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中 文 摘 要 ： 股價的跳升使得公司在投資組合中的權重大幅增加，因此投資人必
須重新調整投資組合以降低風險。此時若該公司無法吸引足夠的買
氣，其股價便會因為投資人進行調整而下滑。若公司進行股票分割
以吸引新投資人、促進交易，即可緩解股價被低估的現象。由於股
價低估經常導致資訊交易以及選擇權交易的產生，因此本文透過股
票分割期間的股票以及選擇權交易行為，驗證上述股票分割的投資
組合重組假說。

中文關鍵詞： 投資組合重組、O/S、股價低估、股票分割、盈餘慣性、交易策略

英 文 摘 要 ： After experiencing significant stock price run-ups, a firm
becomes overweight in its shareholders‘ portfolios,
subjecting them to excessive firm-specific risk and
creating portfolio rebalancing needs. If the firm cannot
attract sufficient buying interests, selling pressure from
rebalancing leads to undervaluation. The firm can resolve
the undervaluation problem by splitting its shares to
attract new investors to better facilitate shareholders‘
portfolio rebalancing. Since undervaluation attracts
informed trading and makes listed options more appealing,
we analyze stock price behavior and relative trading of
options over stock surrounding stock splits and find
compelling evidence consistent with our portfolio-
rebalancing hypothesis of stock splits.

英文關鍵詞： portfolio rebalance, O/S, stock undervaluation, stock
splits, post-earnings announcement drift, trading strategy
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Price Run-Ups, Portfolio Rebalancing Needs, and Stock Splits 
 

1. Introduction 

Why do firms split their stocks? Weld, Benartzi, Michaely, and Thaler (2009) review 

potential explanations including signaling and optimal trading range and find that none of the 

existing theories are able to explain why firms split their stocks to manage their stock price levels. 

Similarly, Easley, O’Hara, and Saar (2001, p. 25) point out “why a split per se is necessary is 

unclear. . . . Empirical research has documented a wide range of negative effects such as 

increased volatility, larger proportional spreads, and larger transaction costs following the splits. 

On balance, it remains a puzzle why companies ever split their shares.” However, many firms 

whose stocks have performed well split their stocks, and the market tends to react positively to 

split announcements (see, e.g., Grinblatt, Masulis, and Titman (1984), Ikenberry, Rankine, and 

Stice (1996), and Lin, Singh, and Yu (2009)). These stylized facts imply that the benefits of 

stock splits to the firms should outweigh the associated negative effects. The question is: What 

are the benefits of stock splits?  

According to Chordia, Huh, and Subrahmanyam (2007), run-ups of stock prices naturally 

lead to share turnover due to investors’ portfolio rebalancing needs. Lakonishok and Lev (1987) 

and Asquith, Healy, and Palepu (1989) show that, prior to stock splits, split firms tend to 

experience considerable earnings growth, which pushes stock prices up in the pre-split period. 

Motivated by these observations, we propose a novel hypothesis to explain why firms do stock 

splits and examine their implications for stock price behavior. Specifically, our hypothesis posits 

that, after experiencing significant price run-ups, a stock becomes overweight in its shareholders’ 

portfolios, subjecting them to excessive firm-specific risk and creating portfolio rebalancing 



 2 

needs. Selling pressure builds when many existing shareholders plan to sell shares for portfolio 

rebalancing needs, even if they may not sell shares at the same time.  

This selling pressure depends on the composition and the characteristics of shareholders, 

such as when they became shareholders and their propensities for rebalancing their portfolios; 

and it would not be a concern if the firm has a large investor base to draw buying interests. 

However, if the firm cannot attract sufficient buying interests, the selling pressure from 

shareholders’ portfolio rebalancing needs leads to stock undervaluation. In other words, the 

selling pressure from rebalancing needs acts as a “brake” for the stock price to rise to its full 

value. Undervaluation would attract informed investors, who trade strategically and camouflage 

among uninformed traders (Kyle (1985) and Admati and Pfleiderer (1988)). Informed buying to 

capture such undervaluation induced by past stock price run-ups can move the stock price toward 

its full value and generate a price momentum. The price momentum can further increase not-yet-

rebalancing shareholders’ needs to rebalance their portfolios. 

While undervaluation attracts informed investors to buy the stock, trading on listed 

options, if available, can be even more appealing to these informed investors because of options’ 

implicit leverage to enlarge trading gains (Back (1993)). This rationale suggests that the 

valuation effect of portfolio rebalancing needs induced by stock price run-ups can also affect the 

options market. The price momentum in the equity market and the relative preference for trading 

options should be related as both have a common underlying factor triggered by undervaluation 

induced by substantial stock price run-ups. 

Thus, we hypothesize that, prior to a stock split, portfolio rebalancing needs induced by 

price run-ups impede the price discovery function of the market and lead to undervaluation, and 

that the firm can resolve the undervaluation problem by splitting its shares to attract new 
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investors to better facilitate existing shareholders’ portfolio rebalancing needs. By attracting new 

investors to offset the selling pressure from shareholders’ portfolio rebalancing, a stock split 

restores the price discovery function and makes the market more efficient. Therefore, our 

hypothesis predicts that undervaluation and price momentum are likely to show up in the pre-

split period but would disappear in the post-split period. 

A stock split may attract more investors because (i) it calls attention to the firm (Grinblatt, 

Masulis, and Titman (1984)), (ii) it induces more information production (Brennan and Hughes 

(1991) and Chemmanur, Hu, and Huang (2014)), and (iii) it reduces capital needed for buying a 

round lot, allowing speculators with limited risk-taking capacity to take a small position on the 

firm (Schultz (2000) and Lin, Singh, and Yu (2009)). Consequently, by attracting more new 

investors, a stock split allows existing shareholders to sell part of their holdings to new investors, 

resulting in better risk sharing. 

Furthermore, because stock undervaluation can adversely affect managerial 

compensation and corporate resource allocation, managers have incentives to use a stock split to 

resolve the undervaluation problem.  

Our hypothesis highlights stock undervaluation resulting from the selling pressure of 

existing shareholders after significant price run-ups in the pre-split period. Accordingly, we 

design tests based on the notion that undervaluation attracts informed investors whose trading 

would make the stock price gradually incorporate the undervaluation, hence leading to a 

significant momentum effect (Jegadeesh and Titman (1993) and Fama and French (2008)). Thus, 

our first test examines the momentum effect on split firms’ stock returns before and after stock 

splits. 
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To assess the extent of the momentum effect associated with stock splits, we run a cross-

sectional regression of split firms’ excess stock returns for each event month t on their past 

cumulative returns from month t–12 to t–2 and a set of control variables. We find that the split 

firms’ momentum effect is significant in the five months prior to the split announcement month. 

Our estimation shows that, holding other things constant, a 100% stock price run-ups over the 

past 11 months leads to a rise of 1.7% in stock price per month during the five pre-split months, 

suggesting that nontrivial undervaluation exits in the pre-split period. 

After actual stock splits, the momentum effect disappears. We do not find a similar 

pattern of the momentum effect on a control sample of non-split firms. The evidence is 

consistent with our portfolio-rebalancing hypothesis and suggests that the selling pressure after 

significant price run-ups weighs on stock prices and leads to stock undervaluation.  

If stock undervaluation exists, listed options would be even more attractive to informed 

investors. Hence, our second test infers the existence of stock undervaluation based on the 

intensity of trading on options relative to that on stock.1 More specifically, we following Roll, 

Schwartz, and Subrahmanyam (2010) to analyze the trend and the information content of O/S, 

the relative trading of options over stock, to show the existence of stock undervaluation prior to 

stock splits. 2

                                                           
1 Roll, Schwartz, and Subrahmanyam (2010) show that O/S, the trading of options over stock, prior to an earnings 
announcement is significantly related to absolute cumulative abnormal returns at the earnings announcement. Their 
results provide evidence on the return predictability of O/S and the occurrence of more informed trading in options 
prior to the earnings announcement. Similarly, Cao, Chen, and Griffin (2005) find that options volume is related to 
takeover announcement returns of target firms and provide evidence that informed traders make trades prior to 
takeover announcements. These findings are consistent with Pan and Poteshman (2006), who show that put/call 
ratios reflect fluctuations in informed trading in the options market and are good predictors of future stock returns. 
Chan, Ge, and Lin (2014) provide the most recent evidence that informed trading measures based on stock options 
can predict the acquirer announcement returns in a large sample. 

 

2 Using O/S, Roll, Schwartz, and Subrahmanyam (2010) track where investors prefer to trade, the options market or 
the equity market. The advantages of options are their implicit leverage and usefulness for hedging positions in the 
underlying stock or other options. However, the liquidity in each market is also a very important factor. Indeed, Roll, 
Schwartz, and Subrahmanyam find that options delta and trading costs, along with institutional holdings, analyst 
following, and analyst forecast dispersion are important determinants of O/S. 
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Similar to Lakonishok and Lev (1987), we find unusually high trading volume on stocks 

prior to stock splits, which is consistent with the notion that portfolio rebalancing needs after 

substantial price run-ups lead to more trading (Chordia, Huh, and Subrahmanyam (2007)). More 

important, we find that trading on split firms’ listed options increases even more, which results in 

a clear, positive trend in the average O/S of split firms prior to stock splits. Our cross-sectional 

analysis further reveals that the O/S can largely capture the split firms’ momentum effect in the 

months before stock splits. Moreover, the split announcement return, which is a measure of the 

extent of stock undervaluation prior to a stock split, is significantly and positively related to the 

pre-split O/S. 

In sum, our paper contributes to the literature in the following three aspects. First, we 

offer a novel hypothesis to explain stock splits. While our hypothesis recognizes the need for 

more information production in order to attract more buyers to offset the selling pressure after 

significant stock price run-ups, it is somehow different from Brennan and Hughes’ (1991) 

information production theory of stock splits. They argue that lowering stock price associated 

with a stock split raises brokerage commissions, which induce brokerage houses to produce more 

information for investors to trade on the split firm. Their theory suggests that only managers with 

positive information about the future prospects of their firm have incentives to attract more 

analyst coverage, which uncovers the positive information and reveals it to investors. However, 

our hypothesis suggests that the problem of stock undervaluation exists prior to the 

announcement of the stock split and emphasizes that informed investors are inclined to trade on 

stock undervaluation before stock splits, rather than the split inducing more information 

production that leads to the uncovering of the problem, as suggested by the information 

production theory. In other words, the information production theory does not recognize that 
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significant stock price run-ups may induce portfolio rebalancing needs, which can hinder the 

market’s price discovery function prior to a stock split. Similarly, while we agree with Schultz’s 

(2000) and Lin, Singh, and Yu’s (2009) findings that a stock split can attract more small 

investors to trade on the stock, we argue that they do not fully explain the potential cause and 

consequence of the undervaluation problem that a firm faces prior to the stock split. 

Second, using a sample of stock splits, our study extends Chordia, Huh, and 

Subrahmanyam (2007) to show that portfolio rebalancing needs induced by significant price run-

ups not only affect share turnover but also have an effect on stock valuation. This inference is 

based on our findings of a price momentum and of the predictive power of O/S on future stock 

returns during the pre-split period. 

Our third contribution is to show that stock splits improve market efficiency. By 

attracting more new investors to offset the selling pressure from shareholders’ portfolio 

rebalancing needs, stock splits improve the price discovery function and resolve the 

undervaluation problem. Consequently, after stock splits, stock price becomes more informative, 

the momentum effect disappears, the appeal of trading options declines, and more investors share 

the risk. Thus, stock splits are a useful corporate tool even though they may be accompanied by 

some negative effects, as noted by Easley, O’Hara, and Saar (2001). 

The remainder of the paper is organized as follows. Section 2 reviews the related 

literature and develops the portfolio-rebalancing hypothesis of stock splits. Section 3 discusses 

the data used to test our hypothesis. Section 4 investigates the price momentum induced by stock 

undervaluation in the pre-split period. Section 5 examines stock undervaluation using the trend 

and the information content of O/S. Section 6 contains our concluding remarks. 
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2. Literature review and hypothesis development 

What can motivate a firm to split its stock? Why does the market tend to react positively 

to a stock split announcement? These questions are intriguing and have received considerable 

attention in the finance literature. In this section, we review the literature related to our study and 

develop a new hypothesis of stock splits to answer these questions.   

 

2.1. The literature on stock splits 

The two main competing hypotheses proposed in the literature for explaining why firms 

split their stocks are signaling and liquidity improvement. Brennan and Copeland (1988) propose 

that because stock splits lower the price levels and increase trading costs, they can serve as a 

costly signal of managers’ favorable private information to the market. Asquith, Healy, and 

Palepu (1989) thus suggest that managers use stock splits to signal that recent earnings growth is 

permanent. Also, McNichols and Dravid (1990) note that splits can be used to convey 

information on improvement in future earnings. However, Lin, Singh, and Yu (2009) show 

evidence of declining latent trading costs after stock splits, which contradicts the costly signal 

hypothesis proposed by Brennan and Copeland. Weld, Benartzi, Michaely, and Thaler (2009) 

also argue that stock splits cannot be motivated by signaling because post-split prices are usually 

centered on those of peer firm prices and rejoining the herd is not consistent with a separating 

equilibrium. We add to this line of questioning by showing that informed investors trade more 

options prior to stock splits, suggesting that, instead of being informed by the split announcement, 

some traders seem to know beforehand that the firms’ stock prices do not fully reflect relevant 

information and that they trade options to profit from their knowledge. It is an indication that the 

market’s price discovery function does not work properly prior to stock splits. 
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While managers often claim that stock splits are intended to attract more investors and to 

improve stock liquidity,3 liquidity on the dimensions of bid–ask spread and turnover does not 

seem to improve after stock splits.4

Recently, Baker, Greenwood, and Wurgler (2009) propose a catering theory of stock 

splits, which predicts that, when investors place higher valuations on low-priced firms, managers 

respond by supplying shares at lower price levels, and vice versa. However, the catering 

incentive can be explained by the notion that investors place higher valuation on low-priced 

firms when more investment opportunities are available and firms use stock splits to attract more 

investors to share the risk of taking on new, risky projects.   

 This finding leads Easley, O’Hara, and Saar (2001, p. 25) to 

note that “stock splits remain one of the most popular and least understood phenomena in equity 

markets.” However, consistent with the liquidity improvement hypothesis, Lin, Singh, and Yu 

(2009) show that incidence of no trading decreases and liquidity risk is lower after stock splits. 

Nevertheless, because firms tend to split their stocks after significant price run-ups, none 

of the theories of stock splits proposed in the literature have explored the possibility that 

significant stock price run-ups may create a problem for the equity market’s price discovery 

function. We next develop a new hypothesis of stock splits to show such a problem. 

 

2.2. Hypothesis development  

Our hypothesis is motivated by Chordia, Huh, and Subrahmanyam (2007), who provide 

strong evidence of trading activities from portfolio rebalancing needs induced by past stock 

returns. Their finding leads us to consider the possibility that a firm may experience “growing 

pains” when its stock price has grown substantially without a corresponding increase in its 

                                                           
3 See, for example, Dolley (1933), Baker and Gallagher (1980), and Baker and Powell (1993). 
4 Copeland (1979), Conroy, Harris, and Benet (1990), Easley, O’Hara, and Saar (2001), and Gray, Smith, and 
Whaley (2003) all report that relative bid–ask spread increases following stock splits.  
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investor base. The “pains” arise because the rise in equity value makes the firm overweight in its 

shareholders’ portfolios, causing them to face unnecessary firm-specific risk and creating 

portfolio rebalancing needs.  

To rebalance their portfolios, shareholders must sell part of their holdings on the firm. 

Thus, significant stock price run-ups can induce a selling pressure, which weighs on the stock 

price. In other words, a discount may develop to attract buyers to step in and balance the selling 

by shareholders. The selling pressure depends on the composition and characteristics of 

shareholders, such as when they became shareholders and their propensities for rebalancing their 

portfolios. Moderating factors also exist. For example, some shareholders may be momentum 

investors or positive feedback traders in the sense that they start with a relatively small position 

and buy more shares when the stock price increases. This momentum buying can mitigate the 

selling pressure from existing shareholders’ portfolio rebalancing after significant price run-ups. 

Selling pressure also may not depress the stock price when there are a sufficient number of 

prospective investors, who would invest in firms with a good tracking record. 

This reasoning leads us to hypothesize that if the firm cannot attract sufficient buying 

interests, the selling pressure from existing shareholders’ portfolio rebalancing needs induced by 

substantial price run-ups will lead to stock undervaluation. The firm can resolve the 

undervaluation problem by splitting its shares to attract new investors to better facilitate its 

existing shareholders’ portfolio rebalancing needs.  

A stock split can attract new investors for three reasons. First, Grinblatt, Masulis, and 

Titman (1984, p.464) suggest that announcing a stock split calls attention to the firm, “triggering 

reassessments of the firm’s cash flows by market analysts.” The reassessments may bring in new 

investors, who find the firm worthy of investing. Second, Brennan and Hughes (1991) argue that 
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lowering the stock price associated with a stock split raises brokerage commissions, which 

induce brokerage houses to produce more information for their clients to trade on the split firm. 

Third, for small investors with limited risk-taking capacity, a stock split makes it affordable for 

them to include the firm into their portfolios.5

Our portfolio-rebalancing hypothesis adds to the stock split literature by positing that, 

before announcing a stock split, stock undervaluation develops largely because the selling 

pressure induced by significant stock price run-ups can impede the equity market’s price 

discovery function. By bringing in new investors to balance the selling pressure from—and to 

share risk with—existing shareholders, a stock split improves market efficiency and resolves the 

undervaluation problem. 

 

This portfolio-rebalancing hypothesis allows us to make several testable predictions on 

share turnover and stock price behavior of split firms, which are summarized as follows: 

H1: If stock splits facilitate existing shareholders’ portfolio rebalancing needs, the 

average percentage shareholding per common shareholder (and per institutional investor) 

should decrease following stock splits. 

H2: Because price run-ups induce portfolio rebalancing needs, the change in the average 

percentage shareholding per common shareholder (and per institutional investor) should 

be inversely related to the pre-split price run-ups.  

H3: Because portfolio rebalancing needs contribute to trading activities, split firms’ 

share turnover should be positively related to their past price run-ups. This association 

                                                           
5 Indeed, Amihud, Mendelson, and Uno (1999) show that when companies in Japan reduce their stock’s minimum 
trading unit (i.e., the number of shares in a round lot) to better facilitate trading by small investors, the number of 
their individual shareholders significantly increases. Similarly, Fernando, Krishnamurthy, and Spindt (1999) analyze 
mutual fund share splits and find that, relative to matched non-split funds, split funds experience significant 
increases in net assets and shareholders. Also, Schultz (2000) shows a significant increase in small trades following 
the splits, and Easley, O’Hara, and Saar (2001) find more uninformed (and informed) trades after stock splits. 
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between turnover and prior price run-ups should be stronger in the pre-split period than 

in the post-split period. 

