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Abstract 

This paper examines the effect of seven firm characteristics on abnormal returns 

following corporate events, including mergers and acquisitions, and initial and 

seasoned public equity offerings. Using data from U.S. firms between 1980 and 

2017, the buy-and-hold abnormal return (BHAR) approach indicates negative 

abnormal returns after all three events, while the calendar time portfolio (CTP) 

method fails to detect abnormal returns following two of the events. Employing a 

refined BHAR method akin to Bessembinder and Zhang (2013), a simple seven-

characteristic regression proves that abnormal returns are fully explained by 

variations in the characteristics of the event firms. Although this bridges the gap 

between CTP and BHAR, we show that modifications to both approaches affect 

inferences made regarding long-run abnormal returns. 

This thesis is a part of the MSc program at BI Norwegian Business School. The school 

takes no responsibility for the methods used, results found, or conclusions drawn. 
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1. Introduction and Motivation 

The literature has demonstrated that many corporate events, including initial public 

offerings (IPOs), mergers and acquisitions (M&As), and seasoned equity offerings 

(SEOs), are followed by apparently abnormal returns – the deviation of a stock’s 

actual return from its expected return. These events are highly relevant due to their 

frequency and their significant implications for the involved firms and the broader 

market. However, the accuracy of estimating abnormal returns has been challenged 

by the ‘bad model’ problem (Fama, 1998), which arises when traditional models 

used to estimate expected returns fails to capture the true effect of events on stock 

prices. As noted by Kothari and Warner (2007), this tends to be the case, 

particularly for long-run event studies. 

 

Two methods commonly highlight the complexity of the ‘bad model’ problem in 

long-term studies. The buy-and-hold abnormal return (BHAR) method compares 

the buy-and-hold returns of event firms to control firms (benchmark), whereas the 

calendar time portfolio (CTP) approach examines the average abnormal time series 

returns of event portfolios. However, these approaches frequently provide 

contradictory outcomes. For example, Boehme and Sorescu (2002) study 1 645 

dividend-initiating firms between 1927–1998 and report a five–year significant 

BHAR (intercept) of 21.7%, while abnormal returns to calendar time portfolios 

(alphas) for the same sample are statistically insignificant at 0.21%. Both methods 

are flawed. BHAR makes the strong assumption that benchmark returns depend 

only on the characteristics used to select control firms. CTP implicitly assumes that 

event firms’ returns are dependent only on sensitivities to the factors included in the 

regressions. 

 

In practice, however, researchers have been able to show that many firm 

characteristics have significant explanatory power for equity returns, referred to as 

the ‘zoo of factors’ by Cochrane (2011). Harvey et al. (2015) examine a collection 

of 300 papers that investigate the cross-section of expected returns and highlight 

two important regularities. First, the number of characteristics needed to predict 

stock returns seem to decrease over time. Second, the authors in this literature 

illustrate a common procedure, wherein researchers typically analyze their 

proposed return predictor in isolation, without considering the influence of 
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previously identified predictors. However, there are some exceptions. Adopting 

Fama-MacBeth (1973) regressions, Haugen and Baker (1996) forecast next month's 

stock returns relying on 46 factors, while Lewellen (2015) finds only a few 

significant predictors out of 15 investigated for the cross-section of expected 

returns. Green et al. (2017) employ Fama-MacBeth regressions in their full sample 

and find that only 24 out of 94 return predictors offer independent information. 

Similarly, Freyberger et al. (2017) estimate their model based on 62 characteristics 

of which only 15 possess incremental explanatory power within their full sample.  

 

We examine whether as little as seven characteristics, drawn from Bessembinder 

and Zhang (2013), have significant explanatory power for the apparently abnormal 

returns to event firms: firm size, book-to-market ratio (BM), market beta, 

idiosyncratic volatility, illiquidity, return momentum, and capital investment. The 

extant literature has connected each of these seven characteristics to cross-sectional 

fluctuations in stock returns, thus building the foundation for our following research 

questions: 

• Can differences in firm characteristics between event and control firms fully 

explain the abnormal returns following corporate events? 

• Can modifications to the BHAR and CTP methods help reconcile the 

contradicting outcomes regarding long-run abnormal returns? 

We answer these research questions in three ways. First, in Section 5.1, we replicate 

the results of Bessembinder and Zhang (2013). Obtaining almost identical results 

ensures the validity of our model. Second, in Section 5.2, we apply the same 

methodology to our updated sample. Results found by Bessembinder and Zhang 

(2013) are persistent, that is, refining the BHAR method to allow for differences in 

the seven firm characteristics fully explains abnormal returns to firms undergoing 

any of the three events. The absence of abnormal returns found by CTP in Section 

5.3 can, therefore, be largely attributed to imperfect control firm matching.  

 

Third, in Section 5.4, we prove that even minor modifications to the employed 

approaches can have a profound impact on the conclusions drawn regarding long-

term abnormal returns. Hence, the diverging results across the BHAR and CTP 

methods are not sample-specific per se but rather reflect the implicit assumptions 

inherent in each method when measuring abnormal returns.  
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2. Literature Review 

The early approach to limiting the ‘bad model’ problem was to use formal asset 

pricing models, such as the capital-asset-pricing model (CAPM) to examine long-

run abnormal returns (Sharpe, 1964). However, Banz (1981) illustrated that small 

stocks have higher risk-adjusted returns, on average, than predicted by the CAPM. 

The importance of this size effect is evidence that the CAPM is misspecified. Based 

on these findings, Fama and French (1992) show that average stock returns also are 

related to book-to-market (BM) equity, leading to the introduction of the infamous 

Fama-French three-factor model (FF3).  

 

Unfortunately, Fama and French (1993) demonstrate that their three-factor model 

does not fully explain average returns on portfolios formed on size and BM. Testing 

for long-run abnormal returns using the FF3 model is not optimal, a concern initially 

raised by Fama (1998). He argues that factor-based approaches may be sufficient 

in capturing systematic patterns in average returns while acknowledging that the 

approaches suffer from model misspecification. Extending on this idea, Brav et al. 

(2000) investigates a sample of IPO and SEO firms from 1975 to 1992. By utilizing 

time-series factor models, the authors find that the FF3 model captures joint 

covariation of IPO returns, thus modifying the original FF3 model significantly 

increases its explanatory power. Also, Loughran and Ritter (2000) find that the FF3 

model tends to underestimate abnormal returns when the event being studied is a 

managerial choice variable, which in our case are IPOs, M&As, and SEOs. As a 

result, empirically based asset pricing models, such as the FF3 model, lack the 

ability to test market efficiency. In short, this explains our rationale for controlling 

for firm characteristics, in addition to size and book-to-market, when implementing 

the BHAR method, as the literature has pointed out their success in explaining 

variation in average stock returns.  

 

2.1 Buy-and-Hold Abnormal Returns vs. Calendar Time Portfolio  

Beginning with Fama et al. (1969) one can form portfolios of event firms, and 

average (AAR) or sum (CAR) the average monthly abnormal returns to examine 

long-term returns. Building on this, Jaffe (1974) and Mandelker (1974) made 

significant contributions to the financial-economics literature by introducing a 

calendar time portfolio methodology. Their methodology has garnered support 
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from prominent figures in the field, such as Fama (1998) and Mitchell and Stafford 

(2000), and has become widely advocated. However, the approach examines the 

average abnormal time series returns of event portfolios, which may not accurately 

estimate the return to an investor who holds security for a long post-event period 

according to Fama (1998) himself.  

 

Among the first to question the usefulness of the CTP approach were Barber and 

Lyon (1997). They found that the approach yielded misspecified test statistics, 

because of new listing bias (biased performance following IPOs), rebalancing bias 

(periodic rebalancing of event portfolios), and positive skewness bias. In a follow-

up paper, Lyon et al. (1999) tested for long-run abnormal performance through the 

BHAR and CTP approach in random samples. They found that both methods 

yielded well-specified results in random samples, but while the BHAR method was 

robust also in non-random samples, the CTP method seemed to be faulty. These 

findings have remained true in recent times, as Asparouhova et al. (2010) have 

confirmed that the OLS regressions in the CTP approach are subject to rebalancing 

bias as defined by Barber and Lyon (1997). Loughran and Ritter (2000) also find 

that the CTP approach has low power to detect abnormal returns, because the 

method weights each period equally, while corporate events tend to cluster in 

certain periods.  

 

Following the works of Ikenberry et al. (1995), Barber and Lyon (1997), and Lyon 

et al. (1999), the characteristic-based matching approach (also known as BHAR) 

has been widely used as an alternative to the CTP calculation. One appealing aspect 

of using BHAR is that it better reflects investors' actual investment experience 

compared to other approaches that involve periodic (monthly) rebalancing when 

measuring risk-adjusted performance. While BHAR avoids some of the problems 

mentioned above, Barber and Lyon (1997) report that the skewness bias may be 

more severe for BHARs and that inferences are less problematic for average 

monthly returns (AARs or CARs). Fama (1998) documents that the BHAR method 

does not sufficiently address the issue of cross-sectional correlation of event firm 

anomalies, and consequently produces misspecified test statistics. Fama also 

reports that the problem is more severe in long-term BHARs because more firms 

have events within a five-year window as opposed to a three-day window. Hence, 

one could argue that the BHAR method should not be used in its traditional form.  
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Previous research on the implications of using the BHAR and CTP approaches has 

been mixed. Mitchell and Stafford (2000) and Brav and Gompers (1997) are 

proponents of the CTP approach and express a preference for using this method. 

On the other hand, Loughran and Ritter (2000) present an opposing viewpoint, 

arguing against the utilization of the CTP approach. They suggest that it may 

introduce biases toward finding results that support the notion of market efficiency, 

thus vouching for the BHAR approach. Since both the BHAR and CTP are 

imperfect models, we strive to contribute valuable insights into the long-run return 

patterns associated with corporate events, by utilizing both approaches and 

assessing results across methods. When employing the BHAR method, we follow 

Bessembinder and Zhang (2013). In doing so, we control the relationships between 

seven firm characteristics and stock returns.  

 

2.2 Firm Characteristics and Abnormal Returns 

It is reasonable to ask why it is useful to refine the BHAR approach to control for 

seven specific firm characteristics when hundreds of factors are available. Although 

it might seem rather arbitrary, the explanation lies within the existing literature, 

which has identified five characteristics in particular, excluding size and BM, that 

are successful in explaining variation in average stock returns. We confirm these 

findings in Section 4.7.1, proving that there are systematic differences in these 

characteristics between event firms and control firms. Therefore, as Bessembinder 

et al. (2019) state: ‘they can potentially explain all the apparently abnormal returns 

after corporate events’.  

