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Portfolio Return Metric: Equal Weights Versus Value Weights 
 
 

Abstract 
 

 
Whereas the existing literature focuses on the relation between weighting schemes and 

abnormal portfolio return metrics, this study extends the literature and investigates the 

relation between weighting schemes and raw portfolio return metrics.  We show that the 

equal-weight portfolio return metric systematically yields higher estimates of portfolio 

returns for event samples than the value-weight portfolio return metric.  We also 

demonstrate that value-weight portfolio return metric can be a biased estimator of the 

counterpart of the population.  These results imply that the commonly used testing 

procedure based on the matching portfolio method and the Fama-French three factor 

regression can produce misleading inferences.  Several remedies are proposed in this 

study. 
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Portfolio Return Metric: Equal Weights Versus Value Weights 
 

Recently, the specification of test statistics in long-term event studies has been 

extensively investigated.  It has been shown that aggregating abnormal returns induces 

biases [Barber and Lyon (1997), and Kothari and Warner (1997)], the buy-and-hold 

return metric causes inference problems [Fama (1998), Kothari and Warner (1997), and 

Mitchell and Stafford (2000)], the bad-model problem contaminates inferences [Fama 

(1998)], and long-term abnormal returns shrink a lot when event firms are value-weighted 

rather than equal-weighted [Brav and Gompers (1997), Fama (1998), and Mitchell and 

Stafford (2000)].  In this study, we extend this literature and investigate the effects of 

event sampling on portfolio return metrics.  Specifically, we ask two questions: (1) what 

are the implications of sampling procedures on the computation of raw returns on a 

value- or equal-weight event portfolio? and (2) does the relative size of an event sample 

to its population affect the computation of portfolio returns and, therefore, statistical 

inferences? 

Financial inquiry is commonly conducted on a portfolio basis.1  Because of its 

manifest significance, an adequate measurement of portfolio risk and return is essential to 

financial studies and applications.  Traditionally, there have been many debates on 

portfolio risk measurement [e.g., Markowitz (1952), Hogan and Warren (1974), and 

Harlow and Rao (1989)].  More recently, the long-term performance literature has been 

                                                           
1 Examples are: (1) the normative portfolio theory of Markowitz (1952) predicts that risk-averse investors 
will hold a well-diversified portfolio; (2) asset pricing models are typically tested by first forming securities 
into portfolios to enhance empirical power; and (3) the abnormal returns of event firms are usually 
aggregated so that statistical inferences about the event population can be made.   
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addressing the question of how to choose an adequate abnormal return metric, defined as 

the difference between event return metric and benchmark return metric, on an event 

sample.  In this regard, Fama (1998) provides a detailed analysis on the inferences based 

on averages of monthly abnormal returns, cumulative monthly abnormal returns, and buy-

and-hold abnormal returns.     

While the statistical properties of abnormal portfolio return metrics are proven to 

have an impact on long-term performance evaluation, the measurement of raw portfolio 

returns has also been demonstrated to be problematic.  For example, Cheng and Deets 

(1971) show that geometric mean return is a biased estimator of the true population 

return.  Blume and Stambaugh (1983) and Conrad and Kaul (1993) show that 

microstructure factors may systematically bias measured returns on portfolios and 

individual securities.  Roll (1983) shows that the buy-and-hold method leads to a smaller 

firm premium than the arithmetic and rebalanced methods.  As long as the computation of 

raw portfolio returns is required for studying events, the measurement problems of raw 

returns can have a fundamental influence on performance evaluation because the 

computation of raw portfolio returns precedes that of abnormal portfolio returns.2  Event 

methods that require the calculation of raw portfolio returns include matching portfolio 

method and the Fama-French three-factor regression.3   

This study focuses on the construction of raw return metrics and abnormal return 

metrics on an event sample.  We argue that the sampling nature of event firms should be 

taken into consideration when comparing aggregated event returns to benchmark returns.  

