
Stock Splits in a Retail Dominant Order Driven
Market

Pantisa Pavabutr∗ Kulpatra Sirodom

Thammasat University
October 17, 2007

Abstract

This paper uses intraday and daily data from an order driven and multiple
tick size Stock Exchange of Thailand between 2002-2004 to provide evidence that
firms use stock splits to bring their stock prices down to a preferred trading range
of their clientele base. The paper finds that stock splits reduce bid-ask spreads
and increase trading intensity measured by trading frequencies and quoted depth
of market participants, in particular retail investors who dominate market trades.
Lowered intraday and daily price impact from reductions in trade frictions leads
to increases in split-adjusted price levels. The study finds no evidence that split
announcements are used to signal post-split earnings performance.
JEL Classification: G12 ; G14 ; G35
Keywords: Stock splits; Liquidity ; Asset pricing ; Tick size; Trading range

∗Corresponding author: Department of Finance, Thammasat Business School , Bangkok 10200,
Email: pantisa@tu.ac.th. We thank the Stock Exchange of Thailand for providing us with data as-
sistance and financial support. Pavabutr acknowledges research support from the Australian Graduate
School of Management (AGSM), the University of New South Wales. We also thank Chirapol Chiyach-
intana, Piman Limphapayom, Garry Twite, and Geoff Warren, for their helpful comments. Part of this
research is completed while Pavabutr is visiting the University of New South Wales.



Stock Splits in a Retail Dominant Order Driven Market

This paper uses intraday and daily data from an order driven and multiple tick size

Stock Exchange of Thailand between 2002-2004 to provide evidence that firms use stock

splits to bring their stock prices down to a preferred trading range of their clientele

base. The paper finds that stock splits reduce bid-ask spreads and increase trading

intensity measured by trading frequencies and quoted depths of market participants, in

particular retail investors who dominate market trades. Lowered intraday and daily price

impact measures from reductions in trade frictions leads to increases in split-adjusted

price levels. The study finds no evidence that split announcements are used to signal

post-split earnings performance.



1 Introduction

Stock splits have long intrigued researchers since what appears to be paper transactions

that changes the number of shares outstanding have in fact created notable wealth impact

for shareholders. To examine the motivation for splits, researchers have developed various

hypotheses. In their frequently cited surveys of US firms that split their shares, Baker and

Gallagher (1980), and Baker and Powell (1993) find that over 90% of their respondents

agreed that stock splits keep stock price in a preferred trading range. This hypothesis

reflects the view that by catering to investor’s preferred trading range, liquidity for stocks

may rise. On the other hand, McNichols and Dravid (1990), and Conroy and Harris

(1999) find that split factors are increasing in earnings forecast errors and conclude that

their empirical findings support the signaling hypothesis which argues that stock splits

contains positive information as they signal future positive earnings surprises.

While both hypotheses are plausible,1 it remains unclear why and what aspect of liq-

uidity investors find appealing in stock splits as existing evidence of liquidity improvement

is inconclusive. Furthermore, the question of whether stock splits have been successful

in attracting a larger clientele base or individual investors has mostly been inferred from

the number of trades and trade sizes (Lamoureux and Poon (1987), Desai, Nimalendran,

and Venkataranan (1998), and Schulz (1999)) or institutional ownerships (Szewczyk and

Tsetsekos (1995)). To clarify these issues, we use the intraday and daily data of firms

listed on the Stock Exchange of Thailand (SET) that have stock split activities over 2002

to 2004. The Thai market is an order driven market where retail investors dominate

market trading. There is no designated market maker and order submissions are que-

qued and executed based on price and time priority by an automatic matching system.

The disclosure of intraday trading by investor type in this market allows us to assess

how clientele base change subsequent to stock splits since we can observe the order sub-

1In their survey of 136 firms on AMEX and NYSE, Baker and Powell (1993) find that the first and
second highest ranked motive for splits is to move stock prices to lower trading range, and improve
liquidity and the third highest ranked motive is to signal optimistic earnings expectations.
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missions and executed transactions of brokers, local funds, foreign investors, and retail

investors before and after split executions.

The structure of the SET also clarifies the role of splits on investors’ trading costs.

Thus far, most studies evaluating the impact of splits are largely focused on the analy-

sis of market makers’ and institutional investors’ trading costs. However, there is little

empirical evidence that analyzes the transaction costs from retail investors’ perspective.

On the Thai exchange, retail trading accounts for 60-70% of total market trading value.

Analysis of client composition reveals that retail participation and turnover value are

monotonically decreasing in price levels, indicating that retail investors trade more fre-

quently as a round lot of a stock becomes more affordable. Analysis of the impact of

splits on the Thai exchange also provide valuable insights on the impact of spreads on

tick size in markets with multiple tick regimes. The SET implements a multiple tick

size regime that is a step function of stock price. A number of order driven markets, for

example, Hong Kong, Paris, Singapore, Tokyo, and Toronto, also impose multiple ticks.

The use of a sliding scale tick size that is decreasing in price means that by splitting, firms

can reduce the trading range and tighten the pricing grid that can result in a reduction

of absolute bid-ask spreads, providing that the new trading range and spreads attracts

sufficient liquidity supply. The ability to attract liquidity supply from splits is dependent

on their implication on investors trading costs. In markets where institutional investors

play an important role in market making, splits have been found to result in widened

spreads because institutional investors and market makers require larger spreads to make

liquidity provision profitable.2 Under these circumstances, quoted depth may decline. In

markets with high retail participation, splits are likely to promote trading intensity as

small investors are attracted by more tradeable price range and by reduction in absolute

tick size.

Overall, the incentives of Thai firms to split and bring prices down to investors’

2See for example Conroy, Harris, and Benet (1990), Schultz (2000), and Gray, Smith, and Whaley
(2003).

2



preferred trading range and expand clientele base seems to be aligned with the structure

of the market itself. We also find that in terms of value, trading on the exchange is

concentrated in the range of THB 10 to THB 25. It turns out that this is the trading

range where there is more balance between retail and non-retail trading participation.

At the extreme ends, for stocks trading below THB 2, retail investors dominates 84% of

all transactions, whereas for stocks trading from THB 200, non-retail investors account

for 76% of all transactions.

This study helps elucidate the market affects of splits in the following ways. First,

it shows that the firms can split stocks in order to attract dispersion of ownership. We

find evidence that retail investors have accumulative net buy position over the split

period whereas local funds and foreign investors have accumulative net sell positions.

Second, we find that while trading volume and value have declined, trading frequencies,

and depth have improved. The reason is that the reduction in stock prices after splits

creates more affordable round lot trading and reduces transaction costs from reduction

in absolute bid-ask spreads associated with a sliding scale of tick size. This change is

clearly in favor of retail investors who are more wealth-constrained and prefers smaller

tick size as they can obtain priority at less cost.3 In contrast, a lower trading range and

lower minimum price increments means institutional investors must break-up their trades

in smaller increments, which means they will have higher costs of market monitoring.