 

The strong negative relation between idiosyncratic volatility and future stock 

returns was first reported by Ang et al. (2006). The researchers investigate the 

relationship between volatility and expected returns across different stocks. They 

find that stocks exhibiting high idiosyncratic volatility tend to have lower average 

returns. Notably, they observe a substantial and statistically significant disparity of 

-1.06% per month between the highest and lowest quantile portfolios weighted by 

value. This study develops a measure for idiosyncratic volatility based on the 

methodology proposed by Ang et al. (2006). Amihud and Mendelson (1986), were 

the first to discover a positive relationship between illiquidity and stock returns. 
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Since then, proxies have yielded mixed results, making the findings difficult to 

interpret. Brennan and Subrahmanyam (1996) find a negative correlation between 

illiquidity and expected stock returns, while Amihud (2002) finds a positive 

relationship. In recent times, Amihud et al. (2015) have extended this research, 

thereby providing stronger theoretical evidence that the portfolio of the most 

illiquid stocks generates significantly higher risk-adjusted returns than the portfolio 

of the most liquid stocks. Prior literature is unclear on the effect of illiquidity on 

stock returns. Therefore, we indirectly aim to contribute to the discussion of 

whether increased illiquidity generates higher or lower returns for U.S. event firms 

by incorporating the illiquidity factor following Amihud (2002).  

 

The literature on momentum profits was first studied by Jegadeesh and Titman 

(1993), who in general found a positive significant relationship between U.S. stocks 

and return momentum. The authors discover that executing a strategy that selects 

stocks based on their six-month historical performance and holds them for another 

six months results in an average compounded excess return of 12.01% per year. 

However, Jegadeesh and Titman discover negative return dependence over return 

horizons longer than one year. As we study long-run abnormal returns over five 

years, the relation found in this study may contribute to the ongoing discussion and 

further our understanding of return momentum and its implications for investment 

decision-making.  

 

Market beta has traditionally been considered a significant determinant of expected 

stock returns according to the Capital Asset Pricing Model (CAPM). Sharpe (1964) 

predicts a positive relationship, indicating that a higher beta should offer higher 

expected returns as compensation for bearing more risk. However, empirical 

findings on this relationship have been mixed, challenging the straightforward view 

presented by CAPM. Recent studies have complicated the issue, with researchers 

reporting a flat or even negative relationship between beta and actual returns, a 

phenomenon referred to as the ‘low-beta anomaly’ (Bali et al., 2017). Although the 

low (high) abnormal returns of stocks with high (low) beta is a persistent anomaly 

in empirical research, standard asset pricing models maintain a positive relationship 

between market beta and expected returns.  
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Loughran and Ritter (1995) find that financing choices associated with increased 

investment generally result in negative stock returns. On the other hand, Ikenberry 

et al. (1995) observe that choices associated with decreased investment generally 

result in positive stock returns. These findings have later been confirmed by Titman 

et al. (2004), who illustrates that increased capital investments at firms result in 

negative benchmark-adjusted returns and that increased capital investments lead to 

lower stock returns for the following five years.  

 

Prior literature has demonstrated the explanatory and predictive capabilities of 

various characteristics in relation to abnormal returns. Harvey et al. (2015) have 

extensively identified a substantial number of variables, exceeding 300, that exhibit 

potential significance in explaining stock returns across different sectors. Recent 

studies, such as the non-parametric approach by Freyberger et al. (2017), identify 

15 independent characteristics that demonstrate explanatory power within their full 

sample. The success achieved by Kelly et al. (2019) with a latent factor model 

consists of just eight characteristics. The approach employed in our study, which 

focuses on a minimal number of the seven characteristics mentioned earlier, 

contributes to the exploration of the optimal set of characteristics. While the optimal 

set of characteristics remains a subject of ongoing debate, the consensus favors the 

utilization of a concise and relevant set of variables for stock return prediction. 

Table 1 provides a comprehensive summary of key findings in the relevant 

literature, reinforcing the effectiveness and value of our chosen approach.  

 

 

Table 1. This table gives an overview of studies that relate to our research. Although the dynamic relationship 

between firm characteristics and long-run stock returns has been a popular area of research for a long time, it 

is receiving attention within the financial literature to this day. 
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2.3 Performance of Event Firms 

To illustrate our methodology, we examine three corporate events that have been 

linked to abnormal stock returns in previous research studies. These events are 

IPOs, M&As, and SEOs. One notable long-term return anomaly study conducted 

by Loughran and Ritter (1995) focuses on IPOs and SEOs. Their findings reveal 

that investing $1 in each IPO or SEO immediately after the event results in 

approximately 70% of the total wealth generated by applying the same buy-and-

hold method to a sample of stocks matched to the IPOs and SEOs. These findings 

of poor long-term performance for IPOs and SEOs were consistent with earlier 

empirical results provided by Ibbotson (1975). However, they use matched control 

firms based only on firm size, as presented by Fama and French (1992), and past 

stock returns as presented by Jegadeesh and Titman (1993). Since the long-term 

BHAR in Loughran and Ritter (1995) only controls for a limited number of 

variables, their results may be influenced by unaccounted factors related to average 

returns.  

 

In their study, Brav and Gompers (1997) examine this potential scenario by 

comparing the five-year buy-and-hold returns of IPOs and the returns of portfolios 

that closely match the IPOs in terms of size and BM ratio. Interestingly, the five-

year wealth relative rises from about 0.7 with the Loughran and Ritter size 

benchmarks to over 1.0, meaning the anomaly disappears.  

 

Moeller et al. (2005) examine 12 023 acquisitions by public firms between 1980-

2001 and find no sign of significant long-run abnormal returns around the 

announcement date for acquiring firms in M&As. However, Asquith (1983) and 

Agrawal et al. (1992) were among the first to observe that acquiring firms suffered 

negative abnormal returns for up to five years after merger announcements.  

Mitchell et al. (2005) use a sample of mergers for 1994-2000 and find negative 

long-term abnormal returns for acquiring firms. 

 

While we believe our paper will be useful in a wide range of applications,  

these events offer a valuable illustration of the method due to the significant prior 

research attention they have received. Table 2 provides an overview of studies that 
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have been conducted regarding long-term abnormal returns to a sampling of 

corporate events.  

 

 

Table 2. This table gives an overview of previous findings which seek to study long-run stock returns to a 

sampling of corporate events. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 10 

3. Testable Hypothesis and Methodology 

This section presents the economic framework for our analysis. We identify the 

explicit and implicit assumptions made in long-run stock return tests and closely 

follow Bessembinder and Zhang (2013)1. To assess the suitability of the approaches 

utilized by the authors, we highlight their limitations and modify them accordingly.  

 

3.1 BHAR and Wealth Relative 

Extending on Barber and Lyon´s (1997) breakthrough paper on long-run stock 

performance, we compute the long-run BHAR as 

 

𝐵𝐻𝐴𝑅𝑒𝑇 = ∏(1 + 𝑟𝑒𝑡) − ∏(1 + 𝑟𝑚𝑡)

𝑇

𝑡=1

𝑇

𝑡=1

                                                   

                 = 𝑒𝑥𝑝 {∑ ln(1 + 𝑟𝑒𝑡)

𝑇

𝑡=1

} − 𝑒𝑥𝑝 {∑ ln(1 + 𝑟𝑚𝑡)

𝑇

𝑡=1

}           (𝟏) 

 

for event firm e over T months after a corporate event at date 0. 𝑟𝑒𝑡 and 𝑟𝑚𝑡 represent 

the stock returns of the event firm and its matched control firm, respectively, in 

month t. Furthermore, we follow Loughran and Ritter (1995) in defining wealth 

relative as 

 

𝑊𝑅𝑒𝑇 = 𝑒𝑥𝑝 {∑[ln(1 + 𝑟𝑒𝑡) − ln(1 + 𝑟𝑚𝑡)]

𝑇

𝑡=1

} 

 

                               =
∏ (1 + 𝑟𝑒𝑡)𝑇

𝑡=1

∏ (1 + 𝑟𝑚𝑡)𝑇
𝑡=1

                                                    (𝟐) 

 

The wealth relative compares the T-period gross return on a $1 investment in the 

event firm to the T-period gross return on the same investment in the matching firm.  

By expressing the estimate of abnormal returns as a function of the implied wealth 

relative, the issue of compounding in BHARs, highlighted by Fama (1998) and 

Mitchell and Stafford (2000) is effectively addressed. 

 

 
1 Since we are replicating the method used by Bessembinder and Zhang (2013), all formulas in this 

section is retrieved or inspired by their article. However, we refer to the primary source where this 

is applicable.  
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3.1.1 Matching Control Firms 

As Eq. (1) highlights, we adopt the approach of Barber and Lyon (1997), who find 

that the control firm approach effectively addresses the issues mentioned in Section 

2.1. By requiring both the event firm and control firm to be listed in the event 

month, the new listing bias is eliminated. Additionally, calculating returns for both 

the event and control firms without rebalancing avoids the rebalancing bias. 

Moreover, the control firm approach ensures that both the event and control firms 

have an equal likelihood of experiencing large positive returns, thus mitigating the 

skewness problem. For each event firm, we identify a non-event comparable firm 

as a common stock that did not engage in the event. Then, we determine whether 

characteristic-based models can help to fully explain the apparently abnormal 

returns in the 60 months following corporate events.  

  

For IPOs, the matched firm sample is constructed using a similar approach to 

Loughran and Ritter (1995). At the end of December following the IPO, each IPO 

firm is matched with the firm having the closest but greater market capitalization. 

Furthermore, the matching firm must have been publicly traded for at least five 

years. This means that the matching firm must not be in our sample of event firms 

five years before the IPO takes place. For firms undergoing M&As and SEOs, we 

identify matched firms following Loughran and Ritter (1995), Barber and Lyon 

(1997), and Eckbo et al. (2000). Each matched firm is selected as having the closest 

book-to-market ratio across firms with market capitalizations that range between 

70% to 130% of the event firm at the end of December preceding the event. To be 

included, the matching firm must not be in our sample of event firms five years 

before or after the event date. 

 

Although the abovementioned characteristic-matching procedure has received 

praise from the extant literature, Section 4.7.1 show that firms matching on firm 

size and BM do not necessarily match each other in other characteristics. In 

principle, the issue could be addressed by selecting control firms based on 

additional firm characteristics. However, the quality of the matches is likely to 

degrade rapidly as the number of matching characteristics is increased. Therefore, 

we modify the BHAR method to consist of three main features. First, it maintains 

the traditional matching procedure as described above. Second, it controls for an 

array of five firm characteristics, in addition to firm size and BM: market beta, 
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idiosyncratic volatility, return momentum, illiquidity, and capital 

investment. Third, it allows for variations in these firm characteristics over time.  

 

Following Bessembinder and Zhang (2013), the market beta2 for July of year t to 

June of year t+1 is estimated using the market model with monthly stock returns 

during years t-5 to t-13. Firm size is measured as market capitalization at the end of 

the latest June. BM for July of year t to June of year t+1 is defined as the book value 

of common equity at the end of fiscal year t-1, divided by the market value of 

common equity at the end of fiscal year t-1. We measure idiosyncratic volatility 

following the fundamental paper of Ang et al. (2006). We annualize the standard 

deviation of the residuals in monthly regressions of daily stock returns during 

month -2, on the FF3 factors. Momentum is computed as the cumulative return from 

the 12th month to the second month before that month, i.e., over months -12 to -2. 

