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Abstract 
 

 

 

This paper investigates the effect of magnitude of split size on short-term post-split 
returns as well as the effect of split announcement on post-split returns, using 

stocks data from Shanghai Stock Exchange. The study uses OLS model to test for 
the relationship, controlling for stock characteristics and the market effect. The 
main regression models find positive significant effect of split size on post-split 
returns, but no significant effect of split announcement on post-split returns. The 

results from robustness checks reject the positive significance of split size on 
returns. One possible explanation for the significance in the main regression is that 

the outlier points created biases in OLS model. Overall, this study finds no 
significant effect of split size on short-term post-split returns nor that of split 

announcement on returns. 
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I. Introduction 

Splitting stocks is a corporate action in which a company divides its existing stock shares 

into multiple ones, or vice versa (reverse split), while the share price changes proportionally to 

the number of shares so that shareholders’ equity remains the same. There has been considerable 

investigation into different aspects of stock splits, such as the motives for splits and split’s effect 

on firm value (He & Wang, 2012).  

While there have been numerous studies done on this subject, this paper differs in that it 

uses the newest splits data from the Chinese market. Given that Chinese financial system began 

to mature much later than the western world, this area is left relatively unexplored. It investigates 

the real effect of stock splits on short-term stock returns in Shanghai Stock Exchange (SSE) 

located in Shanghai, China. This study tests the effect of the magnitude of split size on short-

term stock return of the split stocks. Split factor is defined as the number of additional shares 

created after a split per pre-split share unit. It asks the question “does the split factor positively 

correlate with short-term stock returns post-split” and “does the announcement of a split have a 

positive effect on short-term stock returns post-split”. The hypothesis is that split factor does 

positively correlates with short term stock returns post-split, and so does announcement of split. 

Data include the split sample, companies listed in A-shares (restricted to purchase by 

Chinese individuals or firms) that have made announcements about stock splits between 

December 28, 2011 and Dec 31, 2014, and the non-split sample, which include all other listed 

companies in SSE during this period. The methodology consists of running a regression of short-

term post-split stock returns against split size, controlling for each firm’s characteristics as well 

as for market trend.  



3	
	

The empirical findings of the study point to the conclusion that the split size has no 

significant relationship with short-term post-split returns, nor does split announcement. 

The study proceeds as follows. Section II provides a literature review on the relevant 

studies done up to date. Section III describes the dataset used for this study. Section IV discusses 

the methodology used in empirical analysis. Section V presents the results and test for robustness. 

Section VI concludes.  

 

II. Literature Review 

There is an extensive empirical literature about the effect and mechanism of stock splits 

on returns1. The main task of this study is to investigate the empirical relationship of splits on 

returns. 

According to Efficient Market Hypothesis, which states assets prices fully reflect all 

available information, stock splits should be thought of as just a cosmetic event that does not 

have any effect on prices or volume traded (Fama, 1965). However, the very man who suggested 

this hypothesis found empirical evidence that stock splits realize substantial increases in asset 

gains soon afterward (Fama, 1969). Using 33 years of stock split data starting from 1922, Fama 

constructed a measure of monthly stock price gains for all stocks which had split, for 30 months 

pre- and 30 months post-split. He found that split announcement is generally associated with an 

increase in future asset gains. 

Since then, researchers have tried to investigate the empirical relationship between stock 

splits and returns, using various models and different sample data. Both Mishra’s study (2006) in 

the Indian stock market, using sample of stock splits during 1999-2005, and Roboredo’s study 

																																																													
1	For	an	excellent	review	of	past	researches	on	this	topic,	see	He	and	Wang	(2012).	
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(2003) in the Spanish stock market, using sample of stock splits during 1998-1999, test the 

significance of change in price, return, volume, and volatility after splitting, using the non-

parametrical statistical test method first proposed by Ohlson and Penman (1985). The test 

compares the pre- and post-split value for each stock by matching the first day pre-split to the 

first day post-split for 60 days before and after, and compute a proportionality statistic to test for 

positive or negative effect of split on price and volume. This method offers an alternative 

approach in testing effect of split. Contrary to Fama’s finding, both studies found significant 

negative relationship between prices and split announcement. 

Wu and Chan’s (1997) study on Hong Kong stock market using 1986 to 1992 data, and 

later Mcguinness and Birtch (2006) using newer data, constructs average daily abnormal returns 

for all split sample stocks. They compute the cumulative abnormal returns for different short-

term period around the announcement date, to see how the returns change pre- and post-

announcement. Both studies found a significant positive short-term real returns following the 

split.  