                                                           
2 In contrast, for studies that do not require the computation of raw portfolio returns, the weighting scheme 
should not matter to the measurement of abnormal portfolio returns under the null hypothesis of market 
efficiency and a well-specified asset pricing model. 
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Specifically, there are two aspects of event sampling that need to be addressed.  First, 

event firms are usually statistically treated as if they were randomly generated, although 

researchers recognize that event firms are not randomly selected.4  By doing so, a typical 

t-statistic, which assumes a random sample, allows researchers to directly test the 

hypothesis of interest.  In this study, we take on this view and limit the scope of our 

analytical discussions only on the problem of return aggregation for random samples of 

event firms.  Second, event studies examine event samples, and the word “sample” serves 

as a reminder that a given observation is just one of the possible outcomes. 5  Therefore, 

when we try to aggregate all return observations within a sample, we need to take the 

uncertainty of the weight for each observation into consideration.  To illustrate this 

uncertainty, suppose that a researcher wants to sample 100 event firms from a population 

of unknown number, N0 > 100, of event firms in which each event firm is labeled as i = 

{1, 2, 3, …., 99, 100, 101, …. , N0}.  She first draws a sample of 100 event firms.  

Suppose that they are firms {4, 119, 23, …, 67}.  The value-weight portfolio return on 

this sample is calculated as [w4 × r4 + w119 × r119 + w23 × r23 + …. + w67 × r67], where ri 

and wi are return and within-sample value weight for security i, respectively.  These value 

weights are “within-sample” because only the market values of the 100 sample firms are 

considered when she calculates these weights.  For example, w4 = MV4 / (MV4 + MV119 + 

MV23 + … + MV67), where MVi is the market value of firm i.  Now, suppose that she 

                                                                                                                                                                             
3 See Brav and Gompers (1997), Fama (1998), and Loughran and Ritter (2000). 
4  For example, initial public offerings concentrate in certain time periods [Ritter (1991)]. 
5 Some may argue that many of the well-known event studies are based on the actual population themselves.  
However, this argument is generally not true.  For one thing, if a researcher indeed collects every element of 
the population, then he/she does not need to conduct statistical tests.  There is nothing left for the researcher 
to infer; all he/she needs to do is simply to tabulate and characterize the observations.  Given the fact that 
many event studies are based on virtually all events within a given time period and they all perform 
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redraws another sample of 100 event firms and this sample consists of different event 

firms, except for the fourth firm, from the first sample, and they are firms {4, 56, 137, …, 

35}.  The value-weight return on this sample becomes [w4
′ × r4 + w56

′ × r56 + w137
′
 × r137 + 

…. + w35
′ × r35].  For the second sample, the value weight for the fourth firm is w4

′ = MV4 

/ (MV4 + MV56 + MV137 + … + MV35).  Therefore, although the fourth firm is included in 

both the samples, the weights for the firm, w4 and w4
′, can have different values within 

the two samples.  The reason is that these weights are determined within sample, and they 

sum up to one within these samples.  Nevertheless, we know that the weight of the fourth 

firm in a well-defined population is fixed.  It is, therefore, legitimate to ask whether and 

when the use of these within-sample weights is appropriate.   

In light of Loughran and Ritter’s (2000) argument, “because various 

methodologies use different weighting schemes, the magnitude of abnormal returns 

should differ, and in a predictable manner,” we demonstrate that the same line of 

argument holds for the calculation of raw portfolio returns.  Specifically, we show that 

equal-weight portfolio return metric systematically yields higher estimates of portfolio 

returns than value-weight portfolio return metric.  The reason is that the empirical 

negative correlation between within-sample value weights and raw returns distorts the 

true weights within the sample.  This observation makes no stunning contribution to the 

literature given the fact that raw returns historically have been negatively correlated with 

size; the novelty here is to highlight what this means statistically for the debate on market 

efficiency.  Overall, our results echo Fama (1998) and Loughran and Ritter’s (2000) 

argument that it is important to specify whether the population parameter of interest is 

                                                                                                                                                                             
statistical tests to infer something about these events, it must be the case that researchers are interested in 
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related to equal- or value-weight portfolio return of the population and use an appropriate 

weighting scheme accordingly.   