As mentioned earlier, illiquidity is measured as proposed by Amihud (2002). The 

illiquidity measure employed for July of year t to June of year t+1 is the daily ratio 

of absolute stock return to its dollar volume, relative to the market average 

illiquidity during the same period. Investment is measured following Lyandres et 

al. (2008). Investment for July of year t to June of year t+1 is calculated as the 

annual change in gross property, plant, and equipment plus inventory, divided by 

the assets, at the beginning of the fiscal year t.  

 

3.1.2 OLS Regressions 

As we have introduced all our explanatory variables, we utilize these to examine 

the effects of firm characteristics on long-term stock returns following a corporate 

event. We propose the following regression model, as in Bessembinder and Zhang 

(2013): 

 

ln(1 + 𝑟𝑒𝑡) − ln(1 + 𝑟𝑚𝑡) = 𝛼 + 𝛽1Δ𝐵𝑒𝑡𝑎𝑒𝑡 + 𝛽2Δ𝑆𝑖𝑧𝑒𝑒𝑡 

                           +𝛽3Δ𝐵𝑀𝑒𝑡 + 𝛽4Δ𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑒𝑡 + 𝛽5Δ𝐼𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑒𝑡

+ 𝛽6Δ𝐼𝑑𝑖𝑜𝑉𝑜𝑙𝑒𝑡 + 𝛽7Δ𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑒𝑡

+ 𝜀𝑒𝑡                                                                                           (𝟑) 

 
2 Idiosyncratic volatility and market beta are not computed manually. Advancements within 

WRDS makes us able to directly extract it from this database. The computations of these 

characteristics in WRDS are consistent with Bessembinder and Zhang (2013), as described above. 
3 Damodaran (2012) suggests computing beta across a five-year period to account for fluctuation 

in the business cycle and assure enough data points for a meaningful estimation. 
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𝑒 = 1, 2, 3, … , 𝐸;      𝑡 = 1, 2, 3, … , 𝑇 

 

The BHAR method is refined to focus on differences in monthly log returns4 and is 

subject to an extensive cross-section of firm characteristics. We normalize 

differences in each of the seven firm characteristics across event and control firms. 

In doing so, we compute the difference in each firm characteristic, between the 

event firm and control firm, monthly. The positive differences are then sorted from 

smallest to largest (for  > 0), while the negative differences are sorted from least 

negative to most negative (for  < 0). Moreover, the differences are converted to 

percentile rankings, thereby ranging from -1 to 1.  

 

In numerous empirical studies, the majority of the variation in characteristic values 

and returns tends to be concentrated in the extremes of the characteristic 

distribution. There is evidence to suggest that the relationship between 

characteristics and returns is nonlinear, as highlighted by Fama and French (1995; 

2008). Cochrane (2011) speculates on these findings: ‘To address these questions 

in the zoo of new variables, I suspect we will have to use different methods.’ We 

address his suspicion by allowing for possible nonlinear effects by estimating Eq. 

(3) while including both the level and the square of each normalized difference in 

firm characteristics. In doing so, we can capture the complex relationship between 

these variables and stock returns that a linear model may fail to encapsulate. 

Specifically, we run the following regression: 

 

ln(1 + 𝑟𝑒𝑡) − ln(1 + 𝑟𝑚𝑡) = 𝛼 + 𝛽1Δ𝐵𝑒𝑡𝑎𝑒𝑡 + 𝛽2Δ𝐵𝑒𝑡𝑎𝑒𝑡
2 + 𝛽3Δ𝑆𝑖𝑧𝑒𝑒𝑡 

         +𝛽4Δ𝑆𝑖𝑧𝑒𝑒𝑡
2 +𝛽5Δ𝐵𝑀𝑒𝑡 + 𝛽6Δ𝐵𝑀𝑒𝑡

2 + 𝛽7Δ𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑒𝑡

+ 𝛽8Δ𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑒𝑡
2 + 𝛽9Δ𝐼𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑒𝑡 + 𝛽10Δ𝐼𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑒𝑡

2

+ 𝛽11Δ𝐼𝑑𝑖𝑜𝑉𝑜𝑙𝑒𝑡 + 𝛽12Δ𝐼𝑑𝑖𝑜𝑉𝑜𝑙𝑒𝑡
2 + 𝛽13Δ𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑒𝑡

+ 𝛽14Δ𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑒𝑡
2

+ 𝜀𝑒𝑡                                                                                                     (𝟒) 

 

The primary focus in Eq. (3) and (4) lies on the intercept variable. The intercept 

provides an estimation of the mean value of the dependent variable when all 

independent variables have zero outcomes. Consequently, when estimating Eq. (3) 

 
4 For the discussion on BHARs vs. log returns, see section 4.7.2. 



 14 

and (4) without any independent variables, the intercept serves as a measure of the 

differential in the average compounded return between event and control firms 

(Bessembinder and Zhang, 2013). When we sequentially add the explanatory 

variables, the intercept estimates the mean abnormal log return to event firms, 

conditional on no differences in firm characteristics between event and control 

firms. By converting the intercept into an equivalent wealth relative (𝑊𝑅 =

exp (�̂�𝑇)), we can estimate the accumulated return to event firms compared to 

control firms, assuming no disparities in firm characteristics between the two 

groups. Testing whether 

 

𝐻0: 𝐵𝐻𝐴𝑅𝑒𝑇 = 0 

                                                    𝐻1: 𝐵𝐻𝐴𝑅𝑒𝑇 ≠ 0                                             (𝟓) 

 

Is therefore equivalent to testing whether 

 

𝐻0: 𝑊𝑅𝑒𝑇 = 1 

                                                      𝐻1: 𝑊𝑅𝑒𝑇 ≠ 1                                                (𝟔) 

 

And both are equivalent to testing whether the time series mean log return across 

the event and control firms is equal. 

 

𝐻0: 𝛼 = 0 

                                                         𝐻1: 𝛼 ≠ 0                                                    (𝟕) 

 

Prior literature has firmly stated that firm characteristics are important in 

influencing long-run abnormal returns. Therefore, before adjusting for differences 

in firm characteristics, equivalent to running Eq. (3) and (4) without any of the 

explanatory variables, we expect to see significant abnormal returns, i.e., we would 

expect to reject the null hypothesis. Failing to reject the null hypothesis in this case 

would indicate an absence of long-run abnormal returns following the corporate 

events, which would certainly contradict existing empirical results and findings of 

recognized researchers as summarized in Table 2. Estimating Eq. (3) and (4) 

including all explanatory variables will provide an answer to whether we are able 

to construct a portfolio of firm variables that fully explains abnormal returns to 

event firms.  
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3.1.3 Limitations and Further Modifications 

In their comprehensive review of many individual financial studies, Fama (1998) 

and Loughran and Ritter (2000) find that long-run stock returns after corporate 

events tend to shrink significantly and often disappear when event firms are value-

weighted rather than equal-weighted. Therefore, our focus will be on the results 

obtained when running the pooled regression in Eq. (3) and (4), giving equal weight 

to each event. This seems the right way to capture long-run abnormal returns, 

especially since events tend to cluster in time periods as observed by Loughran and 

Ritter (2000). Petersen (2009), on the other hand, discovers that the residuals in the 

pooled regression tend to be correlated within firms or across time. This can result 

in biased estimates of the coefficient standard errors, and thus faulty significance 

test conclusions. Hence, we cluster the residuals by date for all pooled regressions.  

 

Nevertheless, we perform the value-weighted strategy as a robustness test because 

the results may be relevant for some stakeholders5. Implementing a Fama and 

Macbeth (1973) regression, we report the estimations results of the same model 

specification as defined in Eq. (4). In this approach, cross-sectional regression is 

estimated for every sample month, and finalized estimates are calculated as the time 

series mean of the monthly estimates6. Moreover, an appealing feature of the 

modified BHAR approach is that it not only allows for variations in firm 

characteristics beyond size and BM but also allows for changes through time in firm 

characteristics. To examine the relevance of time variation in firm characteristics 

versus the introduction of additional characteristics, we estimate Eq. (3) and (4) 

relying on time-invariant characteristics7.  

 

3.2 CTP 

In addition to the BHAR method, we utilize the CTP approach, to assess whether 

the results of our refined BHAR method differ from those obtained using the CTP 

method. The latter approach is formed following Loughran and Ritter (1995), and 

Brav and Gompers (1997). For each month in our sample period, we form an 

 
5 We recommend that investors establish their investment strategy before evaluating our outcomes. 

The regression results of Fama and Macbeth offer valuable insights for stakeholders who intend to 

maintain a consistent committed capital over time. On the other hand, the pooled OLS regression 

results are relevant for stakeholders who wish to adjust the committed capital proportionally based 

on the number of events that take place. 
6 Section 5.4.1 
7 Section 5.4.2 
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equally weighted portfolio of firms that have undergone relevant corporate events 

in the last five years8. From this, we calculate the excess portfolio return and use 

this as our dependent variable. The explanatory variables are directly inherited from 

Fama and French (1993), that is the market, firm size, and BM, augmented with 

Carhart´s (1997) momentum factor as the independent variables (FFC4). Hence, we 

run the following regression:  

 

(𝑅𝑝𝑡 − 𝑅𝑓𝑡) = 𝛼 + 𝛽1𝑀𝐾𝑇𝑒𝑡 + 𝛽2𝑆𝑀𝐵𝑒𝑡 + 𝛽3𝐻𝑀𝐿𝑒𝑡 + 𝛽4𝑈𝑀𝐷𝑒𝑡 + 𝜀𝑒𝑡           (𝟖) 

 

where 𝑅𝑝𝑡 is the monthly return on the event portfolio, and 𝑅𝑓𝑡 is the one-month 

Treasury bill rate. The statistical significance of the intercept indicates whether the 

long-run performance anomaly to event firms can be resolved by this model. In 

other words, the hypothesis formed in Eq. (7) applies also to the CTP method. 

Rejecting the null hypothesis would mean that the calendar time portfolio method 

indicates an occurrence of abnormal returns for the events. As the existing literature 

has pointed out disparities between the BHAR method and the CTP method, the 

expected results from the latter approach seem unclear. We understand that 

conflicting results may occur, while the opposite is desirable as it would reconcile 

the two main methods within the area of abnormal stock returns.  

 

3.2.1 Limitations and Further Modifications 

In the words of Loughran and Ritter (2000, p. 362): ‘In general, tests that weight 

firms equally should have more power than tests that weight each time period 

equally.’ Since the CTP approach weights each period equally, it has a lower power 

to detect abnormal performance since managers time corporate events to coincide 

with misevaluations. As a means of addressing the problem, we estimate Eq. (8) 

following Fama (1998) who suggests weighting the monthly portfolio return by the 

number of event firms within the given portfolio9. Furthermore, we draw inspiration 

from Jaffe (1974) and Mandelker (1974) who suggest weighting the monthly 

portfolio return by each month's standard deviation10, which appears to be the right 

approach to capture the additional information due to event bunching.  

 
8 Some sample months contain a small number of event firms. To improve the accuracy of the 

CTP regression results, we require at least 20 firms in each month for the CTP regressions.  
9 Section 5.4.3 
10 Section 5.4.4 



 17 

4. Data  

This section explains the data utilized in our analysis. No one database contains all 

the required financial and deal-related data needed for this study. Event firms are 

retrieved from Securities Data Company (SDC) Platinum while their financial data 

is retrieved from Wharton Research Data Services (WRDS). Below we describe the 

main data extraction11, filtering, and merging process. We have access to the 

relevant databases through the BI Library. 