Hence, while splits have positive implication on retail investors’ transaction costs, they

are likely to have adverse impact on institutional investors’ transaction costs.4 Third,

the choice of the firms’ split factor seems to be related to investors’ preferred trading

range. However, analysis show that the increase transaction frequencies, quoted depth,

and post-split price price performance is strongest if the firm announced a high split

factor of 10. This suggests that the benefits of clientele base expansion of split is likely

3In a limit-order model with retail and institutional investors with heterogenous preferences, Seppi
(1997) show that small retail investors have smaller optimal tick size.

4Liu (forthcoming, Journal of Financial Markets) presents a limit-order model to show that limit
order traders must widen spreads or monitor their orders to avoid picking-off risk and non-execution
risk. This implies that shares with small spreads tend to have higher monitoring costs.
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to be best captured with larger absolute reduction in price levels. Finally, we find that

both intraday and daily measures of price impact are reduced and that this is largely

a consequence of reduction in spreads, increases in depth and number of transactions.

Our cross-sectional analysis shows the link between stock splits and price increases can

be justified because price impact measures have a significant role in explaining cross-

sectional return differences. In other words, lower transaction costs from lower price

impact, is associated with lower rates of return.

The paper is organized as follows. Section 2 reviews the literature on stock splits

and liquidity incentives. Section 3 provides market and trading background of the SET

and describes the sample data. Next, Section 4 compares pre- and post-execution effects

of splits on trading activities and trading costs and examines the determinants of price

impact reduction. Section 5 analyzes the cross-sectional relationship between return and

price impact. Section 6 concludes.

2 Literature review

2.1 Stock splits and liquidity incentives

Financial accounting theory suggests that stock splits are only numeraire changes in

stock price denomination without changing investor’s fraction of equity ownership and

thus should have no impact on market value. Apparently, researchers find numerous

evidence to undermine the theory.

Empirical evidence on the US stock market show that managers split stocks to sig-

nal favorable information about future earnings (Grinblatt, Masulis, and Titman (1984),

McNichols and Dravid (1990), Ikenberry, Rankine, and Stice (1996), Conroy and Harris

(1999)). The use of splits to signal future earnings performance benefits firms’ manage-

ment by providing them a tool to realign market expectation of price without having to

explicitly commit to earnings performance ex ante.
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While positive signaling is found to be related to future positive earnings surprises, it

remains unclear why firms should be interested in moving stock price to a lower trading

range and enlarge clientele base. One possible reason is that a large shareholder base

reduces the cost of capital. Merton (1987) propose a model where the firm’s investor base

increases the firm value as risk is shared among a larger number of investors. Another

reason is that an enlarged clientele base should improve liquidity and lower transaction

costs. For example, Angel (1997) and Anshuman and Kalay (2002), suggest an optimal

tick size for firms to minimize investors’ trading cost. However, empirical research on this

issue is mixed depending on the liquidity proxy used. By some measures, for example,

bid-ask spreads, which proxies for the inverse of liquidity in terms of market friction,

increase (Copeland (1979), Conroy, Harris, and Benet (1990), and Desai, Nimalendran

and Venkataraman (1998)). By other measures such as the number of trades per day

and trading volume, which captures the trading activity aspect of liquidity, have been

documented to increase subsequent to splits (Lamoureux and Poon (1987), Muscarella

and Vetsuypens (1996) and Desai, Nimalendran and Venkataraman (1998)). Desai et

al. (1998) attribute the enlarged spreads to worsen adverse selection whereas Easley,

O’Hara, and Saar (2001) show that it is because of increased volatility. Gorkittisunthorn

et al. (2006) studies the impact of stock splits on bid-ask spreads on the SET and find

that the reduction in bid-ask spreads is more significant where insider ownership is lower

as shares of firms with high ownership concentration are not frequently traded.

Yet existing research finds that an expansion of shareholder base from increased retail

trading participation, albeit the appeal of splits to retail investors is likely to differ

depending on the market characteristics and investor profile. In the US, Schultz (2000)

and Dhar, Goetzmann, Shepherd, and Zhu (2004) find trading frequencies rise after split

events in the US markets despite the increase in relative spreads. Schultz (2000) argue

that the increased number of small buy orders after splits is actually driven by brokers’

incentives to promote stocks. Amihud, Mendelson, and Uno (1999), on the other hand,

documents retail investors preference for small price denomination in Japan.
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2.2 Stock splits and price adjustments

One important question regarding stock splits is whether the price run up is economically

justified as the split event per se should have no impact on the firm’s cash flows, and

thus, no effect on firm valuation. However, since split events are likely to alter clientele

trading behavior as well as liquidity, it is also bound to affect other trading properties

of the stock that may ultimately lead to change in price level. For example, Dhar,

Goetzmann, Shepherd, and Zhu (2004) find that increased post-split trades by small

investors leads to stronger serial correlation of returns and higher return co-movement

with the market index.

Furthermore, a positive relationship between transaction costs, which is also referred

to as “illiquidity” in the literature, and return has been documented in a number of

studies. The commonly used proxies for transaction costs in the literature are bid-ask

spreads and price impact. Amihud and Mendelson (1986) finds bid-ask spreads on the

NYSE are associated with higher required rates of return. The authors develop a model

to show a clientele effect whereby investors with longer holding periods select assets

with higher spreads in their portfolios. Brennan and Subrahmanyam (1996) uses NYSE

intraday data to construct price response to signed order flow. After controlling for other

risk factors, they find that transaction costs, which are spreads and intraday price impact,

are positively related with higher excess returns. Amihud (2002) confirms this positive

relationship in a cross-sectional study using the daily price impact ratio. Together, these

studies suggest that if stock splits lowers transaction costs, then the required rate of

return should be lowered, and the adjusted post-split price should increase.

3 The Stock Market in Thailand and Sample Data

3.1 Market and Trading Background

The Stock Exchange of Thailand (SET) operates as a continuous auction limit order

market using a fully computerized trading system. There are two principle methods
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of trading; ‘Automatic Order Matching’ (AOM) in which orders are executed under

strict price and time priority and ‘Put-Through’ (PT) transactions in which brokers

negotiated deals directly amongst themselves or on behalf of their clients. Trading hours

are comprised of two trading sessions, 10:00 am. - 12:30 pm. and 2:30 pm. - 4:30 pm.

The SET determines the opening price and closing price with a call market whereby

the market is cleared at a price that generates the highest trading volume for the stocks.

During regular trading hours, the system continuously matches the first buy and sell

orders in the queue and confirms transactions to the brokers’ terminal. The three bid s

and offers from the limit order books are shown to the public on trading screens. Stocks

trade according to tick size rules, which are step function of price ranges imposed by

the Exchange. There is a 30% daily price limit band to control excessive volatility. In

addition, a circuit breaker is implemented if the market index falls by 10% from the

previous days’ close. Regardless of customer type, brokers in Thailand charge investors

a fixed commission rate of 0.25%.