H4: Because selling pressure from existing shareholders’ portfolio rebalancing needs 

can lead to undervaluation and undervaluation attracts informed investors, we expect 

that stock returns in the pre-split period are positively related to the past price run-ups, 

but this momentum effect should disappear after stock splits. 

 

Because stock undervaluation makes listed options even more attractive to informed 

traders, the trading volume on listed options of split firms would increase more than that on the 

stocks in the pre-split period. Moreover, the relative trading of options over stock (O/S) and the 

momentum effect on stock returns in the pre-split period should be related if stock 

undervaluation is the common underlying factor that fuels both informed trading and momentum 

trading. We capture these predictions as follows: 

H5: Split firm’s price momentum and O/S are related, and O/S is informative about 

undervaluation before stock splits. The pre-split O/S predicts stock returns, but this 

predictability disappears after stock splits.  

H6: The pre-split O/S predicts the split announcement return, which reflects the extent of 

undervaluation prior to the announcement. 

 

In the sections that follow, we discuss the data used to test our predictions and then 

present our empirical results.  
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3. Data 

To test our hypothesis, we collect a sample of stock splits by firms with listed options 

available. Our initial split sample includes firms that made stock split announcements with a split 

factor of at least 0.25 from 1996 to 2012 from the CRSP.6

For each split firm, we find a matched non-split firm, matched by firm size and book-to-

market ratio (B/M), which has no stock split around the two-year window centered at the split 

announcement. Table 1 reports summary statistics of firm characteristics for the split sample and 

for the non-split sample. For the split sample, the pre-split stock price, averaged over days –22 to 

–3 before the split announcement date, ranges from $10.7 to $389.9, with the mean of $66.8. The 

non-split sample also has a wide price range, from $2.9 to $407.2, across the same window, but it 

has a much lower mean price of $38.2. According to Weld, Michaely, Thaler, and Benartzi 

(2009), the average price for a share of stock on the NYSE has remained roughly constant at 

about $35 since the Great Depression. Hence, while the mean price of our non-split firms is close 

to the mean price of all NYSE stocks, our split firms on average have a stock price level about 

1.9 times as high as the NYSE mean price. Interestingly, the average split factor of our split 

firms is 0.87 with which split firms can lower the average stock price from $66.8 to around $35. 

 The sample starts in 1996 because the 

coverage of options in OptionMetrics begins that year. Because we use the trend and the 

information content of O/S to capture stock undervaluation, we require split firms to be covered 

by OptionMetrics and to have options trading volume data available prior to and after the stock 

splits. Our final split sample consists of 1,636 splits from 1996 through 2012. 

 

<<TABLE 1 ABOUT HERE>> 

                                                           
6 We exclude stock splits with split factors less than 0.25 and drop all stock dividends to be consistent with prior 
research (e.g., Ikenberry, Rankine, and Stice (1996) and Ikenberry and Ramnath (2002)). 
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Consistent with the literature, split firms have an average stock price run-up of about 95% 

over the 11-month period from month –12 to day –23 before the split announcement. Non-split 

firms also experience moderate price run-ups during the same time period, with an average run-

up of about 33%. In our hypothesis, the price run-up is the key factor that creates portfolio 

rebalancing needs for existing shareholders, which lead to selling pressure and stock 

undervaluation. 

On average, our split firms enjoy 2.8% abnormal returns (i.e., excess returns over the 

CRSP value-weighted market index returns) during the five days surrounding the split 

announcement date. This magnitude of abnormal returns is similar to those reported by earlier 

studies (e.g., Grinblatt, Masulis, and Titman (1984) and Ikenberry, Rankine, and Stice (1996)). 

Nevertheless, the split announcement returns vary widely across the sample firms, ranging 

from –26% to 68%. Later, we use pre-split O/S, relative trading of options over stock, to help 

explain the variation in the announcement returns. 

That our sample firms and their matched non-split firms all have listed options suggests 

that they tend to be relatively large and have high institutional ownership and analyst coverage. 

Indeed, on average, our split (non-split) firms have 21,000 (28,000) common shareholders, 217 

(215) institutional investors who own about 73% (65%) of outstanding shares prior to stock splits. 

Also, on average, each split (non-split) firm has 10 (9) analysts following it. 

Our hypothesis postulates that a firm can better facilitate existing shareholders’ portfolio 

rebalancing needs induced by significant price run-ups by conducting a stock split to induce 

more information production and to attract new investors to buy shares and share the risk with 

existing shareholders. Table 2 presents evidence of an increase in analyst coverage and the 
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number of common shareholders and institutional investors; more important, the results show 

that shareholders’ portfolio rebalancing is associated with significant price run-ups.  

 

<<TABLE 2 ABOUT HERE>> 

 

Specifically, following stock splits, the number of analysts covering split firms increases 

by 9.5%, on average, which is significantly more than the average increase of 3.9% for the 

matched non-split firms. This increase in analyst coverage associated with stock splits is 

consistent with the findings by Brennan and Hughes (1991) and Chemmanur, Hu, and Huang 

(2014).  

Even more significant is the split firms’ average increase of 17.7% in the number of 

common shareholders following the splits, compared to the average increase of just 0.5% for 

matched non-split firms. The increase in the number of common shareholders of a firm suggests 

that the firm’s average percentage shareholding per shareholder decreases. Without knowing the 

detailed holding change of each shareholder, we use the decrease in the average percentage 

holding per shareholder following a split as a proxy for the extent of the firm’s average 

shareholder’s portfolio rebalance from before to after the split. For the split sample, the mean 

decrease in the average percentage holding per common shareholder is also 17.7%, which, again, 

is significantly larger than the average decrease of 0.5% for the non-split sample. The evidence is 

thus consistent with our hypothesis that shareholders have portfolio rebalancing needs after 

significant stock price run-ups and that firms use stock splits to attract new investors to facilitate 

existing shareholders’ portfolio rebalancing. 
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Among common shareholders, institutional investors tend to have less capital constraints 

in holding stocks than retail investors. This fact raises an interesting issue: Are institutional 

investors also inclined to rebalance their portfolio after significant price run-ups? Table 2 shows 

that, on average, split firms’ institutional investors increase by 13.7% following the split, which 

is significantly more than the average increase of 8.1% for the non-split firms. However, the 

average percentage holding per institutional investor of split firms decreases by 16.9% following 

the splits, which is significantly larger than the decrease of 0.8% for the non-split firms. The 

evidence suggests that, like average common shareholders, institutional investors also rebalance 

their portfolios after significant stock price run-ups. 

Table 3 further reports that for the split sample both decreases in the average percentage 

holding per common shareholder and per institutional investor are significantly related to the 

pre-split price run-ups. Conversely, for the non-split sample, no clear association exists between 

price run-ups and changes in the average percentage holding per common shareholder and per 

institutional investor. Thus, the results are consistent with our hypothesis that price run-ups 

induce existing shareholders, including institutional investors, to rebalance their portfolios and 

that firms use stock splits to attract new investors to offset their selling. 

 

<<TABLE 3 ABOUT HERE>> 

 

4. Price run-ups, turnover, and price momentum 

Because stock price run-ups prior to stock splits are substantial and take months to develop, in 

this section, we focus on how past price run-ups affect share turnover and stock price behavior in 

the pre-split period. Regarding share turnover, Chordia, Huh, and Subrahmanyam (2007) suggest 
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that if price run-ups induce portfolio rebalancing needs, turnover will be positively related to past 

price run-ups. Our hypothesis further posits that if firms cannot attract sufficient buying interests, 

existing shareholders’ portfolio rebalancing needs induced by past price run-ups may lead to 

undervaluation, which attracts informed buying, causes the price to rise, and may result in a price 

momentum in the pre-split period. Hence, this section investigates the effects of past stock price 

run-ups on share turnover and stock price behavior in the pre-split period and examines how 

stock splits, as a corporate tool, may alter these effects of past price run-ups. 

 

4.1. Price run-ups and turnover 

Table 4 reports the results of cross-sectional regressions of average daily turnover in a 

month (turnover) on the cumulative stock returns over the past 11 months (Runup), controlling 

for firm size, B/M, stock liquidity, analyst coverage, analyst forecast dispersion, and institutional 

ownership, for each event month from month –6 to the split announcement month 

(announcement month 0) and from the split effective month (ex-distribution month 0) through 

month +6 for the split sample in Panel A and for the non-split sample in Panel B.  

 

<<TABLE 4 ABOUT HERE>> 

 

Consistent with Chordia, Huh, and Subrahmanyam’s (2007) finding, Panel A of Table 4 

shows that the turnover of split firms is positively related to their past price run-ups. The 

coefficients of Runup during the pre-split months are all significantly positive and around 0.004 

except one around 0.007 in month –2; the coefficients during the post-split months are also all 

significantly positive and around 0.003 except two around 0.002 in months +4 and +6. As we 
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argue earlier, the selling pressure associated with shareholders' portfolio rebalancing needs 

depends on shareholder attributes, such as when they become shareholders and their propensities 

for rebalancing their portfolios. As stock splits attract new investors to become shareholders, 

their composite attributes change, which may explain the slight decrease in the coefficients of 

Runup in the post-split months, relative to those in the pre-split months. 

Alternatively, in Panel C of Table 4, we use a panel regression to test whether the effect 

of past stock price run-ups on turnover in the post-split period is significantly weaker than that in 

the pre-split period. In the regression, we use data in the pre-split months and in the post-split 

months to estimate the effect of Runup on turnover, including Post-split dummy and the 

interaction between Runup and Post-split dummy, along with the same control variables as in 

Panel A. The results show that Runup has a coefficient of 0.004 (t-value = 5.46) and that the 

interaction between Runup and Post-split dummy has a coefficient of –0.002 (t-value = –1.93). 

Thus, the panel regression confirms that portfolio rebalancing, as reflected in share turnover, 

increases with past stock price run-ups and that portfolio rebalancing induced by past stock price 

run-ups are less (at the 10% significance level) in the post-split period than in the pre-split period.    

Panel B of Table 4 reports the cross-sectional regression results for the non-split sample. 

The coefficients of Runup are also all significantly positive except in months +5 and +6 during 

the post-split period, with slightly smaller magnitudes than those of split firms. This finding 

suggests that portfolio rebalancing induced by past stock price run-ups is a common 

phenomenon and that this phenomenon is somewhat stronger for split firms as they tend to have 

larger price run-ups.  
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4.2. Price run-ups and price momentum 

That firms need to split their shares to attract new investors suggests that the firms are 

likely unable to attract sufficient buying interests during the pre-split period to balance existing 

shareholders’ portfolio rebalancing needs. This implication suggests that the selling pressure 

from existing shareholders’ portfolio rebalancing needs in the pre-split period can lead to 

significant undervaluation. Consequently, price momentum may be more visible in the pre-split 

period than in the post-split period.  

Indeed, Panel A of Table 5 reports that split firms’ stock returns from month –5 through 

month –1 in the pre-split period are all significantly related to their past stock price run-ups. The 

coefficients of Runup during these five pre-split months range from 0.009 (t-value = 2.36) in 

month –4 to 0.022 (t-value = 3.54) in month –1, with the mean equal to 0.017. This result 

suggests that, holding other things constant, a 100% stock price run-ups leads to a rise of 1.7% in 

stock price per month during the five pre-split months. This magnitude of price momentum is 

non-trivial, and the evidence of a price momentum is consistent with undervaluation spawned by 

the selling pressure from existing shareholders’ portfolio rebalancing needs after substantial 

price run-ups. Later, we provide more evidence on the existence of undervaluation in the pre-

split period, using option trading data. 

 

<<TABLE 5 ABOUT HERE>> 

 

Panel B of Table 5 shows that non-split firms’ stock returns during the same five pre-split 

months are all insignificantly related to their past stock returns, with the coefficients of Runup 
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ranging from –0.010 (t-value = –1.14) in month –3 to 0.014 (t-value = 1.43) in month –5. This 

result suggests that, unlike split firms, non-split firms do not show a price momentum. 

Split firms’ price momentum continues in the split announcement month and the split ex-

distribution month. However, during the post-split period, split firms’ stock returns are no longer 

significantly related to Runup. Similarly, non-split firms’ stock returns during the post-split 

period are not significantly related to Runup. Thus, the split firms’ price momentum during the 

pre-split months is unique, and this price momentum disappears after stock splits.  

The evidence is consistent with our argument that, unless firms can attract sufficient 

buying interests, selling pressure from existing shareholders’ portfolio rebalancing needs induced 

by significant price run-ups impedes the market’s price discovery function prior to stock splits. 

In addition, by attracting new investors to meet existing shareholders’ portfolio rebalancing 

needs, stock splits restore the market’s price discovery function.  

 

5. Undervaluation and O/S 

Similar to Lakonishok and Lev’s (1987) observation of unusually high trading volume on 

stocks prior to stock splits, Figure 1 illustrates the rise in trading volume on split firms during the 

pre-split period. The rise is particularly evident during the five months prior to stock splits, 

which is partly attributable to trading by existing shareholders to rebalance their portfolios after 

substantial price run-ups. Because the portfolio rebalancing can lead to undervaluation, which 

attracts informed traders, informed trading can also contribute in part to the rise in trading 

volume during the pre-split months. 

 

<<FIGURE 1 ABOUT HERE>> 
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5.1. The pre-split trend of O/S 

Because listed options are available for all our sample firms (and their matched non-split 

firms), listed options should be even more attractive to informed traders if stock undervaluation 

develops. To illuminate the relative preference of trading options over the underlying stock, we 

follow Roll, Schwartz, and Subrahmanyam (2010) and use O/S, which is the ratio of the total 

trading volume of options in the options market to the trading volume of the corresponding 

underlying stock in the stock market on a given trading day for each firm.7

As expected, Figure 2 clearly shows an increasing trend of split firms’ average O/S 

during the pre-split period. The increasing O/S trend is also particularly evident during the five 

months prior to split announcements. While the comparable non-split firms also exhibit a slightly 

upward trend in their average O/S, the pre-split increases in the average O/S of split firms are 

much more substantial and visible. 

 Roll, Schwartz, and 

Subrahmanyam (2010) show that O/S is higher around earnings announcements and that O/S 

prior to earnings announcements is significantly related to absolute earnings announcement 

returns. They thus argue that O/S fairly represents informed trading on listed options, relative to 

that on the underlying stock. 

 

<<FIGURE 2 ABOUT HERE>> 

 

Interestingly, Figure 2 shows that the average O/S of split firms declines remarkably over 

the three-month period after stock splits and then stabilizes afterward at the level observed 

                                                           
7 Given the fact that each options contract is for 100 shares of the underlying stock, we compute the O/S as the ratio 
of total options trading volume multiplied by 100 to stock trading volume. We also adjust trading volume for firms 
listed on Nasdaq according to Gao and Ritter (2010). We analyze both ShO/S based on daily share volume and $O/S 
based on daily dollar volume; we find similar results and report those based on ShO/S.  
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around month –12 before the splits. We do not observe any significant changes in the average 

O/S for the non-split firms during the post-split period. As we argue earlier, by attracting more 

new investors, stock splits restore the market’s price discovery function. With no more 

undervaluation in the post-split period, trading listed options is not as appealing as before stock 

splits, which explains the declines in the average O/S of split firms in the post-split period. 

In sum, the dynamics of split firms’ average O/S before and after stock splits are 

consistent with the pattern of price momentum in the pre-split period and the disappearance of 

price momentum in the post-split period reported in Table 5. They all imply the existence of 

undervaluation prior to stock splits. 

 

5.2. O/S and price momentum 

If undervaluation is the common underlying factor for the O/S trend and for the price 

momentum during the pre-split period, the two should be related to each other. To demonstrate 

such a relation and to show which one is more informative about undervaluation, we add Ln(O/S), 

the natural logarithm of average O/S in month t–1, to the cross-sectional regression model in 

Table 5 as an explanatory variable for stock returns in month t. Panels A and B of Table 6 report 

the regression results for the split sample and the non-split sample, respectively. Note that we use 

the predictability of O/S on future stock returns to illustrate stock undervaluation. It is different 

from the predictability of O/S on the absolute values of future stock returns, which essentially 

predicts the volatility of future stock returns. 

 

<<TABLE 6 ABOUT HERE>> 
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The results in Panel A of Table 6 show that O/S is significantly positive during the pre-

split period. Its coefficient ranges from 0.008 (t-value = 2.61) in month –4 to 0.019 (t-value = 

3.84) in month –1. In contrast, Runup, which is significant during the five months prior to stock 

splits in Table 5, becomes insignificant during the pre-split period, except for month –3. In 

month –3, the coefficient of Runup declines from 0.021 (t-value = 2.87) in Table 5 to 0.013 (t-

value = 2.06) in Table 6. The results suggest that split firms’ Runup and O/S contain some 

common information about their future stock returns and that the latter has stronger predictive 

power on their future stock returns than the former. This evidence is consistent with the notion 

that informed traders are more inclined to use listed options than the underlying stock to take 

advantage of stock undervaluation, causing O/S to have stronger predictive power on future 

stock returns than Runup. Furthermore, Runup is likely a noisy proxy for the extent of existing 

shareholders’ portfolio rebalancing needs induced by price run-ups because the composition of 

shareholders changes as trades occur. 

The predictive power of split firms’ O/S on future stock returns also prevails in the split 

announcement month, with a coefficient of 0.017 (t-value = 4.57). However, the predictive 

power of split firms’ O/S on future stock returns becomes insignificant in the post-split period, 

except for months +2 and +4 in which the coefficients of O/S are significantly negative, unlike 

those in the pre-split period. Similarly, Panel B of Table 6 shows that, unlike split firms’ O/S in 

the pre-split period, non-split firms’ O/S does not have consistent predictive power on future 

stock returns either in the pre-split or the post-split period.  

Thus, the predictive power of O/S in the pre-split period and in the split announcement 

month confirms that stock undervaluation exists prior to stock splits and that informed traders 

use listed options to exploit such undervaluation. The declining of the predictive power of O/S in 
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the post-split period implies that firms are able to use stock splits to attract more investors and 

resolve the undervaluation problem. Consequently, following stock splits, the appeal of trading 

on options declines, and it becomes more difficult to predict future stock returns.  

To reiterate, the finding that stock returns in the pre-split period are predictable using the 

previous month’s O/S implies that split firms’ stock prices do not efficiently impound the 

information content of the previous month’s options trading volume relative to the stock’s 

trading volume. This result is consistent with our earlier argument that the market does not 

function well in price discovery in the pre-split period and that stock splits improve this function 

of the market. That is, by attracting more new investors to offset the selling pressure from 

existing shareholders who are rebalancing their portfolios after significant price run-ups, stock 

splits, as a corporate tool, improve market efficiency. 

