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1. Introduction  

In a paper published in the Journal of Finance in 1986, Fisher Black introduced the concept of 

noise traders and offered a theoretical formulation of how this group of traders affects the 

market.  In turn, the current study tests empirically how noise traders’ activities influence stock 

price dynamics. More specifically, by utilizing a unique dataset from the Australian Stock 

Exchange (ASX), we investigate whether noise trading increases volatility as predicted by 

theoretical models (De Long et al., 1990, Campbell and Kyle, 1993 and others).  In addition, we 

examine whether noise traders increase returns.  Consistent with Black (1986), noise traders are 

defined as non-fundamental traders who either trade on noisy information or simply for the sake 

of trading.  

Classical financial theories are based on the efficient market hypothesis.  These theories assume 

that market participants are rational and hence prices react only to new fundamental information.  

However, over the past couple of decades evidence has relentlessly surfaced putting the 

assumption of investor rationality to question.  The existence of noise traders could potentially 

explain some of the anomalies and puzzles observable in the marketplace, such as positive 

feedback trading (Kurov, 2008), price bubbles (De Long et al., 1990) and excess volatility 

(Shiller, 1981). 

Investigating the relation between noise trading activity and daily volatility and returns is 

important for the following reasons.  First, studying the effect that noise traders have on stock 

price volatility is important from an academic point of view.  The literature offers inconclusive 

views on this issue.  The most accepted of them is that noise traders by acting on information 

that does not reflect any fundamental value will add additional volatility on top of what can be 

explained rationally (Black, 1986; De Long et al., 1990; Andrade et al., 2008; and others).  
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Conversely, consistent with the liquidity and volatility literature is the view that noise traders 

being suppliers of liquidity will make markets more deep, thus helping to decrease volatility.1  

The few empirical studies of this interdependence are mixed.  The current study sheds new light 

on this relation and is the first to do so by incorporating direct proxies of noise trading at daily 

frequencies based on both dispersion in net initiated order flows (Berkman and Koch, 2008) and 

number of small retail transactions (Barber et al., 2009).   

Second, understanding what impact noise traders have on stock price volatility and returns has 

economic significance, as it allows investors to make more informed portfolio allocation 

decisions.  Dumas et al. (2009) devise a model which shows that increased volatility caused by 

irrational traders who change their expectations too often, can have a negative effect on rational 

traders’ optimal investment strategies.  Understanding whether noise traders affect excess 

volatility (increased volatility not accompanied by greater return) and, if so, where their impact is 

the strongest, will allow investors to construct an optimal portfolio to suit their risk – return 

preferences.  For example, conservative fund managers will prefer to override their portfolios 

with stocks that are less likely to display excess volatility.  If a positive relation between noise 

trading and volatility is observed, such stocks would be those that are less likely to attract noise 

traders.  

Finally, examining the relation between noise trading and volatility and returns is of interest to 

policy makers.  The general preconception based on largely anecdotal evidence is that noise 

traders contribute to excess volatility.  Some authors (Summers and Summers, 1989; Shleifer and 

                                                            
1  Baker and Stein (2004) and Berkman and Koch (2008) find a positive relationship between liquidity and noise 
trading.  Copeland and Galai (1983), Admati and Pfleiderer (1988), Foster and Viswanathan (1990), Handa and 
Schwartz (1996), amongst others find negative relation between liquidity and volatility. 
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Summers, 1990) have argued that policy makers should implement measures that reduce the 

level of noise trading in the market, in order to enhance the welfare of the community.  Through 

a deeper evaluation of the effect that noise trading has on daily volatility and daily returns, as 

well as where this relation is strongest, this study allows policy makers to target the problem 

more accurately.     

The paper contributes to the current literature in a number of ways.  First, it examines the 

debated topic of what effect noise traders have on stock price volatility.  More specifically, it 

provides strong support for the theoretical prediction formulated by Black (1986) that noise 

traders increase the level of volatility.  We do so by utilizing two daily proxies of noise trading 

based on intra-day information (Berkman and Koch, 2008, Barber et al., 2009).  Studying the 

relation at daily intervals is important, as any effect which noise traders have on the market will 

be greatest at shorter time periods.  Other studies which have explicitly explored the relation 

between noise trading and volatility (Verma and Verma, 2007; Kurov, 2008) use a proxy based 

on investors’ sentiment and, therefore, are constrained to longer time horizons (monthly and 

weekly).   

Second, we test the prediction put forward by De Long et al. (1990) and Campbell and Kyle 

(1993) that noise traders have a positive effect on returns.  This examination provides answers to 

the question of whether the risk, introduced by noise traders in the form of higher volatility, 

translates to higher returns.   The use of daily data enables us to measure the effect that noise 

traders have on returns more accurately than that of prior literature (Lee et al., 2002).    

Third, we also explore how the relation between noise trading activity and volatility differs 

across market capitalisations.  Therefore, it answers the question of whether some firms are 
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affected to a greater extent by noise traders than other.  Given that limits to arbitrage differ 

between firm sizes, the study will be important to policy makers.  Understanding how limits to 

arbitrage affect the relation between noise trading activity and volatility helps authorities in 

devising measures that will curb out any undesirable effects that noise traders have on market 

efficiency.  

We find that in line with the predictions of Black (1986) and De Long et al. (1990), noise traders 

have a positive effect on daily stock price volatility.  Contrary to De Long et al. (1990) and 

Campbell and Kyle (1993), this additional risk introduced by noise traders is not priced in the 

form of higher returns. In other words, noise trading activity does not have a statistically 

significant effect on returns.  However, our CGARCH test results indicate that noise traders only 

affect short term volatility, without having any significant effect on the permanent component of 

volatility.  This could explain why noise traders have no statistically significant effect on returns.   

We also observe that noise traders have the strongest effect on the price volatility of small cap 

stocks that have the highest limits to arbitrage.  Our results indicate that noise traders introduce 

excessive volatility into the market and thus reduce the price discovery process, therefore 

warranting the introduction of measures which will curb the influence that this category of 

investors can have on the market. Given that the impact of noise traders is greatest in small cap 

stocks, which has the highest limit to arbitrage, our finding implies that policy makers should 

look at policies that will reduce limits to arbitrage and thus limit the negative effect on the 

market of noise traders.  Such measures would not only increase the trading activity of 

arbitrageurs amongst the small cap stocks, but would also have the potential to increase liquidity.       

The remainder of this paper is organized as follows.  Section 2 summarizes the relevant literature 

and develops the hypotheses.  Section 3 discusses the data utilized.  Section 4 presents the 
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empirical results obtained.  Finally, Section 5 concludes the paper with a summary of major 

findings.  

2. Literature Review 

2.1 Who are Noise Traders? 

Black (1986) describes noise traders as traders who “trad[e] on noise as if it were information”.  

The predominant attribute of noise traders according to Black (1986) is that they trade due to 

psychological barriers or simply according to their taste for trading.  The definition implies that 

noise traders act on noisy information which is not based on fundamentals.  The idea behind 

noise trading, as put forward by Black (1986), is that noise traders by acting on information that 

is not truly ‘information’ will distort the true price of the underlying asset.   

There is a general consensus in the literature that retail investors are a prime candidate for being 

noise traders. Based on the ‘stealth trading’ hypothesis, Chakravarty (2001) documents that 

institutions are the informed traders, implying that retail traders are the uninformed traders. 