3.2 Data Description

The data used in this paper consists of intraday and daily data between 2002-2004 from

the SET. The intraday data files consist of the limit order file and the deal file which

contains time-stamped transaction price, volume, and buy/seller type. Trading activities

on the exchange are classified into four investor types; brokerages, foreign investors, local

funds, and retail. To be included in the intraday sample file the stock must have at least

180 days of trading in a year and have at least three trades in every 30 minute interval.

Between 2002-2004, a total of 130 firms announced stock splits out of over 400 firms in

the entire market. Firms that split more than once over the sample period, those that

declare stock dividends over the period, and those with split execution date before July

1, 2002 and after June 1, 2004 are eliminated so that we have an open window to examine

the before and after affects of split execution. The data screening process leaves us with
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a total of 291 firms in the entire sample, 67 firms in the split sample and 224 in the no

split sample. We further verify that these 67 firms that have ‘clean’ splits where no other

firm specific event coincides with the split announcement and that these firms have no

other forms of earnings distribution to shareholders either in the form of stock dividends

or cash dividends during the study period.

The intraday trading statistics for the sample classified by tick size range are sum-

marized in Table 1 where stocks are divided into their tick group. The Table illustrates

the sliding scale tick size that is increasing in stock price levels. For example, stocks in

Group I, which are below THB 2 carry a tick size of THB 0.01. Stocks in Group II,

from THB 2 to lower than THB 5 have tick size of THB 0.02, and so on. The multiple

tick size implies that the percentage bid-ask spreads and relative tick size for all the

tick levels have rather low dispersion. From the Table, the percentage bid-ask spreads

(relative spread) range from the lowest of 3.14% (3.28%) to 4.22% (4.09%). Stocks in

Group IV, from THB 10 to less than THB 25, and Group V, from THB 25 to THB 50

have the first and second highest trading value to market capitalization of 22% and 19%,

respectively. These two groups also have the highest clustering of number of firms and

together they make up over 50% of the firms in the sample. Transaction frequency based

on number of deals made by client type (regardless of buy or sell) indicates that retail

investors prefer smaller price range stocks. These retail investors dominate 80% of total

number of transactions in stocks with with price of THB 5 or less while they account

for less than 30% for stocks with price of more than or equal to THB 100. Average

daily transaction value by investor types also suggests that retail investors trade more

of smaller stocks when compared to brokers, funds or foreign investors. As shown, the

average retail transactions per stock is THB 24.28 million and THB 47.20 million for

Groups I and II while it is only THB 12.6 million and THB 18.2 million for Groups III

and IV.

Table 2 presents characteristics of stocks in the split sample. Panel A of Table 2
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shows the timing of splits as well as the breakdown by industry and size of the split

factor. During the sample periods, the most popular split ratio is 10:1, accounting for

67% of the total number of firms. A split ratio of 10:1 is defined as a high split factor.

In the low split factor category, the 5:1 and 2:1 account for 27% of the sample; whereas,

3:2 and 4:3 account for the remaining 6%. The split activities are concentrated in the

property and finance sectors, which represents 33% and 16% of the total split sample.

Compared to the industry, 39% of property stocks and 23% of finance stocks announced

splits during the 2002-2004 periods. Panel B of Table 2 presents the characteristics of

sample firms three months prior to split execution date according to high split, low split

factors and the remaining firms with no split. We use a control sample consisting of 224

stocks that did not split during the study period to ensure that our results are not driven

by market conditions. We find that pre-split stock price levels seem to be an important

determination to split as well as determination of split factor selection. Stocks in the

split sample have higher stock prices than those without a stock split. Furthermore, the

average pre-split price of the high split factor group (THB 120) is almost twice as high as

that of the low split group (THB 54) and three times as firms with no split at all (THB

30). In constructing pre- and post-event statistics for the control sample, we identify

each splitting firms’ split date and +/- 60 trading days (or equivalent to +/- 3 trading

months) around that date, then compute the average statistics of the non-split group

sample for all matched dates.

4 Post Execution Effects of Splits

4.1 Impact on price and trading volume and frequencies

In this section, we examine the post-execution effects of splits on stock prices and trading

activities in months 1, 2, and 3 before and after the split date. We view that a three-

month pre- and post-event date window is sufficient enough to determine whether the
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split impact is material. Extending the event window for too long is likely to lead to

contamination of the effects of split activities as other events can take place.

Panel A of Table 3 shows that both high and low split factor firms’ post-split market

price is brought down to around THB 13 - THB 18, within the range of Group IV stocks,

the group with highest trading value concentration. In addition, stocks with high split

factor experienced the largest increase in split-adjusted price levels. The split-adjusted

average price for this group rose 40% to THB 146 three months after the split, compared

to THB 104, three months before the split date. There is little movement for stocks with

low split factor and stocks with no split. This points to higher buying interest in stocks

with larger absolute price reduction and that the price movements of the split samples

are not driven by general market conditions. The extent of price increase in the high

split factor group is more apparent from Figure 1a. where we show an equal weighted

price index performance of firms with high split factor, low split factor and no split firms

three months (60 trading days) pre- and post-split. The base price for construction of the

index is the price on the split execution date. The post-split price for index construction

is computed by multiplying the post-split closing price by the split factor. The plot

indicates that stock prices of high split factor firms are lower prior to the split but are

higher after the split date. This gradual increase in price levels three months before split

and continues until the third month after the split. Strong price performance of the high

split factor group is reflected in its return performance. Table 3a shows that the average

daily return for high factor stocks is as high as 0.55% three months before the split. To

see this more clearly, the cumulative return on investment of THB 1 three months before

splits until three months after splits from holding stocks in the three groups is presented

in Figure 1b. High split factor firms yield 40%, low split factor and no split firms gain

approximately 10% over the event window. While price performance appears to be tied

to the size of the split factor, Figures 2a, and 2b indicate that price performance is

unlikely to be related to post-split earnings performance; therefore, there appears to be

no evidence that firms use splits to signal future earnings performance. Figure 2a plots
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the price index of firms with high split factor and low post-split year-on-year EPS change

against the price index of firms with low split factor and high post-split year-on-year EPS

change. The exhibit shows that post-split price performance of the high factor and low

EPS change group exceeds that of the low factor and high EPS change group. We define

a stock as having a high (low) year-on-year EPS change as one with higher (lower) than

sample median EPS change for matching years. Figure 2b provides supporting evidence

that firms with high split factor and low EPS change perform just as well as firms high

split factor and high EPS change, if not even exceeding the latter in terms of price during

the early post-split days relative to split date.