The empirical investigation into relationship between returns and split has been met with 

contrasting results. One interpretation is that these studies used data from different markets and 

in various decades. Behavioral characteristics may differ from market to market and change over 

time. Depending on the time and place of the data extracted, the results differ. 

In the meantime, some researchers have become interested in the mechanisms in which 

the split could affect real prices and volume traded, assuming splitting stocks do exert a real 

effect on prices and returns. The optimal price range hypothesis suggests that companies split 

their stocks because they want to adjust the prices of their stocks to an optimal trading range  to 

achieve more liquidity in trading. Therefore, when the price becomes much higher than the 
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optimal range, a company has a motive to bring it back down to the optimal range. However, this 

hypothesis is questioned by Copeland, who actually found contrary evidence in that liquidity 

decreases relatively after the split using finite time-series model of trading volume (Copeland, 

1979). The market maker hypothesis asserts that companies care about reaching an optimal tick 

size, the difference between asking and bidding price. This hypothesis suggests that an optimal 

tick size, relative to the market, would bring about the most efficient amount of trading (Schultz, 

2000). The signaling hypothesis asserts that stock splits are a means of conveying performance 

information from managers to stockholders that otherwise investors wouldn’t know (Brennan 

and Copeland, 1988). Thus, splits reduce information asymmetry between managers and 

investors, conveying manager’s convictions at increasing future earnings.  

This paper concentrates on investigating the empirical relationship between split 

announcement and post-split stock returns. It contributes to the literature in searching for this 

relationship for Chinese market and using the newest data. While it will not directly test any 

mechanism, the hypothesis for this paper will follow the signaling hypothesis in predicting a 

positive relationship due to splits conveying positive information to the investors.   

	

III. Data 

The data used for this study consists of three components obtained by different means. 

The first piece is an overview of all stock splits in Shanghai Stock Exchange (SSE) that occurred 

between December 28, 2011 and Dec 31, 2014. The second piece is a time-series data for daily 

prices and daily volume traded for every A-shares stock (restricted to purchase only by mainland 

citizens) listed in SSE from January 1, 2010 to October 20, 2015. The last component contains 
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numerous company characteristics variables for all firms listed in SSE in year 2012, 2013, and 

2014. 

The overview of stock splits record every split that occurred in Shanghai Stock Exchange 

from 2012 to 2014. The important variables include that date on which the split was announced 

and the split ratio. As shown in the following figure, there are 180 firms that split once, 30 firms 

that split twice, and 4 firms that split three times during the sample period, for a total of 252 

split-events. There are 893 firms in total across both the split and non-split sample. 

 

 

 The stock splits distribution across time is shown in graph 2. The graph suggests that 

stocks are much more likely to split in certain periods, such as the middle of each year, than 

other period. I suspect that this phenomenon is influenced by habitual and regulatory factors 
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rather than market trend, since splitting at higher or lower price does not benefit the listed 

company more or less.  

 
                                                           

 
 

  

Split ratio is defined as the number of additional shares created post-split for every 10 

original shares. Distribution of split ratio by size is shown in graph 3. The split ratio ranges from 

the smallest of 1.05-for-1 split to the biggest of 3-for-1 split, with a mean of approximately 1.6-

to-1 split and a median of 1.5-to-1 split. The majority of splits have a size smaller than 2-for-1 

split. 
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The time-series data include the daily close price for each firm listed in A-stock of SSE 

from January 1, 2010 to November 25, 2015. The prices has been amended to include any splits 

and dividends events that occurred prior to Nov 25, 2015.  

 The last dataset include stock characteristic variables firm year founded, current asset, 

current liabilities, long-term debt, net income, stockholder’s equity, total assets, total revenue, 

total liabilities, current ratio, earnings before tax margin, net profit margin, quick ratio, net return 

on equity, and total debt to equity for year 2012, 2013, and 2014. The data covers 835 listed 

firms in A-shares of SSE.  
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IV. Methodology 

 This paper investigates the real effect of stock splits on short-term stock returns. In order 

to measure the short-term effect, I look at how the split ratio affect 15, 30, 60, and 90 days 

cumulative stock returns. 

For each observation in the split sample, I record the close price of its corresponding 

stock in the price time-series data just one day before its split announcement. I treat each 

instance of split announcement as one observation. If a firm split its stock more than once, it 

would become more than one observations with different split ratio and announcement date. 