Kurov and Sancetta (2008), studying large and small trades in the futures market also conclude 

that retail traders are noise traders, while institutional investors are informed traders.  Barber et 

al. (2009) argue that small retail investors are noise traders, due to their limited access to 

valuable information and expertise in applying any information they obtain.  They use the 

number of small initiated transactions to proxy for noise trading activity.  Nonetheless, according 

to Black (1986), the distinction between information and noise traders will always be ambiguous, 

given the uncertain nature of financial markets.   
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2.2 Noise Trading and Volatility     

De Long et al. (1990) predict that in the presence of noise traders and limits of arbitrage, returns 

will be excessively volatile – meaning that prices move more than can be explained on the basis 

of changes in fundamental value.  This is consistent with the hypothesis put forward by Black 

(1986), that an increase in noise trading will increase short term volatility.  Consistent with the 

literature (Black, 1986; De Long et al., 1990), Campbell and Kyle (1993) develop a theoretical 

model of the price formation process, which predicts that noise trading leads to overreaction to 

fundamental information, and hence excessively high volatility.  Danthine and Moresi (1993) 

further argue that more information will mean less volatility as improved information places 

rational agents in a better position to counteract.  However, like the other models, the authors 

hypothesize that in the absence of new information, more noise will increase the level of short 

term volatility. 

A competing body of literature is based on the relation between liquidity and volatility.  Black 

(1986) predicts that noise traders, despite having a negative effect on the price discovery process 

are nonetheless an essential component of the market due to supplying liquidity.  Baker and Stein 

(2004) show that noise traders have a positive effect on liquidity.  In the presence of short sale 

restrictions, they argue that the market will be dominated by irrational traders, who under-react 

to information contained in order flows thus boosting liquidity. 

Although there has been a reasonable amount of research conducted, into the effect that noise 

trading has on liquidity (Berkman and Koch, 2008; Bloomfield et al., 2009) and informational 

efficiency (Bloomfield et al., 2009; Kurov, 2008), the relation between noise trading and daily 

volatility has been relatively sparse.  Koski et al. (2004) was one of the first to consider this 

question.  Utilising a large sample of NASDAQ stocks during the 3rd quarter of 1999 and an 
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indirect proxy of noise trading based on stock message board activity, the authors find evidence 

to support the notion that noise trading increases volatility.  Moreover, Koski et al. (2004) find 

that volatility generates increases in future message board posting even more strongly than 

messages generate future volatility. Foucault et al. (2008) also address the relation between noise 

trading and volatility. Classifying individual traders as noise traders, their paper documents that 

after a reform that makes short selling or buying on margin more expensive for individuals 

relative to institutions, the volatility of the stocks that are affected by this reform declines relative 

to the volatility of other stocks. This finding suggests a positive relation between noise trading 

and volatility.  

Contrary to the findings of Koski et al. (2004) and Foucault et al. (2008), Verma and Verma 

(2007) observe a negative relation between noise trading and volatility.  The authors use a 

modified version of the Brown and Cliff (2005) proxy for noise trading in the form of investor 

sentiment.  Verma and Verma (2007) distinguish between rational and irrational sentiments of 

both individuals and institutions.  The authors conclude that individual investor sentiment reacts 

to institutional investor sentiment but not vice versa and that a significant negative relation exists 

between irrational sentiment and volatility.  Building on Brown and Cliff’s (2005) study, Kurov 

(2008) also documents that high investor sentiment has a negative effect on the transitory 

volatility in the futures market.  These findings could be explained by the fact that monthly and 

weekly volatilities were used.  Noise traders can be expected to have the strongest effect in the 

short term, whereas over longer time horizons the liquidity they supply will smooth out any 

effect on volatility.  Therefore, the first hypothesis stated in the alternate form is specified as 

follows: 

      H1:  The noise trading activity is positively related to daily volatility. 
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2.3 Noise Trading and Returns 

De Long et al. (1990) in their paper propose that the additional risk that noise traders introduce 

into stock prices is priced in the form of higher returns.  The authors argue that because of the 

additional risk that noise traders induce, sophisticated but risk averse arbitrageurs will hold lower 

portions of the stock than they would without the presence of noise traders.  Therefore, any 

additional returns will mainly flow to noise traders who, after all, introduce and bare the 

additional risk in the first place.  The authors hypothesize that noise traders will reap the rewards 

of their actions if they are on average bullish, and will suffer losses if they are on average 

bearish. 

Campbell and Kyle (1993), develop a similar theoretical model to explain the price formation 

process after accounting for noise traders.  Consistent with De Long et al. (1990), the authors 

argue that noise traders are able to move stock prices due to informed investors risk aversion.  

They claim that because noise traders lead to the overreaction of fundamental information, the 

stock price returns will also be greater than the returns explained by fundamental values.  

However, because prices will revert to fundamental values in the long term, any short term 

positive (negative) returns will be accompanied by longer term negative (positive) returns.  

Therefore, if noise traders do affect stock prices, the greatest effect will be on short term returns.      

A number of studies have attempted to test the hypothesis put forward by De Long et al. (1990) 

and Campbell and Kyle (1993).  Investor sentiment has been used in the literature as a proxy of 

noise trading.  Lee et al. (1991) use the fluctuations in closed-end fund discounts as a proxy of 

investor sentiment.  They find a high correlation between the closed end-fund discounts and 

returns of small capitalization stocks.  Kelly (1997) on the other hand, uses the number of low 

income households to proxy for noise trader participation in the market.  The assumption 
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underlying the proxy is that the probability of an investor being a noise trader diminishes with 

income.  In line with De Long et al. (1990), Kelly (1997) finds that a higher participation of low 

income households is associated with a lower participation by high income households. 

Using a survey based measure of investor sentiment, Brown and Cliff (2005) find weak short-run 

returns predictability, but find a strong correlation between long horizons sentiment and returns.  

Their results put in question Black’s (1986) and De Long et al’s. (1990) prediction that the noise 

traders’ effect will be minimal in the long term due to the presence of arbitrageurs who will help 

prices revert to equilibrium levels in the long term.  Lee et al. (2002) use a GARCH framework 

and measures of investor sentiment to proxy for noise trading direction.  In line with De Long’s 

et al. (1990) prediction, they find a positive relation between sentiment and excess returns.  The 

empirical results in the literature are, hence, very mixed.  Based on the strong theoretical 

expectations, the second hypothesis stated in the alternate form is specified as follows: 

   H2:  The noise trading activity is positively related to daily stock returns. 

2.4 Firm Size and Limits to Arbitrage  

De Long et al. (1990) argue that the price of a stock is likely to diverge from fundamental value 

in the short to medium term in the presence of noise traders.  This is because risk bearing noise 

traders who have the ability to move prices away from fundamental values will discourage risk 

averse arbitrageurs from actively trading.  Similar arguments against the efficiency of 

arbitrageurs in ensuring prices reflect fundamental values have been put forward by other authors 

(see, among others, Shleifer and Summers, 1990; and Shleifer and Vishny, 1997).  