Panel B of Table 3 presents changes in turnover, share trading volume, trading fre-

quencies and trading volume surrounding the split date. Firms with high split factor

experienced stronger increase in daily turnover (number of shares traded over total num-

ber of shares outstanding) from 1.17% three months after the split to 1.74% one month

after. However, the impact of split on turnover erodes over time. High split factor firms’

turnover falls back to 1.17% after three months of split execution, whereas low split fac-

tors firm and no split firms experience a drop in turnover after three months. Trading

volume5 of high split stocks increased until the first month after split execution before

declining in the second and third months post-split. However, we do find that the number

of daily transactions have increased 102% for high split factor firms, whereas low split

factor and no split firms find little change. At the same time, the average trade value

per trade declined for both high and lower split groups. Although not shown, we find

that much of the increased transaction frequencies for the high split group is driven by

retail investors whose trading frequencies grew 184% from 130 transactions per day three

months before splits to 368 transactions per day three months after the split. Foreign

investors were the second most active participant, increasing transactions by 143% in the

high split factor firms from 28 to 55 transactions per day. These transactions are aver-

5To ensure that pre- and post-split volume is comparable, we divide the post-split volume by the
firm’s split factor.
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aged across buy and sell transactions. To see a bigger picture of client reaction, Figure

3a and Figure 3b reports the cumulative daily net buy positions by investor type of high

and low split factor stocks. In both cases, retail investors have been accumulating split

stocks over the +/-60 day event window around the split date while foreign investors are

net sellers. Over the event window, retail investors have a cumulative net buy position

of around THB 8 bn for high split stocks whereas foreign investors have a cumulative net

sell position of roughly the same amount. Retail investors’ cumulative net buy for low

split factor stocks is only THB 2 bn while all other investor types, brokers, funds, and

foreign take opposite position.

4.2 Impact on trading costs

4.2.1 Percentage bid-ask spread and order aggressiveness

As brokerage costs on the SET are fixed, changes in bid-ask spreads can affect trading

costs. We compute spreads from the SET’s limit order book by compiling the median

standing bid-ask spreads in each 30- minute trade interval. Then the daily median over

the event window period of interest is reported. The median spread is reported instead of

average to eliminate the effect of outliers. Panel A of Table 4 presents quoted spread and

percentage bid-ask spread for firms with high split factor, low split factor and no split

firms. Quoted spread is computed by averaging difference between ask and bid prices

and percentage bid-ask spread is calculated from quoted spread divided by average sum

of ask and bid prices. It is apparent that firms with high split factor have greatly reduced

the quoted spread (85% in three months after the split) when compared to three months

before the event. Low split factor firms reduce their quoted spread by 58%, while no

split firms drop only 4%. Similarly, the median of percentage bid-ask spread declined

the most for high split factor firms (1.92% as compared to 0.52% and 1.39% for low split

factor and no split firms).

As retail and non-retail investors are likely to react differently to splits, we report
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the change in bid depth by investor type in Panel B of Table 4. The bid depth for each

investor type are compiled from standing unexecuted orders at the best price every half

hour of trading interval and a daily average is computed over the event window. Since

we expected retail investors to react more positively towards smaller price denomination,

their order agressiveness most notably increase. As a whole, the bid quoted depth in

number of shares increase for all investors during the six months interval, especially

for high split factor firms. Retail investors, foreign investors, funds and brokers have

increase their bid in shares 808%, 720%, 644% and 525% for high split factor firms where

the increase is much smaller for low split factor and no split firms. Though not shown,

we find symmetric increase in submission of sell order quotes.

4.2.2 Intraday day and daily price impact

An alternative dimension of looking at trading costs is the use of price impact measures

which has been introduced in important microstructure models of Glosten (1989), and

Kyle (1985). The price impact measures the size of order flow innovation required to

move prices. An asset is said to be illiquid if a small amount of trade can have large

impact on price. The measure itself can also be assessed from intraday and from daily

data. The daily price impact ratio (see Amihud (2002)), defined as the ratio between

the absolute value of percentage price change to trading value, provides a measure of

daily price response to one currency unit of trading volume. One way of measuring

friction suggested in literature is to quantify the extent to which price change for a given

amount of order flow. In this section, we estimate both intraday and daily measure of

price impact and compare their pre- and post-split values. Inarguably, the intraday price

impact has important trading cost implications for traders on the SET as a number of

stocks are rather small and have fairly low free float to begin with. Nevertheless, the use

of both measures help us to confirm that the change in price impact at the intraday level

also carries through to the daily level.
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Intraday Measure of Illiquidity Computation of intraday price impact, λ, usually

begins with price formation process in Kyle (1985), which assumes the firm’s expected

value, mt, will evolve according to,

mt = mt−1 + λqt + yt (1)

where qt is the order flow, measured by deal volume, and yt is the public information

signal. The transaction price, pt, can be written as

pt = mt + ϕDt (2)

where Dt is signed trade, which receives value of +1 if it is buyer initiated and -1 if

seller initiated. We define a trade as buyer (seller) initiated if the buyer (seller) order

submission time is closer to the actual transaction time. Then substituting the first

equation into the second gives the relationship between return ∆pt and market depth λ

below,

∆pt = λqt + ϕ (Dt −Dt−1) + yt (3)

The values of λ, for pre- and post-split period are computed and compared. If stock

splits result in improved liquidity, then the value of λ post-split should be lower, signifying

improved depth. The computation of λ this way has also been advocated by Glosten

and Harris (1988) and Brennan and Subrahmanyam (1996). For reporting purposes we

multiply the value of λ by 106.

Daily measure of illiquidity The previous measure of illiquidity, λ, measures the

transaction-by-transaction price impact. The following measure of illiquidity examines

the average daily price impact over the sample period. The annual average daily illiquidity

ratio based on Amihud (2002) is measured by,
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ILLIQi =
1

Di

DiX
i=1

|Rid| /TV ALid (4)

where, Di is the number of trading days in the sample, Ri is stock i return, and

TV ALi is trading value of stock i.

As with the case of the λ, the value of ILLIQ is multiplied by 106 for clearer presen-

tation. If the stock is illiquid, a small change in volume will lead to large absolute change

in return, hence the larger the value of ILLIQ, the more illiquid the stock. The value

of ILLIQ is computed for each stock i using daily data and averaged over the pre- and

post-split sample periods.

Table 5 shows split impact on median values of λ and ILLIQ. The clearest reduction

comes from the intraday price impact measure, λ, which on average declined by 92%

for high split factor stocks and 74% for low split factor stocks three months after the

split relative to three months before the split date. On the other hand, the median

ILLIQ value of the high factor group declined 29% whereas that of the low factor group

declined 77%. The changes in median values of λ and ILLIQ for the no split sample

is provided as a control sample to compare the changes in the split group with general

market conditions. Overall, both intraday and daily price impact measures of the split

group decline more noticeably than the no split group.

To understand the source of change in price impact reduction, we run OLS regressions

using the change in intraday price impact λ and daily price impact ILLIQ as dependent

variables in two separate sets of regressions. The explanatory variables are the percentage

changes in spreads, depth volume, number of transactions, high split factor and industry

dummies and the ranking of post-split year-on-year change in split firms’ EPS. These

percentage changes are changes from periods +/- 20 trading days around the split date.