 

4.1 IPO Event Firms 

IPOs completed by U.S. companies between 1980-2017 are identified using 

Thomson’s Financial SDC database. The sample ends in 2017 for two reasons. 

First, we are interested in assessing whether Bessembinder and Zhang’s (2013) 

methodology and conclusions remain steadfast for our updated sample. Second, we 

allow for five years to measure post-event stock returns12, which is the 

recommended post-event window in long-run abnormal returns studies according 

to Fama (1998). It is important to acknowledge that the number of IPOs can vary 

across studies, in part due to differences in the criteria used to define an IPO. Ritter 

and Welch (2002) argue that studies of IPOs often exclude closed-end funds and 

real estate investment trusts (SIC code 6798). American Depositary Receipts are 

frequently excluded, as they showcase problems with the quality of the data from 

SDC Platinum. Following Ritter and Welch in filtering the IPO firms, our initial 

sample of IPOs consists of 10 839 firms.  

 

4.2 M&A Event Firms 

M&As completed by U.S. public firms between 1980-2017 are identified using 

Thomson’s Financial SDC database. We impose two filters that follow Betton et al. 

(2008). First, the acquisition must take one of the following forms: merger (SDC 

deal form M), acquisition of majority (SDC deal form AM), acquisition of 

remaining interest (SDC deal form AR), or acquisition of partial interest (SDC deal 

form AP). Second, the acquisition must be a so-called control bid, which means that 

the acquirer holds less than 50% of the target and intends to hold more than 50% 

after the merger. Moreover, we require the transaction value to be more than $5 

 
11 Appendix A shows the detailed step-by-step data extraction process.  
12 This applies to M&As and SEOs as well.  
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million to exclude small deals that may have immaterial impacts. Post-filtering, our 

initial sample of M&As consists of 7016 transactions.  

 

4.3 SEO Event Firms 

SEOs completed by U.S. public firms between 1980-2017 are identified using 

Thomson’s Financial SDC database. Consistent with prior research by Eckbo et al. 

(2007), we exclude American Depository Receipts, Global Depository Receipts, 

and unit offerings. Financial companies (SIC codes between 6000 and 6999), and 

public utilities (SIC codes between 4900 and 4999) are excluded from the sample 

because their capital decisions may be influenced by unique circumstances or 

specific factors (Flannery and Rangan, 2006). Our initial sample of SEO firms 

consists of 11 337 observations.  

 

4.4 Financial-Related Data (BHAR) 

For every event firm obtained from SDC Platinum, we extract its changeable 

company identifier (CUSIP) and convert it into a permanent company identifier 

(PERMNOs) using The Center for Research in Security Prices (CRSP) database13. 

Then, these PERMNOs are utilized within the WRDS database to obtain the event 

firms’ financial data that is needed for our analysis. The databases that have been 

merged for the modified BHAR approach are reported in Table 3.  

 

Table 3. This table provides an overview of all databases used for our modified BHAR analysis. Firm size, 

return momentum, and illiquidity are all computed from the Daily Security file. Book-to-market ratio and 

investment are computed from the Fundamentals Annual file, while idiosyncratic volatility and market beta are 

directly extracted from the Beta Suite database. For the two latter variables, we use an estimation window of 

1260 trading days (60 months) and a minimum window of 1 trading day. 

 
As presented in Section 3, we aim to run monthly pooled regressions. Therefore, 

the frequency of these databases is adapted accordingly. The two daily stock files 

are converted to monthly values. Regarding the annual stock files, the BM ratio at 

the end of year T-1 is assigned from July of year T to June of year T+1, while the 

investment value of year T is assigned from July year T to June year T+1. Hence, 

 
13 Appendix B explains in detail how we have merged the SDC Platinum and WRDS database.  
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the frequency of our data is consistent across databases, which is necessary to run 

the regressions.  

 

4.5 Multifactor Model (CTP) 

When utilizing the CTP method, we require a proxy for the risk-free rates. As a 

proxy for U.S. event firms, we will use the 1-month risk-free rate obtained from the 

Kenneth R. French Data Library (2021). We utilize monthly frequency not only 

because this is the approach both Fama and French (1993) and Carhart (1997) 

suggest, but also because our dataset is based on monthly returns. The remaining 

factors used in the CTP approach, MKT, SMB, HML, and UMD are retrieved from 

Kenneth R. French Data Library (2021). For U.S. event firms, we have used the 

factors for the U.S. Research Returns Data.  

 

4.6 Matching Firms and Final Sample 

For each event firm, we identify a non-event control firm as a common stock 

contained in the CRSP database that did not engage in the event. We follow the 

matching procedure presented in Section 3.1.1. We are able to identify matching 

firms for 9706 of the IPO firms in our sample, which also is our final IPO sample 

used in the rest of the paper. For bidding and SEO firms, we are able to identify 

2776 and 5018 matching firms, respectively, which also equates to our final sample.  

 

Table 4 reports the number of event firms on an annual basis, indicating that the 

frequency of events varies significantly over time. The number of IPOs increases 

substantially in the 1990s to a peak of 735 in 1996 due to the rapid growth of the 

U.S. economy. The number of M&A deals is severely small before 1984, but 

substantially increases in the mid-1990s, peaking to 184 in 1997. The number of 

SEO peaks to 301 in 1983, before declining 81% the following year. Common for 

all three events is that their number significantly decreases in the early 2000s 

following the dot com bubble and the associated economic downturn. The number 

of IPOs and SEOs hit rock bottom in 2008 at 22 and 33, respectively, because of 

the financial crisis, before increasing by approximately 200% in the following two 

years. However, the annual number of all three events has had a relatively stable 

development post the financial crisis.  
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Table 4. This table displays the number of event firms in our final sample, by year. 

 

4.7 Descriptive Data Statistics 

In this section, we report summary statistics for our variables and justify the 

methodology presented in Section 3.  

 

4.7.1 Differences in Firm Characteristics for Event vs. Non-Event Firms 

Our objective is to examine the potential of characteristic-based models in 

explaining the abnormal returns observed in the months following important 

corporate events. To establish the plausibility of this explanation, it is necessary to 

demonstrate that firms involved in these events display systematic differences in 

characteristics that play a crucial role in determining abnormal returns. In Figure 1 

– 3 we report the monthly sample medians in the same seven characteristics after 
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the indicated event for IPO, bidding, and SEO firms, as well as their matched 

control firms.  

 

 

 

Figure 1. This figure plots the time series of the median beta, size, BM, momentum, idiosyncratic volatility, 

illiquidity, and investment for sample IPO firms and their size-matched comparable firms, for the 60 months 

after the initial public offering. Month 0 corresponds to the month of going public. Each IPO firm is matched 

with a firm with the closest market capitalization at the end of the latest December after the offering 

(Bessembinder and Zhang, 2013). The sample has 9706 IPO firms over the period 1980–2017.  
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Figure 2. This figure plots the time series of the median beta, size, BM, momentum, idiosyncratic volatility, 

illiquidity, and investment for sample bidding firms and their size- and BM-matched comparable firms, for the 

60 months before and after the merger. Month 0 corresponds to the month of the merger. Each bidding firm is 

matched with a firm whose size is between 70% and 130% of the bidding firm and has the closest book-to-

market ratio at the end of the latest December before the merger (Bessembinder and Zhang, 2013). The sample 

has 2776 M&A firms over the period 1980–2017.  
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Figure 3. This figure plots the time series of the median beta, size, BM, momentum, idiosyncratic volatility, 

illiquidity, and investment for sample SEO firms and their size- and BM-matched comparable firms, for the 60 

months before and after the equity offering. Month 0 corresponds to the month of the equity offering. Each 

SEO firm is matched with a firm whose size is between 70% and 130% of the SEO firm and has the closest 

book-to-market ratio at the end of the latest December before the offering (Bessembinder and Zhang, 2013). 

The sample has 5018 SEO firms over the period 1980–2017.  

 

Figures 1 – 3 verify that event firms do systematically differ from non-event firms. 

In particular, firms engaging in IPOs, M&As, and SEOs tend to be smaller than 

non-event firms. Our findings amplify the results found by Brav et al. (2000), who 

discovered that firms have low BM ratios during initial public offerings and 

seasoned equity offerings. IPO firms are much more liquid at the time of going 

public but maintain moderately better liquidity as compared to their control firms 

from the 36th month after the IPO. SEO firms are more illiquid 60 months before 

the issue, while the opposite is true over the 60 months after the issue. These 

findings are consistent with Butler and Wan (2010) who show that firms that issue 

securities are more liquid, post-event, than their size and BM-matched control 

firms. IPO firms and SEO firms have moderately smaller return momentum than 

their matched firms but invest more over the whole sample period, consistent with 
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the findings of Lyandres et al. (2008). Firms undergoing initial public offerings, 

mergers, and seasoned equity offerings firms have much higher beta and 

idiosyncratic volatility than their matched counterparts, especially after the event 

takes place. Bidding firms have lower BM ratios than their matched firm 60 months 

before the event, while the opposite is true from the 18th to the 60th month after the 

merger. Bidding firms always have greater idiosyncratic volatility and market beta 

than their matched firms over the 120 months around the merger. Lastly, bidding 

firms have greater return momentum over the 50 months before and 6 months after 

the event, and greater capital investment than their matched control firms 30 months 

before and after the merger.  

 

Figures 1 – 3 also present evidence concerning the degree of accuracy over time, 

regarding the matching between event and control firms in terms of variables used 

to create the matching sample. Although each sample shows a strong average match 

at a specific point in time, the level of closeness between the two groups diminishes 

as time elapses. The median size of bidding firms surpasses that of control firms by 

the end of the sample period. Furthermore, 18 months after the event, the BM ratio 

of bidding firms surpasses that of control firms and continues to do so throughout 

the sample period. The median size of SEO firms increases in the months preceding 

the offering, equals that of the matched sample in the months after the SEO, but 

falls short of the matched sample throughout the remaining post-event period. The 

BM ratio of control firms exceeds that of SEO firms six months before the offering, 

but not from the 18th month and throughout the sample period. Contrary to bidding 

and SEO firms, the median size of IPO firms is significantly lower than that of 

control firms during most of the post-event period, with the largest difference 

occurring from the 12th to the 30th month after the IPO. These findings reinforce the 

importance of refining the BHAR method to control for variation over time, even 

in other characteristics than those used to create the matched firm sample.  

 

4.7.2 BHARs vs. Difference in Log Returns 

In Table 5, we additionally report the standardized (scale-invariant) skewness and 

kurtosis of BHARs and our proposed dependent variable, the difference in monthly 

log returns. For M&As the kurtosis and skewness do not differ much for BHARs 

and differences in log returns, such that the results of the regression may not vary 

substantially depending on what is used as the dependent variable. For IPOs and 
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SEOs, however, the opposite is true. The skewness of the BHARs is -10.84 (IPOs) 

and -28.15 (SEOs), while the kurtosis of the BHARs is 165.62 (IPOs) and 819.48 

(SEOs). The skewness and kurtosis of log returns differences are considerably 

lower, with the skewness taking a value of -1.35 (IPOs) and 0.67 (SEOs), and the 

kurtosis being 14.25 (IPOs) and 1.04 (SEOs). Hence, using differences in monthly 

log returns as our dependent variable, as opposed to BHARs, yields better statistical 

properties, and we can alleviate the biases discussed in Section 2.1.  