There is a large body of literature which argues that short sale restrictions also play a role in 

limiting arbitrage opportunities.  Authors such as Cornell and Liu (2001), Lamont and Thaler 
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(2003), and Schill and Zhou (2001) study the effect that short sale restrictions have on market 

efficiency.  They find that strong demand, coupled with short sale restrictions result in 

irrationally high prices.  There are a number of ways in which short selling may be constrained, 

with the most obvious being, restrictively high short lending fees.  Short lending fees are 

determined by the supply and demand for the stock in the stock loan market.  Such costs are 

hence more likely to be excessively high for small cap stocks which tend to be less liquid.  

Furthermore, Boehme and Sorescu (2002) argue that stocks with no derivative products will be 

more expensive to short as they do not allow for investors to create positions in the derivative 

market equivalent to short selling.  Once again, such stocks are more likely to be small cap 

stocks.  This view is supported by the empirical study of Jones and Lamont (2002), who find that 

small stocks are generally more expensive to short.  

Mitchell et al. (2002) on the other hand, find that the single most important limit to arbitrage is 

the cost associated with information gathering.  Payoffs from engaging in arbitrage activities are 

uncertain.  Arbitrageurs therefore, will be unwilling to engage in risky activities when the costs 

associated with information gathering are excessively high.  Given that small firms are generally 

less covered by analysts than large cap stocks (Hong et al., 2000), it can be assumed that the 

costs associated with acquiring information on fundamental values will be larger for small cap 

stocks.  Once again, it would appear that limits to arbitrage caused by information gathering 

costs will be strongest for small cap stocks.  Therefore, the third hypothesis stated in the alternate 

form can be specified as follows: 

 H3:  The correlation between noise trading activity and daily volatility (returns) is 

stronger for small cap stocks in comparison to large cap stocks. 
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3. Data and Methodology 

IRESS data are utilized for this study.2 The data provide information on all intraday transactions 

including the transaction date and time to the nearest second, transaction price, trading volume, 

buy/sell direction as well as the name of the buying and selling brokers involved in the 

transaction.  This dataset allows for the calculation of the measure of noise trading suggested by 

Berkman and Koch (2008).  Furthermore, brokers are identified, based on their identities, as 

retail brokers, institutional brokers or brokers that provide services to both institutional and 

retrial investors.3  Stock price data and market capitalization for the entire set of shares listed on 

the ASX is obtained for the period between the start of March 2006 and the end of February 

2008.  For any stock, a day is treated as a ‘trading day’ if there are at least four distinct brokers 

who initiate trades during that trading session (Berkman and Koch, 2008).  In line with Berkman 

and Koch (2008), to account for thin trading and trading halts, stocks which were not traded for 

at least 80 percent of time during the sample period are taken out of the sample.  Furthermore, 

preference shares and unit trusts will be excluded from the sample.  After filtering, the sample 

comprises of 303 stocks.  The average number of trading days for each stock under investigation 

during the sample period is 480.    

In addition to IRESS data, we also utilize the market depth data provided by SIRCA, which 

detail the best bid and ask quotes in the limit order book. We use this dataset to calculate the 

daily bid-ask spread, which is the average of the difference in the best bid and ask quotes across 

all intraday observations, where a change in the best quotes in the book was reported. The daily 

                                                            
2  IRESS is a data provider for a broad range of financial markets professionals across Australia, New Zealand and 
Canada.  

3  This classification is based on brokers’ identity, as provided by IRESS. For a more detailed discussion of this 
classification, see Duong et al. (2009).  
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spread is used in the current study as one of the control variables when investigating the relation 

between noise trading and volatility.  

Calculating Measure of Noise Trading  

Two measures of noise trading are utilised in the current study, based on prior literature.  The 

first measure is based directly on that proposed by Berkman and Koch (2008).  The idea behind 

the proxy is that informed traders will mimic the market when initiating trades such as to 

camouflage their transactions.  Therefore, their trading activity will be undistinguishable from 

uninformed noise traders.  More specifically, informed traders will fragment their trades across 

brokers based on each broker’s market share and the dispersion in net initiated order flows 

(NIOF) across brokers.  The net effect of this behaviour will be that trading activity by informed 

traders will not affect the daily dispersion in NIOF, and in turn any dispersion in daily NIOF will 

be attributed only to noise traders.  Greater dispersion in NIOF across brokers through which 

noise traders after all trade indicates greater noise trading activity on a given day for a given 

stock.  NIOF is defined as the number of buy initiated transactions less the number of sell 

initiated transactions for each stock. 

For the purpose of calculating the proxy of noise trading, we first standardise each brokers daily 

NIOF by that broker’s standard deviation in daily NIOF’s over the sample period.  It is assumed 

that brokers with greater market share will have a higher standard deviation in NIOF’s over the 

sample period compared with smaller brokers.  After standardising each broker for market share, 

we then calculate the daily dispersion in standardised NIOF’s across brokers for a particular 

stock.  This dispersion measures the level of daily noise trading activity for each stock in our 

sample. 
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It is possible that the presence of small brokers that do not initiate many transactions over the 

sample period will distort the results.  This is because such small brokers will display abnormally 

low standard deviations and hence excessive large standardized NIOF’s.  To deal with this 

potential problem of outliers, small brokers, defined as those that initiated transactions on less 

that 30 days over the sample period, are grouped together4.  These grouped brokers are treated as 

one large broker.  The average number of small brokers in our sample is 4.       

A potential problem with the Berkman and Koch (2008) proxy is that it might not be capturing 

only noise trading activity, if informed traders do not behave the way it is assumed that they 

behave.  More specifically, if informed traders initiate transactions through a select group of 

preferred brokers rather than according to that day’s dispersion in NIOF, the proxy will not 

necessarily be reflecting true noise trading activity.  For this reason we use an alternate proxy of 

daily noise trading, proposed by Barber et al. (2009).  The proxy is based on the assumption, that 

noise traders are predominantly small individual investors, who do not have the knowledge nor 

resources to trade in an informed way.  The level of daily noise trading activity for a given stock 

is measured by the number of small trades made by retail traders.  The definition of a small trade 

differs across different market capitalisations.  For the large cap sample (top percentile by market 

cap), trades where the volume is below 300 is classified in this group.  For medium cap stocks, 

trades where the volume is below 600 are classified as small trades.  Finally, for small cap stock, 

trades where the volume is below 1300 are regarded as small retail transactions.  This choice of 

cut off levels is based on the average bottom quartile size of retail transaction across stocks in the 

different market cap categories.     

                                                            
4  The choice of 30 is arbitrary; however the results are robust to other grouping criteria such as 10, 20, 40, or 50. 
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4.  Empirical Results 

4.1 Descriptive Statistics 

Table I provides descriptive statistics on daily returns, daily volatility as well as daily noise 

trading measures.  Panel A, of Table I reports daily returns and liquidity summary statistics.  The 

panel shows that average daily returns for sample stocks over the sample period are negative.  

This finding is to be expected given that the sample period is between March 2006 and February 

2008, a period when the adverse effects of the subprime crisis together with rising crude oil 

prices began to kick in.  The large variability in return and liquidity measures reported in Panel 

A, of Table I, is indicative of the fact that a wide cross section of firms is utilized in this study, 

ranging from small cap stocks, through medium cap firms up to the large cap firms.    

Panel B provides the descriptive statistics for different estimates of volatility employed in this 

study – both conditional and unconditional.  The summary statistics in Panel B show that the 

distribution of the volatility proxies departs from the normal distribution.   