In Panel A of Table 6 we find that the change in depth and high split factor dummy

are most significant determinants of intraday price impact. Depth volume has negative
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impact on spreads and conditional the the split being a high split factor type, daily

price impact change is stronger than a low split factor type. Although a univariate

regression between λ and the change in percentage bid-ask spreads shows a positive and

significant relationship between the two variables, the importance of the change bid-ask

spreads appears to be taken over by the change in depth volume in the multivariate

regressions. Panel B of Table 6 shows that on a daily basis, the change in percentage

bid-ask spreads has positive and significant relationship with change in price impact

while the change in depth volume no longer is important. The change in number of daily

transactions has inverse relationship with change in price impact. The high split factor

dummy continues to be significant determinant of strong change in price impact. As

a number of stocks in our sample are in the property and finance sectors, we add an

interaction between high price factor and property and finance sector dummy and finds

that this has insignificant explanatory power. To test whether earnings performance has

any relation to price impact, we include the variable EPS change rank and find that the

coefficient this variable is insignificant.

5 Cross-sectional relationship between return and

price impact

In the previous section, we find that both bid-ask spreads and price impact have decline.

But we have not made an association between trading costs and return levels. If a

reduction in trading costs is perceived as favorable since liquidity risk is reduced, then

investors are likely to require lower rates of returns. Thus, lower bid-ask spreads and

price impact should be associated with higher adjusted price. To determine whether

these price impact measures, which are proxies for illiquidity, explains cross-sectional

return variations, we use the values of λ and ILLIQ, 6 in the following cross-sectional

analysis.

6The choice of using these price impact measure is due to its common use in microstructure literature
as well as a better dispersion of values in our sample than bid-ask spreads.
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Γ̂(m) =
³
F 0Σ−1F

´−1
F 0Σ−1R(m) (5)

where

Σ = E (ee0)

Each set of cross-sectional coeffcients Γ(m) corresponds to a different return estimate,

R(m). The cross-sectional regression pricing model rests on the assumption that expected

returns are determined by the market risk and firm characteristics. Since estimation

requires input from the first stage regressions to obtain the security beta, the error in

variables (EIV) problem is a concern. In order to address the EIV problem that creates

estimation bias in t-statistics on the market beta, we employ the Shanken (1992) statistics

correction method in model 1. To avoid the EIV problem from beta estimation, we use

the risk-adjusted returns in model 2 and purged returns from their principal components

in model 3. In all these regressions, extreme observations above the 99 percentile and

below the 1 percentile are eliminated.The details of the estimation are as follow:

• Model 1: Using raw returns

The first cross-sectional regression model takes the form,

R
(1)
t = Inγ

(1)
o + βγ

(1)
1 +XtΓ

(1) + e
(1)
t (6)

where

R
(1)
t = (r1, r2, ..., rn) is the vector of weekly excess return over the risk free rate for

n stocks.
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β = (β1, β 2, ..., βn) is the market beta vector estimated from weekly returns

Xt = An n × k matrix of characteristics variables including, λi or ILLIQi, the

natural log of firm size, the natural log of turnover, and standard deviation of

return.

et = (e1,e2, ..., en) is the vector of errors

• Model 2: Using risk adjusted returns from market model7

Alternatively, a cross-sectional regression in equation (5) can be estimated by using

risk adjusted returns, R
(2)
it for each stock i from the market model in equation (7),

R
(2)
t = Inγ

(2)
o +XtΓ

(2) + e
(2)
t (7)

R
(2)
it = Rit − βi (Rmt) (8)

where

Rit = Weekly return on security i

Rmt = Weekly market return

βi = Market beta

Although the security beta is still estimated with error, this error affects only the

dependent variable R(2) and thus the estimated coefficients are unbiased providing that

the errors in equation (8) are unrelated to firm characteristics.

7Brennan, Chordia, and Subrahmanyam (1998) adopted this approach in their cross-sectional pricing
model.
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• Model 3: Using purged returns from principal components

Given the assumption that the expected return on the security can be driven by

various unobservable common factors other than the market alone as well as the

value of firm characteristics in cross-sectional regressions, our third method purges

the commonalities in returns using the methods of principal components and then

use the purged returns R
(3)
it for each stock i, to regress on firm characteristics in

equation (10) . As in Connor and Korajczyk (1986, 1993), we generate the common

factors by using the first k eigenvectors from T × T cross-product matrix of security

excess returns.8 The purged returns is obtained by running a time series regression

on the latent factor realizations in equation (11),

R
(3)
t = Inγ

(3)
o +XtΓ

(3) + e
(3)
t (9)

R
(3)
it = Rit −

kX
j=1

wj Pr incompj (10)

where

Pr incompj = the jth principal component

The vector of expected risk adjusted returns R(3) is then used to regress against firm

characteristics from the GLS model.

The results of these three regressions shown in Table 7 indicate that the most impor-

tant determinant of cross-sectional returns are price impact measures. In other words,

investors require higher rates of return to compensate for larger values of λ and ILLIQ

. The coefficients on λ and ILLIQ, which is significant and positive suggests that there

is positive association between price impact and return levels. Panel A of Table 7 shows

that regardless of the estimation approach, the coefficient on the intraday price impact,

λ, is statistically significant, and has a value of approximately 0.002. This means a 1%

increase in the value of λ is associated with a 0.2% increase in weekly returns. In Panel

8See details of computation in Appendix A.
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B of Table 7, we use the value of ILLIQ in place of λ in the cross-sectional regressions.

The finding is similar, showing that the daily price impact, ILLIQ, has significant and

positive association with return levels. The coefficient on ILLIQ ranges from 0.031 to

0.057, in other words, a 1% increase in ILLIQ is related to a weekly return increase

between 3.1%-5.7%. From the coefficient estimates, the economic impact of ILLIQ on

return is clearly greater than that of λ, which is to be expected since the daily level price

impact should exert stronger influence on returns than transaction-level price impact.

The finding that the size of the coefficient on both price impact measures is statistically

significant on all regression specifications is indicative that investors place importance on

liquidity in this market. Therefore, a corporate event such as a split, which subsequently

lead to a reduction in price impact, results in an increase in price levels as well.