Stocks that split more than once are not controlled in this study, and may lead to some concern. I 

choose the price on the day before the announcement because I want to capture the full effect of 

split announcement on the returns. The close price one day before announcement date, Pt-1, 

represent the price before investors hear the news of announcement. Similarly, I find and record 

the close price of each observation n days after split announcement day t, where n = 15, 30, 60, 

and 90. I also find t - 1, t + 15, t + 30, t + 60, and t + 90 close price for the stock index for each 

split sample observation. This study uses Shanghai composite stock index, calculated using a 

complicated formula. 

 I proceed by finding stock returns by using the price on t - 1, t + 15, t + 30, t + 60, and t + 

90 day relative to split announcement date t.  

 Then, I use the formula: 

CRin	=	(Pi	t+n)/(Pi	t-1)	-	1	

CRI
in	=	(PIt+n)/(PIt-1)	-	1	

for	n	=	15,	30,	60,	90,	where	
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CRin is the cumulative n-day-return after split announcement for observation i,  CRI
in is 

the cumulative n-day-return after split announcement for the index with date t corresponding to 

observation i, Pit is the close price on day t for observation i, and PI
t is the close price at day t for 

the Shanghai Composite Stock Index, with ticker 999999. 

The non-split sample is slightly more difficult to deal with, since by the nature of not 

splitting during 2012 - 14, each observation in this sample does not have an announcement date t. 

There are two ways to deal with this problem. The first is to create a non-split sample price index 

by taking the weighted average of all non-split sample on each trading day. Then, I can compute 

a non-split sample index cumulative returns for each stock with announcement date t so that I 

can compare the differences between split and non-split sample in the model. However, two 

disadvantages, one theoretical and one technical, stand against this step. Chinese firms have a 

habit of close trading on their stocks periodically for the purpose of corporate reconstruction or 

additional issues, etc. This lead to the fact that almost every day there are at least a few stocks 

are not trading. The technical problem arises when any one of the observation is missing in an 

average function, the output also turns out as a missing observation. Even if one can go around 

this issue, the larger theoretical problem stands that the components of this average non-split 

index are constantly changing (because each day different stocks stop trading) so that it may not 

represent the sample for each trading day. To take an extreme case, at the height of the stock 

market crash in China in midyear-2015, half of the entire stocks trading in Shanghai were closed 

for trading.  

The second approach is to assign “announcement date” to the stocks in the non-split 

sample. It is clear from Graph 2 that the distribution of split announcement across time is not 

even. Thus, it would be unfair if I assign the announcement date randomly in year 2012, 2013, 
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and 2014. Instead, I randomly assign the announcement dates of the split sample to the non-split 

sample. Each observation in the split sample is labelled with an integer 1 to 271, and each 

observation in the non-split sample is randomly assigned an integer from 1 to 271. The 

observations with the same integer would share the same “announcement date”. Then, using the 

same method as with the split sample, I can calculate CRin (cumulative return for observation i) 

and CRI
in (cumulative return for index with announcement date of observation i). I assign a split 

ratio of 0 (ie. 1-to-1 split) to each observation in the non-split sample.  

The characteristic variables are organized in units of variable-years, where year is either 

2012, 2013, or 2014. I use the firm’s characteristics during the year in which it announced the 

split to represent the characteristics of the firm at the time of split.  

 Finally, I can proceed to our main model, specified as: 

CRin = β0 + β1 SRi + β2 Zi + β3 CRI
in + εi 

 Where CRin is the n-day-post-split (n = 15, 30, 60, 90) cumulative return for observation i, 

SRi is the split ratio for observation i, Zi may include all firm characteristics variables such as 

Year Incorporated, Current Asset, Current Liabilities, Long-term Debt, Net Income, 

Stockholder’s Equity, Total Assets, Total Revenue, Total Liabilities, Current Ratio, Earnings 

before Tax Margin (%), Net Profit Margin (%), Acid-test Ratio (%), Net Return on Equity (%), 

and Total Debt to Equity (%) for each observation i, and CRI
in is the n-day-post-split (n = 15, 30, 

60, 90) cumulative return for stock index taken observation i’s announcement date as time t. 

 This specification attempts to find the relationship between post-split cumulative returns 

and size of split ratio, controlled for the return on index in the same period as well as for various 

performance characteristics. I should especially take care to control for the factors that exert real 

influence on cumulative return directly, as well as factors that influence of the probability of 
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splitting so as to minimize the difference between split and non-split sample. In order to test for 

which characteristic variable influence the probability of splitting, I run a probit regression of all 

the characteristic variables on the variable “Split”, taking a value of 1 if the observation is a split 

sample and 0 otherwise. I use the significant variables from the probit regression to control for 

difference between split and non-split sample.  