In addition, perhaps more interestingly, if one is interested in the value-weight 

portfolio return of the population, our results indicate that the sample value-weight 

portfolio return metric is a biased estimator of the counterpart of the population.  To see 

this, consider a population of four firms labeled as {1, 2, 3, 4}.  Their sizes and returns 

are {10, 10, 1, 1} and {10%, 10%, 20%, 20%}, respectively.  Thus, the value-weight 

portfolio return of the population is 10.91%.  Now, suppose that we draw a random 

sample of 2 firms.  There are six equally possible outcomes, {1, 2}, {1, 3}, {1, 4}, {2, 3}, 

{2, 4}, and {3, 4}, and their sample value-weight portfolio returns are 10%, 10.91%, 

10.91%, 10.91%, 10.91%, and 20%, respectively.  This results in an estimate of 12.27% 

for the population, which is higher than the true value of 10.91%.  The immediate 

implications of these results are that the commonly used matching portfolio method and 

Fama-French three factor regression, if not carefully implemented, can lead to false 

inferences.  

The remainder of this paper is organized as follows.  In section 1, an analysis of 

portfolio return measures is presented.  Section 2 discusses the effects of within-sample 

weights on the existing testing procedures.  Section 3 contains conclusions. 

1. Single-Period Portfolio Return Measures 

A brief introduction of the single-period raw return measure serves as a foundation for the 

analysis of the usual single-period portfolio return metrics.  The relationship between 

equal- and value-weight portfolio return metrics is then analyzed.   

                                                                                                                                                                             
inferring properties of the population that consist of events that have yet to be realized.    
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1.1 Single-period raw return measure 

The raw return measure, r, defines the single-period return on a security as: 

ri,t = 
ti

ti

MV
MV

,

1, +  − 1                                                      (1) 

where MVi,t  and MVi,t+1 are the market values, including all cash distributions, of security 

i at two distinct time t and t +1.  By aggregating individual returns, the raw return 

measure defines the single-period return on a sample of N securities as: 

rp,t = ∑ ⋅

i
titi rw )( ,,                                                      (2) 

where wi,t is the portfolio weight for security i at time t and ∑
i

tiw ,  = 1.  Note that if N = 

1, equation (2) reduces to equation (1).  

Equation (2) states the well-known fact that the return on a sample is a weighted 

average of the returns of the individual securities in the sample, and these weights are 

within-sample weights.  By “within-sample,” we mean that weights exist only for those 

securities that are one of those i’s.  It is also widely recognized that wi,t is the market 

value weight of security i in the sample at time t when we view the sample as a value-

weight portfolio.  By denoting wi,t = MVi,t / ∑
i

tiMV , , equation (2) can be rewritten as: 

rp,t = 
∑

∑ +

i
ti

i
ti

MV

MV

,

1,

 − 1 =∑ ∑i
i

ti

ti

MV
MV

,

,( ri,t)                              (3)  

In contrast, when we view the sample as an equal-weight portfolio that is consisted of 

equal dollar amounts of N securities, the value of wi,t is 1/N for all securities.  Hence, for 

an equal-weight portfolio, equation (2) can be rewritten as: 
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rp,t = 
N
1 ∑

i
tir ,                                                       (4) 

1.2 The relationship between equal- and value-weight portfolio returns 

Fama (1998) points out that, in general, whether a study should use equal- or value-

weight portfolio returns depend upon the economic hypothesis of interest.  Traditionally, 

researchers tend to use the equal-weight portfolio return metric for its computational 

conveniences.  Recently, the impact of the weighting scheme on long-term performance 

evaluation has been recognized.  Loughran and Ritter (2000) show that the Fama-French 

(1993) three-factor model tends to underestimate abnormal returns when value weights 

are used.  On the other hand, some studies provide empirical evidence favoring abnormal 

return metrics that are based on the value-weight portfolio return metric.  For example, 

Brav and Gompers (1997) find that IPO long-term abnormal returns shrink a lot when 

IPO securities are value-weighted.  Fama (1998) argues that bad-model problems, 

particularly in small stocks, are less severe in inferences for value-weight portfolio 

returns since these returns give relatively less weight to small stocks.    

Still, one may question, other than bad-model problems, whether these conflicting 

inferences are attributed to the fundamental difference in the construction of the two 

portfolio return metrics in equations (3) and (4); after all, they have different functional 

forms.  In particular, the inferences based on equal- and value-weight portfolio return 

metrics can be different if one metric systematically produces higher portfolio return 

estimates than the other.  
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At first sight the question seems to have no definite answer.  By Cauchy’s 

inequality, without any information about individual returns, the best possible bounds for 

the value-weight portfolio return is [Mitrinovic (1970, p.204)]: 

max {
ti

ti

MV
MV

,

1, +  − 1} ≥ 
∑

∑ +

i
ti

i
ti

MV

MV

,

1,

 − 1 ≥  min {
ti

ti

MV
MV

,

1, +  − 1}                   (5) 

That is, max{ri,t} ≥ rp,t ≥ min{ri,t}, and there is no universal expected relationship 

between the equal- and value-weight portfolio return metrics.   