Panel B, of Table I justifies the use of alternate measures of volatility employed in this paper, as 

the different estimates yield considerably different variance measures.  An examination of 

median levels of volatility, reveals that our conditional measure tends to be overstated compared 

with unconditional measures.  The GARCH (1,1) model predicts the highest level of volatility, 

while the daily squared returns the lowest.  Given the general inefficiency of daily squared 

returns as a measure of volatility this is to be expected (Martens and van Dijk, 2006).     

Panel C reports the alternate measures of noise trading employed in this paper.  A study of the 

table reveals that both measures of noise are non – normally distributed.  All measures of noise 
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have kurtosis considerably greater than 3, indicating that they have fatter tails compared with a 

normal distribution.  Furthermore, all measures of noise are positively skewed.   

Panel D reports the daily returns, daily volatility, noise trading and liquidity measures across the 

three firm size subsamples.  The percentile classification scheme is used to classify firms into 

subgroups, where the top 25 percentile of the sample is regarded to be large cap stocks, and the 

bottom 25 percentile classified as small cap stocks.  Panel D reveals that for all firm size 

segments the daily returns are on average negative.  The small cap firm subsample however, 

displays the most negative average daily returns.  This once more is justifiable, given that after 

the subprime mortgage crisis emerged, small firms regarded as the riskiest would have been 

dumped first.  Similarly, for all volatility measures with the exception of GARCH(1,1), small 

firms display higher daily volatility than medium and large firms over the sample period.  The 

volatility tends to be lowest for large cap stocks.  This is in line with Berkman and Koch (2008), 

who find that price sensitivity is greatest for less liquid stocks, which can be expected to be the 

smaller market cap stocks.   

The summary statistics provided in Panel D, of Table I show that noise trading is most prevalent 

for the large cap sample, slightly smaller for the medium cap sample and lowest for the small cap 

sample.  This can be explained by large firm visibility.  Noise traders are most likely to 

concentrate their trades on the more visible firms.  This is because such firms are better known to 

this unsophisticated group of investors. Furthermore, a greater analyst following amongst the 

large firms leads to the existence of more noisy information.  In line with expectations, small 

firms are found to have lower liquidities than large cap firms, evidenced by lower daily trading 

volumes and lower number of transactions.     
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[Insert Table I here] 

4.2 Noise Trading and Volatility 

We first proceed to examine the relation between noise trading activity and daily volatility by 

estimating a simple OLS regression in the following form: 

σ୲
ଶ ൌ ߙ ൅ NOISE୲ߠ ൅  ߮SPREAD୲ିଵ ൅ VOL୲ିଵߴ ൅  ε୲                                ሺ1ሻ  

In Equation (1), σ୲
ଶ refers to an unconditional measure of volatility such as daily squared returns, 

daily range or Garman-Klass adjusted daily range.  NOISE୲ is the measure of noise trading on 

day t;  SPREAD୲ିଵ is the previous days bid – ask spread; and VOL୲ିଵis the previous day’s trading 

volume.  Daily spread is calculated as the average of the difference in bid and ask quotes across 

all intraday observations, where a change in the best quotes in the book was reported.  Trading 

volume is the sum of buyer-initiated plus seller-initiated shares on a particular day.  The variable 

of interest in Equation (1) is ߠ, which measures the relation between noise trading and volatility.  

A positive ߠ indicates that noise traders increase the level of daily volatility, and vice versa.   

Table II, Panel A provides the average ߠ coefficients for the regression formulated in Equation 

(1).  Results are provided for both the Berkman and Koch (2008) (proxy 1) and Barber et al. 

(2009) (proxy 2) measures of noise trading.  It can be seen from the panel that the ߠ coefficients 

are positive and significant in the majority of firm specific regressions for all measures of 

volatility.  The results are the strongest for the daily range based measures of volatility and 

weakest for the daily squared returns measure.  Noise trading activity appears to be able to 

explain more of the variation in volatility based on daily range type measures, as it is evident by 

a considerably highܴଶ.  This result is to be expected given the general inefficiency attributed to 

daily squared returns as a measure of volatility (Martins and van Dijk, 2006).   
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Given the evidence of kurtosis in returns reported in the previous subsection, the GARCH(1,1) 

methodology has also been incorporated in this study.  This choice is justified given that 

GARCH type models are better able to deal with the characteristics of stock price dynamics, 

such as leptokurtic returns, volatility clustering, and serial correlation (Bollerslev et al., 1992).  

The following model specification is used to test the relation between noise trading and 

volatility: 

௧ݎ ൌ ߤ ൅ ߝ௧, where  ε୲|Ω୲ିଵ~i. i. d. ሺ0, σ୲
ଶሻ 

σ୲
ଶ ൌ ߱ ൅ Ԗ୲ିଵߙ

ଶ ൅ σ୲ିଵߚ
ଶ ൅ NOISE୲ߠ ൅  ߮SPREAD୲ିଵ ൅ VOL୲ିଵ,                    (2)ߴ                        

In Equation (2), ω is a constant; NOISE୲ is the measure of noise trading on day t;  SPREAD୲ିଵ is 

the previous days bid – ask spread; and VOL୲ିଵis the previous day’s trading volume and σ୲
ଶ is the 

conditional variance of the error term process ε୲, which follows a student t - distribution.   

Table II, Panel B provides the regression results for the specification in Equation (2).  As can be 

seen from the table, the average ߠ coefficients are positive.  This indicates a prima facie positive 

relation between noise trading activity and daily volatility, which is confirmed by a closer look at 

the significance levels. The ߠ coefficients for regressions obtained using proxy 1 (proxy2) are 

positive and significant in 73% (70%) of the cases at the 10% significance level, and 68% (63%) 

even at the 5% significance level.  The results hence provide strong support for both Black’s 

(1986) and De Long’s et al. (1990) predictions that noise trading will increase the level of 

volatility.  The fact that noise traders are able to increase short term volatility above what can be 

explained rationally, means that this category of traders have a negative effect on market 

efficiency by reducing the price discovery process. 
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The regression results summarized in Table II, Panel B appear to be well specified.  The 

regression residuals show very little evidence of autocorrelation in the residuals as measures by 

the Ljung – Box portmanteau test for serial correlation in the squared residuals with 12 and 24 

lags5.  Furthermore, the results are robust across the two alternate proxies of noise trading.        

[Insert Table II here] 

4.3 Noise Trading and Returns 

Having established that noise traders increase the level of daily volatility, it is important to see 

whether noise traders also have a positive effect on daily returns.  De Long et al. (1990) and 

Campbell and Kyle (1993) predict that the additional risk that noise traders introduce into stock 

prices, is priced in the form of higher returns.  We test the relation between noise trading activity 

and returns using the following specification: 

௧ݎ ൌ ߙ ൅ ௧ܧܵܫܱܰߚ ൅ ෍ ߮௜ݎ௧ି௜

ସ

௜ୀଵ

൅ ෍ ௧ܦ௜ߛ

ସ

௝ୀଵ

൅ ෍ ௧ܯ௝ߴ

ଵଵ

௞ୀଵ

൅ ௧ିଵܮܱܸߠ ൅     ௧               ሺ3ሻߝ

In Equation (3) r୲ is the daily return for day t, calculated as the log difference of closing and 

opening prices;  r୲ି୧ is the lagged return up to lag four 6  is a day of the week dummy;  is a 

monthly dummy; VOL୲ିଵ is the lagged trading volume.  The variable of interest is ߚ which 

reports the relation between noise trading and returns.  A positive ߚ indicates that noise traders 

increase daily returns, and vice versa.  Table III, presents the regression results from Equation 

(3). 