 I predict a positive relationship between split ratio and post-split returns, under the 

assumption of signaling hypothesis, which states that stock splits convey positive, previously 

unknown information to the investors.  

 

V. Results and Robustness 

 I start the analysis by running a probit regression of all the characteristic variables on the 

variable Split, which equals to 1 if the observation is in split sample, in order to find 

characteristic variables that distinguishes the split from non-split sample. As seen in Table 1, the 

only probit-significant variables are the year the firm founded, long-term debt, and net rate of 

return on equity. 

Next, I proceed to running OLS regressions of split ratio against post-split returns. Two 

specifications are shown side by side in Table 2. The first four columns show the specification 

including all the characteristic variables available. Column five to eight show the specification 

including only characteristic variables significant in the probit regression. 
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Table 1: Probit Model 

 Split 
yearincorporatedfounded 0.014 
 (1.98)* 
currentassets 0.000 
 (1.36) 
currentliab -0.000 
 (0.90) 
longtermdebt 0.000 
 (2.46)* 
netincome -0.000 
 (0.40) 
stockholdersequity -0.000 
 (0.10) 
totalassets -0.000 
 (1.36) 
totalrevenue -0.000 
 (0.09) 
currentratio -0.057 
 (0.59) 
earningsbeforetaxmargin 0.025 
 (0.59) 
netprofitmargin -0.005 
 (0.61) 
quickratio 0.158 
 (1.38) 
roenet 0.031 
 (4.46)** 
totaldebttoequity -0.620 
 (1.56) 
_cons -29.171 
 (2.03)* 
N 684 

* p<0.05; ** p<0.01 

   

 For the specification including all the characteristic variables (column 1 to column 4), 

coefficient on split ratio is significant only for n = 15 at 1% confidence level, though for n = 30 

and n = 90 the coefficient on split ratio come close to 5% significance. All periods indicate that 

split ratio has a positive effect on post-split returns. In terms of magnitude, for n=15, a one unit 

increase in split ratio would cause a 0.24% increase in 15-day-returns, which is equivalent to 2.7% 

of a standard deviation of 15-day-returns. For n = 30, rate of return on equity as well as debt-to-
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equity ratio have positive and significant coefficients. However, there are no significance in 

other periods. Coefficients on indexes for all periods are positive, and highly significant at 0.1%. 

Except for n = 90, the coefficients on indexes are much greater than 1. This raise some concern 

since ideally index returns should have a proportional relationship with the stock returns with 

slope of exactly one. One interpretation could be that indexes took away some of the effect of 

split ratio on post-split returns. For n = 90, coefficient on split ratio is much larger than the other 

periods, and the coefficient on its index is close to one, unlike other periods.   

 The next specification includes only characteristic variables significant in probit 

regression (column 5 to column 8). Coefficients on split ratio are positively significant for n = 15, 

30, and 90. In terms of magnitude, a one unit increase in split ratio would cause a 0.20%, 0.25%, 

0.47% increase in post-split returns for n = 15, 30, 90 respectively, equivalent to 2.3%, 2.0%, 2.1% 

of a standard deviation increase from the mean. The positive significance on split ratio confirms 

my previous prediction. 

Again, coefficients on indexes are positive and highly significant. For characteristic 

variables, rate of return on equity is significant for periods longer than 15 days. The magnitude 

ranges from 0.8% - 1.7% increase in post-split returns if one were to increase return on equity by 

a standard deviation from the mean. It is not surprising that rate of return for firms has a positive 

effect on post-split returns, especially in longer periods. Rate of return is one of the key indexes 

that investors use for choosing which assets to invest in.  
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Table 2: OLS Regression of Split Ratio vs. Post-split Returns 

 return_15 return_30 return_60 return_90 return_15 return_30 return_60 return_90 

SR 0.002 0.002 0.001 0.004 0.002 0.002 0.002 0.005 
 (2.59)** (1.82) (0.78) (1.80) (2.20)* (2.02)* (1.17) (2.15)* 
yearincorporate
dfounded 