 However, if individual returns are related to value weights, it is possible to 

establish a predictable relationship between the two portfolio return metrics.  Specifically, 

given the stylized fact that small firms tend to yield higher raw returns than big firms, one 

can expect that, holding other factors constant, the equal-weight portfolio return metric 

will systematically yield higher estimates of portfolio returns than the value-weight 

portfolio return metric.  To see this, suppose that a total of N event stocks are randomly 

selected from the population that consisted of N0 stocks, and N < N0.  If the N stocks are 

used to form a value-weight portfolio, one can expect that the within-sample value 

weights, wi,t, in the portfolio are negatively correlated with the returns, i.e., ρ( wi,t, ri,t) < 

0, since size is negatively related to returns.  Here, value weights, wi,t, are treated as 

random variables because ex ante researchers do not know the exact composition of their 

samples and they will not know these values.  In contrast, if the N stocks are used to form 

an equal-weight portfolio, wi,t is not a random variable and has a value of 1/N.  Then, 

using equation (2), the expected equal-weight portfolio return is no less than the expected 

value-weight portfolio return: 
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         E(∑ ⋅

i
titi rw )( ,, ) = ))()(( ,,∑

i
titi rEwE  + ))()(),(( ,,,, titititi

i
rwrw σσρ∑     

                                    = 
N
1 ∑

i
tirE )( ,  + ))()(),(( ,,,, titititi

i
rwrw σσρ∑  

                        ≤
N
1 ∑

i
tirE )( ,  = E(

N
1 ∑

i
tir , )                                                     (6) 

where σ denotes standard deviation.  Since ρ( wi,t, ri,t) < 0 and σ(ri,t) > 0, the inequality in 

equation (6) becomes equality only when σ( wi,t) = 0, i.e., when N = 1.  Except for this 

trivial case, the equal-weight portfolio return metric will systematically yield higher 

estimates of portfolio returns than the value-weight portfolio return metric as long as 

small stocks tend to yield higher raw returns than large stocks.   

In general, the difference between the equal-weight and the value-weight portfolio 

returns is a positive function of the variability in sample firms’ market values: the more 

diverse the firm sizes, the larger the difference.  In addition, smaller stocks have a larger 

return variation, i.e., higher σ (ri,t).  If the sampling is not totally random and tends to 

include small stocks, as most event studies do, holding other factors constant, the part of 

expected difference between equal- and value-weight portfolio returns that is due to the 

))()(),(( ,,,, titititi
i

rwrw σσρ∑  component can be even larger, as equation (6) indicates.  

Overall, these results suggest that the use of equal-weight returns is likely to inflate the 

true portfolio returns if one believes that the value-weight portfolio return metric more 

accurately gauges the wealth variations experienced by investors.  By the same token, if 

one is trying to measure the returns on the average security included in a portfolio, the use 



 12 

of value-weight returns is likely to understate the returns, as Loughran and Ritter (2000) 

suggest.     

The above results are based on the empirical observation that small firms tend to 

yield higher raw returns than big firms.  In the last century, small firms, on average, yield 

higher returns than big firms in eight out of the ten decades, except in 1950 and 1980.  

Because in the near future researchers are still confined to these returns, this empirical 

regularity is, therefore, likely to continue causing inference difficulties for future research 

and needs to be addressed.  Furthermore, this problem will persist in the future as long as 

small firms tend to be more risky and need to be compensated with higher returns in 

equilibrium.  Note that these results are not dependent on the validity of the size effect of 

Banz (1981) and Reinganum (1981), which states that the risk-adjusted returns of small 

firms are higher than those of big firms.  Also, these results sustain even when size is not 

a pricing factor.  It is possible that size is correlated with some neglected pricing factors 

while there is no covariance structure between returns and size. 