 

 

Table 5. This table reports summary statistics of the 60-month BHARs and the difference in monthly log returns 

between the event firms and their matching firms. BHARs are the differences in the cumulative buy-and-hold 

returns over the 60-month period between the event firms and their matching firms. The difference in monthly 

log returns is the difference in monthly log returns between the event firms and their matching firms. 
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5. Results and Analysis 

5.1 Assessing Replicability of Bessembinder and Zhang (2013)  

To assess the replicability of Bessembinder and Zhang (2013), we report in Table 

6 and Table 7 the regression results for the 1980-200514 period obtained through 

the modified BHAR method and CTP method, respectively. For illustration 

purposes, we only report the estimated intercept in the regressions, as this is our 

main variable of interest. Moreover, we only display replication results for one of 

the events obtained through the modified BHAR method.  

 

 

Table 6. This table shows the replicating results through the modified BHAR method for the sample of bidding 

firms by comparing the constant obtained by Bessembinder and Zhang (2013) to the constant obtained by us.  

 

 

Table 7. This table shows the replicating results through the CTP method for the sample of bidding firms by 

comparing the Jensen's alpha obtained by Bessembinder and Zhang (2013) to the alpha obtained by us. 

 

First, Table 6 show that the individual slope coefficients associated with the 

intercept are not identical to Bessembinder and Zhang (2013). The most glaring 

cause for this is the different number of observations we obtain across Columns 1 

– 10, as opposed to the authors. There are several plausible reasons for this, one of 

which relates to the financial data collection process for event and control firms. 

Bessembinder and Zhang (2013) do not specify where they extract this data from. 

 
14 The sample period is constricted to 1980 – 2005 to be consistent with the authors.  
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Without further context and information, we assume that it is extracted from WRDS 

as this is the main database designed for quantitative analysis of financial data. 

However, this is not confirmable and may in practice deviate from the authors. 

Neither do they specify any data cleaning process, and whether missing or corrupt 

data have been manually handled. To reduce the impact of data errors in the U.S. 

data and reduce potential biases arising from low-price, prior studies usually 

winsorize and quantile stock return data (e.g., Hou et al. 2011; Jensen et al. 2021). 

In our analysis, we apply a similar approach to our data. Hence, the divergent 

findings observed in comparison to Bessembinder and Zhang's (2013) results could 

largely be attributed to differences in handling outliers15.  

 

Our matching procedure and the computations of dependent and independent 

variables are directly conditional on the financial data from CRSP. In our case, we 

suspect that deviations in data cleaning and filtering, inadvertently excluded or 

altered observations, ultimately resulting in a reduced number of observations. 

Therefore, since our number of observations deviates from Bessembinder and 

Zhang (2013), it naturally explains the insubstantially different regression results 

we obtain.  

 

However, Table 6 showcases two important findings: First, the development of the 

intercept from Column 1 to Column 9 follows the same direction as Bessembinder 

and Zhang (2013). Second, the interpretation related to the statistical significance 

of the intercept across Columns 1 – 10 is completely equal to Bessembinder and 

Zhang (2013). Table 7 strengthens the replication theory, as we obtain similar 

Jensen’s alphas as the aforementioned authors. Tables 6 and 7, therefore, showcase 

that despite the earlier mentioned deviations, our sample is large enough to draw 

the same conclusions as Bessembinder and Zhang regarding the existence of 

abnormal returns and the impact of firm characteristics and market factors on these, 

respectively. We are confident that our methodology is consistent with 

Bessembinder and Zhang (2013).  

 

 
15 In Column 9 we only include event firms that have 60 months of data available for all 

characteristics. Missing values in firm characteristics explains the significant decrease in data 

points from Column 1 to Column 9.   
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5.2 Main Regression Results 

This section reports our main results through the estimation of Eq. (3) for the 1980-

2017 period. Table 8 relates abnormal returns to IPO firms, Table 9 to bidding firms 

in M&As, and Table 10 to SEO firms. For Tables 8 to 10 we run pooled OLS 

regressions when including the standardized difference in each characteristic 

individually in Eq. (3), as we are interested in examining whether the firm 

characteristics can individually fully explain any abnormal performance. The most 

important results are reported when including the standardized differences in each 

characteristic simultaneously, to understand whether variation in firm 

characteristics across event and control firms fully explains abnormal returns to 

event firms. Lastly, we estimate Eq. (4), allowing for non-linear relations between 

firm characteristics and abnormal returns. This section aims to answer our first 

research question: Can differences in firm characteristics between event and 

control firms fully explain the abnormal returns following corporate events? 

 

5.2.1 Firm Characteristics and Abnormal Returns After IPOs 

Table 8 reports the results of pooled estimation of Eq. (3) and (4) for the IPO 

sample. In Column 1, which is the mean continuously compounded differential in 

returns for IPO firms versus control firms, we estimate an intercept of -0.0139. This 

is by construction equivalent to the mean log return reported in Table 5. The 

intercept is statistically significant at the 1% level with a t-statistic of -4.173, 

meaning that we reject the null hypothesis formed in Eq. (7). That is, the IPO firms 

experience negative abnormal returns of 1.39% over the five years after an IPO. 

This finding is consistent with previous research, such as Loughran and Ritter 

(1995) and Eckbo et al. (2007). The estimated intercept of -1.39% equates to a 

wealth relative of 0.435, which implies an accumulated underperformance of 56.5% 

for the IPO firms in comparison to their matched control firms.  
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Table 8. This table presents the pooled OLS regression results for the difference in monthly log return between 

the IPO firm and their matched comparable firm. As in Bessembinder and Zhang (2013), each IPO firm is 

matched with the firm having the closest but greater size (market capitalization) at the end of earliest December 

after the IPO. Wealth relative is calculated as exponential of sixty times the estimated intercept. All model 

specifications employ robust standard errors. The associated t-statistics are reported in the parentheses below 

each coefficient. Superscripts ***, **, and * correspond to statistical significance at the one, five, and ten 

percent levels, respectively. 

 

Columns 2 – 8 report the results obtained by sequentially including the differences 

between IPO firms and control firms in the seven firm characteristics. Size, 

momentum, and investment are individually positively and significantly associated 

with abnormal returns to IPO firms. Beta, BM, illiquidity, and idiosyncratic 

volatility are individually negatively and significantly associated with abnormal 

returns. Finding a positive significant relationship between stock momentum and 

stock returns is consistent with Jeegadesh and Titman (1993), and a negative 

coefficient on beta, illiquidity, and idiosyncratic volatility is consistent with Bali et 

al. (2017), Brennan and Subrahmanyam (1996), and Ang et al. (2006) respectively. 

The significance of the individual slope associated with firm size, in a sample 

created by matching on this characteristic, highlights the importance of allowing 

for changes over time in matching variables. The significant coefficients associated 
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with momentum, illiquidity, idiosyncratic volatility, investment, BM, and beta 

verify the importance of allowing for differences in characteristics, beyond those 

used to create the matching sample.  

 

Column 9 displays the findings when each of the seven firm characteristics is 

included in the regression simultaneously. Disparities in size and momentum 

between IPO and control firms are positively associated with abnormal returns, 

whereas differences in beta, BM, illiquidity, and idiosyncratic volatility are 

negatively associated with abnormal returns. Notably, six characteristics are 

statistically significant in Column 9, reinforcing the importance of controlling for 

variation in these firm characteristics over time. More importantly, the estimated 

intercept increases to -0.72% and a wealth relative of 0.649. That is, the inclusion 

of the set of firm characteristics in the linear pooled regression explains about half 

of the IPO abnormal returns. However, the estimated intercepts in Columns 2 to 9 

range from -1.64% (corresponding to a wealth relative of 0.375) to -0.72% 

(corresponding to a wealth relative of 0.0.649), remaining statistically significant, 

barely in Colum 9. Therefore, in the linear OLS specification, we always reject the 

null hypothesis in Eq. (7), indicating that differences in firm characteristics between 

IPO firms and control firms are not able to, individually nor collectively, fully 

explain the apparent abnormal returns to IPO firms after going public. 

 

Lastly, we allow for possible nonlinear effects by estimating Eq. (4). The pooled 

OLS regression results for IPO firms are reported in Column 10 of Table 6. We 

note that adding the squared terms barely changes the estimated coefficients on each 

of the level terms. Strikingly, the estimated intercept is both economically (0.84%) 

and statistically (t-statistic is 1.374) insignificant. Hence, allowing for non-linear 

relations between IPO firm characteristics and stock returns, we fail to reject the 

null hypothesis in Eq. (7), concluding that differences in firm characteristics can 

fully explain the apparent abnormal returns to IPO firms in the 60 months after 

going public.  

 

5.2.2 Firm Characteristics and Abnormal Returns after M&As 

Turning our attention to Table 9, it reports the results of estimating Eq. (3) and (4) 

for bidding firms in mergers and acquisitions. Column 1 of Table 9 shows the 

results obtained by pooled OLS estimation without control for firm characteristics. 
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The estimated intercept of -0.0238 indicates poor long-run returns to bidding firms. 

The latter interpretation stems from the intercept being negatively statistically 

significant at the 1% level, with a t-statistic of -7.933, meaning that we reject the 

null hypothesis in Eq. (7). The point estimate of -2.38% implies a wealth relative 

of 0.240, meaning that the average accumulated returns to bidding firms are 76% 

lower in comparison to control firms selected based on size and BM ratio. A finding 

of long-term underperformance for bidding firms in mergers and acquisitions is 

consistent with Loughran and Vijh (1997), Rau and Vermaelen (1998), and Betton 

et al. (2008).   

 

 
Table 9. This table presents the pooled OLS regression results for the difference in monthly log return between 

the bidding firm and their matched comparable firm. As in Bessembinder and Zhang (2013), each bidding firm 

is matched with a firm whose size (market capitalization) is between 70% and 130% of the bidding firm and 

has the closest book-to-market ratio at the end of the latest December prior to the merger. Wealth relative is 

calculated as exponential of sixty times the estimated intercept. All model specifications employ robust standard 

errors. The associated t-statistics are reported in the parentheses below each coefficient. Superscripts ***, **, 

and * correspond to statistical significance at the one, five, and ten percent levels, respectively. 

 

Columns 2 – 8 exhibits the results of sequentially incorporating variations in seven 

firm characteristics between bidding firms and their matched equivalents into the 

pooled estimation of Eq. (3). Size and momentum are individually positively and 
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significantly associated with abnormal returns to bidding firms. Beta, illiquidity, 

idiosyncratic volatility, and investment are individually negatively and significantly 

associated with abnormal returns. Finding a negative coefficient on investment for 

bidding firms is consistent with Titman et al. (2004). However, the estimated 

intercept changes only moderately, if at all, across Columns 2 – 8, ranging from -

2.36% (wealth relative of 0.243) to -2.06% (wealth relative of 0.291). Each of the 

intercepts remains statistically significant in each Column, suggesting that the firm 

characteristics considered here individually explain only 13% of bidder abnormal 

returns, at most. 