-0.000 -0.000 -0.001 0.000 -0.000 -0.000 -0.001 0.000 

 (0.56) (0.52) (1.67) (0.08) (0.78) (0.63) (1.82) (0.13) 
currentassets -0.000 -0.000 -0.000 -0.000     
 (0.48) (0.04) (0.23) (0.08)     
currentliab 0.000 0.000 0.000 0.000     
 (1.29) (1.57) (1.59) (1.33)     
longtermdebt -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (0.49) (0.42) (0.06) (0.34) (0.54) (0.09) (0.24) (0.38) 
netincome 0.000 0.000 0.000 0.000     
 (1.06) (1.01) (1.09) (0.66)     
totalassets -0.000 -0.000 -0.000 -0.000     
 (0.99) (0.86) (1.44) (0.76)     
totalrevenue -0.000 -0.000 -0.000 -0.000     
 (0.95) (1.02) (0.36) (0.85)     
totalliabilities 0.000 0.000 0.000 0.000     
 (0.90) (0.70) (1.28) (0.65)     
currentratio 0.009 0.007 0.002 -0.012     
 (1.70) (0.99) (0.20) (0.94)     
earningsbeforet
axmargin 

0.001 0.002 0.004 -0.002     

 (0.58) (0.91) (1.33) (0.60)     
netprofitmargin -0.000 -0.000 -0.001 0.001     
 (0.97) (1.04) (1.37) (0.92)     
quickratio -0.005 0.002 0.012 0.024     
 (0.75) (0.28) (1.03) (1.52)     
roenet 0.000 0.001 0.001 0.001 0.000 0.000 0.001 0.001 
 (1.48) (2.08)* (1.61) (1.08) (0.35) (1.99)* (2.43)* (2.25)* 
totaldebttoequit
y 

0.015 0.023 0.014 0.016     

 (1.81) (2.06)* (0.96) (0.80)     
return_15_inde
x 

1.348    1.342    

 (14.23)**    (14.24)**    
return_30_inde
x 

 1.330    1.307   

  (15.98)**    (16.24)**   
return_60_inde
x 

  1.200    1.235  

   (18.48)**    (19.88)**  
return_90_inde
x 

   0.984    0.999 

    (16.19)**    (17.56)** 
_cons 0.413 0.517 2.235 -0.126 0.588 0.626 2.330 -0.211 
 (0.55) (0.51) (1.67) (0.07) (0.80) (0.64) (1.84) (0.12) 
R2 0.26 0.30 0.36 0.31 0.23 0.28 0.36 0.31 
N 675 668 663 653 733 727 721 710 

* p<0.05; ** p<0.01 
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 In the next specification, I will test the effect of being in the split stock sample on post-

split returns. This model differs from the previous ones in that split ratio does not matter. I try to 

test that without considering the size of split, if announcement of split itself will bring price gains 

to its stock. The results are shown in Table 3. The first four columns use all available 

characteristic variables as controls, while the next four columns use only those that are 

significant in probit model. While for some periods the coefficient come close to 5% confidence 

level, none of the coefficient is significant for the variable Split, a binary variable that 

distinguishes split stocks and non-split stocks. Coefficients on Split remain positive. The 

characteristic variable return on equity shows positive significance for some periods. Again, it is 

not a surprising result given that return on equity is one of the key indicators investors look at in 

separating the good stocks from the bad. 

 The combined results from Table 2 and Table 3 suggest that while the size of split has a 

positive effect on short-term post-split returns, only announcing an imminent split does not have 

any effect on returns. A stock splitting is not enough to be taken by the market as a positive 

signal, but a stock splitting with large split size is. Rather than favoring all splitting stocks, 

investors only favor splitting stocks with relatively large split size. One interpretation is that 

stock split with large split size be associated with firm expansion in the future or an increase in 

expected future profit. The large split size is thought by market as a signal for good performance 

and favorable expected return on equity, while a split with smaller size may be understood by 

market as a common event. 
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Table 3: OLS Regression of Split vs. Post-split Returns 

 return_15 return_30 return_60 return_90 return_15 return_30 return_60 return_90 

Split 0.012 0.015 0.007 0.011 0.009 0.016 0.012 0.018 
 (1.68) (1.59) (0.60) (0.62) (1.37) (1.78) (1.03) (1.09) 
yearincorporate
dfounded 

-0.000 -0.000 -0.001 0.000 -0.000 -0.000 -0.001 0.000 

 (0.39) (0.43) (1.63) (0.24) (0.65) (0.54) (1.78) (0.28) 
currentassets -0.000 -0.000 -0.000 -0.000     
 (0.52) (0.08) (0.24) (0.10)     
currentliab 0.000 0.000 0.000 0.000     
 (1.26) (1.54) (1.58) (1.31)     
longtermdebt -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (0.39) (0.38) (0.04) (0.22) (0.55) (0.16) (0.28) (0.36) 
netincome 0.000 0.000 0.000 0.000     
 (0.96) (0.93) (1.06) (0.61)     
totalassets -0.000 -0.000 -0.000 -0.000     
 (0.94) (0.81) (1.42) (0.76)     
totalrevenue -0.000 -0.000 -0.000 -0.000     
 (0.86) (0.96) (0.33) (0.79)     
totalliabilities 0.000 0.000 0.000 0.000     
 (0.85) (0.65) (1.26) (0.64)     
currentratio 0.009 0.007 0.002 -0.012     
 (1.68) (0.99) (0.19) (0.95)     
earningsbeforet
axmargin 