6 Conclusion

Existing research finds that the impact of stock splits on liquidity is ambiguous. This

ambiguity is likely a consequence of the differences in the choice of liquidity measure

selected in the studies as well as market clientele compositions that the split activity

is intended to serve. In this paper, we examine the split activities of Thai firms over

2002-2004. Being a retail dominant order driven market with multiple tick size, the SET

offers clarification on the motivation to split in ways that existing studies on dealership

markets and where institutional investors have an important role in market making do

not. We find that firms indeed split to bring prices down to a preferred trading range to

attract retail investors. The consequence of a wider clientele base is a clear reduction in

trading costs, which includes, reduction in bid-ask spreads, increased depth, and price

impact. The cross-sectional regressions indicate a positive relation between return and

price impact for the market as a whole. All together, the empirical result of this paper

provides strong support for the trading range hypothesis of splits and that enlarging

clientele base is beneficial for the firm.
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Appendix A

The arbitrage pricing theory suggests that returns have a linear factor structure. Thus

for each asset, i the linear factor structure representation is,

rit = ci +Bift + εit t = 1, 2, 3, ..., T

Let Rn be n × T matrix of excess returns of n assets, c is an n-vector of constants,

B is an n× k matrix of factor sensitivities, F is a k + 1× T matrix whose first row has

entries equal to one and remaining rows are time series for factors 1 through k, and ε

is an n × T matrix of idiosyncratic returns. The above equation can be expressed as a

system,

Rn = [c ·B]F + ε

To obtain purged returns from latent factor model,

1. Compute a k × T matrix of principal components of the covariance matrix of

returns, Σn = (1/n)Rn0Rn

2. Use the factor estimates from principal components procedure to run a time series

regression shown in equation (10).

3. Use the purged returns (residual returns) from equation (10) to estimate factor

loadings from equation (5).
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Figure1: Price and return performance of split sample 
 
Figure 1a  plots the equal weighted price index performance of the split sample. The base price is the price on the split 
execution date. The adjusted post-split price is computed by multiplying the post-split closing price by the split factor. 
PI_HIGH is the index for high split factor sample (split factor of 10), PI_LOW is the index for the low split factor 
sample (split factors under 10) and PI_NO is the index for the no split  sample. Figure 1b plots the cumulative return on 
THB 1 from day -60 relative to split date 0 to day +60 after split date 0.  
 
 

Figure 1a: Price index of split sample relative to ex date 
 

0.60

0.70

0.80

0.90

1.00

1.10

1.20

1.30

-60 -50 -40 -30 -20 -10 0 10 20 30 40 50 60

Day relative to split date

Pr
ic

e 
in

de
x

PI_LOW
PI_HIGH
PI_NO

 
 
 

Figure 1b: Cumulative return from holding split sample stocks 
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Figure 2: Price performance of split sample classified by earnings change 
 

Figure 2a  plots the equal weighted price index performance of high factor-low EPS change stocks (HIFTR_LOEPS) 
and low factor-high EPS change (LOFTR_HIEPS). The base price is the price on the split execution date. The adjusted 
post-split price is computed by multiplying the post-split closing price by the split factor. Figure 2b plots the equal 
weighted price index performance of high factor-high EPS change stocks (HIFTR_HIEPS) and high factor-low EPS 
change (HIFTR_LOEPS). Define a stock as having a high (low) year-on-year EPS change as one with higher (lower) 
than sample median EPS change for matching years. 

 
 

Figure 2a: Price index of high factor-low EPS change and low factor-high EPS change 
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Figure 2b: Price index of high factor-high EPS change and high factor-low EPS change 
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Figure 3: Cumulative daily net buy positions by client type 

 
Figures 2a) and  2b) plots the average net buy value in millions of THB by client type of high split factor sample and 
low split factor sample from day -60 relative to split date 0 to day +60 after split date 0.  

 
 

Figure 3a: Cumulative daily net buy positions of high split factor sample 
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Figure 3b: Cumulative daily net buy positions of low split factor sample 
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Table 1: Sample Profile of by price range 
 
This table provides the sample profile consisting of  information of tick size range, spreads, average firm size, trading statistics, and average daily transaction value per stock 
in each group by investor type.  

 
Group I II III IV V VI VII VIII 

Lower price bound in THB (> =) < 2 2 5 10 25 50 100 200 
Upper price bound in THB (<)  5 10 25 50 100 200 400 
Tick size (THB) 0.01 0.02 0.05 0.1 0.25 0.5 1 2 
Avg daily price (THB) 2 4 7 18 35 67 132 297 
Percentage bid-ask spread (%) 3.38% 3.14% 3.62% 3.56% 3.24% 3.84% 4.22% 4.11% 
Relative spread (%) 3.60% 3.54% 3.85% 3.37% 3.28% 4.09% 3.57% 3.79% 
Avg mkt cap (THB millions) 808 3,737 5,140 5,400 10,332 30,916 16,201 33,958 
Trade value to total market cap (%) 1% 9% 11% 22% 19% 15% 2% 2% 
Turnover value (%) 2.26% 1.43% 1.24% 0.80% 0.51% 0.31% 0.15% 0.08% 
Retail transaction freq (%) 83.94% 80.33% 62.91% 65.77% 56.03% 42.29% 25.19% 23.63% 
Broker transactions (THB millions) 0.64 1.87 1.81 2.42 4.40 11.10 2.40 6.25 
Foreign transactions (THB millions) 1.44 5.42 7.13 8.24 15.36 41.84 24.72 31.25 
Fund transactions (THB millions) 2.56 4.27 8.06 7.14 10.11 19.89 10.53 21.37 
Retail transactions (THB millions) 24.28 47.20 28.83 34.20 38.07 53.36 12.67 18.22 
No. of firms 5 31 51 96 60 27 13 8 
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Table 2: Characteristics of split sample 

 
The information in Panel A includes, the timing of split in the sample over the entire sample period and the break down 
of the split sample by industry.  The last two columns provide the percentage of firms in the split sample relative to total 
number of firms in the industry and the percentage of firms in the split sample relative to total split sample. Panel B 
provides trading  statistics that compares the splitting to the non-splitting sample.  The split sample statistics cover the 
daily averages three months (60 trading days) before split execution date compared to the no split sample.  
 
 
 

Panel A:  Split sample by industry 
 
Quarter Q3/2002 Q4/2002 Q1/2003 Q2/2003 Q3/2003 Q4/2003 Q1/2004 Q1/2004 
No of Splits 1 5 3 13 4 16 7 18 
         

Industry No. of split Split Split Split Split Total firm  
% Split 
relative 

% Split 
relative 

  firms 10:1 5:1 2:1 Others in sample 
to 

industry 
to split 
sample 

Agriculture 1 1 .   30 3% 1% 
Communications 5 3 1 1  16 31% 7% 
Consumer 1 1 .   18 6% 1% 
Electronics 7 6 1 .  21 33% 10% 
Energy 2 2 .   14 14% 3% 
Finance 11 5 4 . 2 48 23% 16% 
Manufacturing 8 3 1 3 1 32 25% 12% 
Property 22 15 5 1 1 57 39% 33% 
Service 10 9 1 .  55 18% 15% 
Total 67 45 13 5 4 291 23% 100% 

 
 
 
 

Panel B:  Pre-split trading statistics 
 

 High factor Low factor No split 
 Mean Median Mean Median Mean Median 

Price (THB) 102 56 54 28 30 15 
Daily return (%) 0.60% 0.00% -0.05% 0.00% 0.13% 0.00% 
Std Ret (%) 2.26% 1.40% 2.27% 1.63% 1.99% 1.24% 
Turnover (%) 1.06% 0.17% 1.66% 0.34% 0.72% 0.13% 
Volume (Shares) 2,436,059 117,900 3,189,791 417,550 3,376,363 294,700 
Mkt cap 11,570 3,815 9,886 3,181 1,102 2,061 
(in THB mn)       
No. of firms 45  22  224  
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Table 3: The impact of splits on the price, return, trading volume, and trading frequency 
 