 

Column 9 reports results obtained when including all seven firm characteristics 

simultaneously. Notably, five firm characteristics are statistically significant at 

either the 1%, 5%, or 10% level. The significant coefficients associated with beta, 

momentum, illiquidity, idiosyncratic volatility, and investment showcase that 

variations in these firm characteristics over time are important drivers of abnormal 

returns for bidding firms and must be controlled for. The estimated intercept 

increases to -1.18%, with a corresponding wealth relative of 0.494, but remains 

statistically significant. Therefore, variations in firm characteristics serve to reduce 

the estimated long-term underperformance of bidding firms by only 50%. The 

alternative hypothesis in Eq. (7) is not supported in the linear OLS specification.  

 

Column 10 of Table 9 reports the pooled OLS regression results for our sample of 

bidding firms with both the level and the square of each of the seven characteristics 

included as explanatory variables. As in the case of IPO firms, adding the squared 

terms barely changes the estimated coefficients on each of the level terms. 

However, we notice that the estimated intercept becomes economically (-0.35%) 

and statistically (t-statistic is -0.836) insignificant in the non-linear specification. 

Hence, allowing for non-linear relations in our bidding sample, the pooled OLS 

provides evidence that variation in the firm characteristics can fully explain the 

abnormal returns to bidding firms in the 60 months after the merger. We fail to 

reject the null hypothesis in Eq. (7), which is consistent with Moeller et al. (2005), 

Harford (2005), and Rau & Vermaelen (1998). That is, there is no long-run 

abnormal return to bidder firms over the 1980 to 2017 period. 
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5.2.3 Firm Characteristics and Abnormal Returns after SEOs 

Table 8 presents the results of estimating Eq. (3) and (4) for firms engaging in 

SEOs. The estimated intercept of -0.0058 in Column 1 indicates that SEO firms 

have -0.58% lower mean log returns per month than control firms. Expectedly, the 

estimated intercept is statistically significant at the 5% level with a t-statistic of -

2.328, and we, therefore, reject the null hypothesis in Eq. (7). The discovery of 

negative abnormal long-run returns for companies in the 60 months following SEOs 

aligns with the findings of Loughran and Ritter (1995), Spiess and Affleck-Graves 

(1995), and Eckbo et al. (2007). The intercept of -0.58% is equivalent to a wealth 

relative of 0.705, indicating an accumulated underperformance of 29.5% for SEO 

firms when compared to their matched peers.  

 

 

Table 10. This table presents the pooled OLS regression results for the difference in monthly log return between 

the SEO firm and their matched comparable firm. As in Bessembinder and Zhang (2013), each SEO firm is 

matched with a firm whose size (market capitalization) is between 70% and 130% of the SEO firm and has the 

closest book-to-market ratio at the end of the latest December prior to the SEO. Wealth relative is calculated as 

exponential of sixty times the estimated intercept. All model specifications employ robust standard errors. The 

associated t-statistics are reported in the parentheses below each coefficient. Superscripts ***, **, and * 

correspond to statistical significance at the one, five, and ten percent levels, respectively. 
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In Columns 2 to 8, we control for variation in individual firm characteristics. 

Momentum, illiquidity, and idiosyncratic volatility are individually positively and 

significantly associated with abnormal returns, while size and BM are individually 

negatively associated with abnormal returns. The significance of the coefficient 

related to firm size and BM, even in a sample generated by matching based on these 

characteristics, emphasizes the value of incorporating temporal changes in the 

matching variables.  

 

The estimated intercept remains statistically significant in Columns 2, 4, 7, and 8, 

indicating that the firm characteristics included in these Columns – beta, BM, 

idiosyncratic volatility, and investment – do not individually fully explain the 

negative abnormal performance of SEO firms. However, the estimated intercept is 

economically and statistically insignificant in Columns 3 and 5. Surprisingly, 

differences in either size or return momentum, explain about three-quarters of long-

run abnormal returns to SEO firms rendering the remaining underperformance 

insignificantly different from zero. When including illiquidity as the only control 

variable in Column 6, the intercept is zero to three digits followed by one 

(corresponding to a wealth relative of 1.007), and statistically insignificant with a 

t-statistic of 0.048. Hence, we show that differences in illiquidity alone can explain 

all the apparent long-run abnormal returns to SEO firms.  

 

In Column 9 we include all seven characteristics simultaneously, leading to 

significant coefficient estimates of size, momentum, BM, and investment, with 

investment being the only variable negatively associated with abnormal returns. 

Most important, the estimated intercept increases to -0.29% in this specification and 

is economically and statistically insignificant with a t-statistic of -1.138. In other 

words, we fail to reject the null hypothesis in Eq. (7), meaning that the significant 

linear relations between abnormal returns and four of the firm characteristics fully 

explain the apparent abnormal returns to firms that completed SEOs during the 

1980 to 2017 sample period.  

 

Column 10 of Table 8 reports the pooled OLS regressions results when allowing 

for non-linear relations between SEO firm characteristics and abnormal returns. As 

in the case of IPOs and bidding firms, adding the squared terms barely changes the 

estimated coefficients on each of the level terms. The estimated intercept in the non-
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linear specification remains statistically (t-statistic is -1.027) insignificant. After 

controlling for differences in firm characteristics, we, therefore, fail to reject the 

null hypothesis in Eq. (7) also in the non-linear specification. Variations in firm 

characteristics can fully explain the apparent abnormal returns to SEO firms.  

 

5.3 The Calendar Time Portfolio Method 

As we have discussed in Section 2.1, results regarding the long-run performance of 

event firms often conflict depending on methodology. We investigate the results 

from our modified BHAR method and CTP method when each is implemented in 

our 1980 to 2017 sample. Table 11 reports our key results when applying the CTP 

method, through estimating Eq. (8). 

 

 

Table 11. This table presents the estimation results using the calendar time portfolio method, in which the 

dependent variable is the average return of a portfolio of firms that have conducted a certain type of corporate 

event during the past 60 months minus the risk-free rate, and the independent variables are the Fama and French 

three factors augmented with Carhart's momentum factor (Bessembinder and Zhang, 2013). All model 

specifications employ robust standard errors. The associated t-statistics are reported in the parentheses below 

each coefficient. Superscripts ***, **, and * correspond to statistical significance at the one, five, and ten 

percent levels, respectively.  

 
Most tests using the CTP method study simple returns, and this study is no different. 

It is widely known, that mean simple returns exceed mean log returns as a positive 

function of return variances (Bessembinder et al., 2019). Consequently, the larger 

return volatilities observed for event firms imply that these firms are expected to 

outperform control firms when considering simple returns rather than log returns. 

In Table 5, we report the average difference in the standard deviation for event firms 

versus their matched control firms in the 60 months after corporate events. The 
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results indicate that returns to event firms are more volatile (positive standard 

deviation) than returns to control firms in the case of all three events. Since these 

are firms with negative average BHARs, it explains why the measured abnormal 

returns become less negative or even positive when we study simple returns 

subsequent to IPOs, M&As, and SEOs.  

 
Furthermore, we observe that the FFC4 factors are all statistically significant at the 

1% significance level across all three events, indicating that the four factors 

considered here are significantly associated with abnormal portfolio returns for the 

three corporate events. However, the estimated alpha is statistically insignificant 

for IPO and M&A firms, with t-statistics being 0.845 and 0.251 respectively. Since 

Jensen’s Alpha through CTP corresponds to the constant obtained in Column 1 

through BHAR, Table 11 illustrates that the BHAR and CTP methods often produce 

contradicting results. While we successfully reject the null hypothesis in Eq. (7) in 

the former method, we fail to do so in the latter method. The results mean that 

BHAR indicates negative long-run abnormal returns following IPOs and M&As, 

while the CTP method indicates an absence of abnormal returns for the two events. 

That is, the FFC4 factors considered here, fully explain abnormal returns to IPO 

and bidding firms.  

 

While Bessembinder and Zhang (2013) use a sample period of 1980-2005, we 

extend this sample period with an additional 12 years and obtain deviating results 

for our sample of SEOs. That is, we find significant abnormal portfolio returns for 

our SEO sample when utilizing the CTP method (at the 10% significance level with 

a t-statistic of -1.750). Therefore, we argue that there is no apparent reason to 

believe that allowing for variations in firm characteristics (BHAR) necessarily leads 

to the same conclusion regarding abnormal returns as when allowing for factor risk 

(CTP). Rather, it could be sample-specific reasons behind the empirical results 

presented here. 

 

It is important to note that our study does not advocate for a specific preference 

between studying simple (as in typical CTP studies) or log returns (as implicit in 

BHAR studies) when examining abnormal performance. Instead, our objective is to 

demonstrate that the choice between studying simple returns and log returns can 

lead to divergent conclusions regarding the presence and drivers of abnormal 
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returns. This is evident from the substantial differences in return volatility between 

event firms and their matched firms, as reported in Table 5. We prove Fama (1998) 

right in saying that ‘a reasonable change of models often causes an anomaly to 

disappear’. Hence, the anomaly found using the BHAR approach may not be 

interpreted as much evidence for market inefficiency. On the other hand, our results 

for IPOs and M&As showcase a reason to believe that much of the tension between 

the traditional BHAR method and the CTP method indeed can be resolved by 

allowing the former method for imperfect control matching. However, the tension 

cannot be fully resolved.   

 

5.4 Examining the Imperfect Relationship Between BHAR and CTP 

The results presented so far highlight two important regularities. First, the 

conclusions from Bessembinder and Zhang (2013) mainly persist in our updated 

sample. Second, they illustrate that both, the BHAR and CTP, are imperfect models. 

Therefore, in this subsection, we aim to perform additional tests and consider 

alternative strategies and explanations to examine what causes this imperfection, in 

addition to flawed control firm matching and the use of simple versus log returns. 

This section aims to provide an answer to our second research question: Can 

modifications to the BHAR and CTP methods help reconcile the contradicting 

outcomes regarding long-run abnormal returns? 

 

5.4.1 Equal Weight on Events vs. Equal Weight on Time Periods 

We report the Fama and Macbeth estimation results of the same model specification 

as defined in Eq. (4), for all three event samples.  

 

Column 11 of Table 12 reports the results of the Fama and Macbeth estimation 

results for our sample of IPO firms. We observe that placing equal weight on each 

time period does not notably affect the estimated coefficients obtained in the pooled 

OLS regression. Different from before is that all estimated coefficients are 

statistically insignificant. However, our variable of interest, the estimated intercept, 

is both economically (0.27%) and statistically (t-statistic is 0.154) insignificant in 

the Fama and Macbeth regression, consistent with the pooled non-linear 

specification in Column 10. This indicates that placing equal weight on each time 
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period does not alter our initial conclusion, precisely that variation in firm 

characteristics fully explains the apparent abnormal returns to IPO firms.  