To further demonstrate that the market is less efficient before stock splits, Table 7 reports 

the results of using O/S, averaging over days –22 to –3 relative to the earnings announcement 

date, to predict earnings announcement returns in the quarter before and the quarter after stock 

splits.8

                                                           
8 We measure earnings announcement returns as the five-day (–2,+2) abnormal returns, using the CRSP value-
weighted index returns over the same five-day period as the benchmark. Following Denis and Sarin (2001), we 
control for firm size, B/M, the standardized changes in earnings, and accruals in earnings announcement return 
regression. The change in earnings in each quarter t is measured as the difference between earnings in quarter t and 
earnings in quarter t–4, expressed as a percentage of the market value of the firm. 

 The results show that O/S can predict upcoming earnings announcement returns prior to 

stock splits, suggesting that informed investors tend to increase their trading of listed options the 

more that the market underprices the firms’ earnings potentials. However, the predictive power 

of O/S on earnings announcement returns disappears after stock splits. This evidence is 

consistent with our hypothesis that, weighed down by the selling pressure from existing 

shareholders’ portfolio rebalancing needs, the stocks are undervalued prior to stock splits, which 

provides room for informed traders to exploit their information advantage using listed options. 
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After stock splits, the equity market becomes more efficient as more new investors are attracted 

to meet existing shareholders’ portfolio rebalancing needs, and listed options become less 

appealing.  

 

<<TABLE 7 ABOUT HERE>> 

 

Roll, Schwartz, and Subrahmanyam (2010) suggest that O/S is informative about the 

absolute values of earnings announcement returns. In this case, instead of underpricing the firms’ 

earnings potentials, the market is uncertain about the outcomes of the upcoming earnings 

announcements, and such uncertainty provides room for informed investors to use options to 

exploit their information advantage. Because uncertainty about the outcomes of the upcoming 

earnings announcements would exist even if the market becomes more efficient, we expect that 

the predictability of O/S on the absolute values of earnings announcement returns will not be 

affected by stock splits. Indeed, consistent with Roll, Schwartz, and Subrahmanyam, Table 7 

reports that O/S has such predictive power in both the quarter before and the quarter after stock 

splits. Thus, while stock splits improve market efficiency and take away the usefulness of O/S in 

predicting earnings announcement returns, they do not alter the predictability of O/S on the 

absolute values of earnings announcement returns, as reported by Roll, Schwartz, and 

Subrahmanyam (2010).  

 

5.3. The split announcement returns and O/S 

How much stock undervaluation exists prior to stock splits? Because our hypothesis 

suggests that, by using stock splits to attract more new investors to facilitate existing 
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shareholders’ portfolio rebalancing needs, firms can resolve the undervaluation problem, the split 

announcement returns are a good measure of the extent of stock undervaluation prior to stock 

splits. As shown in Table 1, the average split announcement return is 2.8%, suggesting that, on 

average, pre-split undervaluation is about 2.8% of firm value in our sample firms. 

Table 8 reports the results of regressing the five-day split announcement returns on pre-

split O/S, the natural logarithm of average O/S over days –22 to –3, and a set of control variables, 

including firm size, B/M, pre-split price run-up, pre-split stock price level, the split factor, and 

changes in stock liquidity. 9

 

 The regression results show that the O/S is significant, with a 

coefficient ranging from 0.004 (t-value = 2.78) to 0.006 (t-value = 3.50) in various specifications. 

The finding suggests that pre-split O/S is informative about the extent of pre-split undervaluation: 

The higher the undervaluation, the more the informed traders use listed options. To recoup the 

undervaluation, firms use stock splits, and their stock prices go up on the split announcement. 

<<TABLE 8 ABOUT HERE>> 

 

The association between the split announcement returns and pre-split O/S has two 

implications. First, it strengthens our argument that the rise in pre-split O/S reflects more 

informed trading in the options over the stocks. Second, split firms with more pre-split O/S 

benefit more from announcing a stock split.  

Our finding that informed traders know in advance about stock undervaluation prior to 

split announcements casts doubt on the validity of the signaling hypothesis that managers use 

stock splits to signal their firms’ future prospects. Rather, the evidence is consistent with our 

                                                           
9 Lin, Singh, and Yu (2009) suggest that part of the split announcement return reflects anticipated improvement in 
stock liquidity following stock splits. Hence, we use three proxies—change in turnover, change in Amihud’s (2002) 
illiquidity, and change in Liu’s (2006) LM—for change in stock liquidity to control for its valuation effect.   
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hypothesis that shareholders’ portfolio rebalancing needs induced by significant stock price run-

ups have a negative valuation effect if the firm cannot attract sufficient buying interests and that 

the firm overcome the negative valuation effect by using a stock split to attract new investors to 

offset the selling pressure from shareholders. 

 

6. Conclusion 

Chordia, Huh, and Subrahmanyam (2007) note that stock price changes naturally lead to 

investors’ portfolio rebalancing needs. Motivated by their study, we consider the possibility that 

a firm may experience “growing pains” when its stock price has grown substantially but its 

investor base has not changed much. The substantial rise in equity value makes the firm 

overweight in its shareholders’ portfolios, causing them to face unnecessary firm-specific risk 

and creating portfolio rebalancing needs.  

To rebalance their portfolios, shareholders must sell part of their holdings on the firm. 

Even though they may not sell at the same time, selling pressure builds. Thus, we hypothesize 

that if the firm cannot attract sufficient buying interests, selling pressure from existing 

shareholders’ portfolio rebalancing needs induced by substantial price run-ups leads to stock 

undervaluation. The firm can resolve the undervaluation problem by splitting its shares to attract 

new investors to better facilitate its existing shareholders’ portfolio rebalancing needs. 

Indeed, we find evidence that common shareholders, including institutional investors, 

balance their portfolios following stock splits. The extent of their portfolio rebalancing, as 

proxied by the decrease in the average percentage holding per shareholder or per institutional 

investor, is significantly related to pre-split stock price run-ups. Another indication for portfolio 
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rebalancing needs increasing with past price run-ups is that share turnover in the months 

surrounding stock splits is significantly and positively related to past price run-ups. 

Furthermore, stock returns are also positively related to past price run-ups, creating a 

price momentum, in the five months prior to stock splits. The price momentum largely 

disappears in the post-split period. The evidence is consistent with our hypothesis that selling 

pressure from shareholders’ portfolio rebalancing needs leads to stock undervaluation and that, 

by attracting more new investors to offset the selling pressure, stock splits recoup the 

undervaluation and make the market more efficient. 

Because stock undervaluation makes listed options more appealing to informed traders, 

we find that O/S, the relative trading of options over stock, increases visibly in the pre-split 

period, particularly in the five months prior to split announcements. Moreover, the predictive 

power of O/S on future stock returns is able to subsume the price momentum effect in the pre-

split period, suggesting that the price momentum and the increasing appeal of listed options have 

a common underlying factor in stock undervaluation.  

The split announcement returns are also significantly related to pre-split O/S. However, 

after stock splits, as the market becomes more efficient, O/S declines and has no more predictive 

power on future returns. 

Overall, we find compelling evidence that informed traders exploit stock undervaluation 

in the pre-split period and that stock splits are able to resolve the undervaluation problem. The 

evidence is more consistent with our hypothesis of portfolio rebalancing needs induced by 

significant price run-ups than the other theories, such as signaling and optimal trading range, 

proposed in the extant literature. 
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Table 1 
Summary Statistics 

 
This table reports summary statistics of firm characteristics for split firms (Panel A) and matched non-split firms 
(Panel B). We consider all stock split announcements from the CRSP with a split factor of at least 0.25 during 1996 
to 2012 and require split firms to be covered by OptionMetrics and have common shares (CRSP share code 10 or 
11). Matched non-split firms are matched by size and book-to-market ratio (B/M) and have no stock split in a two-
year window centered around the split announcement. Price is the average stock price from day –22 to –3 relative to 
the split announcement date. Ln(price) is the natural logarithm of Price. Size is the natural logarithm of pre-split 
market capitalization in millions measured at day –23. B/M is the pre-split book-to-market ratio from Compustat. 
Runup is the pre-split 11-month cumulative stock return from month –12 to day –23 before splits. Age is the number 
of years that the firm exists in the CRSP. Common shareholders is the number of common shareholders at previous 
year end (in thousands). Institutional investors is the number of institutional investors in the previous three months. 
Percentage holding is average percentage holding of institutional investors in the three months prior to split. 
Institutional ownership is a firm’s shares held by institutions from Thomson Reuters scaled by shares outstanding 
from the CRSP.  Analyst is the number of I/B/E/S analysts who provide one-year earnings forecasts in the previous 
three months. Analyst dispersion is the standard deviation across earnings forecasts in previous three months. ShO/S 
is the average ratio of total options trading volume to the corresponding stock trading volume. $O/S is the average 
ratio of dollar options trading volume to the corresponding dollar stock trading volume, expressed in percentage. 
Ln(ShO/S)and Ln($O/S)are natural logarithms of ShO/S and $O/S, respectively. Implied volatility is from 
OptionMetrics, which is calculated with American or European models (as appropriate). Delta is the delta of the 
option, which indicates the change in option premium for a $1.00 change in underlying price. Spread is the average 
bid-ask spread divided by the midpoint of all options traded. For each day, a firm’s average Spread, Implied 
volatility and Delta (put deltas are reversed in sign) are value-weighted based on options trading volume. ShO/S, 
$O/S, Spread, Implied volatility, and Delta are based on the average values from day –22 to –3 relative to the split 
announcement date. CAR is (–2,+2) five-day abnormal returns around the split announcement date, with the CRSP 
value-weighted index returns as the benchmark. N is the number of observations. 
  Mean Median Q1 Q3 Std Min Max N 
Panel A: split firms 
Price  66.791 59.953 42.969 83.793 33.580 10.697 389.872 1,636 
Ln(price) 4.091 4.094 3.760 4.428 0.469 2.370 5.966 1,636 
Size  8.059 7.905 7.088 8.830 1.322 5.125 12.990 1,636 
B/M 0.318 0.268 0.156 0.430 0.261 –1.581 3.701 1,621 
Runup  0.954 0.540 0.289 0.992 1.635 –0.430 34.657 1,636 
Age  19 14 7 26 17 1 88 1,636 
Common shareholders 21 3 1 11 90 0.001 1,764 1,560 
Institutional investors  217 167 107 261 175 3 1,385 1,636 
Percentage holding  0.005 0.004 0.002 0.006 0.003 0.0004 0.048 1,629 
Institutional ownership 0.730 0.757 0.590 0.896 0.206 0.025 1.000 1,636 
Analyst  10 8 5 13 7 0 40 1,636 
Analyst dispersion  0.082 0.037 0.014 0.086 0.207 0.000 6.560 1,595 
ShO/S 0.133 0.086 0.038 0.178 0.142 0.00004 1.133 1,636 
Ln(ShO/S) –2.602 –2.457 –3.280 –1.726 1.243 –10.070 0.125 1,636 
$O/S (%) 0.965 0.584 0.232 1.247 1.160 0.003 9.950 1,636 
Ln($O/S) –5.267 –5.143 –6.064 –4.384 1.217 –10.278 –2.308 1,636 
Implied volatility 0.458 0.399 0.306 0.556 0.211 0.132 1.450 1,630 
Delta  0.464 0.457 0.417 0.503 0.072 0.132 0.974 1,630 
Spread  0.204 0.171 0.132 0.227 0.150 0.031 2.000 1,636 
Split factor 0.872 1.000 0.500 1.000 0.358 0.250 3.000 1,636 
CAR  0.028 0.019 –0.010 0.058 0.078 –0.261 0.682 1,636 

Table 1 continues  
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Table 1 (continued) 
Panel B: Matched non-split firms 
  Mean Median Q1 Q3 Std Min Max N 
Price  38.165 34.285 22.599 49.156 24.791 2.903 407.246 1,636 
Ln(price) 3.476 3.535 3.118 3.895 0.591 1.066 6.009 1,636 
Size  8.001 7.880 7.076 8.797 1.238 5.160 12.517 1,636 
B/M 0.320 0.269 0.156 0.431 0.252 –0.390 3.831 1,621 
Runup  0.325 0.169 –0.053 0.416 1.074 –0.892 24.431 1,636 
Age  22 15 7 31 20 2 88 1,636 
Common shareholders 28 5 1 20 121 0.002 3,367 1,574 
Institutional investors  215 169 103 280 168 1 1,116 1,635 
Percentage holding  0.004 0.004 0.002 0.005 0.002 0.0003 0.021 1,631 
Institutional ownership 0.647 0.680 0.493 0.818 0.227 0.001 1.000 1,635 
Analyst  9 8 5 13 6 0 39 1,636 
Analyst dispersion  0.122 0.061 0.024 0.134 0.229 0.000 3.342 1,512 
ShO/S 0.095 0.055 0.021 0.126 0.130 0.0001 2.694 1,636 
Ln(ShO/S) –3.052 –2.897 –3.855 –2.069 1.317 –9.259 0.991 1,636 
$O/S (%) 0.805 0.390 0.149 0.963 1.388 0.003 28.626 1,636 
Ln($O/S) –5.606 –5.548 –6.511 –4.643 1.321 –10.317 –1.251 1,636 
Implied volatility 0.442 0.393 0.296 0.533 0.208 0.065 1.483 1,621 
Delta  0.459 0.453 0.415 0.496 0.071 0.080 0.965 1,621 
Spread  0.253 0.221 0.168 0.294 0.149 0.049 2.000 1,636 
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Table 2 
Changes in common shareholders and their holdings following stock splits  

 
This table shows changes in the number of common shareholders (institutional investors) and in the average percentage holding per common shareholder (per 
institutional investor) following stock splits, based on 1,636 stock splits and their matched non-split firms. Common shareholders, institutional investors, analyst 
and analyst dispersion are defined as in Table 1. Number of insiders and percentage holding of insiders are from Thomson Reuters. Change in number of 
institutional investors, change in average percentage holding per institutional investor, change in number of analysts, change in analyst dispersion, change in 
number of insiders, and change in average percentage holding per insider are calculated based on the difference in each variable between three months after and 
three months before stock splits. Change in number of common shareholders and Change in average percentage holding per common shareholder are calculated 
based on the difference between post-split and pre-split one year. Average percentage holding per common shareholder is calculated as 100% divided by the 
number of common shareholders. Average percentage holding per institutional investor is the total institutional percentage holdings divided by the number of 
institutional investors. All the changes are calculated as the natural logarithm of post-split values minus the natural logarithm of pre-split values. Difference is the 
mean of paired differences between split firms and their non-split counterparts. 
 
  Split firms   Matched non-split firms   

Difference t-value 
  Mean t-value   Mean t-value   
Change in number of common shareholders(in thousands) 0.177 8.43 

 
0.005 0.29 

 
0.171 6.21 

Change in average percentage holding per common shareholder –0.177 –8.43 
 
–0.005 –0.29 

 
–0.171 –6.21 

Change in number of institutional investors 0.137 21.43 
 

0.081 7.57 
 

0.056 4.51 
Change in average percentage holding per institutional investor –0.169 –26.17 

 
–0.008 –1.66 

 
–0.161 –20.56 

Change in number of analysts 0.095 8.46 
 

0.039 2.58 
 

0.056 3.08 
Change in analyst dispersion 0.160 4.64 

 
–0.033 –0.98 

 
0.192 4.37 

Change in number of insiders –0.034 –1.36 
 
–0.044 –1.60 

 
0.010 0.29 

Change in average percentage holding per insider –0.127 –2.38   –0.152 –2.45   0.024 0.30 



 33 

Table 3 
The association between change in average percentage shareholding and stock price run-ups 

 
This table shows the results of regressing change in the average percentage shareholding per common shareholder and per institutional investor on Runup and 
control variables. The dependent variable is change in average percentage holding per common shareholder in Models 1 and 3 and change in average 
percentage holding per institutional investor in Models 2 and 4. Change in average percentage holding per common shareholder is calculated based on the 
difference between post-split and pre-split one year. Average percentage holding per common shareholder is calculated as 100% divided by the number of 
common shareholders. Change in average percentage holding per institutional investor is calculated based on the difference between post-split and pre-split 
three months as defined in Table 2. Average percentage holding per institutional investor is the total institutional percentage holdings divided by the number of 
institutional investors. Runup is the pre-split 11-month cumulative stock return from month –12 to day –23 before the split announcement date. Size is the natural 
logarithm of pre-split market capitalization in millions measured at day –23. B/M is the pre-split book-to-market ratio from Compustat. Illiquidity is Amihud’s 
(2002) illiquidity measure defined as the average ratio of the daily absolute return to its dollar trading volume. Illiquidity is previous one-year average. Numbers 
in parentheses are t-statistics based on White (1980) heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 1%, 5%, and 
10%, respectively. 
 