0.001 0.002 0.004 -0.002     

 (0.57) (0.89) (1.32) (0.58)     
netprofitmargin -0.000 -0.000 -0.001 0.001     
 (0.97) (1.02) (1.36) (0.89)     
quickratio -0.004 0.002 0.012 0.025     
 (0.70) (0.27) (1.03) (1.56)     
roenet 0.000 0.001 0.001 0.001 0.000 0.000 0.001 0.001 
 (1.58) (2.09)* (1.63) (1.21) (0.42) (1.94) (2.40)* (2.34)* 
totaldebttoequit
y 

0.015 0.023 0.015 0.017     

 (1.87) (2.10)* (0.98) (0.85)     
return_15_inde
x 

1.363    1.355    

 (14.37)**    (14.39)**    
return_30_inde
x 

 1.336    1.313   

  (16.04)**    (16.31)**   
return_60_inde
x 

  1.202    1.238  

   (18.52)**    (19.95)**  
return_90_inde
x 

   0.989    1.005 

    (16.23)**    (17.64)** 
_cons 0.286 0.422 2.175 -0.412 0.491 0.542 2.266 -0.459 
 (0.38) (0.42) (1.63) (0.22) (0.66) (0.55) (1.79) (0.27) 
R2 0.26 0.30 0.36 0.30 0.22 0.28 0.36 0.31 
N 675 668 663 653 733 727 721 710 

* p<0.05; ** p<0.01 
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 Next, I run another specification that serve as a robustness check for Table 2, and directly 

test my conjecture of splitting stocks with large split size as a favorable signal in market. Instead 

of using the binary variable Split, I create new binary variables that distinguish between large 

splits and the rest of the sample. The median (SR=5) and 75-percentile (SR=10) of split ratio in 

the split sample are taken as threshold for being large. Big1 = 1 if the split ratio is larger than or 

equal to 5, and big2 = 1 if the split ratio is larger than or equal to 10. 

 As shown in Table 4, although the coefficients for big1 and big2 are positive for all 

periods, they exert no significant effect on post-split returns. This evidence does not support the 

conjecture that a splitting stock with large split size is seen as a favorable signal. It also seems to 

contradict with the results from Table 2 that size of split has a positive effect on post-split returns. 

It raises concerns about the validity of previous results of split ratio’s positive effect on returns, 

though it is hard to offer an explanation for the disagreement at this point. 

 The next set of robustness tests checks the effect of split ratio on post-split returns, but 

using samples that remove the greatest and least 1% or 5% values for post-split returns. The 

results are shown in Table 5. The odd columns show results removing 1% extreme values, while 

the even columns show results removing 5% extreme values. After removing the extreme values 

for returns, for the same specification as column 5 to column 8 of Table 2, all coefficients on 

split ratio have become insignificant. Moreover, for 60-day and 90-day period, removing 

extreme 5% value of returns lead to negative coefficients on split ratio.  
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Table 4: OLS Regression of big1 & big2 vs. Post-split Returns 

 return_
15 

return_
30 

return_
60 

return_
90 

return_
15 

return_
30 

return_
60 

return_
90 

big1 0.014 0.015 0.009 0.024     
 (1.77) (1.41) (0.68) (1.27)     
yearincorporat
edfounded 

-0.000 -0.000 -0.001 0.000 -0.000 -0.000 -0.001 0.000 

 (0.75) (0.57) (1.78) (0.22) (0.68) (0.51) (1.80) (0.27) 
longtermdebt -0.000 -0.000 -0.000 -0.000 -0.000 0.000 -0.000 -0.000 
 (0.57) (0.10) (0.23) (0.37) (0.39) (0.05) (0.16) (0.23) 
roenet 0.000 0.000 0.001 0.001 0.000 0.000 0.001 0.001 
 (0.43) (2.09)* (2.51)* (2.38)* (0.53) (2.19)* (2.51)* (2.47)* 
return_15_ind
ex 