                                                            
 

6 The number of lags is chosen based on the BIC criteria.   
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Table III reports the average noise coefficient, together with the percentage of significant 

positive and negative coefficients.  For regressions using proxy 1, the average noise coefficient is 

0.16 indicating that noise trading activity has a prima facie weak positive effect of daily stock 

price returns.  However, only 24% (16%) of the regression coefficients are positive and 

significant at the 10% (5%) significance levels.  This indicates that contrary to the predictions of 

theoretical models, noise trading activity does not increase daily returns.   

However, results where we use proxy 2 are somewhat different.  The average noise trading 

coefficient is negative (-0.03), with the majority of significant coefficients being negative (21% 

(27%) negative to 4% (5%) positive at the 5% (10%) significance level).  This is a significant 

difference, as the results obtained using proxy 2 indicate that noise traders not only make prices 

more noisy in the short term (by making them more volatile), but also reduce short term returns.   

Despite this considerable difference, for both measures it is found that noise traders have a 

statistically weak effect on returns.      

[Insert Table III here] 

The results obtained in this section indicate that noise trading activity does not strongly affect the 

level of daily returns (β significant in only 30% of the cases for both proxies).  This result is 

contrary to the predictions of theoretical models.  Coupled with the results obtained in the 

previous subsection, it can be concluded that noise traders introduce excess volatility into the 

market.  This is because noise traders increase the level of stock price volatility, while at the 

same time not increasing the level of daily returns.  These results indicate that noise traders have 

an undesirable effect on the market.  Policy makers should introduce measures that will reduce 

the effect that noise traders have on stock price dynamics.  The next subsection sheds some light 

on a possible reason why noise traders have little effect on returns. 
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4.4 Temporary and Permanent Components of Volatility 

The results obtained in the previous two subsection call for further evaluation.  In the spirit of De 

Long et al. (1990) it is expected that noise traders should affect both volatility and returns.  The 

weak relation observed between noise trading and daily returns could however, be explained by 

the fact that noise traders only affect the temporary component of volatility and not the 

permanent component.  If this were the case than one would not expect noise traders to be able to 

have a significant ability to impact returns.       

We test the effect of noise traders on the two component of volatility by incorporating the 

CGARCH-in-mean model.  The relation with the temporary component is measured using the 

following specification: 

r୲ ൌ µ ൅ λNOISE୲ ൅ ησ୲ ൅  ε୲, where  ε୲|Ω୲ିଵ~i. i. d. ሺ0, σ୲
ଶሻ 

σ୲
ଶ െ m୲ ൌ αሺԖ୲ିଵ

ଶ െ m୲ିଵሻ ൅ βሺσ୲ିଵ
ଶ െ m୲ିଵሻ ൅ θNOISE୲ ൅ φSPREAD୲ିଵ ൅ ԂVOL୲ିଵ ,              ሺ4ሻ 

where r୲is the stock price return for day t; NOISE୲ is the measure of noise trading activity on day 

t; SPREAD୲ିଵ is the previous day’s average spread; VOL୲ିଵ  is the previous day’s trading 

volume; m୲ is the mean reverting level of volatility and σ୲
ଶ is the conditional variance of the error 

term process ε୲, which follows a student t-distribution.  

Regression results specified in Equation (4) are reported in Table IV, Panel A.  The relation 

between noise trading activity and the temporary component of volatility is rather strong, with 

54% (64%) of the coefficients being positive and significant for proxy 1 and 60% (66%) for 

proxy 2 at the 5% (10%) significance level.  The relation with returns remains weak however, 

with only 23% (31%) significant coefficients for proxy 1 and 17% (23%) for proxy 2 at the 5% 

(10%) significance level. 
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We proceed to test the relation with the permanent component of volatility with the following 

specification: 

r୲ ൌ µ ൅ λNOISE୲ ൅ ησ୲ ൅  ε୲, where  ε୲|Ω୲ିଵ~i. i. d. ሺ0, σ୲
ଶሻ 

m୲ ൌ ω ൅ ρሺm୲ିଵ െ ωሻ ൅ γሺε୲ିଵ െ σ୲ିଵ
ଶ ሻ ൅ θNOISE୲ ൅ φSPREAD୲ିଵ ൅ ԂVOL୲ିଵ                  ሺ5ሻ 

where r୲is the stock price return for day t; NOISE୲ is the measure of noise trading activity on day 

t; SPREAD୲ିଵ is the previous day’s average spread; VOL୲ିଵ  is the previous day’s trading 

volume; m୲ is the mean reverting permanent component of volatility and σ୲
ଶ is the conditional 

variance.     

The results are reported in Table IV, Panel B.  Distinct from the temporary component, the 

results for the permanent component are rather weak.  Noise traders are found to have a positive 

effect on the long run component of volatility in only 27% (30%) of the cases using proxy 1, and 

30% (39%) of the cases using proxy 2 at the 5% (10%) significance level.  The relation with 

returns remains weak.  The average λ coefficient is weaker compared with the temporary 

component equation (0.21 for temporary component and 0.19 for permanent component).  This 

result is consistent with the results showing that noise traders only have a strong effect on the 

temporary component of volatility.    

[Insert Table IV here] 

4.5 Firm Size and Noise Trading 

In this subsection, the relation between noise trading activity and daily volatility, and returns is 

tested across different firm size subsamples.  Table V provides noise coefficients obtained from 

the CGARCH–in -mean model specification, after segregating according to firm size.  The firms 

are classified according to market cap percentile.  The top 25 percentile of the sample is 
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classified as large cap firms, the bottom 25 percentile as small cap firms, and anything in 

between as medium sized firm. 

It can be seen from Table V, Panel A that average noise coefficients are weakest for the large cap 

firms, slightly stronger for the medium cap stocks and strongest for the small cap firms.  The 

trends are the same for the two proxies of noise trading used.  This is in line with the limits to 

arbitrage theory, as small firms have the most short sale restrictions, few derivative products, and 

lowest analyst following.  Furthermore, the factors limiting arbitrage also play a role in reducing 

liquidity.  The lower levels of liquidity within the small cap sample make prices more sensitive 

and therefore enable noise traders to affect prices to a larger extent.  This observation is 

confirmed by the percentage of positive (negative) and significant coefficients.  The portion of 

firms being affected by noise trading activity steadily increases as the firm size decreases.     

Panel B shows the relation between noise trading and the permanent component of volatility.  

Similarly as for the temporary component, the average noise trading coefficient is the strongest 

for the small cap sample and the weakest for the large cap sample.  This is an interesting 

observation, which is in line with the limits to arbitrage theory.  Arbitrageurs are able to bring 

prices back to fundamentals only in the longer term.  Given that large and medium stocks have 

considerably fewer limits to arbitrage, noise traders will have a smaller impact on the permanent 

component of volatility of those stocks.  Small stocks on the other hand, with considerably 

greater limits to arbitrage, will be affected to a much larger extent.       