  Split firms   Matched non-split firms 

Dependent variable 
Change in average 
percentage holding per 
common shareholder 

Change in average 
percentage holding per  
institutional investor  

Change in average 
percentage holding per 
common shareholder 

Change in average 
percentage holding per  
institutional investor 

Model  (1) (2)   (3) (4) 
Runup –0.098*** –0.041*** 

 
–0.036 –0.005 

 
(–4.20) (–5.20) 

 
(–1.57) (–0.83) 

Size –0.018 0.012*** 
 

0.015 –0.002 

 
(–1.41) (2.87) 

 
(0.83) (–0.45) 

B/M 0.177** –0.017 
 

0.244** –0.058** 

 
(2.07) (–0.61) 

 
(2.49) (–2.51) 

Illiquidity –3.785** –0.049 
 

0.315 –0.837* 

 
(–2.03) (–0.10) 

 
(0.19) (–1.67) 

Constant –0.065 –0.193*** 
 

–0.154 0.081* 

 
(–0.51) (–4.67) 

 
(–0.91) (1.77) 

Year fixed effect Yes                  Yes 
 

Yes Yes 
Obs.                                                             1,512                                               1,601                                                                

 
                1,426                                                   1,533 

Adj. R2 0.062 0.158   0.017 0.048 
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Table 4 
The momentum effect on split firms’ share turnover 

 
This table shows cross-sectional regressions of turnover on Runup and control variables from month –6 to month 0 relative to the split announcement month and 
month 0 to month +6 relative to the ex-distribution month. Panel A reports results for split firms, and Panel B reports results for matched non-split firms. The 
dependent variable is average turnover in each month. Turnover is stock trading volume divided by shares outstanding. Runup is the cumulative return from 
months –12 to month –2. Size is the natural logarithm of market capitalization in millions measured at the previous month end. B/M is the book-to-market ratio 
from Compustat. Illiquidity is Amihud’s (2002) illiquidity measure defined as the average ratio of the daily absolute return to its dollar trading volume. Illiquidity 
is previous one-month average. Analyst is the number of I/B/E/S analysts who provide one-year earnings forecasts in the previous three months. Dispersion is the 
standard deviation across earnings forecasts in the previous three months. Ioship is institutional ownership defined as a firm’s shares held by institutions from 
Thomson Reuters scaled by shares outstanding from the CRSP. Panel C reports the panel regression results based on all the months excluding month 0 (split 
announcement month and ex-distribution month). Post-split dummy and an interaction term Post-split dummy × Runup are added into the regression. Post-split 
dummy equals one for month +1 to month +6. The coefficients of Analyst are multiplied by 100. Numbers in parentheses are t-statistics based on White (1980) 
heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 
 

 Month –6 to month 0 relative to the announcement month     Month 0 to month +6 relative to the ex-distribution month 
Month –6 –5 –4 –3 –2 –1 0   0 +1 +2 +3 +4 +5 +6 
 Panel A: Split firms 
Runup 0.004*** 0.004** 0.004*** 0.004*** 0.007** 0.004*** 0.005*  0.006* 0.003*** 0.003*** 0.003*** 0.002*** 0.003** 0.002*** 

 
(3.25) (2.54) (2.99) (3.17) (2.07) (2.61) (1.72)  (1.91) (3.40) (2.62) (3.04) (5.07) (2.37) (4.01) 

Size –0.002*** –0.002*** –0.002*** –0.003*** –0.004*** –0.003*** –0.004***  –0.004*** –0.003*** –0.003*** –0.003*** –0.003*** –0.003*** –0.003*** 

 
(–9.01) (–6.26) (–9.03) (–5.80) (–3.69) (–7.32) (–6.18)  (–5.40) (–8.23) (–5.28) (–7.18) (–9.80) (–6.25) (–9.16) 

B/M –0.001 –0.001 –0.001 –0.001 0.000 0.000 –0.003  –0.002 –0.002* –0.003* –0.003** –0.004*** –0.004*** –0.003** 

 
(–1.59) (–1.38) (–0.79) (–1.37) (0.06) (0.15) (–1.21)  (–0.62) (–1.96) (–1.81) (–2.15) (–4.37) (–2.94) (–2.27) 

Illiquidity –0.140*** –0.204*** –0.240*** –0.261*** –0.544** –0.414*** –0.690***  –0.760*** –0.505*** –0.463*** –0.360*** –0.336*** –0.393*** –0.326*** 

 
(–4.53) (–3.47) (–4.91) (–3.99) (–2.55) (–3.72) (–3.42)  (–3.69) (–6.16) (–4.16) (–4.92) (–6.50) (–5.08) (–6.61) 

Analyst 0.033*** 0.030*** 0.033*** 0.038*** 0.030*** 0.029*** 0.034***  0.026*** 0.026*** 0.026*** 0.026*** 0.028*** 0.031*** 0.036*** 

 
(8.30) (6.95) (7.91) (8.74) (6.71) (6.27) (5.21)  (4.87) (7.05) (5.48) (6.73) (7.58) (5.25) (8.97) 

Dispersion 0.013*** 0.013*** 0.011*** 0.010*** 0.005 0.012*** 0.009*  0.011** 0.009*** 0.008*** 0.009*** 0.013*** 0.011*** 0.009*** 

 
(5.15) (4.43) (3.55) (2.97) (0.80) (4.58) (1.89)  (2.28) (3.94) (3.67) (4.10) (5.41) (4.15) (5.09) 

Ioship 0.006*** 0.004 0.005** 0.006** –0.000 0.002 –0.005  –0.005 0.002 –0.001 0.003 0.006*** 0.005 0.004** 

 
(2.82) (1.18) (2.48) (2.57) (–0.08) (0.73) (–0.75)  (–0.74) (0.83) (–0.18) (1.18) (3.90) (1.54) (2.14) 

Constant 0.017*** 0.020*** 0.018*** 0.022*** 0.032*** 0.024*** 0.041***  0.037*** 0.027*** 0.032*** 0.025*** 0.024*** 0.030*** 0.027*** 

 
(5.87) (4.23) (6.54) (4.64) (3.04) (5.43) (4.40)  (4.35) (6.74) (4.13) (5.39) (7.27) (4.84) (6.90) 

Obs. 1,438 1,458 1,480 1,461 1,480 1,510 1,527       1,553 1,557 1,560 1,562 1,555 1,538 1,521 
Adj. R2 0.168 0.128 0.157 0.190 0.094 0.139 0.074   0.082 0.188 0.111 0.156 0.221 0.133 0.191 

Table 4 continues 
 
 
  



 35 

Table 4 (continued) 
               Month –6 to month 0 relative to the announcement month     Month 0 to month +6 relative to the ex-distribution month 
Month –6 –5 –4 –3 –2 –1 0   0 +1 +2 +3 +4 +5 +6 
Panel B：Non-split firms 
Runup 0.002** 0.002*** 0.002*** 0.002** 0.001** 0.001*** 0.001***  0.001*** 0.001*** 0.001*** 0.002*** 0.002** 0.001 0.000 

 
(2.45) (2.79) (3.28) (2.49) (2.57) (3.19) (3.26)  (3.25) (2.72) (2.82) (2.74) (2.02) (1.28) (0.20) 

Size –0.002*** –0.002*** –0.002*** –0.003*** –0.002*** –0.002*** –0.002***  –0.002*** –0.002*** –0.002*** –0.002*** –0.002*** –0.002*** –0.002*** 

 
(–10.93) (–12.03) (–11.76) (–8.35) (–11.95) (–14.05) (–12.28)  (–13.83) (–10.77) (–11.85) (–11.39) (–12.22) (–11.79) (–11.51) 

B/M –0.003*** –0.003*** –0.001* –0.003*** –0.003*** –0.002*** –0.002**  –0.001* –0.002** –0.002** –0.001 –0.001* –0.001 –0.000 

 
(–2.76) (–3.11) (–1.66) (–3.33) (–3.38) (–3.08) (–1.97)  (–1.83) (–2.18) (–2.30) (–1.49) (–1.78) (–1.24) (–0.51) 

Illiquidity –0.108*** –0.089*** –0.113*** –0.185*** –0.182*** –0.185*** –0.246***  –0.270*** –0.274*** –0.151*** –0.153*** –0.113*** –0.129*** –0.102*** 

 
(–6.15) (–5.41) (–5.61) (–5.85) (–6.28) (–6.98) (–7.99)  (–8.93) (–7.60) (–7.10) (–7.57) (–7.28) (–7.16) (–6.58) 

Analyst 0.039*** 0.042*** 0.037*** 0.037*** 0.036*** 0.034*** 0.034***  0.032*** 0.034*** 0.035*** 0.033*** 0.039*** 0.039*** 0.036*** 

 
(7.70) (9.84) (9.20) (8.48) (8.20) (9.75) (8.07)  (10.16) (8.89) (10.53) (10.12) (8.50) (9.11) (8.93) 

Dispersion 0.008*** 0.005** 0.006*** 0.004*** 0.004*** 0.006*** 0.005***  0.004*** 0.004** 0.005*** 0.008*** 0.006*** 0.005*** 0.007*** 

 
(2.71) (2.09) (2.80) (2.66) (2.91) (5.06) (3.10)  (2.92) (2.42) (3.29) (3.92) (2.83) (2.91) (2.91) 

Ioship 0.010*** 0.009*** 0.008*** 0.008*** 0.009*** 0.008*** 0.009***  0.008*** 0.009*** 0.010*** 0.010*** 0.012*** 0.011*** 0.011*** 

 
(7.53) (9.19) (9.17) (5.71) (7.96) (9.80) (9.66)  (10.03) (7.59) (10.74) (10.13) (10.84) (10.58) (9.19) 

Constant 0.017*** 0.016*** 0.016*** 0.021*** 0.019*** 0.018*** 0.018***  0.018*** 0.019*** 0.016*** 0.015*** 0.013*** 0.016*** 0.013*** 

 
(8.32) (8.31) (8.81) (6.17) (8.77) (11.09) (9.90)  (10.49) (7.55) (8.01) (7.28) (7.43) (7.79) (6.75) 

Obs. 1,454 1,468 1,470 1,483 1,488 1,498 1,513  1,497 1,488 1,488 1,481 1,485 1,459 1,450 
Adj. R2 0.177 0.219 0.253 0.200 0.203 0.293 0.231   0.289 0.237 0.259 0.256 0.244 0.250 0.244 
Panel C: Panel regression 

  Runup 
Post-split dummy ×  

Runup Post-split dummy Size B/M Illiquidity Analyst Dispersion Ioship Constant Obs. Adj. R2 

Split firms 0.004*** –0.002* 0.001** –0.003*** –0.002*** –0.297*** 0.031*** 0.010*** 0.004*** 0.023*** 18,120 0.131 

 
(5.46) (–1.93) (2.12) (–20.78) (–5.40) (–12.75) (24.12) (12.54) (4.07) (16.34) 

  

             Non-split firms 0.002*** –0.001 0.0004 –0.002*** –0.002** –0.100*** 0.037*** 0.005*** 0.010*** 0.015*** 17,712  0.221 

  (3.28) (–0.65) (1.54) (–13.12) (–2.12) (–7.67) (10.11) (3.13) (11.30) (8.50)     
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Table 5 
The momentum effect on split firms’ stock returns 

 
This table shows cross-sectional regressions of split firms’ stock returns on Runup and control variables from month –6 to month 0 relative to the split 
announcement month and month 0 to month +6 relative to the ex-distribution month. Panel A reports results for split firms, and Panel B reports results for 
matched non-split firms. The dependent variable is monthly excess return with CRSP value-weighted index returns as the benchmark. Runup is the cumulative 
return from month –12 to month –2. Size is the natural logarithm of market capitalization in millions measured at the previous month end. B/M is the book-to-
market ratio. Illiquidity is Amihud’s (2002) illiquidity measure defined as the average ratio of the daily absolute return to its dollar trading volume. Illiquidity is 
previous month average. Panel C reports the panel regression results based on all the months excluding month 0. Post-split dummy and an interaction term Post-
split dummy × Runup are added into the regression. Post-split dummy equals one for month +1 to month +6. Numbers in parentheses are t-statistics based on 
White (1980) heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 
 
               Month –6 to month 0 relative to the announcement month     Month 0 to month +6 relative to the ex-distribution month 
Month –6 –5 –4 –3 –2 –1 0   0 +1 +2     +3   +4 +5 +6 
Panel A: Split firms 
Runup 0.007 0.018** 0.009** 0.021*** 0.017*** 0.022*** 0.011** 

 
0.021*** –0.002 0.016 –0.004 0.006 0.002 0.014 

 
(0.75) (2.47) (2.36) (2.87) (2.67) (3.54) (2.20) 

 
(3.62) (–1.15) (1.43) (–0.88) (1.05) (0.47) (1.38) 

Size –0.014*** –0.008*** –0.010*** –0.010*** –0.008** –0.008** –0.015*** 
 

–0.002 –0.006* 0.001 –0.003 0.000 0.000 0.002 

 
(–4.80) (–2.87) (–3.38) (–3.63) (–2.58) (–2.54) (–4.42) 

 
(–0.50) (–1.73) (0.20) (–1.07) (0.12) (0.12) (0.63) 

B/M –0.008 –0.025 –0.045*** –0.030** –0.030 –0.087*** –0.071*** 
 

–0.041** –0.042*** –0.002 –0.020 0.003 0.001 –0.025 

 
(–0.57) (–1.48) (–3.07) (–1.99) (–1.61) (–4.44) (–4.36) 

 
(–2.41) (–3.54) (–0.11) (–1.20) (0.15) (0.03) (–0.83) 

Illiquidity 0.650** 0.767** –0.017 1.110* 2.797*** 2.435*** 1.247 
 

–1.378* –0.079 –0.273 0.851 –1.689*** 0.209 0.028 

 
(2.02) (2.03) (–0.04) (1.84) (3.46) (2.98) (1.57) 

 
(–1.82) (–0.10) (–0.67) (1.24) (–2.81) (0.30) (0.04) 

Constant 0.145*** 0.101*** 0.130*** 0.123*** 0.104*** 0.132*** 0.185*** 
 

0.032 0.075** –0.012 0.037 0.001 –0.003 –0.011 

 
(5.62) (3.60) (4.81) (4.84) (3.48) (4.10) (5.79) 

 
(1.11) (2.17) (–0.42) (1.34) (0.05) (–0.11) (–0.35) 

Obs. 1,576 1,582 1,592 1,600 1,608 1,611 1,620 
 

1,622 1,599 1,603 1,618 1,613 1,599 1,596 
Adj. R2 0.032 0.028 0.018 0.046 0.056 0.064 0.040 

 
0.035 0.003 0.017 0.003 0.006 0.002 0.011 

Panel B：Non-split firms 
Runup 0.018 0.014 0.007 –0.010 0.011 –0.006 0.006 

 
0.005 –0.002 –0.010 –0.002 –0.015 –0.019* 0.008 

 
(1.40) (1.43) (0.66) (–1.14) (1.22) (–0.79) (0.79) 

 
(0.53) (–0.23) (–1.04) (–0.22) (–1.27) (–1.76) (0.68) 

Size –0.004 –0.003 –0.012*** –0.009*** –0.011*** –0.014*** –0.004 
 

0.007** 0.001 –0.004 –0.001 0.002 –0.004 –0.004 

 
(–1.21) (–1.06) (–3.95) (–3.29) (–3.90) (–4.75) (–1.25) 

 
(2.33) (0.48) (–1.39) (–0.47) (0.59) (–1.11) (–1.15) 

B/M –0.003 –0.012 –0.019 –0.017 –0.003 0.011 0.001 
 

0.024 0.012 –0.010 –0.013 –0.015 –0.022 –0.030* 

 
(–0.21) (–0.90) (–1.24) (–1.14) (–0.22) (0.69) (0.05) 

 
(1.49) (0.74) (–0.66) (–0.78) (–1.08) (–1.41) (–1.71) 

Illiquidity 0.814 1.011** 0.859* 1.705* 0.824 0.555 –0.195 
 

0.561 –0.081 0.028 –0.121 0.065 0.550 –0.116 

 
(1.56) (2.37) (1.65) (1.89) (1.01) (0.77) (–0.32) 

 
(0.78) (–0.11) (0.05) (–0.19) (0.17) (0.72) (–0.18) 

Constant 0.035 0.031 0.099*** 0.083*** 0.103*** 0.110*** 0.023 
 

–0.074*** –0.021 0.032 0.017 –0.008 0.038 0.038 

 
(1.02) (1.16) (3.59) (3.05) (3.75) (4.05) (0.88) 

 
(–2.72) (–0.76) (1.20) (0.59) (–0.29) (1.20) (1.25) 

Obs. 1,547 1,556 1,564 1,568 1,574 1,583 1,583 
 

1,566 1,550 1,548 1,542 1,533      1,524         1,514 
Adj. R2 0.014 0.018 0.029 0.023 0.023 0.024 0.002   0.002 0.001 0.001 0.001 0.001 0.008 0.002 

Table 5 continues 
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Table 5 (continued) 
Panel C: Panel regression 

  Runup 
Post-split dummy ×  

Runup Post-split dummy Size B/M Illiquidity Constant Obs. Adj. R2 

Split firms 0.016*** –0.008** –0.037*** –0.005*** –0.022*** 0.571*** 0.082*** 19,197 0.038 

 
(5.79) (–2.33) (–14.48) (–6.06) (–4.59) (4.22) (10.38) 

  

          Non-split firms 0.004 –0.009 –0.009*** –0.006*** –0.013*** 0.358* 0.057*** 18,603 0.009 

  (0.99) (–1.57) (–4.38) (–5.19) (–2.59) (1.88) (5.45)     
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Table 6 
The momentum effect and predictive power of O/S on split firms’ stock returns 

 
This table shows cross-sectional regressions of split firms’ stock returns on Ln(ShO/S) and control variables from month –6 to month 0 relative to the split 
announcement month and month 0 to month +6 relative to the ex-distribution month. Panel A reports results for split firms, and Panel B reports results for 
matched non-split firms. The dependent variable is monthly excess return with CRSP value-weighted index returns as the benchmark. Ln(ShO/S) is the natural 
logarithm of average ShO/S in previous month. Runup is the cumulative return from month –12 to month –2. Size is the natural logarithm of market capitalization 
at previous month end. B/M is the book-to-market ratio. Illiquidity is previous one-month average. Panel C reports the panel regression results based on all the 
months excluding month 0 (split announcement month and ex-distribution month). Post-split dummy and an interaction term Post-split dummy × Ln(ShO/S)  are 
added into the regression. Post-split dummy equals one for month +1 to month +6. Numbers in parentheses are t-statistics based on White (1980) 
heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 
 
               Month –6 to month 0 relative to the announcement month     Month 0 to month +6 relative to the ex–distribution month 
Month –6 –5 –4 –3 –2 –1 0   0 +1 +2 +3 +4 +5 +6 
Panel A: Split firms 
Ln(ShO/S) 0.011*** 0.010*** 0.008*** 0.011*** 0.011*** 0.019*** 0.017*** 

 
–0.001 –0.003 –0.010*** 0.001 –0.008** 0.001 0.000 

 
(4.02) (3.26) (2.61) (4.08) (3.63) (3.84) (4.57) 

 
(–0.25) (–0.92) (–4.03) (0.33) (–2.50) (0.36) (0.05) 

Runup –0.010 0.006 0.004 0.013** 0.007 0.008 0.003 
 

0.021*** 0.001 0.024* –0.005 0.006 0.007 0.014 

 
(–1.63) (1.61) (0.66) (2.06) (1.21) (1.41) (0.70) 

 
(3.51) (0.20) (1.78) (–1.13) (1.13) (1.42) (1.50) 

Size –0.014*** –0.013*** –0.013*** –0.014*** –0.013*** –0.016*** –0.022*** 
 

–0.002 –0.005* 0.003 –0.003 0.002 0.000 0.001 

 
(–4.71) (–3.70) (–4.30) (–5.11) (–4.30) (–4.48) (–6.22) 

 
(–0.65) (–1.65) (1.02) (–0.99) (0.68) (0.04) (0.48) 

B/M –0.011 –0.008 –0.011 –0.008 –0.004 –0.042** –0.050*** 
 

–0.040** –0.041** –0.014 –0.020 –0.010 0.009 –0.020 

 
(–1.45) (–0.93) (–1.13) (–1.18) (–0.39) (–2.34) (–4.12) 

 
(–2.40) (–2.51) (–0.77) (–1.16) (–0.55) (0.51) (–0.89) 

Illiquidity 0.396 0.225 –0.146 –0.078 0.976*** 0.905*** 0.010 
 

–1.407* –0.010 –0.268 0.862 –1.658*** 0.229 –0.025 

 
(1.62) (0.60) (–0.30) (–0.33) (2.60) (2.97) (0.02) 

 
(–1.84) (–0.01) (–0.62) (1.26) (–2.67) (0.29) (–0.12) 

Constant 0.185*** 0.169*** 0.168*** 0.188*** 0.177*** 0.249*** 0.298*** 
 

0.035 0.056* –0.063* 0.041 –0.034 –0.004 –0.007 

 
(6.06) (4.63) (5.06) (6.56) (5.56) (5.44) (7.50) 

 
(0.99) (1.66) (–1.87) (1.19) (–0.96) (–0.11) (–0.21) 

Obs. 1,328 1,356 1,393 1,440 1,485 1,526 1,569 
 

1,613 1,597 1,601 1,605 1,601 1,595 1,591 
Adj. R2 0.032 0.021 0.017 0.043 0.042 0.055 0.047 