1.344    1.344    

 (14.24)
** 

   (14.24)
** 

   

return_30_ind
ex 

 1.308    1.309   

  (16.23)
** 

   (16.23)
** 

  

return_60_ind
ex 

  1.237    1.232  

   (19.92)
** 

   (19.80)
** 

 

return_90_ind
ex 

   1.003    0.999 

    (17.60)
** 

   (17.47)
** 

big2     0.018 0.019 0.024 0.028 
     (1.61) (1.25) (1.21) (1.06) 
_cons 0.563 0.573 2.274 -0.351 0.508 0.516 2.289 -0.447 
 (0.76) (0.58) (1.79) (0.20) (0.69) (0.53) (1.81) (0.26) 
R2 0.22 0.27 0.36 0.31 0.22 0.27 0.36 0.31 
N 733 727 721 710 733 727 721 710 

* p<0.05; ** p<0.01 
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Table 5: OLS Regression of Split Ratio vs. Post-split Returns (Removing Top/Bottom 1% & 5% Returns) 

 return_
15 

return_
15 

return_
30 

return_
30 

return_
60 

return_
60 

return_
90 

return_
90 

SR 0.000 0.000 0.001 0.001 0.001 -0.000 0.000 -0.001 
 (0.22) (0.01) (1.24) (1.24) (0.67) (0.28) (0.05) (0.79) 
yearincorporat
edfounded 

-0.000 -0.000 -0.000 -0.000 -0.001 -0.002 0.000 -0.000 

 (0.77) (0.95) (0.66) (0.66) (2.16)* (3.34)*
* 

(0.23) (0.38) 

longtermdebt 0.000 0.000 0.000 0.000 -0.000 0.000 -0.000 -0.000 
 (0.06) (0.47) (0.89) (0.89) (0.31) (0.17) (0.29) (0.25) 
roenet -0.000 0.000 0.000 0.000 0.001 0.001 0.001 0.001 
 (0.53) (0.33) (1.14) (1.14) (2.46)* (2.41)* (2.79)*

* 
(2.65)*

* 
return_15_ind
ex 

1.167 1.014       

 (15.62)
** 

(16.24)
** 

      

return_30_ind
ex 

  1.075 1.075     

   (16.38)
** 

(16.38)
** 

    

return_60_ind
ex 

    1.118 0.934   

     (19.23)
** 

(17.80)
** 

  

return_90_ind
ex 

      0.918 0.735 

       (18.15)
** 

(15.72)
** 

_cons 0.456 0.450 0.509 0.509 2.522 3.459 -0.331 0.531 
 (0.79) (0.96) (0.66) (0.66) (2.18)* (3.35)*

* 
(0.22) (0.39) 

R2 0.26 0.29 0.29 0.29 0.35 0.34 0.33 0.28 
N 718 663 692 692 704 646 697 640 

* p<0.05; ** p<0.01 
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 To understand why such a drastic change in results took place only by removing the 

extreme values for returns, I examine the scatter plot graph of post-split returns against split ratio, 

as shown in GraphA1 in the appendix section. In the scatter plot graphs, certain “outlier” points 

can be clearly seen separated from the cluster. For example, for scatter graph of 90-day returns 

against split ratio, the point at SR=20 has the highest return out of the entire sample. It is true 

that one can argue from an investor’s point of view, a single investment with a high rate of return 

is worth as much as numerous investments with minuscule rate of return. However, even taking 

account of this, it is one of the weakness of OLS model to allow observations farther away from 

predicted best-fit line to exert too large of an effect on the regression coefficients. One can 

speculate that for the regressions in Table 2, several extreme “outlier” points exerted a greater-

than-usual influence on the coefficients for split ratio, due to OLS model always trying to satisfy 

its assumptions. Following this train of thought, the contrasting results from Table 2 and those 

from Table 3, 4, and 5 can be explained. The positive and significant results obtained for split 

ratio against returns is an outcome of biases created by the deficiency of OLS model in dealing 

with a data sample that have extreme outlier points. Rejecting the results from Table 2 and 

combining the outcomes from Table 3, 4, and 5, there is no disagreement among different 

specifications. Neither split size nor the announcement of an imminent split have a significant 

effect on the post-split returns.  