 [Insert Table V here] 

Table VI reports the noise coefficient estimates measuring the relation between noise trading 

activity and daily returns from the CGARCH – in – mean equation.  The results are in line with 

the volatility results reported in Table V.  Once again, for both proxies we observe that the 
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relation between noise trading activity and returns is strongest for the small cap stocks, and 

weakest for the large cap stocks.  This trend is consistent across the two proxies of noise trading, 

and both the permanent and temporary component CGARCH – in – mean equations.  Given that 

we observed that noise traders have a greater ability to influence the permanent component of 

volatility for the small cap sample compared with the large cap sample, the stronger relation with 

returns for that sub-group is not surprising. 

[Insert Table VI here] 

4.6. Discussion of Results 

Contrary to expectations of theoretical models stemming from the work of De Long et al. (1990), 

our study indicates that any additional risk that noise traders introduce into the market is not 

priced in the form of higher returns.  This result is however, most likely attributed to the fact that 

noise traders have only a minor effect on long run component of volatility.  The small sample of 

stocks whose permanent component of volatility is affected to a larger extent, also display a 

stronger relation with daily returns.   

Our results do however support the notion that noise traders through their trading activity make 

prices more volatile.  This finding is contrary to prior work of Verma and Verma (2007) and 

Kurov (2008) who find that noise traders have a negative effect on volatility.  A possible reason 

explaining the contradictory results could lie in the fact that both Verma and Verma (2007) and 

Kurov (2008) examined the relation over longer periods of time, whereas we looked at daily 

intervals.  It is possible that over short horizons, noise traders make prices more volatile due to 

acting on non-fundamental noisy information, however in the medium term they will reduce 

market volatility through being suppliers of liquidity.  
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Our results provide strong support for the notion that noise traders have an undesirable effect on 

stock prices, and measures should be put in place to reduce this negative influence on market 

efficiency.  By increasing daily volatility they introduce additional noisiness into stock prices 

and, therefore, distort the price discovery process, which is a pivotal characteristic of an efficient 

market.  Shleifer and Summers (1990) note that higher transaction taxes should be introduced, 

which would discourage noise traders from excessive trading.  Such suggestions however, ignore 

the fact that noise traders are suppliers of liquidity (Berkman and Koch, 2008), which is also an 

essential component of market efficiency.  Bloomfield et al. (2009) show that transaction taxes 

are not an effective way of enhancing market efficiency.  Furthermore, the distinction between 

noise traders and informed traders is ambiguous, since it is often difficult to separate with 

certainty what constitutes noisy information and what constitutes fundamental information.   

The results in our study indicate that measures enhancing market efficiency do not need to focus 

on targeting noise traders as has been suggested.  The problem rather lies with limits to arbitrage, 

which allow noise traders to have a negative effect on market efficiency.  Rather than 

introducing transaction taxes which are likely to reduce market liquidity, we propose that policy 

makers ought to work on measures that will reduce the limits to arbitrage for the medium and 

small firms.  Such measures will encourage arbitrageurs to take an active role in reverting prices 

back to fundamentals for this subgroup of stocks, and will enhance market efficiency.  

4.7 Robustness Checks 

The Berkman and Koch (2008) measure of noise trading utilised in this study is based on some 

underlying assumptions as to how informed investors behave.  The proxy assumes that if 

informed investors initiate transactions in line with that day’s dispersion in NIOFs across 

brokers, they will not have any effect on the dispersion.  Any dispersion in NIOF will therefore 
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be due to the trading activity of noise traders.  Given that it is impossible to specify with 

certainty how informed investors exactly behave, for robustness we adjust the Berkman and 

Koch (2008) for the assumption made by Barber et al. (2009) that noise traders are 

predominantly retail traders.  The final measure of noise trading is therefore effectively a 

combination of the two previous proxies.  We proceed to calculate daily noise trading activity by 

once again measuring the dispersion in NIOF across brokers for a particular stock.  However, we 

only look at the transactions initiated by retail brokers.    

Test results based on the alternative measure of noise trading are presented in this section.  

Statistical models are exactly the same as those formulated in subsection 4.2 and 4.3.  Table VII, 

Panel A reports the results of the relation between noise trading activity and unconditional 

volatility measures.  It can be seen from the table that results are consistent with those obtained 

using the Berkman and Koch (2008) measure of noise trading.  With the exception of daily 

squared returns, the noise trading coefficients are positive and significant in the majority of firms 

at the 5% significance level.  At the 10% significance level noise coefficients are positive and 

significant in the majority of firms for all volatility measures. 

Panel B shows the test results of the GARCH (1,1) model.  As with unconditional measures, the 

results are consistent with those provided in subsection 4.2.  Once again the noise trading 

coefficient is positive and significant in the majority of cases at both the 5% and 10% 

significance levels.   

Consistent with the results obtained in subsection 4.3, our results also show that regardless of 

what measure of noise trading is used no relation is found to exist with daily returns.  Panel C 

shows the test results for Hypothesis 2.  It can be seen from the table that noise trading activity 
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has any positive and significant effect on daily returns in only 11% of the cases at the 5% 

significance level.   

[Insert Table VII here] 

In order to see whether there is any endogeneity issue with the results obtained in this study, we 

incorporate the Durbin-Wu-Hausman test (for more details see Davidson & MacKinnon, 1993).  

The test results indicate that there is no endogeneity problem in our regression.  More 

specifically, the results allow us to conclude that noise trading is causing an increase in volatility, 

and not the other way.7   

Finally, alternate NIOF standardisation schemes are incorporated in the study.  Standard 

deviation in broker daily NIOF over the sample period was calculated alternatively across one 

stock and across all stocks.  Also, for the purpose of standardisation, we grouped 10, 20, 30, 40 

and 50 smallest brokers together respectively.  For all alternate standardisation schemes the 

results were virtually the same as those discussed in the previous two subsections.8 

 5. Conclusion  

The main objective of this paper is to examine empirically the theoretical prediction by Black 

(1986) and De Long et al. (1990).  Those theoretical models predict that noise traders have a 

positive effect on daily volatility and that any additional risk which noise traders introduce is 

priced in the form of higher daily returns.  Investigating a wide cross section of firms, listed on 

the ASX between 1st March 2006 and 29th February 2008, we provide empirical evidence of the 

correlation between noise traders’ activities and price volatility using direct proxies of noise 

                                                            
7 Granger causality tests further confirm this finding 

8  Results discussed in this subsection are available on request. 
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trading.  Utilizing conditional and unconditional measures of volatility and returns, we find 

strong support for the notion that noise traders have a positive effect on volatility.  However, we 

document weak evidence supporting the hypothesis that the additional risk in the form of 

increased stock price volatility is priced through increased daily returns.  Our analysis shows that 

noise traders rarely have any statistically significant effect on stock price returns, and, when they 

do, the effect is relatively small.  This observation is explained by the fact that noise traders only 

affect the temporary component of volatility rather than the permanent component.     

We further examines within what subgroup of firms noise traders exert the strongest influence on 

stock prices.  The results indicate that noise traders have a much stronger positive influence on 

the daily volatility of small cap firms compared with that of large cap stocks.  Furthermore, noise 

traders also have a stronger positive effect on the daily returns of small firms compared with 

large stocks.  However, their effect is considerably weaker on returns than on the volatility even 

for the smallest firms.  We do find however, that small stocks, whose permanent component of 

volatility is affected to a larger extent by the trading activity of noise traders, have a stronger 

relation with daily returns compared with other subsamples.   