 
0.033 0.002 0.029 0.003 0.008 0.003 0.010 

Table 6 continues 
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Table 6 (continued) 
               Month –6 to month 0 relative to the announcement month     Month 0 to month +6 relative to the ex–distribution month 
Month –6 –5 –4 –3 –2 –1 0         0  +1   +2 +3     +4       +5 +6 
Panel B：Non-split firms 
Ln(ShO/S) –0.002 0.001 –0.003 0.007** 0.003 0.004 –0.005* 

 
–0.005* –0.005** –0.001 –0.001 0.002 –0.003 –0.007** 

 
(–0.62) (0.48) (–1.01) (2.57) (1.08) (1.36) (–1.89) 

 
(–1.74) (–2.16) (–0.37) (–0.44) (0.75) (–0.98) (–2.43) 

Runup –0.002 0.007 –0.006 –0.010 0.009 –0.006 0.007 
 

0.008 0.001 –0.010 –0.003 –0.019* –0.017 0.007 

 
(–0.19) (0.67) (–0.60) (–0.97) (0.96) (–0.81) (0.88) 

 
(0.82) (0.13) (–0.98) (–0.24) (–1.73) (–1.61) (0.62) 

Size –0.006* –0.003 –0.010*** –0.010*** –0.012*** –0.014*** –0.003 
 

0.007** 0.002 –0.004 –0.001 0.002 –0.004 –0.002 

 
(–1.70) (–1.01) (–3.27) (–3.24) (–3.96) (–4.63) (–1.09) 

 
(2.42) (0.76) (–1.32) (–0.31) (0.51) (–1.15) (–0.73) 

B/M 0.006 –0.009 –0.011 –0.011 –0.000 0.012 –0.002 
 

0.020 0.008 –0.010 –0.013 –0.012 –0.021 –0.031* 

 
(0.38) (–0.67) (–0.80) (–0.73) (–0.02) (0.74) (–0.15) 

 
(1.25) (0.51) (–0.67) (–0.77) (–0.85) (–1.39) (–1.73) 

Illiquidity –0.099 0.664 0.561 2.068* 0.651 0.280 –0.170 
 

0.596 0.130 0.039 0.001 –0.083 0.248 –0.007 

 
(–0.28) (1.58) (0.97) (1.94) (0.73) (0.39) (–0.28) 

 
(0.82) (0.17) (0.06) (0.00) (–0.22) (0.40) (–0.01) 

Constant 0.050 0.037 0.077** 0.109*** 0.120*** 0.124*** 0.006 
 

–0.091*** –0.044 0.029 0.009 –0.001 0.030 0.006 

 
(1.23) (1.17) (2.48) (3.19) (3.75) (3.81) (0.22) 

 
(–2.91) (–1.44) (0.90) (0.27) (–0.02) (0.87) (0.17) 

Obs. 1,396 1,414 1,442 1,475 1,512 1,546 1,569 
 

1,562 1,543 1,538 1,532 1,520 1,508 1,496 
Adj. R2 0.001 0.006 0.019 0.029 0.020 0.021 0.001   0.004 0.000 0.000 0.001 0.002 0.005 0.004 
Panel C: Panel regression 

  Ln(ShO/S) 
Post–split dummy ×  

Ln(ShO/S) Post–split dummy Runup Size B/M Illiquidity Constant Obs. Adj. R2 

Split firms 0.009*** –0.010*** –0.070*** 0.008*** –0.006*** –0.021*** 0.348*** 0.120*** 18,118 0.035 

 
(6.84) (–5.75) (–11.70) (4.76) (–6.45) (–4.76) (2.62) (11.20) 

  
           
Non–split firms 0.001 –0.003* –0.019*** –0.003 –0.006*** –0.010** 0.213 0.060*** 17,922 0.006 

  (0.89) (–1.75) (–3.43) (–1.19) (–6.37) (–2.30) (1.50) (6.10) 
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Table 7 
Predictability of O/S on Earnings Announcement Returns around Splits 

 
This table presents the regressions of absolute earnings announcement returns and of earnings announcement returns 
on Ln(ShO/S) before and after splits. Earnings announcement return is five-day (–2,+2) abnormal return (CRSP 
value-weighted index return as the benchmark) around quarterly earnings announcements. Regressions are run 
separately before splits and after splits. Ln(ShO/S) is the natural logarithm of average ratio of total options trading 
volume to the corresponding stock trading volume from day –22 to day –3 relative to the earnings announcement 
date. Following Denis and Sarin (2001), we include the following control variables: Size is the natural logarithm of 
market capitalization in millions measured at day –23; B/M is the book-to-market ratio before earnings 
announcements; Change in earnings is the difference of earnings between quarter t and quarter t–4, expressed as a 
percentage of the firm’s market value at day –23; and, Accruals is calculated as the change in non-cash current 
assets less the change in current liabilities excluding the change in debt included in current liabilities and the change 
in income taxes payable, minus depreciation and amortization expense. Accruals are scaled by average total assets 
from the beginning to the end of a quarter. Numbers in parentheses are t-statistics based on White (1980) 
heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, 
respectively. 
Dependent variable Absolute earnings announcement return  Earnings announcement return 
 Before splits After splits  Before splits After splits 
Ln(ShO/S) 0.009*** 0.011*** 

 
0.006*** –0.004 

 
(5.80) (6.44) 

 
(2.94) (–1.39) 

Size –0.016*** –0.014*** 
 

–0.013*** –0.004 

 
(–9.84) (–7.59) 

 
(–6.02) (–1.33) 

B/M –0.023** –0.039*** 
 

–0.014 –0.003 

 
(–2.50) (–3.57) 

 
(–1.36) (–0.21) 

Change in earnings 0.255 –0.089 
 

0.012 0.459 

 
(1.42) (–0.32) 

 
(0.06) (1.63) 

Accruals –0.013 0.021 
 

–0.074 –0.132** 

 
(–0.38) (0.54) 

 
(–1.62) (–2.28) 

Constant 0.212*** 0.264*** 
 

0.148*** 0.104** 

 
(9.93) (9.61) 

 
(5.09) (2.24) 

Year fixed effect Yes    Yes 
 

   Yes        Yes 
Obs.                                                                                                   1,168                                                        1,236                                                                                                             1,168                          1,236 
Adj. R2 0.148 0.113   0.032 0.013 
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Table 8 
Cross-Sectional Regressions of Split Announcement Returns on O/S 

 
This table shows the regressions of split announcement returns on pre-split O/S and various control variables. The 
dependent variable is (–2,+2) five-day abnormal returns (CRSP value-weighted index return as the benchmark) 
around split announcements. Ln(ShO/S) is the natural logarithm of the average ratio of total options trading volume 
to the corresponding stock trading volume from day –22 to day –3 relative to the stock split announcement date. Size 
is the natural logarithm of pre-split market capitalization in millions measured at day –23. B/M is the pre-split book-
to-market ratio from Compustat. Ln(price) is the natural logarithm of the average stock price from day –22 to day –3. 
Runup is the pre-split 11-month cumulative stock return from month –12 to day –23 before splits. Turnover is stock 
trading volume divided by shares outstanding. Illiquidity is Amihud’s (2002) illiquidity measure defined as the 
average ratio of the daily absolute return to its dollar trading volume. LM is Liu’s (2006) liquidity measure defined 
as the standardized turnover-adjusted number of days with zero trading volumes. Pre-split turnover, pre-split 
illiquidity, and re-split LM are estimated over days –22 to day –3 before the split announcement date; post-split 
turnover, post-split illiquidity, and post-split LM are estimated over day +3 to day +22 after the ex-distribution date. 
Change in turnover, Change in illiquidity, and Change in LM are the differences between post-split estimates and 
pre-split estimates. Pre-split LM, post-split LM and change in LM are benchmark-adjusted (the difference between a 
split firm’s LM and that of its matched non-split firm) as in Lin et al (2009). Numbers in parentheses are t-statistics 
based on White (1980) heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 
1%, 5%, and 10%, respectively. 
 
Model (1) (2) (3) (4) (5) 
Ln(ShO/S) 0.004*** 0.005*** 0.006*** 0.005*** 0.005*** 

 
(2.78) (3.31) (3.50) (3.25) (3.14) 

Size 
 

–0.006*** –0.006*** –0.006*** –0.006*** 

  
(–3.29) (–3.28) (–3.37) (–3.21) 

B/M 
 

–0.014* –0.012* –0.013* –0.014* 

  
(–1.87) (–1.71) (–1.83) (–1.88) 

Runup 
 

0.001 0.002 0.001 0.001 

  
(0.59) (0.65) (0.60) (0.60) 

Ln(price) 
 

–0.014** –0.014** –0.014** –0.014** 

  
(–2.03) (–2.03) (–1.99) (–2.02) 

Split factor 
 

0.021** 0.022** 0.021** 0.023** 

  
(2.10) (2.21) (2.09) (2.33) 

Change in turnover 
  

1.515*** 
  

   
(3.19) 

  Change in illiquidity 
   

–0.614* 
 

    
(–1.96) 

 Change in LM 
    

–0.051* 

     
(–1.92) 

Constant 0.041*** 0.133*** 0.131*** 0.134*** 0.129*** 

 
(6.24) (5.46) (5.46) (5.47) (5.29) 

Year fixed effect Yes Yes Yes Yes Yes 
Obs.                                                                                                           1,636                                     1,621          1,621          1,621          1,596 
Adj. R2 0.007 0.028 0.041 0.030 0.028 
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Figure 1. Pre-Split and Post-Split Turnover of Split Firms vs. Matched Non-split Firms 
 
 

 
 

Notes: This figure shows the pre-split average share turnover from month –12 to month –1 relative to the stock split 
announcement month and the post-split share turnover from month 1 to month 12 relative to the ex-distribution 
month for the split firms and their matched non-split firms, matched on size and B/M. 
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Figure 2. Pre-Split and Post-Split O/S of Split Firms vs. Matched Non-split Firms 
 
 

 
 
 

Notes: This figure shows the pre-split average ShO/S from month –12 to month –1 relative to the stock split 
announcement month and the post-split average ShO/S from month 1 to month 12 relative to the ex-distribution 
month for the split firms and their matched non-split firms, matched on size and B/M. 
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1. Introduction 

A stock split is a puzzling corporate event. It is seemingly a cosmetic transaction as only 

price per share and shares outstanding change, and no financing or investment decisions are 

involved that affect cash flows. Yet, split announcements evoke a significantly favorable price 

reaction (e.g., Grinblatt, Masulis, and Titman, 1984; McNichols and Dravid, 1990; Nayak and 

Prabhala, 2001). Brennan and Copeland (1988) argue that stock splits are a costly signal of 

private information as transaction costs are negatively correlated with share price. More 

important, research shows a positive return drift in the year following stock splits (Ikenberry, 

Rankine, and Stice, 1996; Desai and Jain, 1997). Lakonishok and Lev (1987) and Asquith, Healy, 

and Palepu (1989) report that split firms subsequently experience abnormal earnings growth. 

McNichols and Dravid (1990) report that stock splits convey information on improvement in 

future earnings. Furthermore, Ikenberry and Ramnath (2002) find that analysts’ earnings 

forecasts are low at the time of split announcements and forecast revisions are sluggish over time. 

These results are consistent with the notion that investors (including analysts) underreact to 

future earnings of split firms.  

Post-earnings announcement drift (PEAD), or the standardized unexpected earnings 

(SUE) effect, is another bewildering anomaly that has been highly discussed for more than four 

decades since the seminal paper of Ball and Brown (1968). This phenomenon causes stock prices 

to drift in the same direction of a recent earnings surprise for up to several months following an 

earnings announcement. Most of the post-announcement abnormal returns appear around the 

earnings releases in the subsequent two quarters (Bernard and Thomas, 1989, 1990). Research 
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suggests that investors do not fully incorporate implications of current earnings surprises on the 

future earnings into the current stock prices. In other words, the rationale behind PEAD is that 

the market underreacts to earnings surprises. 

Given the similar underreaction arguments, this article offers insights into the two 

anomalies that are seemingly correlated. As both anomalies are partially driven by the market’s 

inability to reflect information conveyed by the events (stock splits or earnings surprises) about 

future earnings, the post-split drift and PEAD may be the manifestation of one phenomenon. If 

so, we expect that the post-split drift can be largely explained by the SUE effect. In particular, 

only split firms with high SUEs (i.e., with large earnings surprises) will generate a positive post-

split return drift, and only non-split firms with low SUEs will generate a negative return drift.  

However, stock splits may be motivated by reasons other than signaling future earnings 

surprises, such as liquidity enhancement. Muscarella and Vetsuypens (1996) and Easley, O’Hara, 

and Saar (2001) find that liquidity plays an important role in helping managers make split 

decisions. Recently, Lin, Singh, and Yu (2009) show that trading costs, measured by trading 

discontinuity, decline after stock splits. If so, stock splits and earnings surprises may disseminate 

different pieces of information to the market. The abnormal returns following the two events will 

not subsume each other. As a result, a trading strategy based on the announcements of stock 

splits and earnings surprises will generate larger returns than those by each of the single anomaly. 

To understand better the relation between post-split drift and PEAD, we perform three 

sets of tests. First, we examine whether the return drift following stock splits remains by 

including some recent split cases as an out-of-sample test. Although prior research shows an 
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abnormal positive return following split announcements, some studies suggest that post-split drift 

is merely a statistical fluke. Fama (1998) and Byun and Rozeff (2003) argue that the abnormal 

return following stock splits is spurious; the return drift disappears under different sample 

selections, sample periods, or methods used to estimate abnormal returns. To the extent that 

investors learn from their past experience about anomalous return patterns in the market, whether 

the post-split drift continues to hold after investors have gained some understanding of stock 

splits is an empirical question.  

Second, we test how fast the return drift will vanish after split announcements. Prior 

studies, such as Ikenberry, Rankine, and Stice (1996) and Ikenberry and Ramnath (2002), focus 

on post-split performance in a 12-month horizon and do not offer evidence in finer intervals. It is 

unclear whether the post-split drift persists for more than six months. On the one hand, if the 

drift is uniformly strong over the first post-split year, as the SUE effect can last for up to six 

months, the two anomalies are less likely to share the same source of information to which the 

market underreacts. On the other hand, if the post-split drift is a relatively short-term 

phenomenon, say, three to six months, then the two anomalies can plausibly be driven by a 

similar source of information to which the market reacts sluggishly. 

Third, we form a long–short portfolio by buying split firms with high SUEs and selling 

non-split firms with low SUEs. If the post-split drift and the SUE effect are the manifestation of 

one phenomenon, we do not expect the long–short portfolio to outperform the trading strategy 

based on splits only or SUEs only. In contrast, if two anomalies are distinct return patterns, the 

portfolio should generate larger abnormal returns. 
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Using 9,366 stock splits from 1984 to 2011, we show that the post-split return drift is 

economically and statistically significant, with more than 40 basis points per month for 12 

months in the equal-weighted portfolios, after controlling for size, book-to-market (B/M), and 

prior returns. Including earlier cases of splits does not alter the result. However, when we 

examine the post-split horizon month by month, we find that most of the positive abnormal 

returns concentrate in the first two to three post-announcement months. We find almost no 

abnormal monthly return seven months after splits, suggesting that the post-split drift has a 

shorter duration than the duration on which most previous studies focus. The length of the drift 

also coincides with that of PEAD, and hence it may result from the same information that drives 

the SUE effect.  

The results also show that the post-split drift is related to earnings surprises in the quarter 

following stock splits, confirming that abnormal returns following splits reflect information 

about future earnings. In Fama–MacBeth regressions, both stock splits and earnings surprises 

contribute remarkably to the variation of cross-sectional returns.  

Finally, we find that the long–short portfolio by buying split firms with high SUEs and 

selling non-split firms with low SUEs, matched on size, B/M, and momentum, yield a larger 

return than that of the single-sort long–short portfolios. In particular, the double-sort long–short 

portfolio yields a three-month buy-and-hold abnormal return (BHAR) of 4.89%. For comparison, 

the long–short portfolio created by buying the highest SUE quintile and shorting the lowest SUE 

quintile generates a smaller return of 3.99% over three months after quarterly earnings 



 
 

5 

announcements, and the long–short portfolio created by buying split firms and shorting matched 

non-split firms yields 1.82% over the same horizon.  

These three sets of results suggest that, although post-split drift and PEAD are both short-

term phenomena, the stock splits and earnings surprises contain different pieces of information 

regarding firms’ future performance. The two post-event return drifts are distinct anomalies and 

thus can be exploited simultaneously for improving trading profits.    

We perform three additional tests for robustness checks. First, we form a calendar-time 

long–short portfolio based on prior quarter splits and earnings surprises simultaneously. This 

portfolio’s monthly abnormal returns are 0.96% to 1.63% per month, with the control of well-

documented asset pricing factors. Second, when we roll over this trading strategy, the portfolio’s 

long-run performance dominates the major benchmarks, such as the Value portfolio and the 

Market portfolio. Third, we show that, by buying splitting stocks with high SUEs and selling 

non-splitting stocks with low SUEs, the long–short portfolio consistently generates positive 

abnormal returns over our sample period (1984–2011).  

This study contributes to the literature in three ways. First, we address the debate 

regarding the return drift following stock splits. Although earlier studies find an anomalous 

return pattern for split firms in the post-split year (e.g., Ikenberry, Rankine, and Stice, 1996; 

Ikenberry and Ramnath, 2002), a concern exists that the split anomaly does not hold under 

different methodologies (Fama, 1998). We show that stock splits exhibit significantly positive 

post-split returns based on split announcements in either the past 30 years or even the past 80 

years.  
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Second, previous split research focuses on average performance over a year or longer 

following splits. Although the post-split average return drift is significant for a 12-month horizon, 

the abnormal returns appear mainly in the first quarter following split announcements, 

suggesting that the split anomaly is a short-term phenomenon. 

Finally, we examine the relation between the post-split drift and PEAD. Although both 

anomalies are related to earnings surprises, they are distinct phenomena. We design the trading 

strategy by exploiting split announcements and earnings surprises, which generates a statistically 

and economically significant return over a three-month horizon. Converting to an annual basis, it 

is as high as a 20% abnormal return. This result has important implications to both researchers 

and practitioners.  

The remainder of the paper is organized as follows. Section 2 describes the data and 

methods used to measure abnormal stock returns. We examine the post-split return drift and its 

relation to PEAD in Section 3. Section 4 shows the trading strategies using stock splits and 

earnings surprises simultaneously. We perform additional tests in Section 5. Section 6 concludes. 

 

2. Data and Methodology 

Our sample consists of stock splits with a split factor of at least 0.25 from 1984 to 2011 

from CRSP. 1

                                                           
1 We exclude stock splits with split factors less than 0.25 and drop all stock dividends to be consistent with prior 
research (e.g., Ikenberry, Rankine, and Stice, 1996; Ikenberry and Ramnath, 2002). 