1.3 Single-period abnormal portfolio return metrics 

Abnormal return is the unexpected part of raw return.  When the calculation of raw 

portfolio returns is not required, the usual single-period abnormal return measure, rAR, for 

a portfolio consisted of N securities is defined as: 

rAR p,t = ∑ ⋅
i

titi rw )( , AR,                                              (7) 

where rAR i,t = ri,t − E(ri,t) is the single-period abnormal return on security i and E(ri,t) is 

the benchmark.  If the portfolio is equal-weighted, the value of wi,t is 1/N; if the portfolio 

is value-weighted, wi,t is the within-sample value weight.   
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 In general, when abnormal portfolio returns are defined in this way, statistical 

inferences are less problematic.  The major concern will be the bad-model problem, as 

Fama (1998) points out.  To see this, note that the analysis in equation (6) for ri,t can be 

applied to rAR i,t.  That is, based on the assumptions that the bad-model problems are 

particularly severe for small stocks and ρ( wi,t, rAR i,t) < 0, we can obtain the result that, 

even for a randomly selected portfolio, the equal-weight abnormal portfolio return metric 

will systematically yield higher estimates of abnormal portfolio returns than the value-

weight abnormal portfolio return metric from equation (6) by replacing ri,t with rAR i,t.   

This result is consistent with Loughran and Ritter’s (2000, Table 3) findings that equal-

weight market-adjusted returns are less than true abnormal returns and true abnormal 

returns are less than value-weight market-adjusted returns regardless whether securities 

are undervalued or overvalued.  Consequently, under the null hypothesis of no abnormal 

performance, tests based on equal- and value-weight abnormal returns will tend to yield 

different testing results as many studies demonstrate [e.g., Brav and Gompers (1997), 

Fama (1998), and Loughran and Ritter (2000)].  

 On the other hand, when the calculation of raw portfolio returns is required, 

statistical inferences become more problematic.  We will verify this claim in the 

following section.  But before we do it, it is useful to first define abnormal portfolio 

returns in this alternative way: 

rAR p,t = ∑ ⋅
i

titi rw )( , , − E(rp,t)                                       (8) 

That is, abnormal portfolio returns are the differences between raw portfolio returns and 

expected portfolio returns.  
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2. Implications on the Existing Testing Approaches  

Based on the previous analytical results, this section demonstrates how the commonly 

used testing procedures can be affected.  We show that weighting schemes have 

fundamental impact on the applications of the matching portfolio method and of the 

Fama-French three factor models [Fama and French (1993)]. 

2.1 The matching portfolio method 

Quite frequently, the first step of the matching portfolio method is to calculate raw 

portfolio returns, rp,t.  Then abnormal portfolio returns are measured as the differences 

between rp,t and E(rp,t), in which E(rp,t) is proxied by a characteristic portfolio, e.g., a size 

and book-to-market matched portfolio, consisting of a large number, say N1, of stocks.  In 

contrast, the sample at hand generally includes a much smaller number of stocks, say N2, 

and N2 < N1.   

If the matching portfolio method is well specified, a randomly selected event 

portfolio should not systematically outperform or underperform the characteristic 

portfolio.  However, if event stocks are value-weighted, by using equation (7), it can be 

seen that: 

                   E(∑ ⋅
2

)( ,,

N

i
titi rw ) − E(∑ ⋅

1

)( ,,

N

j
tjtj rw ) 

                    = ∑
2

)()( ,,

N

i
titi rEwE + ∑

2

)()(),( ,,,,

N

i
titititi rwrw σσρ − ∑

1

)()( ,,

N

i
tjtj rEwE  

                       − ∑
1

)()(),( ,,,,

N

i
tjtjtjtj rwrw σσρ  
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 = ∑
2

)()(),( ,,,,

N

i
titititi rwrw σσρ  − ∑

1

)()(),( ,,,,

N

i
tjtjtjtj rwrw σσρ                         (9)   

Under the approximation that ρ( wi,t, ri,t), σ (ri,t) and σ (ri,t) are equal to ρ( wj,t, rj,t), σ (rj,t) 

and σ (rj,t), respectively, it can be shown that equation (9) will yield a positive value 

because N1 > N2 and ρ( wk,t, rk,t) < 0 where k = i and j.  Consequently, the matching 

portfolio method tends to produce positive abnormal returns.  