Our results indicate that measures revolving around reducing limits to arbitrage would be the 

most efficient in reducing the negative effect that noise traders have on the market.  This is 

because noise traders seem to have the greatest negative effect on small cap stocks which have 

the strongest limits to arbitrage and lowest liquidity.     
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Table I 
Descriptive Statistics  

This table provides descriptive statistics of daily data from 1st March 2006 through 29th February 2008, across a sample of 303 stocks on the 
ASX.  All statistics are calculated across all stocks and days.  There is an average of 480 daily observations for each stock in the sample.  
Panel A provides descriptive statistics for daily returns and liquidity measures across the sample stocks.  Reported Maximum and Minimum 
values are the median maximum and minimum values across all firms in the sample. Daily returns are calculated as the log difference of 
stock closing and opening prices.  The daily spread is calculated as the average of the difference between the bid and ask quotes across all 
intraday observations, where a change in the best quotes in the book was reported.  The trading volume and number of transactions are the 
total number of shares traded and the total number of transactions on a particular day, respectively. Panel B provides descriptive statistics 
for various measures of daily unconditional and conditional volatility across sample stocks: Daily Squared Returns, Daily Range, Garman 
and Klass (1980) Adjusted Daily Range, and GARCH(1,1).  Panel C provides descriptive statistics of the two alternative measures of daily 
noise trading activity across the sample stocks.  The Berkmand and Koch (2008) measure is based on the dispersion in NIOFs across all 
brokers on a given day for a given stock.  The Barber, Odean and Zhu (2009) proxy measures the number of small retail transactions for a 
given stock on a given day.  Panel D provides descriptive statistics for returns, unconditional and conditional volatility measures, classified 
by firm size.  Panel E provides descriptive statistics for noise trading and liquidity measures, classified by firm size. In Panel D and E, the 
percentile classification scheme is used.  This classification scheme assumes that large cap firms are the firms that constitute the top 25 
percentile by market cap.  Small firms are regarded as those that constitute the bottom 25 percentile by market cap, with anything in 
between regarded as medium sized firms. The reported returns and volatility measures are multiplied by 100.   

 
Panel A: Returns and Liquidity Measures 

Mean Median Maximum Minimum Skewness  Kurtosis 
Returns  -0.09 -0.07 0.42 -0.68 -0.10 9.35 
Spread  0.02 0.02 0.04 0.01 1.59 11.89 
Trading Volume ('000) 1,229 952 4,790 0.568 3.77 33.56 
Number of Transactions 507 428 25,796 4 2.18 14.17 

 
 

Panel B: Daily Volatility 
Mean Median Maximum Minimum Skewness  Kurtosis 

Daily Squared Returns 0.05 0.01 0.47 0.00 7.12 82.32 
Daily Range 0.06 0.02 0.90 0.00 6.48 71.06 
Garman - Klass Daily Range 0.06 0.02 0.96 0.00 6.65 74.31 
GARCH(1,1) 0.17 0.11 0.23 0.00 3.75 31.31 
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Panel C: Noise Trading Measures 
Mean Median Maximum Minimum Skewness  Kurtosis 

Berkman and Koch (2008) proxy 0.80 0.68 7.75 0.01 1.86 9.12 
Barber, Odean and Zhu (2009) proxy 30.94 22.25 253 1 1.45 5.45 
 

Panel D: Returns and Volatility by Firm Size   
 Large Cap Firms Medium Cap Firms Small Cap Firms 
 Median Maximum Minimum Median Maximum Minimum Median Maximum Minimum 
Returns -0.07 0.23 -0.68 -0.06 0.32 -0.35 -0.10 0.42 -0.68 
Daily Squared Returns 0.01 0.46 0.00 0.01 0.13 0.00 0.02 0.47 0.00 
Daily Range 0.01 0.90 0.00 0.02 0.21 0.00 0.03 0.17 0.00 
Garman-Klass Adjusted Range 0.02 0.96 0.00 0.02 0.29 0.00 0.03 0.18 0.00 
GARCH(1,1) 0.02 0.14 0.00 0.21 0.23 0.00 0.07 0.10 0.00 

 

 
Panel E: Noise Trading and Liquidity by Firm Size 

 Large Cap Firms Medium Cap Firms Small Cap Firms 
 Median Maximum Minimum Median Maximum Minimum Median Maximum Minimum 
Noise: Measure 1 0.78 3.20 0.17 0.68 3.67 0.09 0.65 3.79 0.01 
Noise: Measure 2 
 

77 
 

253 
 

9 
 

23 
 

170 
 

1 
 

10 
 

84 
 

1 
 

Spread 0.02 0.03 0.01 0.01 0.04 0.01 0.02 0.05 0.01 
Trading Volume (‘000) 1,528 4,790 2 629 6,350 1 271 2.567 1 
Number of Transactions 1,230 25,796 7 443 21,560 4 177 19,654 4 
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Table II 
Noise Trading Activity and Volatility 

 
This table presents results obtained when testing for the relation between noise trading activity and volatility for a sample of 303 
stocks on the ASX, over the sample period.  Panel A provides results for unconditional measures of volatility.  The panel provides the 
average coefficients across the sample stocks, as well as the percentage of significant positive and negative coefficients.  Panel B 
provides the results for GARCH(1,1) measure of volatility.  The panel provides the average coefficients across the sample stocks, as 
well as the percentage of significant positive and negative coefficients.  Qଶ(12) and Qଶ(24) is the Ljung – Box portmanteau test for 
serial correlation in the squared residuals with 12 and 24 lags respectively.  The average coefficient is reported, together with the 
percentage of cases in which the null hypothesis of no serial correlation is rejected at the 5% and 10% significance levels respectively. 
R2

 is the average of the Adjusted R-square. α = 0.05 and α = 0.10 refer to the 5% and 10% significance level, respectively. For both 
panels, results are provided for both the Berkman and Koch (2008) and Barber, Odean and Zhu (2009) measures of noise trading 
activity. 
 

Panel A: Unconditional Volatility Relation with Noise Trading  
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05         α = 0.10           α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative R² Coefficient Positive Negative Positive Negative R²

Daily Squared Returns 0.52 64% 0% 73% 0% 7% 0.0209 81% 0% 85% 0% 8%
Daily Range 0.70 79% 0% 85% 1% 18% 0.0204 92% 0% 93% 0% 18%
Garman - Klass Range 0.77 79% 0% 83% 1% 18% 0.0202 91% 0% 93% 0% 18%

 
 

Panel B: Conditional Volatility Relation with Noise Trading  
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05           α = 0.10           α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

θ 0.21 68% 2% 73% 2% 0.01 63% 4% 70% 5%

Q²(12) 12.21 9% 11% 13.53 16% 19%
Q²(24) 25.43 16% 20% 27.15 17% 22%

 



35 
 

Table III 
Noise Trading Activity and Returns 

This table presents results obtained when testing for the relation between noise trading activity and daily returns for a sample of 303 
stocks on the ASX, over the sample period.  Results are provided for both the Berkman and Koch (2008) and Barber, Odean and Zhu 
(2009) measures of noise trading activity.  Average noise coefficient is provided across the sample stocks, as well as the percentage of 
significant positive and negative coefficients.  The average coefficient is reported, together with the percentage of cases in which the 
null hypothesis of no serial correlation is rejected at the 5% and 10% significance levels respectively. Adjusted R2

 is the average of the 
Adjusted R-square. α = 0.05 and α = 0.10 refer to the 5% and 10% significance level, respectively. 
       
