 attacks. The Brown and Warner (B&W) CAPM and Fama and French (FF) models were used to estimate the abnormal return. A GARCH (1,1) model was applied to the CAPM and FF models. We report the standard error, the level of statistical significance using a parametric t-test, and the non-parametric Corrado rank test. 

	Panel A: Extreme Negative Abnormal Returns following September 11

	Portfolio
	Estimation Model

	
	
	Regression Model

	
	B&W
	CAPM
	FF
	CAPM GARCH
	FF GARCH

	Travel & Tourism
	-52.80*
	-22.91*
	-18.57*
	-19.40*
	-18.79*

	
	(0.028)
	(0.021)
	(0.022)
	(0.006)
	(12.717)

	Hotels
	-26.95*^
	-18.29*
	-15.24*
	-16.53*
	-17.54*

	
	(0.026)
	(0.015)
	(0.015)
	(0.005)
	(0.008)

	Aerospace
	-18.40*
	-12.57*
	-8.61*
	-12.57
	-9.55*

	
	(0.022)
	(0.015)
	(0.015)
	(5.024)
	(0.008)

	Apparel Retailers
	-13.07*^
	-7.23
	-6.23
	-7.08
	-6.27

	
	(0.040)
	(0.025)
	(0.027)
	(0.976)
	(4.207)

	Automobiles
	-12.78*^
	-10.01*
	-7.03*
	-9.91
	-6.92

	
	(0.025)
	(0.018)
	(0.018)
	(2.578)
	(0.611)

	Panel B: Extreme Positive Abnormal Returns following September 11

	Portfolio
	Estimation Model

	
	
	Regression Model

	
	B&W
	CAPM
	FF
	GARCH
	GARCH FF

	Defence
	19.53*^
	15.91*
	17.93*
	16.06
	18.36*

	
	(0.022)
	(0.015)
	(0.016)
	(1.345)
	(0.008)

	Water
	3.52
	18.68*
	22.29*
	18.87
	21.54

	
	(0.023)
	(0.019)
	(0.019)
	(1.373)
	(1.584)

	Mortgage Finance
	0.19
	3.85*
	6.85*
	3.86
	4.75*

	
	(0.020)
	(0.016)
	(0.017)
	(2.092)
	(0.011)

	Heavy Con
	-0.33
	0.61
	5.41*
	0.76
	5.36

	
	(0.037)
	(0.026)
	(0.027)
	(6.413)
	(7.858)

	Distillers and Vintners
	-1.17
	-1.20
	1.74
	-1.05
	1.59

	
	(0.016)
	(0.014)
	(0.015)
	(0.922)
	(3.079)

	*Test statistic is significant at the 0.05 level. ^Corrado test statistic is significant at the 0.10 level. Standards of deviation are in parentheses.


� Note that equation 6 cannot be fitted with a multiplicative dummy variable as it will be perfectly correlated with the additive dummy variable.


� The variance of financial time series can be auto-correlated and has an autoregressive structure. With the introduction of the conditional variance, the GARCH(1,1) model captures the some of underlying ‘structure’ in time series data � ADDIN EN.CITE <EndNote><Cite><Author>Chappell</Author><Year>2000</Year><RecNum>147</RecNum><DisplayText>(Chappell &amp; Eldridge 2000)</DisplayText><record><rec-number>147</rec-number><foreign-keys><key app="EN" db-id="xpxrwdwx9vr5znevppdxfzzx0wr2aavtw55r">147</key></foreign-keys><ref-type name="Journal Article">17</ref-type><contributors><authors><author>Chappell, David</author><author>Eldridge, Robert M.</author></authors></contributors><titles><title>Evidence of market inefficiency in a war environment.</title><secondary-title>Applied Financial Economics</secondary-title></titles><periodical><full-title>Applied Financial Economics</full-title></periodical><pages>489-492</pages><volume>10</volume><number>5</number><dates><year>2000</year><pub-dates><date>2000 November</date></pub-dates></dates><publisher>Routledge, Ltd.</publisher><isbn>09603107</isbn><work-type>Article</work-type><urls><related-urls><url>http://search.epnet.com/login.aspx?direct=true&amp;db=buh&amp;an=3628645&amp;loginpage=Login.asp&amp;site=ehost</url></related-urls></urls></record></Cite></EndNote>�(�HYPERLINK \l "_ENREF_8" \o "Chappell, 2000 #147"�Chappell & Eldridge 2000�)�


� There is an on-going debate around what is the best asset pricing model, and it is beyond the scope of this study to participate in that discussion. Instead, we choose to show the discrepancy that may arise when using different asset pricing model.


� Such an observation is in accordance with a new wave of studies that are questioning the use of econometrics in certain areas of finance. See Moosa � ADDIN EN.CITE <EndNote><Cite ExcludeAuth="1"><Author>Moosa</Author><Year>Forthcoming</Year><RecNum>482</RecNum><DisplayText>(Forthcoming)</DisplayText><record><rec-number>482</rec-number><foreign-keys><key app="EN" db-id="xpxrwdwx9vr5znevppdxfzzx0wr2aavtw55r">482</key></foreign-keys><ref-type name="Journal Article">17</ref-type><contributors><authors><author>Moosa, Imad</author></authors></contributors><titles><title>The Failure of Financial Econometrics: Estimation of the Hedge Ratio as an Illustration</title><secondary-title>Journal of Financial Transformation</secondary-title></titles><periodical><full-title>Journal of Financial Transformation</full-title></periodical><dates><year>Forthcoming</year></dates><urls></urls></record></Cite></EndNote>�(�HYPERLINK \l "_ENREF_17" \o "Moosa, Forthcoming #482"�forthcoming�)�.
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