 The sample starts in 1984 because I/B/E/S begins its coverage of analysts’ 

forecasts and actual earnings from 1984. We require a sample stock split to have a valid effective 
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date within one year of the split announcement. This sample includes 9,366 stock splits. For 

trading strategies that require information of earnings surprises, the sample consists of 4,917 

splits with available pre-split SUEs. 

We measure return drifts using two approaches: BHAR and a calendar-time portfolio 

regression. BHAR is a popular approach in the literature because it represents the returns that a 

long-horizon investor can earn and its interpretation is straightforward. However, BHAR suffers 

poor statistical properties and may overstate the long-run abnormal performance (see, e.g., Fama, 

1998; Mitchell and Stafford, 2000). The calendar-time portfolio approach does not suffer these 

problems. This approach is appealing because the time-series variation of portfolio returns 

accurately captures the effect of correlation across event stocks (Fama, 1998). 

For BHARs, we use a control portfolio matched at size, B/M, and momentum as the 

benchmark to estimate abnormal returns. The construction of control portfolios is as follows. At 

the end of June of year t, we assign all firms into five size portfolios based on NYSE quintile 

cutoffs. In each size portfolio, we classify five B/M quintiles where B/M is the book value of 

equity at the fiscal year t–1 divided by the market value of equity at December end of year t–1. 

The rankings of size and B/M will hold for a year from July of year t to June of year t+1. Within 

each size-B/M group, we further sort firms into five momentum quintiles where momentum is 

the prior 11-month return cumulative from month –12 to month –2 and is updated monthly. In 

this way, we form 5×5×5 size–B/M–momentum portfolios. We compute the value-weighted 

portfolio returns using market cap as the weight. We use the control portfolio with the same 
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quintile rankings of size, B/M, and momentum as of the sample firm as the benchmark to 

estimate abnormal returns. 

For calendar-time portfolio regression, in each month from 1984 to 2011, we form the 

split portfolio by including firms that have made split announcements in the past x months (x = 1, 

2, …, 12). We regress portfolio returns on either Fama and French (1993) three factors, Carhart 

(1997) four factors, or five factors by including the liquidity factor based on Pastor and 

Stambaugh (2003) as  

 Rp – Rf = a + b (Rm – Rf) + s SMB + h HML + m Prior + q LIQ + ep,  (1) 

where Rp is the stock split portfolio return, Rf is the risk-free rate, Rm is the market portfolio 

return, SMB is the small-firm portfolio return minus the big-firm portfolio return, HML is the 

high B/M portfolio return minus the low B/M portfolio return, Prior is the past winner portfolio 

return minus past loser portfolio return, and LIQ is the low liquidity portfolio return minus high 

liquidity portfolio return. The return factors, except LIQ, are obtained from Professor Kenneth 

French’s website. The regression intercept a measures the average monthly abnormal return on 

the stock split portfolio. We perform t-tests on intercepts based on heteroskedasticity- and 

autocorrelation-corrected standard errors using Newey and West’s (1987) method. 

Previous studies argue that the abnormal performance (if any) of corporate events occurs 

in small stocks only (Fama, 1998; Brav, Geczy, and Gompers, 2000). Therefore, we implement 

the calendar-time portfolio approach by applying both equal-weighted and value-weighted 

formation strategies. To address the concern that the calendar-time approach may have low 

power to detect abnormal returns when the events are clustered in some specific time periods 
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(Loughran and Ritter, 2000), we follow Ikenberry and Ramnath (2002) and perform both 

ordinary least squares (OLS) and weighted least squares (WLS) regressions where the weight for 

WLS regressions is based on the number of sample firms in a given month. 

For robustness checks, we also use the Ibbotson’s (1975) returns across time and 

securities approach to estimate abnormal returns for the full stock split sample. We run cross-

section regressions with Carhart’s (1997) four-factors in each event month and then add the 

monthly abnormal returns (regression intercepts) over event months. The results are similar to 

what we obtain from the calendar-time approach. For brevity, we do not report the results. 

 

3. Empirical Results 

3.1. Post-split return drift  

Table 1 reports monthly abnormal returns based on the calendar-time approach in the 

year following split announcements. We measure abnormal returns by controlling for Fama–

French (1993) three factors and Carhart (1997) four factors, respectively. We also control for 

five factors by including a liquidity factor in the Carhart model. Panel A shows the results for our 

main sample. 

 

[TABLE 1 ABOUT HERE] 

 

In the OLS regressions, stock splits generate at least 40 basis points each month in the 

post-split period for equal-weighted portfolios. Value-weighted portfolios exhibit lower and 
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insignificant returns when controlling for momentum and liquidity. However, OLS regressions 

may suffer the low power to detect abnormal returns (Loughran and Ritter, 2000). WLS 

regressions correct this problem and yield significant abnormal returns for both equal-weighted 

and value-weighted portfolios.  

To determine whether our results are robust, we examine two sample periods by 

including stock splits before 1984. Panels B and C of Table 1 report the results for the period 

from 1963 to 2011 and 1926 to 2011, respectively.2

 

 The results are very similar across Panels A 

to C. Our results suggest a positive return drift in the year following the split announcement. By 

including more recent stock split cases, we confirm the findings of Ikenberry and Ramnath (2002) 

that post-split abnormal returns are positive and significant.  

3.2. Post-split return drift by event months 

Table 2 reports the post-split drift by different horizons based on the calendar-time 

approach. Panel A shows the monthly abnormal returns over 3, 6, and 12 months following split 

announcements, and Panel B shows the abnormal returns of each event month in the first post-

split year. We report the results based on the five-factor model only, but the results are 

qualitatively similar when the three-factor model and the four-factor model are used.  

 

[TABLE 2 ABOUT HERE] 

 

                                                           
2 We do not report results for the five-factor model because the liquidity factor is not available prior to 1963. 
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Although we confirm the positive return drift in the first post-split year by including more 

recent stock splits (see Table 1), the results in Table 2 show that the abnormal returns are not 

uniformly distributed among the 12 months after the splits. Most of the abnormal returns occur in 

the first few months after split announcements. For example, in the WLS regressions, the equal-

weighted and value-weighted three-month return drifts are 1.16% and 0.47%, respectively, per 

month (Panel A), and no significant positive abnormal return is observed after event month 7 

(Panel B). In Figure 1, we plot the equal-weighted abnormal returns over 12 months after splits. 

The abnormal return declines sharply in the third month after the splits and approaches to zero 

from month 8 (except for month 12). These results suggest that the post-split return drift is a 

short-term phenomenon. The duration of return drift matters for the holding period when forming 

the trading strategy; that is, the more precisely an investor can identify the duration of return drift, 

the better his or her investment performance may be. 

 

[FIGURE 1 ABOUT HERE] 

 

3.3. Relation between post-split drift and SUE 

We have shown that the post-split drift is a short-term anomaly, which may last for three 

to seven months. As PEAD is also a three- to six-month phenomenon, we examine whether the 

post-split drift is related to the SUE effect. We first test whether earnings surprises help explain 

the abnormal returns following stock splits. 



 
 

12 

Table 3 reports the regressions of post-split three-month BHARs on earnings surprises 

(SUEs). The BHAR is the split firm return minus the return of the corresponding size, B/M, and 

momentum-matched control portfolio. We define SUE as the earnings surprise based on analysts’ 

forecasts and actual earnings, both reported in I/B/E/S, as in Livnat and Mendenhall (2006).3

 

 We 

control for size, B/M ratio, prior return, pre-split price level, and change in liquidity around stock 

splits in the regressions. We find that SUEs are positively related to post-split returns (Model 1). 

The earnings surprises prior to stock splits do not affect post-split returns (Model 2). These 

results are robust when we define SUE as the decile ranking instead of a continuous variable. 

This finding is consistent with the notion that the market underreacts to the signal in split 

announcements about future positive earnings surprises, leading to predictable returns in the 

post-split period. We also find that the returns following stock splits are positively related to 

improvement in liquidity (i.e., negative coefficient of change in ILLIQ), a result consistent with 

Lin, Singh, and Yu (2009). The finding that changes in liquidity are significantly related to 

abnormal returns following splits suggests that earnings surprises may not be the only factor that 

drives the post-split drift. 

[TABLE 3 ABOUT HERE] 

 

Because the post-split drift is related to earnings surprises, we examine whether the SUE 

effect can account for the post-split drift. We pool all firms covered in both CRSP and 
                                                           
3 Our results are similar when we use the time-series models based on Compustat data to estimate SUEs. 
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Compustat with available I/B/E/S data and run cross-sectional regressions of monthly returns on 

a split dummy, which indicates whether a firm made a split announcement in the past three 

months, and SUE in the most recent quarter. If the post-split drift is driven by the same piece of 

information contained in SUEs, the split dummy will not be significant in explaining cross-

section stock returns once the SUE is controlled. We control for important anomaly variables in 

the regressions that have been shown to be related to stock returns, such as size, B/M, past 

returns, asset growth, net share issue, accruals, returns on assets, and liquidity. Table 4 reports 

the empirical results. For robustness, we use both the monthly Fama–MacBeth regressions in 

Models 1 and 2 and panel regressions in Models 3 and 4 with double-clustered standard errors 

(Petersen, 2009). 

 

[TABLE 4 ABOUT HERE] 

 

Model 1 in Table 4 shows that the coefficient of split dummy is 1.16, significant at 1% 

level, after controlling a variety of anomaly variables. This result suggests that split firms, on 

average, generate 1.16% abnormal returns over the three-month post-split period. This finding is 

consistent with the abnormal return in the equal-weighted cases reported in Panel A of Table 2. 

SUE is also significant, suggesting that the SUE effect and the post-split drift do not subsume 

each other. 4

                                                           
4 Our results, although weaker, hold when SUE is defined based on Compustat data, known as the rolling seasonal 
random walk model.  

 Although both stock splits and earnings surprises are related to future earnings 
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changes, they appear to contain different pieces of information that helps explain cross-section 

returns. 

In Model 2 of Table 4, we separate split firms into high, medium, and low groups of 

splits if their split factor is greater than or equal to 1, less than 1 but greater than or equal to 0.5, 

and less than 0.5, respectively. We find a significantly positive abnormal return associated with 

firms with high split factors, amounting to 1.35% per month in the post-split three-month period. 

Firms with medium split factors also generate abnormal returns, but firms with low split factors 

generate no significant returns. 

In panel regressions in Table 4, the coefficient for the split dummy is almost unchanged 

(Model 3), compared with the Fama–MacBeth regression (Model 1). This finding proves that 

stock splits are an important factor in predicting returns in the short run. The high split dummy 

continues to be strongly significant (Model 4). SUE becomes insignificant, suggesting that the 

premium for earnings surprises may vary over time. 

 

4. Two-Way Sort of Returns by Stock Splits and Earnings Surprises 

Our results so far show that (i) the post-split drift is a short-term phenomenon, and (ii) 

stock splits and earnings surprises may contain different pieces of information, although the post-

split drift is related to future earnings surprises. We formally test the relation between the post-

split return drift and post-earnings announcement return drift via a two-way sort of portfolio 

construction.  
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We retrieve all quarterly earnings announcements from Compustat between 1984 and 

2011. We first sort these earnings releases into SUE quintiles by fiscal quarters. We then classify 

firms as split and non-split subsamples depending on whether firms announce stock splits in the 

three months prior to quarterly earnings announcements within each SUE quintile. We compute 

the three-month buy-and-hold return starting from the third day after quarterly earnings releases. 

The abnormal return is estimated by subtracting the return of the control portfolio matched on 

size, B/M, and momentum, as we describe in Section 2. 

Table 5 reports the results of the two-way sort of BHARs by stock splits and SUEs. 

Consistent with the literature, earnings surprises generate significant market reactions. High (low) 

SUEs are associated with significantly positive (negative) abnormal returns, and the difference in 

BHARs between two extreme quintiles is 3.99% over three months after earnings 

announcements (first row, last column). Stock splits also exhibit a significant premium; split 

firms outperform non-split firms by 1.82% (last row, second right column). Both SUEs and stock 

splits appear to provide incremental power to predict returns. In particular, in the stock split 

(non-split) subsample, the highest SUE quintile outperforms the lowest SUE quintile by 2.53% 

(4.00%). Also, in each SUE quintile except the top SUE group, split firms significantly 

outperform non-split firms. These results suggest that SUEs and stock splits convey different 

pieces of information. As a result, we form a long–short portfolio by buying split firms in the top 

SUE group and selling non-split firms in the bottom SUE group. The long–short portfolio 

generates an abnormal return of 4.89% (bottom right corner), which is larger than both the return 

spread of 3.99% by SUE quintiles and the return spread of 1.82% by splits. 
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[TABLE 5 ABOUT HERE] 

 

In Table 6, we calculate the long–short portfolio returns by matching one non-split firm 

to each split firm. Specifically, for each stock split, we choose a non-split control firm matched 

on size, B/M ratio, and prior return (prior 11-month return cumulative from month –12 to 

month –2) from all quarterly earnings releases. We keep split firms and their corresponding 

matching firms and drop the other non-split firms’ quarterly earnings announcements. The 

results are similar to those reported in Table 5. SUEs are positively associated with future 

abnormal returns, and split firms outperform non-split firms. The difference in three-month 

BHARs between the two extreme portfolios (splits in the top SUE quintile and non-splits in the 

bottom SUE quintile) is economically and statistically significant at 4.19%. 

 

[TABLE 6 ABOUT HERE] 

 

5. Robustness Checks 

We perform additional tests on our trading strategies based on splits and SUEs as a 

robustness check. First, we regress returns of long–short calendar-time portfolios generated from 

our trading strategies on asset pricing factors. We examine whether the trading strategies survive 

with the control of important factors in explaining cross-section returns. Second, we repeatedly 

roll over our long–short portfolios for the long run and compare their long-term performance 
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with major market benchmarks, such as the small firm portfolio and the value firm portfolio. We 

investigate whether our strategies dominate the major index that people watch closely. Third, we 

construct a quarterly rebalanced portfolio and check whether its return performance persists over 

time. Finally, we use the new approach proposed by Bessembinder and Zhang (2013) to test 

whether the abnormal returns to split firms and high SUE firms can be explained by firm 

characteristics.  

Table 7 reports the abnormal returns generated from the long–short calendar-time 

strategies based on stock splits and SUEs. We form a long–short portfolio by buying firms that 

had a split announcement and experienced a high SUE in the past x months and selling their 

corresponding size, B/M, and momentum matched control firms that had no stock splits and 

experienced a low SUE in the past x months, where x is equal to 3, 6, or 12.5

 

 As the sample size 

gets smaller when requiring both stock split status and extreme SUE ranks, we pool the bottom 

two SUE quintiles as low SUE firms, and top two SUE quintiles as high SUE firms. To 

determine whether our long–short portfolio works, we compare its returns with those of long–

short strategies formed solely based on whether firms announce stock splits or whether firms 

experience extreme SUEs. 

[TABLE7 ABOUT HERE] 

                                                           
5 We re-form the portfolio every month and regress its returns on five factors: Carhart’s (1997) four factors plus the 
liquidity factor based on Pastor and Stambaugh (2003). The abnormal return is measured by the alpha of the WLS 
regressions where the weight is the number of firms in each month. Our results are very similar with different factor 
models (i.e., Fama–French three-factor; Carhart four-factor) and different weighting schemes (i.e., OLS; WLS). 
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We find that the long–short strategy combining splits and extreme earnings surprises 

generate remarkably large abnormal returns. The average monthly alpha is 1.63% (0.96%) in the 

equal-weighted long–short portfolio over a three-month horizon, even with the control of 

important asset pricing factors, such as size, B/M, momentum, and liquidity. Over a year, the 

abnormal monthly return amounts to 0.84 % and 0.72% for the equal-weighted and value-

weighted portfolios, respectively. These abnormal returns using two-way sorts on splits and 

SUEs are larger than those by one-way sort portfolios based on splits only (equal-weighted: 

0.45%; value-weighted: 0.37%) and based on SUEs only (equal-weighted: 0.24%; value-

weighted: 0.17%). This result is consistent with Table 5 and confirms that both splits and SUEs 

have incremental power to predict stock returns.  

To avoid the short-sale constraint and potential high short-selling costs in implementing 

the long–short strategies, we repeat a similar analysis by focusing on the long positions only and 

report the results in Table 8. We find that the two-way sort portfolio based on splits and high 

SUEs generates a monthly alpha of 1.26% (0.54%) in the equal-weighted (value-weighted) case 

over the three post-event months. Consistent with Table 7, this abnormal return is larger than that 

of the portfolio formed based on splits only or based on high SUEs only. Next, we examine the 

long-run performance of our long–short portfolio by rolling over the long–short trading strategy. 

We take the monthly value-weighted raw returns and compound these returns over the entire 

sample period (1984–2011) for both the long and short positions. The abnormal return for the 

long–short portfolio is the difference in compounded returns between long and short positions. 
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We compare the return performance with that of the market index based on CRSP value-

weighted index returns, of the Small portfolio, which includes small firms with a bottom size 

quintile rank using NYSE cutoffs, and of the Value portfolio, which includes firms with a top 

B/M quintile rank. Figure 2 plots the return performance of our trading strategies and major 

market benchmarks. Our long–short portfolio based on splits and SUEs simultaneously generates 

an enormous return of 504% and outperforms the major market benchmarks.  

 

[FIGURE 2 ABOUT HERE] 

 

We then examine the quarter-by-quarter BHARs of our long–short portfolio. At the 

beginning of each calendar quarter, we implement the long–short strategy by buying firms that 

have both high SUEs (in the top two SUE quintiles) and split announcements in the past quarter 

and selling firms that have low SUEs (in the bottom two SUE quintiles) and no split 

announcements in the past quarter. We hold the portfolio for a quarter and rebalance it in each 

quarter. To measure abnormal returns, for both the long and the short positions, we subtract the 

return of size, B/M, and momentum-matched control firms and then get the difference in 

abnormal returns between long and short positions. In other words, we perform the difference-in-

difference between winners (splits and high SUEs) and losers (non-splits and low SUEs).  
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Figure 3 plots BHARs over the quarters from 1984 to 2011. Over the 108 quarters, the 

long–short portfolio generates positive BHARs with about 70% chance (75 quarters). 6

 

 The 

average quarterly BHAR is 4.31%, which is close to the abnormal return of the two-way sort 

portfolio in Table 5. When we separate the analysis into two subsample periods, 1984 to 1997 

and 1998 to 2011, the percentage of quarters with positive BHARs is similar, 71% and 68%, 

respectively. The average BHAR is 5.24% and 3.34%, separately, for the two subperiods. We 

conclude that our long–short portfolio based on both splits and SUEs earns a positive return drift 

with a high probability.  

[FIGURE 3 ABOUT HERE] 

 

In addition, following Hou, Xue, and Zhang (2012), we repeat the analysis in Tables 2, 7, 

and 8 by using a q-factor model to check the robustness of our findings. The results are report in 

Appendix Tables I and II. 7

 

 The q-factor model consists of the market factor, size factor, 

investment factor, and return-on-equity factor. All these robustness tests yield consistent results. 