 

 

Table 12. This table presents the pooled OLS and Fama and Macbeth regression results for the difference in 

monthly log return between the IPO firm and their matched comparable firm. As in Bessembinder and Zhang 

(2013), each IPO firm is matched with the firm having the closest but greater size (market capitalization) at the 

end of the earliest December after the IPO. Wealth relative is calculated as exponential of sixty times the 

estimated intercept. All model specifications employ robust standard errors. The associated t-statistics are 

reported in the parentheses below each coefficient. Superscripts ***, **, and * correspond to statistical 

significance at the one, five, and ten percent levels, respectively.  

 

For bidding firms in M&As, Column 11 of Table 13 reports results that correspond 

to those in Column 10, except that estimation is by the Fama and MacBeth method. 

The estimated intercept in this Column is economically (-1.04%) and statistically 

(t-statistic is -0.113) insignificant. The Fama and Macbeth regression, as for the 

pooled OLS regression, provides evidence that variations in firm characteristics are 

able to fully explain the abnormal returns to bidding firms. Finally, Column 11 of 

Table 14, reports results obtained by the Fama and Macbeth procedure for SEO 

firms. Like in the case of IPO firms and bidding firms, the estimated intercept is 
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both economically (-0.28%) and statistically (t-statistic is -0.026) insignificant in 

Column 11. Differences in firm characteristics are able to fully explain the 

abnormal return to SEO firms in the linear specification, but also in the non-linear 

specification, regardless of whether we place equal weight on events or equal 

weight on each time period. 

 

 

Table 13. This table presents the pooled OLS and Fama-Macbeth regression results for the difference in 

monthly log return between the bidding firm and their matched comparable firm. As in Bessembinder and 

Zhang (2013), each bidding firm is matched with a firm whose size (market capitalization) is between 70% and 

130% of the bidding firm and has the closest book-to-market ratio at the end of the latest December prior to the 

merger. Wealth relative is calculated as exponential of sixty times the estimated intercept. All model 

specifications employ robust standard errors. The associated t-statistics are reported in the parentheses below 

each coefficient. Superscripts ***, **, and * correspond to statistical significance at the one, five, and ten 

percent levels, respectively.  
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Table 14. This table presents the pooled OLS and Fama and Macbeth regression results for the difference in 

monthly log return between the SEO firm and their matched comparable firm. As in Bessembinder and Zhang 

(2013), each SEO firm is matched with a firm whose size (market capitalization) is between 70% and 130% of 

the SEO firm and has the closest book-to-market ratio at the end of the latest December prior to the SEO. 

Wealth relative is calculated as exponential of sixty times the estimated intercept. All model specifications 

employ robust standard errors. The associated t-statistics are reported in the parentheses below each coefficient. 

Superscripts ***, **, and * correspond to statistical significance at the one, five, and ten percent levels, 

respectively.  

 
In summary, our results provide evidence in opposition to Fama (1998) and 

Loughran and Ritter (2000). We conclude that the results found for IPO, bidding, 

and SEO firms in Section 5.2 are robust to the alternative of weighting each time 

period equally. The results obtained through our modified BHAR method, across 

all three events, reconcile the diverging results between pooled OLS regressions 

and Fama and Macbeth regressions. That is, both the pooled OLS and Fama-

MacBeth specifications provide results consistent with the reasoning that long-run 

abnormal returns to IPO, bidding, and SEO firms over the 1980 to 2017 period can 
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be fully explained by differences in firm characteristics. This amplifies the initial 

relationship found between our modified BHAR method and the CTP method. The 

divergence in results across BHAR and CTP is more attributable to the imperfect 

matching of event and control firms than to the implicit weighting of events.  

 

5.4.2 Time-Invariant Firm Characteristics vs. Omitted Firm Characteristics 

Following Bessembinder and Zhang (2013), the firm characteristics for event firms 

are all measured at the end of the month before the corporate event and take the 

same value across the 60 months after the corporate event in regressions16.  

 

Table 15 reports the results obtained by OLS estimation, with and without 

allowance for non-linear effects for the bidding sample. We observe that beta, size, 

BM, momentum, and investment measured prior to the merger are statistically 

significantly associated with long-run abnormal returns across both model 

specifications. This finding provides support for the idea that excluding relevant 

characteristics plays a significant role in explaining long-term abnormal returns, 

even in the absence of time variation in these characteristics. Our results indicate 

that failing to include these characteristics in analyses can lead to an incomplete 

understanding of the drivers behind long-term abnormal returns. In other words, the 

exclusion of these factors could potentially result in misleading conclusions about 

the factors influencing investment performance. 

 

Different from before, the estimated intercept remains statistically (t-statistic is -

9.326) significant in Column 10, when allowing for possible non-linear effects of 

bidding firm characteristics on long-run abnormal returns. This is in strong contrast 

to our initial findings for bidding firms in Section 5.2, indicating that differences in 

firm characteristics measured before the merger are not able to fully explain the 

abnormal returns to bidding firms.  

 

 
16 This analysis excludes IPOs as no pre-event data is available before the time of listing.  
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Table 15. This table presents the pooled OLS regression results for the difference in monthly log return between 

the bidding firm and their matched comparable firm. As in Bessembinder and Zhang (2013), each bidding firm 

is matched with a firm whose size (market capitalization) is between 70% and 130% of the event firm and has 

the closest book-to-market ratio at the end of the latest December prior to the SEO. Wealth relative is calculated 

as exponential of sixty times the estimated intercept. The seven firm characteristics are all measured at the end 

of the month prior to the corporate event and take the same value across the sixty months after the corporate 

event in the regressions. Wealth relative is calculated as exponential of sixty times the estimated intercept. All 

model specifications employ robust standard errors. The associated t-statistics are reported in the parentheses 

below each coefficient. Superscripts ***, **, and * correspond to statistical significance at the one, five, and 

ten percent levels, respectively. 

 

Table 16 presents the estimated results of Eq. (3) and Eq. (4) obtained by OLS for 

the SEO sample. Beta, size, BM, momentum, idiosyncratic volatility, and 

investment measured prior to the equity offering have significant explanatory 

power for long-run abnormal returns to SEO firms in both model specifications. 

Most important, the estimated intercept is both economically and statistically 

significant across Columns 1 – 10. The results indicate that, regardless of model 
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specification, differences in firm characteristics measured before the SEO are not 

able to fully explain the apparent abnormal returns to SEO firms. These results 

strongly contradict our findings in Section 5.2, in which we found that differences 

in firm characteristics fully explained long-run abnormal returns to SEO firms even 

in the linear specification.  

 

 

Table 16. This table presents the pooled OLS regression results for the difference in monthly log return 

between the SEO firm and their matched comparable firm. As in Bessembinder and Zhang (2013), each SEO 

firm is matched with a firm whose size (market capitalization) is between 70% and 130% of the event firm 

and has the closest book-to-market ratio at the end of the latest December prior to the merger. Wealth relative 

is calculated as exponential of sixty times the estimated intercept. The seven firm characteristics are all 

measured at the end of the month prior to the corporate event and take the same value across the sixty months 

after the corporate event in the regressions. Wealth relative is calculated as exponential of sixty times the 

estimated intercept. All model specifications employ robust standard errors. The associated t-statistics are 

reported in the parentheses below each coefficient. Superscripts ***, **, and * correspond to statistical 

significance at the one, five, and ten percent levels, respectively. 

 

Concludingly, we provide evidence to support the notion that beta, size, 

momentum, and investment measured prior to the event month do have explanatory 
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power for long-run abnormal returns to bidding and SEO firms. Moreover, the 

estimated coefficient on the BM ratio is statistically significant in both model 

specifications for both events. This implies that Fama (1998)'s discussion of 

imperfect event-date matches on the BM variable is relevant in describing long-run 

abnormal returns. We find that there are significant abnormal long-run returns to 

bidding and SEO firms that cannot be fully explained by time-invariant firm 

characteristics, while the opposite is true when allowing for variation in firm 

characteristics on a monthly basis. These results are essential as they showcase the 

importance of modifying the BHAR method to control for variation in firm 

characteristics over time. Especially since the presented Figures 1 – 3 demonstrate 

varying trends over time in median firm characteristics between event and control 

firms, allowing for such time variation, even in matching variables, remains 

desirable for two reasons. First, to fully explain long-run abnormal returns to event 

firms. Second, to largely reconcile the inconsistency in results between the modified 

BHAR method and the CTP method.  

 

5.4.3 Value-Weighting the Portfolio Return in the CTP Approach 

For each event, we follow Fama (1998) in weighting the monthly portfolio return 

by the number of event firms within the given portfolio. Table 17 presents the 

results.  

 

Table 17. This table presents the estimation results using the calendar time portfolio method, in which the 

dependent variable is the return of a portfolio of firms that have conducted a certain type of corporate event 

during the past 60 months minus the risk-free rate, and the independent variables are the Fama and French three 

factors augmented with Carhart's momentum factor (Bessembinder and Zhang, 2013). Testing the CTP 

approach for robustness, we follow Fama (1998) in weighting the monthly portfolio return by the number of 

event firms therein.  
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Like before, the FFC4 factors are all statistically significant at the 1% level, 

indicating that they have significant explanatory power for abnormal returns to 

IPOs, bidding firms, and SEOs. However, we observe that the estimated alpha is 

economically and statistically insignificant across all three events, with t-statistics 

ranging from -1.591 to -0.449. Value weighting the portfolio returns not only retains 

our initial observation, that the CTP method indicates an absence of abnormal 

returns for IPO and bidding firms. Rather, the gap between BHAR and CTP become 

greater, as we are not able to detect abnormal returns, even for our sample of SEOs. 

By following Fama’s (1998) suggestion and value-weighting the monthly portfolio 

return by the number of event firms therein, the conflicting result in the present 

sample between the BHAR and CTP methods cannot be solved. The absence of an 

IPO-M&A-SEO anomaly and the apparent diversion between BHAR and CTP does 

not seem to be caused by excessive weight on tiny firms in the latter approach.  

 

5.4.4 Allowing for Heteroscedasticity in the CTP Approach 

To address the issue of the equal-weighted time problem, an alternative solution is 

to enhance the CTP method to allow for heteroskedasticity of the portfolio's 

abnormal return. This is necessary due to variations in the portfolio's composition 

over time. Drawing inspiration from the works of Jaffe (1974) and Mandelker 

(1974), we modify the approach by dividing the abnormal portfolio return for each 

month by its statistical precision. Table 18 presents the results.  

 

 

Table 18. This table presents the estimation results using the calendar time portfolio method, in which the 

dependent variable is the return of a portfolio of firms that have conducted a certain type of corporate event 

during the past 60 months minus the risk-free rate, and the independent variables are the Fama and French three 

factors augmented with Carhart's momentum factor (Bessembinder and Zhang , 2013). Testing the CTP 
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approach for robustness, we follow Jaffe (1974) and Mandelker (1974) in dividing the abnormal portfolio return 

for each month by an estimate of its standard deviation.  

 
We observe that most of the slope coefficients and their corresponding t-statistics 

have inflated substantially. By dividing the abnormal portfolio returns by their 

standard deviation, we implicitly assume that the volatility of the portfolio varies 

over time. However, if the volatility varies across different time periods, the scaling 

operation can distort the relationship between the variables and lead to inflated 

coefficients and t-statistics. They remain statistically significant across all three 

events. The exception is Carhart’s momentum factor which now is statistically 

insignificant (t-statistic is -0.368) and has no explanatory power for abnormal SEO 

returns. Most important, the estimated alpha becomes statistically significant at the 

1% level for IPO and SEO firms, with t-statistics of -3.202 and -4.787, respectively. 