Panel A of this table provides information on daily averages of market price, and split-adjusted prices , return, standard 
deviation before and after split executions. Define -1M, -2M, -3M as 20, 40, and 60, trading days before the split date 
and +1M, +2M, +3M as 20, 40, and 60, trading days after the split date . Split adjusted prices are computed from post-
split price multiplied by split factors. The samples are divided into high factor, lower factor, and non-splitting stocks. 
Panel B of the table provides information on trading volume and frequencies around the split date.  Turnover is total 
number of shares traded divided by total shares outstanding. Post-split volume (in thousands of shares) is market 
volume in shares divided by split factor. Number of daily trades is the average number of trades per stock  around the 
split date.  

 
 
 

Panel A: Prices, return, and standard deviation around split dates 
 

Month Market  
% diff 
from 

Adjusted 
price 

% diff 
from Return 

% diff 
from Std of 

% diff 
from 

  price -3M   -3M   -3M return -3M 
High Factor         

-3M 104  104  0.55%  2.48%  
-2M 109 5% 109 5% 0.37% -33% 2.58% 4% 
-1M 111 7% 111 7% 0.57% 4% 2.52% 1% 
1M 13 -88% 128 23% -0.01% -102% 2.80% 13% 
2M 14 -87% 137 32% 0.18% -66% 2.60% 5% 
3M 15 -86% 146 41% 0.03% -95% 2.50% 1% 

Low factor         
-3M 54  54  -0.11%  2.40%  
-2M 51 -5% 51 -5% 0.21% -289% 2.26% -6% 
-1M 49 -10% 49 -10% -0.05% -54% 2.25% -6% 
1M 17 -69% 54 0% 0.17% -252% 2.60% 8% 
2M 18 -66% 57 4% 0.29% -356% 2.50% 4% 
3M 16 -71% 52 -4% -0.03% -70% 2.12% -12% 

No split         
-3M 34  na na 0.14%  2.12%  
-2M 34 1% na na 0.09% -32% 2.12% 0% 
-1M 34 0% na na 0.02% -89% 2.14% 1% 
1M 33 -3% na na 0.10% -28% 2.08% -2% 
2M 33 -4% na na 0.11% -21% 2.03% -4% 
3M 32 -6% na na 0.02% -86% 1.98% -7% 
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Table 3: The impact of splits on price, return, trading volume, and trading frequency 

(continued) 
 
 

Panel B: Trading activity statistics 
 

Month Turnover 
% diff 
from Volume 

% diff 
from 

No. of 
daily 

% diff 
from Avg trade value 

% diff 
from 

  -3M (000) -3M trades -3M per trade (THB) -3M 
High Factor         

-3M 1.17%  2,602  369  128,006  
-2M 1.38% 18% 3,617 39% 416 13% 122,756 -4% 
-1M 1.37% 17% 4,577 76% 510 38% 129,271 1% 
1M 1.74% 49% 2,805 8% 950 158% 79,110 -38% 
2M 1.31% 12% 2,403 -8% 906 146% 83,923 -34% 
3M 1.17% 0% 2,044 -21% 746 102% 81,262 -37% 

Low factor         
-3M 1.81%  3,482  403  92,063  
-2M 1.17% -35% 2,259 -35% 306 -24% 79,788 -13% 
-1M 0.81% -55% 1,984 -43% 235 -42% 78,108 -15% 
1M 0.84% -53% 1,841 -47% 375 -7% 58,053 -37% 
2M 1.36% -25% 2,341 -33% 468 16% 67,704 -26% 
3M 1.18% -35% 4,017 15% 414 3% 62,677 -32% 

No split         
-3M 0.88%  4,962  315  80,917  
-2M 0.83% -6% 4,794 -3% 320 1% 81,444 1% 
-1M 0.75% -14% 4,783 -4% 327 4% 79,617 -2% 
1M 0.75% -14% 5,397 9% 336 7% 80,126 -1% 
2M 0.75% -14% 5,608 13% 337 7% 81,182 0% 
3M 0.66% -24% 5,057 2% 309 -2% 80,792 0% 
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Table 4: The impact of splits on spreads and depths 

 
Panel A of this table provides information on quoted spreads in THB and in percentage bid-ask spreads around the split 
date. The percentage bid –ask spread (% BAS) is  computed from (ask-bid)/((bid+ask)/2).  The median of quoted and 
percentage spread is reported in the table. Panel B provides the average daily bid-depths in number of shares around the 
split dates. The quoted bids represent the average bids per stock within the sample group category. 

 
 
 

Panel A: Quoted and percentage spreads around split date 
 
 

Month 
Quoted 
spread 

% diff 
from %BAS 

% diff 
from 

  (THB) -3M  -3M 
High Factor    

-3M 1.39  2.26%  
-2M 1.52 10% 2.23% -1% 
-1M 1.68 21% 2.29% 1% 
1M 0.18 -87% 2.21% -3% 
2M 0.18 -87% 2.22% -2% 
3M 0.21 -85% 2.22% -2% 

Low factor    
-3M 0.45  2.07%  
-2M 0.49 7% 2.02% -3% 
-1M 0.58 27% 2.09% 1% 
1M 0.18 -60% 2.08% 1% 
2M 0.19 -59% 2.07% 0% 
3M 0.19 -58% 2.06% -1% 

No split     
-3M 1.08  3.17%  
-2M 1.10 2% 3.17% 0% 
-1M 1.12 4% 3.25% 2% 
1M 1.09 1% 3.15% -1% 
2M 1.05 -3% 3.08% -3% 
3M 1.03 -4% 3.13% -1% 
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Table 4: The impact of splits on spreads and depths (continued) 

 
 
 

Panel B: Bid depths (in number of shares) around split date 
 
 

Month Broker 
% diff 
from Foreign 

% diff 
from Fund 

% diff 
from Retail 

% diff 
from 

    -3M   -3M   -3M   -3M 
High factor         

-3M 11,855  22,008  15,098  20,929  
-2M 11,735 -1% 11,429 -48% 11,693 -23% 10,531 -50% 
-1M 6,188 -48% 14,021 -36% 11,104 -26% 7,074 -66% 
1M 40,559 242% 126,494 475% 108,425 618% 128,013 512% 
2M 42,441 258% 126,056 473% 118,157 683% 153,448 633% 
3M 74,168 526% 180,361 720% 112,298 644% 190,022 808% 