 
 
 

Berkman and Koch (2008) Barber, Odean and Zhu (2009)
             α = 0.05            α = 0.10         α = 0.05            α = 0.10

Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative
β 0.16 16% 5% 24% 7% -0.03 4% 27% 5% 27%

Adjusted R² 6% 7%
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Table IV 
CGARCH–in –mean Results  

This table presents results obtained when testing for the relation between noise trading activity and daily returns for a sample of 303 
stocks on the ASX, over the sample period.  Panel A provides results testing the relation between noise trading activity and the 
temporary component of volatility.  The noise coefficient from the mean equation is also provided.  Panel B provides results testing 
the relation between noise trading activity and the permanent component of volatility.  The noise coefficient from the mean equation is 
also provided.  The results are obtained using the Marquardt iterative algorithm.  Only the coefficients of interest are reported 
(θ and λ).  θ  is the average noise trading coefficient from the variance equation multiplied by 1000, while λ is the average noise 
trading coefficient from the mean equation multiplied by 100.  The reported coefficient is the average of θ (λ) across 303 stocks, 
multiplied by 1000 (100).  The percentage of significant positive and negative coefficients is reported at 5% and 10% significance 
levels respectively.  Qଶ(12) is the Ljung – Box portmanteau test for serial correlation in the squared residuals with 12 lags.  The 
average coefficient is reported, together with the percentage of cases in which the null hypothesis of no serial correlation is rejected at 
the 5% and 10% significance levels respectively.  

Panel A: Temporary Component of Volatility Test Results  
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05          α = 0.10          α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

θ 0.20 54% 0% 64% 0% 0.01 60% 0% 66% 1%
λ 0.21 19% 4% 26% 5% -0.01 6% 11% 8% 15%

Q²(12) 10.36 6% 8% 9.56 6% 8%
 

Panel B: Permanent Component of Volatility Test Results  
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05          α = 0.10          α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

θ 0.11 27% 1% 30% 1% 0.01 30% 1% 39% 1%
λ 0.19 20% 4% 27% 5% -0.01 5% 13% 8% 19%

Q²(12) 12.43 11% 15% 10.28 9% 12%
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Table V 
Noise Trading Activity relation with Volatility and Firm Size 

This table presents the relation between noise trading activity and daily volatility, across three different firm size segments, for a 
sample of 303 stocks on the ASX, over the sample period.  The results are based on the percentile classification scheme.  The 
classification scheme assumes that large cap firms are the firms that constitute the top 25 percentile by market cap.  Small firms are 
regarded as those that constitute the bottom 25 percentile by market cap, with anything in between regarded as medium sized firms.  
The regression results are based on the CGARCH-in-mean conditional variance model results, reported in Table IV.  Only the average 
coefficient of interest multiplied by 1000 is reported (ߠ), together with the percentage of significant positive and negative coefficients 
at the 5% and 10% level of significance. 
 

Panel A: Temporary Component of Volatility by Firm Size 
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05          α = 0.10          α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

Large Firm 0.10 47% 0% 60% 0% 0.001 53% 0% 59% 2%
Medium Firms 0.16 49% 0% 57% 0% 0.004 58% 1% 64% 1%

Small Firms 0.39 58% 0% 66% 1% 0.022 61% 0% 70% 0%
 
 

Panel B: Permanent Component of Volatility by Firm Size 
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05          α = 0.10          α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

Large Firm 0.05 23% 0% 26% 1% 0.001 27% 1% 35% 1%
Medium Firms 0.10 27% 2% 30% 2% 0.002 38% 1% 45% 1%

Small Firms 0.19 39% 0% 49% 0% 0.008 31% 0% 41% 0%
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Table VI 
Noise Trading Activity and Returns by Firm Size 

This table presents the relation between noise trading activity and daily returns, across three different firm size segments, for a sample 
of 303 stocks on the ASX, over the sample period.  The results are based on the percentile classification scheme.  The classification 
scheme assumes that large cap firms are the firms that constitute the top 25 percentile by market cap.  Small firms are regarded as 
those that constitute the bottom 25 percentile by market cap, with anything in between regarded as medium sized firms.  The 
regression results are based on the CGARCH-in-mean conditional variance model results, reported in Table IV.  Only the average 
coefficient of interest multiplied by 100 is reported (λ), together with the percentage of significant positive and negative coefficients at 
the 5% and 10% level of significance. 
 

Panel A: Returns from Temporary Component Mean Equation by Firm Size 
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05          α = 0.10          α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

Large Firm 0.10 12% 6% 16% 8% -0.009 5% 12% 6% 13%
Medium Firms 0.22 20% 3% 28% 3% -0.023 6% 11% 9% 18%

Small Firms 0.31 23% 3% 34% 4% 0.081 8% 9% 10% 11%
 
 

Panel B: Returns from Permanent Component Mean Equation by Firm Size 
Berkman and Koch (2008) Barber, Odean and Zhu (2009)

          α = 0.05          α = 0.10          α = 0.05          α = 0.10
Coefficient Positive Negative Positive Negative Coefficient Positive Negative Positive Negative

Large Firm 0.11 11% 4% 15% 7% -0.001 2% 13% 3% 20%
Medium Firms 0.20 24% 3% 29% 4% -0.001 4% 15% 9% 24%

Small Firms 0.28 21% 4% 33% 6% -0.001 10% 11% 12% 11%
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Table VII 
Combined Proxy of Noise Trading Activity Results  

This table presents results obtained when testing for the relation between noise trading activity and volatility and returns for a sample 
of 303 stocks on the ASX, from 1st March 2006 to 29th February 2008.  Panel A provides results for the relation between noise trading 
activity and unconditional volatility.  Panel B provides results for the relation between noise trading activity and GARCH(1,1) 
volatility.  Panel C provides results for the relation between noise trading and returns. 
 

Panel A: Noise Trading Relation with Unconditional Volatility 
           α = 0.05         α = 0.10 

 Coefficient  Positive  Negative Positive Negative R² 

Daily Squared Returns 0.46 42% 1% 55% 1% 7% 
Daily Range 0.64 55% 1% 68% 1% 17% 
Garman - Klass Range 0.72 53% 1% 63% 1% 17% 

 
 

Panel B: Noise Trading Relation with GARCH(1,1) Volatility 
  α = 0.05 α = 0.10 
 Coefficient Positive Negative Positive Negative 
Θ 0.07 58% 4% 63% 4% 
      
Q2(12) 14.05 10%  19%  
Q2(24) 27.30 14%  22%  
 

Panel C: Noise Trading Relation with Returns 
  α = 0.05 α = 0.10 
 Coefficient Positive Negative Positive Negative 
Β 0.13 11% 2% 17% 4% 
      
Q(12) 10.65 7%  9%  
Adjusted R2 7%     
 