 The final robustness test runs the same specification as that of Table 2 and Table 5, but 

using only the split stock sample. The results are shown in Table 6. Again, the coefficients on 

split ratio are not significant. This suggests that split size does not have an effect on post-split 

returns compared within the split stock sample. 
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Table 6: OLS Regression of Split Ratio vs. Post-split Returns (Using Split Sample Only) 

 return_15 return_30 return_60 return_90 
SR 0.002 0.001 0.001 0.006 
 (0.93) (0.47) (0.29) (1.37) 
yearincorporatedfounded 0.001 0.001 -0.001 0.001 
 (1.22) (0.85) (0.90) (0.70) 
longtermdebt -0.000 -0.000 -0.000 -0.000 
 (0.32) (0.44) (0.33) (0.36) 
roenet 0.001 0.002 0.002 0.001 
 (1.31) (2.18)* (1.88) (0.93) 
return_15_index 1.755    
 (7.69)**    
return_30_index  1.675   
  (9.30)**   
return_60_index   1.504  
   (11.10)**  
return_90_index    1.178 
    (8.37)** 
_cons -2.200 -1.940 2.613 -2.967 
 (1.22) (0.85) (0.90) (0.70) 
R2 0.26 0.32 0.40 0.29 
N 204 202 200 198 

* p<0.05; ** p<0.01 
 

 

VI. Conclusion 

 The main regression models find positive significant effect of split size on post-split 

returns, but no significant effect of split announcement on post-split returns. The combined 

results from main regressions suggest that only an announcement of an imminent split is not 

enough to convey a positive signal, but an announcement of a split with a large split ratio does 

have a positive effect on its price in short-term period following the split. However, there is no 

significant effect found in the robustness check of running variables for large split against returns. 

Furthermore, after removing the extreme values for returns, the positive significance on split size 

disappeared. One possible explanation for these results combined together suggest that extreme 

outliers created biases in the OLS model, and led to a positive significant effect of split size on 
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returns. Taking account of all the results, this study finds no significant effect of split size on 

short-term post-split returns nor any significant effect of split announcement on returns. 

 One improvement for this study is to use abnormal returns as the dependent variable, 

instead of nominal stock returns.  Abnormal returns also take account of a stock’s expected 

movement against a stock index, truly estimating the “unusual” returns. Moreover, this study 

does not consider how previous stock splits affect how the market perceive the current ones. A 

potential improvement is to add in variables that explain stock splits that happened in the past. 
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Appendix 

Table A1: Summary Statistics 
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Variable	 Obs	 Mean	 Std.	Dev.	 Min	 Max	
return_15	 919	 0.00042	 0.088426	 -0.26711	 0.721073	
return_15_ind
ex	

931	 -0.00705	 0.031774	 -0.10479	 0.069281	

return_30	 914	 -0.00881	 0.12334	 -0.41569	 0.813333	
return_30_ind
ex	

931	 -0.01825	 0.04963	 -0.14961	 0.104326	

return_60	 906	 0.000615	 0.168306	 -0.39369	 0.813333	
return_60_ind
ex	

931	 -0.0182	 0.081719	 -0.14962	 0.344239	

return_90	 893	 0.026127	 0.227633	 -0.43837	 1.797753	
return_90_ind
ex	

931	 -0.00553	 0.120073	 -0.14718	 0.428557	

SR	 931	 1.630185	 3.281185	 0	 20	
yearincorpora
tefounded	

758	 1994.309	 8.035733	 1923	 2008	

Split	 931	 0.270677	 0.444548	 0	 1	
currentassets	 755	 1.28E+09	 4.23E+09	 542815.7	 5.65E+10	
currentliab	 755	 1.03E+09	 3.20E+09	 3086808	 4.87E+10	
longtermdebt	 755	 3.59E+08	 1.30E+09	 0	 1.64E+10	
netincome	 758	 9.37E+07	 4.49E+08	 -2.76E+08	 6.81E+09	
stockholderse
quity	

758	 8.31E+08	 2.45E+09	 -9.83E+07	 3.38E+10	

totalassets	 758	 4.82E+09	 3.49E+10	 6057830	 6.08E+11	
totalrevenue	 757	 1.56E+09	 5.22E+09	 558324.8	 1.02E+11	
totalliabilities	 758	 3.99E+09	 3.29E+10	 3394607	 5.74E+11	
currentratio	 755	 1.803166	 2.549962	 0.01	 41.03	
earningsbefor
etaxmargin	

756	 0.706019	 12.21421	 -247	 81.31	

netprofitmarg
in	

757	 1.984069	 71.36472	 -1527.31	 506.92	

quickratio	 753	 1.123639	 2.311775	 0.02	 41.03	
roenet	 746	 5.562466	 18.26674	 -161.86	 54.75	
totaldebttoeq
uity	

692	 0.207818	 0.593315	 0	 10.02	

big1	 931	 0.178303	 0.382973	 0	 1	
big2	 931	 0.082707	 0.275587	 0	 1	
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