6. Conclusions 

The literature reports two anomalies that are related to future earnings: post-split drift and 

PEAD. We explore the relation between these two anomalies and test whether they are driven by 
                                                           
6 We do not have sufficient sample firms to construct the long–short portfolio for three quarters (the first three 
quarters of 2009) from the second quarter of 1984 to the fourth quarter of 2011.  
7 We thank Chen Xue for making the q-factors available to us. 
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the same source of information. In examining the connection between the anomalies, we check 

whether stock splits continue to generate abnormal returns as some prior studies raise a concern 

that the post-split drift is spurious. We also investigate the duration of post-split drift to 

determine whether splits and earnings surprises evoke abnormal returns over the same horizon.   

Using splits announced from 1984 to 2011, we show an abnormally positive return in the 

one-year following stock splits. Consistent with the literature, we find that the post-split drift 

holds under different approaches and over different sample periods. We then examine the month-

by-month return performance during the post-split 12-month horizon and find that the 

significantly positive abnormal return occurs mainly in the first few post-split months and 

disappears after seven months of stock splits, suggesting that the post-split drift is a short-term 

phenomenon.  

To the extent that PEAD is also a short-term anomaly, lasting for up to six months, we 

test whether the post-split drift can be explained by PEAD. We find that abnormal returns 

following splits are indeed related to earnings surprises, but other factors, such as liquidity 

improvement, are also important. We further show that both splits and earnings surprises can 

explain cross-section variation of stock returns. As a result, although both the post-split drift and 

PEAD are related to future earnings changes, they are two distinct anomalies.   

Because splits and earnings surprises represent different pieces of information, we 

explore a trading strategy based on split announcements and extreme earnings surprises 

simultaneously. The long–short portfolio formed by buying split firms with positive earnings 

surprises and selling non-split firms with negative earnings surprises generates an abnormal 
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return of 4.9% over a three-month horizon or about 20% in an annual basis. This result is fairly 

robust under different approaches. 

This study makes important contributions to the literature. First, we address the debate 

about whether a real return drift exists following stock splits. We find that firms yield positive 

abnormal returns in the post-split period not only in the 1970s and 1980s but also in recent years. 

Second, we shed light on the relation between post-split drift and PEAD. While both share the 

information of future earnings, splits, and earnings surprises, each has incremental return 

predictability. Finally, we design a profitable trading strategy that exploits the post-split drift and 

PEAD. The strategy generates remarkably large returns. This finding has important implications 

to both investors and researchers. 
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Table 1 
Post-Split Abnormal Returns 

 
This table reports one-year abnormal returns (in %) following split announcements. We measure abnormal returns 
based on regression alphas of the calendar-time portfolio formed by firms that had stock split announcements in the 
past 12 months. We use different factor models to control for popular risk factors: Fama–French (1993) three-factor 
model, Carhart (1997) four-factor model, and a five-factor model that adds the liquidity factor, based on Pastor and 
Stambaugh (2003), into the Carhart model. We compute calendar-time portfolio returns using both equal-weighted 
(EW) and value-weighted (VW) methods. Both ordinary least squares (OLS) and weighted least squares (WLS) 
approaches are used to run calendar-time regressions where the weight for WLS is the number of splits included in 
the portfolio in each month. Calendar months with less than 10 stocks in the portfolio are excluded from the 
regression. Numbers in parentheses are t-statistics based on Newey–West (1987) standard errors. ***, **, and * 
indicate the significance levels of 1%, 5%, and 10%, respectively. 
 
 OLS WLS 
 EW VW EW VW 
Factor model alpha t-stat alpha t-stat alpha t-stat alpha t-stat 
Panel A: Sample period 1984–2011 (9,366 stock splits) 
three-factor 0.45*** (3.67) 0.34** (2.47) 0.43*** (4.04) 0.42*** (3.78) 
four-factor 0.43*** (3.18) 0.21 (1.39) 0.41*** (3.26) 0.25** (2.17) 
five-factor 0.40*** (2.66) 0.24 (1.56) 0.40*** (3.18) 0.23** (2.05) 
Panel B: Sample period 1963–2011 (14,388 stock splits) 
three-factor 0.47*** (5.83) 0.37*** (4.05) 0.46*** (5.37) 0.43*** (4.84) 
four-factor 0.41*** (4.21) 0.19* (1.84) 0.40*** (3.75) 0.22** (2.42) 
five-factor 0.43*** (3.79) 0.23** (2.01) 0.41*** (3.81) 0.21** (2.29) 
Panel C: Sample period 1926–2011 (15,145 stock splits) 
three-factor 0.37*** (5.42) 0.37*** (4.11) 0.44*** (5.35) 0.42*** (5.02) 
four-factor 0.31*** (3.76) 0.18* (1.96) 0.38*** (3.67) 0.21** (2.43) 
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Table 2 
Post-Split Abnormal Returns by Horizons 

This table reports post-split abnormal returns (in %) over different investment horizons. We measure abnormal 
returns based on alphas of the regressions using a five-factor model that adds the liquidity factor, based on Pastor 
and Stambaugh (2003), into the Carhart (1997) four-factor model. We form a calendar-time portfolio by including 
firms that had stock split announcements in the past 3, 6, or 12 months (Panel A) or firms that made split 
announcements in the x month before (Panel B) where x =1, 2, …, 12. Monthly portfolio returns are either equal-
weighted (EW) or value-weighted (VW). Both ordinary least squares (OLS) and weighted least squares (WLS) 
methods are used to run regressions where the weight for WLS is the number of splits included in the portfolio in 
each month. Calendar months with less than 10 stocks in the portfolio are excluded from the regression. Numbers in 
parentheses are t-statistics based on Newey–West (1987) standard errors. ***, **, and * indicate the significance 
levels of 1%, 5%, and 10%, respectively. 
 
 OLS WLS 
 EW VW EW VW 
Horizon/ 
Event month alpha t-stat alpha t-stat alpha t-stat alpha t-stat 

Panel A: By different investment horizons 
(+1, +3) 1.00*** (5.59) 0.40* (1.80) 1.16*** (9.17) 0.47** (2.43) 
(+1, +6) 0.59*** (3.02) 0.29 (1.57) 0.70*** (6.07) 0.34** (2.20) 
(+1, +12) 0.40*** (2.66) 0.24 (1.56) 0.40*** (3.18) 0.23** (2.05) 
Panel B: By event months 
1 2.18*** (10.45) 0.87*** (3.63) 2.14*** (11.41) 0.73*** (2.73) 
2 1.07*** (5.60) 0.78*** (3.03) 1.07*** (5.46) 0.75*** (2.98) 
3 0.31 (1.52) 0.21 (0.86) 0.38** (1.98) 0.16 (0.64) 
4 0.39** (2.14) –0.08 (–0.39) 0.20 (1.33) –0.05 (–0.25) 
5 0.38* (1.88) 0.91** (2.48) 0.27 (1.46) 0.63** (2.34) 
6 0.36* (1.93) 0.34 (1.22) 0.27 (1.56) 0.30 (1.22) 
7 0.54** (2.47) 0.57** (2.08) 0.36* (1.78) 0.25 (1.05) 
8 0.01 (0.06) 0.14 (0.58) 0.06 (0.32) 0.26 (1.26) 
9 –0.09 (–0.44) 0.22 (0.95) –0.23 (–1.06) 0.27 (1.29) 
10 0.00 (0.00) 0.14 (0.57) 0.00 (0.00) 0.18 (0.76) 
11 –0.12 (–0.59) –0.44* (–1.80) –0.13 (–0.67) –0.59** (–2.57) 
12 0.37* (1.71) 0.49* (1.76) 0.32 (1.47) 0.33 (1.44) 
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Table 3 
Regressions of Post-Split Three-Month Abnormal Returns on Standardized Unexpected Earnings (SUEs) 

This table reports cross-sectional regressions of post-split three-month buy-and-hold abnormal returns (in %) on 
standardized unexpected earnings (SUE) and control variables. The dependent variable is the three-month return 
starting from day +3 after split announcements minus the return over the same horizon of the control portfolio 
matched on size, book-to-market (B/M), and momentum. We construct 125 size–B/M–momentum control portfolios 
as follows. We retrieve all firms with available data in the stock universe. In each month from July of year t to June 
of year t+1, we sort firms into five size portfolios using NYSE cutoffs where the size is the market value at June-end 
of year t. In each size portfolio, we classify five B/M quintiles where B/M is the book value of equity at the fiscal 
year t–1 divided by the market value of equity at December end of year t–1. Within each size-B/M group, we further 
sort firms into five momentum quintiles where momentum is the prior 11-month return cumulative from month –12 
to month –2 and is updated monthly. The control portfolio with the same quintile rankings of size, B/M and 
momentum as of the sample firm is chosen as the benchmark to estimate abnormal returns. SUE is the earnings 
surprise after stock splits based on I/B/E/S reported analyst forecasts and actual earnings as in Livnat and 
Mendenhall (2006). SUE is winsorized at 1% level and expressed in percentage. Pre-split SUE is SUE prior to stock 
splits. Size is the natural logarithm of pre-split market capitalization in millions. B/M is the pre-split book-to-market 
ratio from Compustat. Run-up is the pre-split 12-month cumulative stock return. Pre price is the natural logarithm of 
the stock price at day –3 relative to the split announcement. ILLIQ is Amihud’s (2002) illiquidity measure defined 
as the average ratio of the daily absolute return to its dollar trading volume. Change in ILLIQ is the difference 
between pre-split ILLIQ estimated over three months before the split announcement date and post-split ILLIQ 
estimated over three months after the effective date. Numbers in parentheses are t-statistics based on White (1980) 
heteroskedasticity-adjusted standard errors. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, 
respectively. 
 
Model 1 2 3 
SUE 8.63***  9.31*** 
 (5.87)  (5.74) 
Pre-split SUE  –0.19 –1.89 
  (–0.16) (–1.28) 
Size –1.56*** –1.48*** –1.57*** 
 (–4.57) (–4.65) (–4.59) 
B/M –5.66*** –5.77*** –5.59*** 
 (–2.87) (–3.04) (–2.82) 
Run-up 0.64 0.67 0.66 
 (1.11) (1.31) (1.14) 
Pre price 3.62*** 3.34*** 3.57*** 
 (3.38) (3.33) (3.33) 
Change in ILLIQ –2.61*** –1.67*** –2.66*** 
 (–3.98) (–2.89) (–4.04) 
Intercept 1.17 2.03 1.54 
 (0.39) (0.74) (0.51) 
Adj. R2 (%)    2.24    1.21    2.27 
N 3,749 4,334 3,749 
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Table 4 
Monthly Cross-Section Regression on Split Dummy 

This table shows the monthly return regressions on split dummies and control variables. Models 1 and 2 are Fama–
Macbeth cross-section regressions, and Models 3 and 4 are panel regressions. The dependent variable is the monthly 
return (in %). Split dummy is a dummy variable, which equals 1 if the firm makes a split announcement in the past 
three months, and zero otherwise. Split dummy is further divided into high, medium, and low dummies based on 
split factors. If the firm makes a split announcement in the past three months, High split dummy equals 1 for a split 
factor ≥ 1; medium split dummy equals 1 for a split factor between 0.5 and 1; and low split dummy equals 1 for a 
split factor < 0.5. All three dummies equal zero elsewhere. SUE is the earnings surprise (in %) in the most recent 
quarter based on I/B/E/S reported analyst forecasts and actual earnings as in Livnat and Mendenhall (2006). Size is 
natural log of the market value at the end of June of year t+1. B/M is natural log of book-to-market ratio, defined as 
the book value of equity at the fiscal year-end of year t divided by the market value of equity at December end of 
year t. Run-up is prior 11-month cumulative return from month –12 to month –2. Asset growth is annual growth rate 
of the total assets. Net share issue is annual share issuance, defined as the logarithm of the ratio of split-adjusted 
shares outstanding at the end of December of year t to split-adjusted shares outstanding at the end of December of 
year t-–1, where split-adjusted shares outstanding are CRSP shares outstanding divided by the CRSP cumulative 
factor to adjust shares outstanding. Accruals are the change in noncash current assets less the change in current 
liabilities excluding the change in debt included in current liabilities and the change in income taxes payable, minus 
depreciation at the fiscal year-end of year t, all scaled by average total assets at the fiscal year-end of year t and t–1. 
ROA is earnings before interest, taxes, depreciation and amortization at the fiscal year-end of year t divided by 
average total assets at the fiscal year-end of year t and t–1. ILLIQ is Amihud’s (2002) illiquidity measure defined as 
the one-year average ratio of the daily absolute return to its dollar trading volume. For Models 1 and 2, numbers in 
parentheses are t-statistics based on Newey–West (1987) standard errors. For Models 3 and 4, numbers in 
parentheses are t-statistics based on the firm and year double clustered standard errors (Petersen, 2009). ***, **, and 
* indicate the significance levels of 1%, 5%, and 10%, respectively. 
 Fama–Macbeth regression Panel regression 
Model 1 2 3 4 
Split dummy 1.16***  1.12***  
 (5.88)  (3.87)  
Low split dummy  0.25  –0.26 
  (0.67)  (–0.48) 
Medium split dummy  0.47**  0.87*** 
  (2.09)  (2.59) 
High split dummy  1.35***  1.44*** 
  (6.24)  (4.11) 
SUE 0.25*** 0.25*** 0.03 0.03 
 (9.03) (9.02) (1.21) (1.21) 
Size –0.08 –0.08* –0.11* –0.11* 
 (–1.62) (–1.66) (–1.87) (–1.90) 
B/M 0.20** 0.19** 0.22 0.22 
 (2.06) (2.04) (1.51) (1.51) 
Run-up 0.22 0.23 0.01 0.01 
 (0.85) (0.87) (0.03) (0.02) 
Asset growth –0.26*** –0.26*** –0.15** –0.15** 
 (–3.25) (–3.26) (–1.98) (–1.98) 
Net share issue –0.05 –0.05 –0.20 –0.19 
 (–0.80) (–0.78) (–1.03) (–1.02) 
Accruals –1.57*** –1.57*** –2.44*** –2.44*** 
 (–4.48) (–4.51) (–5.54) (–5.53) 
ROA 1.09** 1.10** 1.23 1.23 
 (2.35) (2.36) (1.52) (1.53) 
ILLIQ –4.28* –4.32* 0.38 0.37 
 (–1.70) (–1.71) (0.45) (0.45) 
Intercept 1.47** 1.48** 1.84*** 1.85*** 
 (2.47) (2.49) (4.95) (4.98) 
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Table 5 
Three-month Abnormal Returns following Quarterly Earnings Announcements: Two-Way Sorts by Splits and Standardized Unexpected Earnings (SUEs) 

This table shows the three-month buy-and-hold abnormal returns (BHARs; in %) following quarterly earnings announcements sorted by SUE quintiles and by whether firms 
make split announcements. All quarterly earnings announcements during our sample period are first sorted into SUE quintiles by fiscal quarter. In each SUE quintile, we 
classify split firms if firms announce stock splits in the three months before quarterly earnings announcements, and non-split firms otherwise. BHAR is the three-month 
return starting from day +3 following earnings announcements minus the return over the same horizon of the control portfolio matched on size, book-to-market, and 
momentum. High – Low shows the difference in BHARs between the top and bottom SUE quintiles. Split – Non-split shows the difference in BHARs between split firms 
and non-split firms. The bold number in the right bottom corner reports the difference in BHARs between split firms in the top SUE quintile and non-split firms in the bottom 
SUE quintile. N is the number of quarterly earnings announcements. Numbers in parentheses are t-statistics based on two-side t-tests. ***, **, and * indicate the significance 
levels of 1%, 5%, and 10%, respectively. 

 
  SUE ranking     
 1 (Low) 2 3 4 5 (High) All High – Low 
All        

mean –2.79*** –1.69*** –0.88*** 0.04 1.20*** –0.83*** 3.99*** 
t-stat (–23.36) (–19.61) (–10.65) (0.39) (10.09) (–18.43) (23.68) 
N 54,021 57,270 52,266 54,784 54,429 272,770  

Split        
mean –0.45 0.06 0.06 2.65*** 2.08*** 0.96*** 2.53* 
t-stat (–0.45) (0.08) (0.13) (4.27) (2.62) (3.13) (1.94) 
N 383 1,060 1,970 1,461 683 5,557  

Non-split        
mean –2.81*** –1.73*** –0.92*** –0.04 1.19*** –0.87*** 4.00*** 
t-stat (–23.37) (–19.87) (–10.98) (–0.40) (9.91) (–19.04) (23.55) 
N 53,638 56,210 50,296 53,323 53,746 267,213  

Split – Non-split        
mean 2.36* 1.78*** 0.98** 2.69*** 0.89 1.82*** 4.89*** 
t-stat (1.66) (2.78) (2.26) (4.82) (0.83) (5.71) (4.57) 
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Table 6 
Two-Way Sorts of Three-month Abnormal Returns following Quarterly Earnings Announcements: Split Firms vs. Matching Firms. 