 There is a simple way to modify the matching portfolio method such that it is well 

specified.  To proxy for E(rp,t), one can randomly select, with replacement, a total of N2 

securities from the portfolio of N1 securities and calculate their value-weight mean return 

for Q times where Q is a large number.  Instead of using the return on a market index or a 

characteristic portfolio, the arithmetic mean of the Q value-weight mean return can be 

used to proxy for E(rp,t).  By doing so, the resulting expected value in equation (9) would 

be zero.  Of course, following Loughran and Ritter’s (2000) argument, one can obtain 

another benchmark by excluding the N2 sample securities from the Q random draws to 

enhance the power of tests.  However, this method needs to be used with caution because 

of the potential increase of Type I error.  This concern is illustrated by an extreme, but 

intuitive, example.  Suppose N2 = N1 − 1.  Then, the null hypothesis of no abnormal 

performance is likely to be rejected because the estimate of E(rp,t) is subject to the 

idiosyncratic variation of one security, although we know that the sample is almost 

identical to the population and there is no such thing as “abnormal” performance for this 

extreme example. 
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2.2 The Fama-French three factor model 

The applications of the Fama-French three factor model on corporate events can be found 

in Brave and Gompers (1997), Loughran and Ritter (2000), and many others.  The Fama-

French three factor regression is typically specified as: 

rp,t − rf,t = αp + bp[rm,t − rf,t] + sp SMBt + hp HMLt + εp,t                           (10) 

where rf,t is the one-month Treasury bill rate, rm,t is the monthly return on a value-weight 

market portfolio, SMBt is the difference between the returns on portfolios of small and 

big stocks, and HMLt is the difference between the returns on portfolios of high- and low-

BE/ME (book-to-market ratio) stocks.   

 Based on the analytical results established in the first part of the paper, we know 

that there is a systematic difference in absolute level in rp,t depending on whether event 

firms are equal- or value-weighted.  Consequently, by the identity in equation (10), the 

estimates of {αp, bp, sp, hp} are guaranteed to be sensitive to weighting schemes, 

regardless whether the Fama-French three factor model is a complete description of 

average returns.  In other words, in addition to the bad-model problem discussed in Fama 

(1998), the use of within-sample weights is another source that may causes difficulties in 

inferences.    

Whereas weighting schemes may affect each of the estimates of {αp, bp, sp, hp}, it 

is foreseeable that they have the potentially highest impact on the estimate of sp, the 

coefficient for the SMB portfolio.  The reason is that both the weighting schemes and the 

SMB portfolio are, by construction, directly related to market value.  As long as the 

market values of event firms are not very close to one another, this impact should be 

noticeable.  Furthermore, according to Fama and French (1993), the SMB portfolio is a 
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proxy for distress factor.  When the threat of distress is present, the risk premiums on the 

SMB portfolio and the smaller event firms will be higher.  Because the equal-weight 

scheme gives relatively more weights to smaller event firms, the association between the 

returns on the equal-weight event portfolio and those on the SMB portfolio will be more 

intense, resulting in a higher estimate for the SMB portfolio.6  Table 1 summarizes the 

Fama-French three factor regression results in Brav and Gompers (1997) and Loughran 

and Ritter (2000).  The bp‘s with the use of equal weights are universally higher than 

those with the use of value weights.  In particular, the differences in bp‘s are dramatic in 

Loughran and Ritter (2000, Table 4): 1.18-1.22 for equal-weight scheme vs. 0.25-0.29 for 

value-weight scheme. 

A question arises.  If weighting schemes have such impact on slope estimates bp‘s, 

how reliable are those intercept estimates, αp‘s?  It is widely known that the accuracy of 

intercept estimates is highly sensitive to that of slope estimates: a small change in a slope 

estimate can potentially lead to a large shift in the intercept estimate.  It is hard to imagine 

that intercept estimates based on equal and value weights can be both meaningful while 

one set of slope estimates is so far away from another with the same set of regressors.  

Therefore, although the weighting scheme should be determined by the economic 

hypothesis of interest, the implementation of the Fama-French three factor regression, as 

specified in equation (10), is probably far more complex than many could anticipate.   