When conducting a robustness test by weighting each month's portfolio return to 

account for heteroscedasticity, and obtaining a significant intercept, it suggests that 

our returns data for IPO and SEO firms exhibit heteroscedasticity. The exclusion of 

this feature previously led to biased standard errors of the estimated coefficients 

and incorrect inferences in Section 5.3.  

 

By dividing the monthly portfolio returns by an estimate of its standard deviation, 

we are effectively normalizing the returns, giving more weight to months with 

lower volatility and less weight to months with higher volatility. The significant 

intercept obtained after implementing this weighting procedure implies that our 

modified CTP approach addresses the issue of heteroscedasticity and effectively 

captures an average excess return for IPOs and SEOs beyond what can be explained 

by the FFC4 factors included in the model. We provide striking evidence that the 

diverging results across the BHAR and CTP methods can largely be solved by 

allowing for heteroscedastic returns in the latter approach.  
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6. Conclusion 

In many studies of long-run abnormal returns, researchers often deem it plausible 

to credit the abnormal returns to one of two things. First, entirely to the event itself, 

or second, to inadequate models for measuring expected returns. This is referred to 

as the ‘bad model’ problem (Fama, 1998). On the back of this, our paper addressed 

two key questions. First, whether the abnormal returns can be ascribed to the 

differences across event and control firms in characteristics that have been shown 

to be relevant for returns in the broader stock markets. Second, whether 

modifications to different methods used to measure abnormal returns can help 

reconcile the conflicting outcomes observed in long-run anomalies. 

 

To study this, we evaluated abnormal returns by examining the intercept obtained 

through two popular approaches within the area of long-run event studies. First, we 

employed a refined version of the BHAR method, following Bessembinder and 

Zhang (2013), by conducting a regression analysis of differences in monthly log 

returns across event and matched non-event (control) firms on normalized 

differences in seven specific firm characteristics. Second, we utilized the CTP 

approach which formed a monthly portfolio of event firms and estimated the alpha 

of the portfolio against the Fama-French-Carhart four-factor model.  

 

Our results proved that the key findings from Bessembinder and Zhang (2013), 

persisted in our updated sample. Specifically, we showed that long-run mean 

abnormal returns appeared negative for firms engaging in IPOs, M&As, and SEOs, 

which underperformed their matched counterparts by 56.5%, 76%, and 29.5% 

respectively. However, allowing for differences between event and control firms in 

market beta, firm size, BM, return momentum, illiquidity, idiosyncratic volatility, 

and capital investment, explained essentially all the apparent abnormal returns to 

event firms during the 1980 to 2017 period. For IPO and bidding firms, this 

conclusion was true only when our OLS estimations allowed for non-linear 

relations between event firm characteristics and stock returns, but regardless of 

whether results were weighted equally across events (pooled OLS regression) or 

equally across time (Fama-Macbeth regression). For our SEO sample, we found 

that variations in firm characteristics, independent of weighting strategy, fully 

explained abnormal returns to SEO firms even in the linear specification.  
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While our results regarding these three corporate events are important, they must 

be viewed critically. While the BHAR method indicated negative abnormal returns 

following IPOs, M&As, and SEOs, the CTP approach strikingly indicated an 

absence of abnormal returns for two of the events. Therefore, the findings from our 

modified BHAR method largely bridged the gap between the BHAR and CTP 

approaches and limited the ‘bad model’ problem. The results indicated that the 

divergence in results across the two methods is more attributable to the imperfect 

matching of event and control firms rather than to the implicit weighting of events. 

However, the results were only reconciled when implementing time-variant 

variables, highlighting the importance of refining the BHAR method to allow for 

variations in firm characteristics over time.  

 

Our modified versions of the CTP method showed that the apparent inconsistency 

across BHAR and CTP may be largely resolved by allowing for heteroscedasticity 

in the latter approach. The above-mentioned results indicate that small tweaks to 

the BHAR and CTP methods could significantly change the conclusions drawn 

regarding long-run abnormal returns. Therefore, we cannot vouch for one of the 

methods, exclusively. Rather, we provide evidence consistent with Fama (1998) 

who states that long-term return anomalies are fragile and tend to vary substantially 

with reasonable changes in how they are measured.  

 

In other words, the ‘bad model’ problem is unavoidable and apparent anomalies 

may be methodological illusions. Although our findings of abnormal returns should 

not be viewed as much evidence against market efficiency, our findings consistently 

support the conclusion that the apparent abnormal long-term returns observed in 

firms undergoing IPOs, M&As, and SEOs can be predominantly explained by the 

observable characteristics of these firms. Utilizing a simple set of just seven 

observable characteristics was as effective or more effective than prior more 

complex characteristic-based models in explaining abnormal stock returns. 

However, we do not steer clear of the ‘bad model’ problem. It would be intriguing 

to see whether future research can find a point, where the number of characteristics 

and the degree of the ‘bad model’ problem offset each other. There is an everlasting 

search for balance between the simplicity of a model and its ability to accurately 

capture and explain the observed abnormal returns.  
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Appendix A 

This Appendix shows the step-to-step extraction process of event firms from SDC 

Platinum. Please note that Thomson’s Financial SDC database is updated daily. 

Therefore, the number of event firms the reader obtains may differ slightly from 

what is reported in this thesis.  

 

IPOs 

Step 1 Select the Global New Issues Database 

- In the Database Selection window, select Global New Issues Databases > 

Common Stock 

Step 2 Specify the Offer Date Range 

- In the Offer Date window, type 1980-2005 

Step 3 Select IPOs 

- Click on IPO Flag 

- Accept the default, Select All IPOs 

Step 4 Select U.S. Companies 

- Click on Deal Type 

- Select U.S. Common Stock (C) 

- Click on Issuer/Borrower nation 

- Deselect U.S. 

Step 5 Exclude Real Estate Investment Trusts 

- Click on All SIC 

- Exclude Real Estate Investment Trusts (SIC code 6798) 

Step 6 Exclude Closed-End Funds 

- Click on Closed-End Fund/Trust flag 

- Select Exclude Closed-End Fund/Trust 

Step 7 Exclude American Depositary Receipts 

- Click on Security Type 

- Exclude American Depositary Receipts (SEC code 804) 

 

M&As 

Step 1 Select the M&A Database  

- From the Database Selection window Mergers & Acquisitions tab, select 

US Targets 

Step 2 Specify an Announcement Date  
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- In the Announcement Date window, type 1980-2005 

Step 3 Select Public U.S. Companies 

- Click on acquirer and target public status 

- Select Public (P) 

Step 4 Select All Completed Transactions 

- Click on Deal Status 

- Select Completed (C) and Unconditional (U) 

Step 5 Select U.S. Events 

- Click on Target and Acquiror nation 

- Deselect U.S.17 

Step 6 Select the Relevant Form of M&A 

- Click on Deal Form 

- Select AP, AM, AR, M 

Step 7 Select Disclosed and Undisclosed Value Mergers and Acquisitions 

- Click on Deal Type 

- Select Disclosed and Undisclosed Value Mergers & Acquisitions 

Step 8 Exclude Minority Stake Purchases: 

- Click on Deal Type 

- Exclude Minority Stake Purchases 

Step 9 Select a Deal Value:  

- Click on Deal Value ($ Mil) 

- In the LO text box type 5, in the HI text box accept the default, HI. 

 

SEOs 

Step 1 Select the Global New Issues Database 

- In the Database Selection window, select Global New Issues Databases > 

Common Stock 

Step 2 Specify the Offer Date Range 

- In the Offer Date window, type 1980-2005 

Step 3 Select SEOs 

- Click on Issue Type 

 
17 Within the SDC database, the U.S. is found under “America” and “North America”. The correct 
way to select the U.S. is to highlight all countries available in SDC, deselect the U.S., and click 
“Exclude”. This way, we are able to select the U.S. as the only nation of interest.  
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- Select Follow-On18 (FO) 

Step 4 Select U.S. Companies 

- Click on Deal Type 

- Select U.S. Common Stock (C) 

- Click on Issuer/Borrower nation 

- Deselect U.S. 

Step 5 Exclude Financial Companies 

- Click on All SIC 

- Exclude all companies with SIC codes between 6000-6999 

Step 6 Exclude Public Utilities 

- Click on All SIC 

- Exclude all companies with SIC codes between 4900-4999 

Step 7 Exclude Global Depositary Receipts 

- Click on Security Type 

- Exclude Global Depositary Receipts (SIC code 8330) 

Step 8 Exclude American Depositary Receipts 

- Click on Security Type 

- Exclude American Depositary Receipts (SIC code 804) 

Step 9 Exclude Unit Offerings 

- Click on Unit Issue Flag 

- Select exclude Unit Issues 

 

 

 

 

 

 

 

 

 
18 Note that we select follow-on offerings and not secondary offerings. This is because all follow-
on offerings are seasoned equity offerings, while all secondary offerings may not be seasoned 
equity offerings.  
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Appendix B 

While the information on events is retrieved from SDC Platinum, the firms’ 

financial data needed for our analysis is retrieved from CRSP and Compustat 

within the WRDS database. However, problems are commonly reported when 

merging two different databases. Merging the two databases requires a common 

identifier. The company identifiers SDC Platinum provided are CUSIPs, unique 

identification numbers assigned to stocks. While CRSP can take CUSIPs as input, 

the CUSIPs are unfortunately not permanent. Therefore, when directly 

transferring the CUSIPs from SDC Platinum to CRSP we lose about half of our 

observations since CUSIP changes over time. Also, CUSIPs are reassignable to 

other firms, meaning that using CUSIPs may result in analyzing a firm that was 

not in our initial sample.  

 

We avoid this problem by using a permanent identifier (which is not reassignable 

even after delisting or defaulting). For each event firm’s CUSIP obtained from 

SDC platinum, we convert this into its corresponding PERMNO, using a 

conversion tool provided by CRSP. Observations are lost in this step, as all 

CUSIPs do not have PERMNOs. Furthermore, we also need accounting data for 

event firms from Compustat. Challenges are commonly reported when merging 

CRSP and Compustat within the WRDS database. To optimally do this, we use 

the PERMNOs in the CRSP/Compustat merged database. In doing so, we have 

been able to merge SDC Platinum and WRDS, obtaining a permanent identifier 

for the companies where this is possible, and which have all the financial data that 

is needed for our analysis. Simply put, the following procedure is utilized: 

 

Step 1 

- Extract Event Firms from SDC and Their Associated 6-digit CUSIPs 

Step 2 

- Log Into the WRDS Database and Select the ‘CRSP’ Vendor 

Step 3  

- Under ‘Annual Update’, Click on ‘Tools’ 

Step 4 

- Convert the 6-digit CUSIPs Into Their Corresponding PERMNOs 

Step 5 

- Utilize the PERMNOs from Step 4 to Extract Firms’ Financial Data  
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