Low factor         
-3M 25,849  26,977  20,023  53,758  
-2M 24,419 -6% 21,702 -20% 12,190 -39% 29,793 -45% 
-1M 15,176 -41% 28,604 6% 11,270 -44% 41,268 -23% 
1M 54,601 111% 118,110 338% 47,574 138% 109,525 104% 
2M 34,110 32% 75,431 180% 76,078 280% 99,436 85% 
3M 37,056 43% 96,709 258% 97,934 389% 71,565 33% 

No Split         
-3M 31,486  43,217  42,508  37,443  
-2M 38,184 21% 39,901 -8% 37,497 -12% 35,860 -4% 
-1M 49,331 57% 39,121 -9% 40,175 -5% 35,581 -5% 
1M 43,731 39% 53,970 25% 54,044 27% 39,049 4% 
2M 31,831 1% 65,905 52% 60,171 42% 40,552 8% 
3M 36,830 17% 75,427 75% 50,354 18% 38,711 3% 
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Table 5: Split impact on intraday and daily price impact measures 

 
This table reports the median intraday price impact measure ( λ ) and daily price impact measure (ILLIQ) for -1M, -2M, 
-3M as 20, 40, and 60, trading days before the split date and +1M, +2M, +3M as 20, 40, and 60, trading days after the 
split date. 

 
 
 

Month λ 
% diff 
from ILLIQ 

% diff 
from 

   -3M  -3M 
High Factor    
-3M 0.047  0.015  
-2M 0.055 16% 0.016 4% 
-1M 0.036 -24% 0.026 69% 
1M 0.006 -87% 0.019 21% 
2M 0.003 -94% 0.012 -23% 
3M 0.004 -92% 0.011 -29% 
Low factor    
-3M 0.016  0.014  
-2M 0.016 -2% 0.007 -49% 
-1M 0.022 34% 0.016 14% 
1M 0.006 -65% 0.009 -37% 
2M 0.003 -79% 0.006 -58% 
3M 0.004 -74% 0.003 -77% 
No split     
-3M 0.034  0.014  
-2M 0.034 0% 0.016 12% 
-1M 0.032 -4% 0.016 17% 
1M 0.030 -11% 0.016 17% 
2M 0.030 -12% 0.012 -15% 
3M 0.029 -13% 0.012 -12% 
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Table 6: Determinants of price impact measures 

 
This table reports the OLS regression of determinants of the change in intraday and daily price impact of the split sample.  In Panel A, the dependent variable is the change 
daily price impact ( λ ).  Explanatory variables include change in percentage bid-ask spreads (dpctbas), change in depth volume (ddepthvol), change in number of transactions 
(dntrans), high split factor dummy (hifac), high split factor and finance and property sector dummy (hkfcpf), tick group dummy, and ranking of post-split year-on-year 
change in EPS. In Panel B, the dependent variable is the daily price impact measure (ILLIQ). All explanatory variables are same as described in Panel A. Total number of 
firms is 67. 

 
 

Panel A: Determinants of intraday price impact 
 
 

Variable Estimate t-stat Estimate t-stat Estimate t-stat Estimate t-stat Estimate t-stat Estimate t-stat 
dpctbas 0.836** 2.23 0.269 0.93 0.306 0.93 0.306 0.96 0.301 0.93 0.304 0.92 
ddepthvol   -1.008*** -6.21 -1.045*** -4.68 -1.254*** -5.14 -1.235*** -4.88 -1.233*** -4.81 
dntrans     0.054 0.25 0.137 0.63 0.139 0.63 0.141 0.62 
hifac       0.595* 1.87 0.632* 1.86 0.631* 1.84 
hifacpf         -0.140 -0.34 -0.142 -0.34 
epschrank                   0.000 -0.07 
Adjrsq 0.0807  0.5042  0.4931  0.5216  0.5111  0.4986   

*, **, ***, indicates significance levels of 10%, 5%, and 1% respectively. 
 
 

Panel B: Determinants of daily price impact 
 

Variable Estimate t-stat Estimate t-stat Estimate t-stat Estimate t-stat Estimate t-stat Estimate t-stat 
dpctbas 1.579*** 4.07 1.237*** 3.27 0.751* 1.9 0.751** 1.99 0.756** 1.98 0.796** 2.04 
ddepthvol   -0.609*** -2.88 -0.110 -0.41 -0.395 -1.37 -0.415 -1.39 -0.401 -1.32 
dntrans     -0.727*** -2.75 -0.613** -2.37 -0.615 -2.35 -0.582** -2.18 
hifac       0.812** 2.16 0.773* 1.92 0.760* 1.88 
hifacpf         0.146 0.3 0.128 0.26 
epschrank                   -0.006 -0.69 
Adjrsq 0.2569  0.3626  0.4471  0.4913  0.4798  0.473   

 
*, **, ***, indicates significance levels of 10%, 5%, and 1% respectively. 
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Table 7: Cross-sectional relationship between return and price impact 
 

Panel A of this table reports the result of three cross-sectional regressions. The first one is a GLS regression of excess 
returns on market beta, λ, lnSize, lnTurnover, and standard deviations of returns. The t-statistics on the market beta in 
this model is adjusted with the Shanken (1992) method in which the standard error of estimate is derived from 

( ) ( )[ ]FFT Σ+Σ+Σ= −−−
1

1
1

112 '1'/1 γγββσ . The second equation uses the risk-adjusted return to regress on firm 
characteristics. The third regression uses purged returns from principal components. Panel B is a similar cross-sectional 
regression the daily measure of price impact, ILLIQ, replacing the intraday measure of price impact, λ.  

 
 
 

Panel A: Return and intraday price impact 
 

Regression 1   Regression 2 Regression 3 
Parameter Estimate t-stat Estimate t-stat Estimate t-stat 
Market 
beta 0.007* 1.67     
λ 0.002* 1.94 0.002** 2.51 0.002** 2.11 
Lnsize -0.002** -1.96 -0.002*** -3.29 0.0004 1.17 
Lnturn 0.001 0.45 -0.0004 -0.49 -0.0005 -0.92 
Stdret 0.092 1.31 0.0506 0.95 0.1023** 2.19 
N 248  248  248  
ADJRSQ 0.052  0.048  0.044  

 
 

*, **, ***, indicates significance levels of 10%, 5%, and 1% respectively 
 
 
 

Panel B: Return and daily price impact 
 

Regression 1   Regression 2 Regression 3 
Parameter Estimate t-stat Estimate t-stat Estimate t-stat 
Market 
beta -0.004 -0.10     
Illiq 0.057*** 5.83 0.031*** 3.66 0.037*** 2.94 
Lnsize 0.002*** 3.96 0.001*** 3.23 0.001*** 2.89 
Lnturn 0.001 1.19 0.00003 0.04 0.001 1.24 
Stdret 0.045 0.69 -0.088 -1.98 0.018 0.33 
N 248  248  248  
ADJRSQ 0.1174   0.1638  0.0316   

 
 
*, **, ***, indicates significance levels of 10%, 5%, and 1% respectively. 

 
 
 
 
 
 
 
 
 
 
 