This table shows the three-month buy-and-hold abnormal returns (BHARs; in %) following quarterly earnings announcements sorted by standardized unexpected earning 
(SUE) quintiles and by whether firms make split announcements. All quarterly earnings announcements during our sample period are first retrieved. We then pick up split 
firms that make split announcements within three months before quarterly earnings announcements. For each split firm, we identify its corresponding matching firms 
matched on size, book-to-market, prior return and SUE quintile that do not have split announcements in the prior three months. We drop all other quarterly earnings 
announcements from the analysis. BHAR(%) is the three-month return starting from day +3 following earnings announcements minus the return over the same horizon of the 
control portfolio matched on size, book-to-market, and momentum (prior 11-month return cumulative from month –12 to month –2). High – Low shows the difference in 
BHARs between the top and bottom SUE quintiles. Split – Matching shows the difference in BHARs between split firms and non-split matching firms. The bold number in 
the bottom corner reports the difference in BHARs between split firms in the top SUE quintile and matching firms in the bottom SUE quintile. N is the number of quarterly 
earnings announcements. Numbers in parentheses are t-statistics based on two-side t-tests. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 
 
  SUE ranking     
 1 (Low) 2 3 4 5 (High) All High – Low 
All        

mean –1.29* –0.63 –0.51 1.01** 1.71*** 0.09 2.99*** 
t-stat (–1.77) (–1.32) (–1.51) (2.57) (2.89) (0.42) (3.12) 
N 766 2,120 3,940 2,922 1,364 11,112  

Split        
mean –0.45 0.06 0.06 2.65*** 2.07*** 0.95*** 2.52* 
t-stat (–0.45) (0.08) (0.13) (4.27) (2.60) (3.12) (1.93) 
N 383 1,060 1,970 1,461 682 5,556  

Matching        
mean –2.12** –1.31** –1.09** –0.63 1.34 –0.78*** 3.47** 
t-stat (–2.01) (–2.19) (–2.41) (–1.29) (1.54) (–2.92) (2.47) 
N 383 1,060 1,970 1,461 682 5,556  

Split – Matching        
mean 1.67 1.37 1.15* 3.28*** 0.72 1.74*** 4.19*** 
t-stat (1.15) (1.45) (1.70) (4.16) (0.61) (4.28) (3.17) 
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Table 7 
Long–Short Trading Strategies Based on Splits and Earnings Surprises 

This table shows the monthly abnormal returns of different trading strategies. The abnormal returns (in %) are 
measured by the alphas in calendar-time portfolio weighted least squares regressions using the five-factor model. 
The five-factor model adds the liquidity factor, based on Pastor and Stambaugh (2003), into the Carhart (1997) four-
factor model. Standardized unexpected earnings (SUE) are sorted into quintiles by fiscal quarter. We take the 
bottom two SUE quintiles as low SUE firms, and top two SUE quintiles as high SUE firms. Split/high SUE – Non-
split/low SUE is the long–short trading strategy by buying split firms with high SUEs and selling size, book-to-
market, and momentum matched non-split firms with low SUEs. Split – Non-split is the trading strategy by buying 
split firms and selling size, book-to-market, and momentum matched non-split firms. High SUE – Low SUE 
represents the strategy by buying firms with high SUEs and selling firms with low SUEs. Firms are included in 
portfolio from the month following split or earnings announcement and held from 3 to 12 months. Monthly portfolio 
returns are equal-weighted (EW) or market value weighted (VW). Calendar months with less than 10 stocks in the 
portfolio are excluded from the regression. t-statistics are based on the standard errors using Newey–West (1987) 
method. ***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 
 

  Split/high SUE –  
 Non-split/low SUE 

 Split – Non-split  High SUE – Low SUE 

Period alpha t-stat  alpha t-stat  alpha t-stat 
Panel A: Equal-weighted 
(+1, +3) 1.63*** 5.54  1.20*** 6.99  0.74*** 9.42 
(+1, +6) 1.23*** 5.71  0.78*** 5.81  0.44*** 8.29 
(+1, +12) 0.84*** 5.03  0.45*** 4.08  0.24*** 7.03 
Panel B: Value-weighted 
(+1, +3) 0.96*** 2.60  0.64** 2.14  0.21* 1.89 
(+1, +6) 0.86*** 3.45  0.52** 2.46  0.14* 1.71 
(+1, +12) 0.72*** 3.42  0.37** 2.11  0.17** 2.42 
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Table 8 
Calendar-Time Portfolio Alpha: Long Only Trading Strategies  

This table shows the monthly abnormal returns of different trading strategies. The abnormal returns (in %) are 
measured by the alphas of weighted least squares regressions by regressing calendar time portfolio excess returns 
against five factors. The five-factor model adds the liquidity factor, based on Pastor and Stambaugh (2003), into the 
Carhart (1997) four-factor model. Standardized unexpected earnings (SUE) are sorted into quintiles by fiscal quarter. 
We take the bottom two SUE quintiles as low SUE firms, and top two SUE quintiles as high SUE firms. Split/high 
SUE is the trading strategy by buying split firms with high SUEs. Split includes all split firms in the sample. High 
SUE represents the strategy by buying firms with high SUEs. Firms are included in portfolio from the month 
following split or earnings announcement and held from 3 to 12 months. Monthly portfolio returns are equal-
weighted (EW) or market value weighted (VW). Calendar months with less than 10 stocks in the portfolio are 
excluded from the regression. t-statistics are based on the standard errors using Newey–West (1987) method. ***, 
**, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 
 
  Split/high SUE   Split  High SUE  
Period alpha t-stat  alpha t-stat  alpha t-stat 
Panel A: Equal-weighted 
(+1, +3) 1.26*** 5.83  1.18*** 7.14  0.49*** 5.79 
(+1, +6) 0.98*** 5.05  0.84*** 5.92  0.36*** 4.48 
(+1, +12) 0.63*** 3.56  0.53*** 3.78  0.31*** 3.93 
Panel B: Value-weighted 
(+1, +3) 0.54* 1.76  0.42** 2.02  0.13* 1.91 
(+1, +6) 0.46* 1.89  0.33** 2.06  0.07 1.34 
(+1, +12) 0.32* 1.74  0.19* 1.65  0.09* 1.82 
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Figure 1 

Post-Split Monthly Abnormal Return 
 

 
 
Fig. 1. This figure shows the post-split monthly abnormal return from the first to the twelfth month relative to the 
split announcement. The monthly abnormal returns are measured by the alphas in calendar-time portfolio 
regressions using the five-factor model. The monthly portfolio returns are equal-weighted. Both ordinary least 
squares and weighted least squares approaches are used to run regressions. 
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Figure 2 
Long-Run Performance of Portfolios based on Splits and SUEs 

 

 
 
Fig. 2. This figure shows long-run performance of portfolios formed based on splits and standardized unexpected 
earnings (SUEs) over the period from January 1984 to December 2011. Split/high SUE – Non-split/low SUE is the 
long–short portfolio formed by buying split firms with high SUEs and selling size, book-to-market, and momentum 
matched non-split firms with low SUEs. Split – Non-split is the long–short portfolio formed by buying split firms 
and selling size, book-to-market, and momentum-matched non-split firms. High SUE – Low SUE represents the 
long–short portfolio formed by buying firms with high SUEs and selling firms with low SUEs. Splits and SUEs are 
based on split announcements and earnings surprises in the prior three months. The portfolios are rebalanced every 
month. We take the monthly value-weighted returns and compound them over time. For long–short portfolios, we 
compute the long-run return as the difference in compounded returns between long and short positions. We plot the 
long-run performance measured as the natural logarithm of 1 plus the long-run returns. The S&P 500 index return is 
spliced into the series when no eligible stocks in the monthly portfolio. Monthly returns are winsorized at the top 
and bottom 1%.  
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Figure 3 
Three-Month BHARs of the Long–Short Portfolio Formed by Buying Splits and High Standardized 

Unexpected Earnings (SUEs) and Selling Non-Splits and Low SUEs 

 

 
Fig. 3. This figure shows three-month BHAR of the long–short portfolio over the period from 1984 to 2011. At the 
beginning of each calendar quarter, we form a portfolio by buying firms with split announcements and high SUEs 
(top two SUE quintiles) in the past quarter and selling non-split firms with low SUE (bottom two SUE quintiles) in 
the past quarter.  The long–short portfolio is rebalanced every quarter.  
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Appendix Table AI 

Post-Split Abnormal Returns by Horizons 
 
This table reports post-split abnormal returns (in %) over different investment horizons. We measure abnormal 
returns based on alphas of the regressions using a q-factor model consisting of the market factor, size factor, 
investment factor, and return-on-equity factor as in Hou, Xue and Zhang (2012). We form a calendar-time portfolio 
by including firms that had stock split announcements in the past 3, 6, or 12 months (Panel A) or firms that made 
split announcements in the x month before (Panel B) where x =1, 2, …, 12. Monthly portfolio returns are either 
equal-weighted (EW) or value-weighted (VW). Both ordinary least squares and weighted least squares methods are 
used to run regressions where the weight for weighted least squares is the number of splits included in the portfolio 
in each month. Calendar months with less than 10 stocks in the portfolio are excluded from the regression. Numbers 
in parentheses are t-statistics based on Newey–West (1987) standard errors. ***, **, and * indicate the significance 
levels of 1%, 5%, and 10%, respectively. 
 
  OLS WLS 
 EW VW EW VW 
Horizon/ 
Event month alpha t-stat alpha t-stat alpha t-stat alpha t-stat 

Panel A: By different investment horizons 
(+1, +3) 1.23*** (5.79) 0.59** (2.15) 1.52*** (7.15) 0.82*** (3.08) 
(+1, +6) 0.82*** (4.98) 0.46** (2.27) 0.94*** (7.00) 0.56*** (2.74) 
(+1, +12) 0.59*** (4.22) 0.29* (1.95) 0.60*** (3.82) 0.40*** (3.25) 
Panel B: By event months 
1 2.49*** (8.02) 1.17*** (3.77) 2.74*** (7.03) 1.27*** (3.62) 
2 1.02*** (4.17) 0.89*** (2.63) 1.17*** (5.48) 1.10*** (3.37) 
3 0.54** (2.27) 0.21 (0.65) 0.75*** (2.87) 0.32 (1.04) 
4 0.45** (2.35) –0.13 (–0.60) 0.35* (1.93) –0.06 (–0.26) 
5 0.59*** (2.86) 0.97** (2.47) 0.55*** (2.91) 0.78*** (2.64) 
6 0.48*** (2.79) 0.55* (1.65) 0.43*** (2.63) 0.52* (1.71) 
7 0.64*** (3.21) 0.83*** (2.89) 0.56*** (3.00) 0.63** (2.23) 
8 0.10 (0.47) 0.23 (0.80) 0.20 (0.93) 0.38 (1.62) 
9 0.07 (0.35) 0.35 (1.58) –0.06 (–0.23) 0.40 (1.56) 
10 0.04 (0.14) 0.30 (1.02) 0.21 (0.57) 0.46 (1.63) 
11 0.12 (0.38) –0.23 (–0.90) 0.07 (0.22) –0.38 (–1.60) 
12 0.53* (1.66) 0.64** (2.02) 0.63 (1.56) 0.50** (2.00) 
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Appendix Table AII 

Long–Short and Long Only Trading Strategies Based on Splits and Earnings Surprises 
 
This table shows the monthly abnormal returns of different trading strategies. The abnormal returns (in %) are 
measured by the alphas in calendar-time portfolio weighted least squares regressions using the q-factor model as in 
Hou, Xue, and Zhang (2012). Standardized unexpected earnings (SUEs) are sorted into quintiles by fiscal quarter. 
We take the bottom two SUE quintiles as low SUE firms, and top two SUE quintiles as high SUE firms. In Panel A, 
Split/high SUE – Non-split/low SUE is the long–short trading strategy by buying split firms with high SUEs and 
selling size, book-to-market, and momentum-matched non-split firms with low SUEs. Split – Non-split is the trading 
strategy by buying split firms and selling size, book-to-market, and momentum matched non-split firms. High 
SUE – Low SUE represents the strategy by buying firms with high SUEs and selling firms with low SUEs. In Panel 
B, Split/high SUE is the trading strategy by buying split firms with high SUEs. Split includes all split firms in the 
sample. High SUE represents the strategy by buying firms with high SUEs. Firms are included in portfolio from the 
month following split or earnings announcement and held from 3 to 12 months. Monthly portfolio returns are equal-
weighted or market value-weighted. Calendar months with less than 10 stocks in the portfolio are excluded from the 
regression. Numbers in parentheses are t-statistics based on the standard errors using Newey–West (1987) method. 
***, **, and * indicate the significance levels of 1%, 5%, and 10%, respectively. 

 
Panel A: Long-short Trading Strategies based on Splits and Earnings Surprises 
  Split/high SUE –  Split – Non-split High SUE – Low SUE 

  Non-split/low SUE 
Period Weight alpha t-stat alpha t-stat alpha t-stat 
(+1, +3) EW 1.93*** (5.32) 1.26*** (6.99) 0.74*** (8.12) 
(+1, +6) EW 1.35*** (5.02) 0.83*** (5.59) 0.42*** (7.21) 
(+1, +12) EW 1.01*** (5.45) 0.45*** (3.55) 0.21*** (6.01) 
(+1, +3) VW 1.49*** (3.32) 0.74** (2.37) 0.35*** (2.89) 
(+1, +6) VW 1.21*** (3.58) 0.44** (2.07) 0.22** (2.53) 
(+1, +12) VW 1.19*** (3.15) 0.30 (1.57) 0.23*** (2.76) 
Panel B: Long Only Trading Strategies  
    Split/high SUE  Split High SUE  
Period Weight alpha t-stat alpha t-stat alpha t-stat 
(+1, +3) EW 1.59*** (5.85) 1.56*** (5.65) 0.51*** (4.25) 
(+1, +6) EW 1.14*** (5.60) 1.05*** (5.75) 0.40*** (2.62) 
(+1, +12) EW 0.76*** (3.48) 0.65*** (4.63) 0.36** (2.18) 
(+1, +3) VW 0.86* (1.93) 0.82*** (2.88) 0.18** (2.06) 
(+1, +6) VW 0.68*** (2.69) 0.54** (2.56) 0.11** (2.03) 
(+1, +12) VW 0.51** (2.49) 0.35*** (2.59) 0.12** (2.28) 
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一、 執行國際合作與移地研究過程 

本次應北京大學金融系系主任劉玉珍教授邀請，至北京進行

學術交流與訪問。由於本計畫是有關資訊交易的測量與其股價預

測能力，而劉教授的研究專長即為行為財務、市場為結構與公司

理財，因此我們針對計畫的理論模型、實證方法設計、實證結果

等做了意見的交換與詳細的討論。 

香港科技大學的魏國強教授正巧在北京大學金融系訪問，魏

教授在頂級期刊上，發表多篇資產定價與公司理財的文章，對資
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訊交易的議題也有了解，仔細詢問了研究的理論與架構，指出一

些研究計畫原本沒注意到的細節，而增加了計畫成果的嚴謹性。

與他溝通的過程中，一些計畫可延伸的方向一一浮現，預期研究

計畫可在日後擴充延伸成另一新的研究子題，我們亦討論未來合

作計畫的可能性。 

由於到訪時北京大學金融系正在舉辦第三届新興金融市場論

壇(Third Symposium on Emerging Financial Markets: China and 

Beyond)，因此我順道參加了論壇一天半的議程。此論壇為北京大

學金融系與財務頂級期刊 Review of Financial Studies(RFS)所合辦，

吸引了高水準的文章投稿，其中有多篇是財務或經濟領域上國際

知名學者領軍的研究團隊所發表。期間除了與北京當地學者分享

討論研究心得，也認識了許多由世界各地來參加研討會的著名學

者，透過學者們的研究發表以及交流討論中汲取未來的研究題材。

另外，在劉教授的帶領下參觀北京大學的研究與教學環境，了解

目前大陸頂尖高校的發展。 

二、 研究成果 

在與北大劉教授與科技大學魏教授進行詳盡的討論後，感覺

計畫的理論架構與實證方法都有改進的必要。尤其科技大學魏教

授是研究資產報酬的專家，因此提出許多使研究計畫更臻完善的



寶貴意見，也增加了計畫成果的嚴謹性。 

由於在北京大學金融系訪問期間，有幸於研討會中聽了許多

嶄新有趣的研究，對未來研究方向頗有助益。此外，在和與會學

者們的交流討論中得到不少寶貴的意見，對改善尚未完成的研究

幫助極大，同時也拓展了許多未來與國際學者以及北京大學金融

系合作的機會。最重要的是有幸與國際大師的交流，例如 RFS 的

主編 Andrew Karolyi (Cornell University)、財經著名學者 Wei Xiong 

(Princeton University) 和 Franklin Allen (University of Pennsylvania)，

他們都提供研究一些方向來思考。 

 

三、 建議 

與國際學者交流討論對於學術研究有相當大的幫助，感謝科

技部提供差旅經費，促進台灣學術界的國際化。尤其看到大陸高

校神速的進步，台灣的大學應急起直追。 

 

四、本次出國若屬國際合作研究，雙方合作性質係屬：(可複選) 

□分工收集研究資料 
■交換分析實驗或調查結果 
■共同執行理論建立模式並驗証 
■共同執行歸納與比較分析 
□元件或產品分工研發 

     □其他 (請填寫) _______ 

 



五、其他 

以下簡列部分相關論文，可作為未來研究發展的方向： 

The Effect of Politician Career Concerns on Media Slant and Market 
Return: Evidence from China  
 
Who Captures the Power of the Pen?  
 
National Culture, Corporate Governance Practices, and Firm Performance  
 
Analyst Coverage in the Premarket of IPOs  
 
Confucianism, Social Norms and Household Saving Rates in China  
 
Enhancing the Contracting Space: Collateral Menus, Access to Credit, and 
Economic Activity  
 
Do Debt Contract Enforcement Costs Affect Financing and Asset 
Structure?  
 
Regulating Capital Flows to Emerging Markets: An Externality View  
 
One Fundamental and Two Taxes: When Does a Tobin Tax Reduce 
Financial Price Volatility? 
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一、 執行國際合作與移地研究過程 

本次應美國聖塔克拉大學(Santa Clara University)會計系 Dr. 

Siqi Li (李教授)邀請，至舊金山進行學術交流與訪問。聖塔克拉大

學（Santa Clara University）位於加州舊金山海灣（San Francisco 

Bay）南端的聖塔克拉拉市（Santa Clara），也就是加州矽谷

（Silicon Valley）的心臟地帶，是美國加州歷史最悠久的高等

教育機構之一。曾連續 15年獲得「美國新聞世界報導雜誌」（U.S. 

News & World Report）評為美國西部大學排名第二名，是西部最
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有價值的學校之一，並指出聖塔克拉大學的研究所課程能有效率

地提昇學生的學習力，師資傑出，採用小班制，學生相當有成就。

由於位於商業活動活躍的矽谷，聖塔克拉大學商學院致力於將理

論與實務訓練整合融會並應用於國際經濟上。 

李教授雖然在會計系任教，但她的研究領域橫跨財務與會計，

發表多篇論文於頂級期刊上，研究的議題包含破產風險、資金成

本、新股發行、CEO 誘因、企業社會責任等等。由於本計畫是有

關資訊交易的測量與其股價預測能力，而資訊交易的議題也在會

計的頂級期刊上被討論過，因此李教授的研究專長對本計畫在各

方面的討論，例如理論模型、實證方法設計、實證結果等，都相

當有幫助，我們也做了意見的交換與詳細的討論。 

二、 研究成果 

在與李教授進行詳盡的討論後，覺得計畫的實證有加強的必

要，李教授提出一些使研究計畫更臻完善的寶貴意見，也增加了

計畫成果的嚴謹性。另外，李教授也提供了一些政大商學院缺乏

的資料，希望日後可以在財務與會計的領域上合作。由於李教授

在研究上非常積極，並有傑出成果，如有合作計畫產生，應該具

有相當的學術價值。 

在聖塔克拉大學訪問期間，有幸和幾位會計學者的交流討論，



得到不少寶貴的意見，也拓展了未來與國際學者合作的機會。最

重要的是有幸與國際大師的交流，例如 Yongtae Kim, Sanjiv Das, 

Meir Statman, Hersh Shefrin 等，他們都提供研究一些方向來思考。 

 

三、 建議 

與國際學者交流討論對於學術研究有相當大的幫助，感謝科

技部提供差旅經費，促進台灣學術界的國際化。 

 

四、本次出國若屬國際合作研究，雙方合作性質係屬：(可複選) 

□分工收集研究資料 
■交換分析實驗或調查結果 
■共同執行理論建立模式並驗証 
■共同執行歸納與比較分析 
□元件或產品分工研發 

     □其他 (請填寫) _______ 
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