There exists a potential remedy to these difficulties, however.  As used in Kothari 

and Warner (1997), the Fama-French three factor model can be specified at an individual 

stock basis to first obtain individual abnormal returns: 

                                                           
6 Similar argument can be made for the HML portfolio. 
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rAR i,t =  ri,t − rf,t − 
∧

ib [rm,t − rf,t] − 
∧

is  SMBt − 
∧

ih  HMLt                           (11) 

where 
∧

ib , 
∧
is , and 

∧
ih  are estimates by regressing stock i’s excess returns on the market 

excess returns, SMBt, and HMLt for the rolling estimation period, e.g., months -36 to -1.  

In these regressions, no aggregation procedures are needed for the dependent series.  

Once individual abnormal returns are obtained, depending on the economic hypothesis of 

interest, they can be either equal- or value-weighted to infer the abnormality of portfolio 

abnormal returns.  The problem associated with this approach is that the cross-correlation 

in individual abnormal returns can distort the sampling distribution of test statistic.  

Therefore, bootstrapping or other techniques are needed to obtain the empirical 

distribution of test statistic under the null.   

3. Conclusions 

According to Popper (1992), the goal in science is to falsify the null hypothesis in order 

to increase scientific knowledge.  In the debate of market efficiency, the use of the 

weighting scheme is mainly depending on its ability to reject the null hypothesis and 

driven by the alternative hypothesis that one has in mind.  Because this choice frequently 

has a decisive impact on empirical results, it warrants careful examinations.  This study 

extends the literature and investigates the impact of weighting schemes on portfolio 

return metrics and event methods.  

While it is no surprise that the equal-weight portfolio return metric systematically 

yields higher estimates of portfolio returns than the value-weight portfolio return metric, 

we highlight its impacts on the popular Fama-French three factor regressions.  We also 

show that if one is interested in the value-weight portfolio return of the population, the 
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value-weight portfolio return of a sample drawn from the population is a biased estimator 

of the counterpart of the population.  These results imply that the commonly used testing 

procedure based on the matching portfolio method can produce misleading inferences.  

To mitigate these problems, we suggest several remedies for correcting for the potential 

bias introduced by the use of within-sample weights. 
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Table 1 
A Summary of the Fama-French Three Factor Regression Results 

 
 
Item                                                     αp                            bp                         sp                        hp  

Panel A: Brav and Gompers (1997), Venture capital IPOs 

(1) Equal-Weighted 0.0007 1.0978 1.2745 -0.6807 

(2) Value-Weighted 0.0015 1.2127 1.1131 -1.0659 

Panel B: Brav and Gompers (1997), Non-venture capital IPOs 

(1) Equal-Weighted -0.0052 0.9422 1.1450 -0.1069 

(2) Value-Weighted -0.0029 1.0486 0.6612 -0.3405 

Panel C: Loughran and Ritter (2000), IPOs 

(1) Equal-Weighted -0.40 1.08 1.22 -0.08 

(2) Value-Weighted -0.30 1.00 0.25 -0.26 

Panel D: Loughran and Ritter (2000), HML is purged of new issues 

(1) Equal-Weighted -0.44 1.10 1.22 -0.03 

(2) Value-Weighted -0.32 1.03 0.27 -0.28 

Panel E: Loughran and Ritter (2000), SMB is purged of new issues 

(1) Equal-Weighted -0.49 1.12 1.18 -0.15 

(2) Value-Weighted -0.33 1.01 0.29 -0.28 

Panel F: Loughran and Ritter (2000), HML and SMB are purged of new issues 

(1) Equal-Weighted -0.56 1.16 1.18 -0.04 

(2) Value-Weighted -0.35 1.04 0.29 -0.29 

 
This table reproduces the estimates of the Fama-French three factor regressions found in Brav and Gompers 
(1997, Table IV) and Loughran and Ritter (2000, Table 4).  The regression is specified as: 
 

rp,t − rf,t = αp + bp[rm,t − rf,t] + sp SMBt + hp HMLt + εp,t 
 
where rp,t is the portfolio return on the event sample, rf,t is the one-month Treasury bill rate, rm,t is the 
monthly return on a value-weight market portfolio, SMBt is the difference between the returns on portfolios 
of small and big stocks, and HMLt is the difference between the returns on portfolios of high- and low-
BE/ME (book-to-market ratio) stocks.   
 


