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Abstract 

This article examines how analysts’ earnings forecasts affect investors’ expectations and trading decisions. The 

results of ten experimentally-controlled double-auction markets show that investors incorporate part of the fore-

casting information in both their expectations and trading decisions. More precisely, the heterogeneity of inves-

tors’ expectations can be divided into: i) a common heterogeneity, strictly related to analysts’ heterogeneous 

forecasts, monotonically prevents investors from trading, especially when forecasts are pessimistic; and ii) an 

idiosyncratic heterogeneity, independent from analysts’ forecasts, affects trades in a concave way. Trading vol-

ume also changes with analysts’ forecast errors and reacts asymmetrically to the types of analysts’ forecasts.  
 
Keywords: analysts’ forecasts, investor expectations, trading volume, experimental asset market, earnings an-

nouncement. 
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1. Introduction  

Earnings forecasts are an important source of information for asset valuation and trading in 

financial markets. Almost all market operators, and particularly investors, rely on analyst 

earnings forecasts to form their earnings target and make investment decisions. De Bondt and 

Thaler (1990) explain this dependence by the fact that most investors do not have time or 

required skills to produce their own predictions. Moreover, financial analysts are commonly 

regarded as experts and therefore their forecasts help gauge the future corporate earnings and 

financial performance. Prior research has often used analyst earnings forecasts to benchmark 

unexpected earnings and found that this approach provides a more accurate measure of earn-

ings surprises than time-series econometric models such as the random walk model (Bamber, 

1987; Park and Stice, 2000). Several studies document that analysts’ forecasts have economic 

value for investors and that security prices reflect analyst forecast revisions and recommenda-

tion changes (Givoly and Lakonishok, 1984; Lin and McNichols, 1998; Jegadeesh et al., 

2004; Frankel et al., 2006; Kirk, 2011) 

There is however evidence to suggest that analysts’ forecasts contain errors and are not ef-

ficient, thus questioning the usefulness of analyst recommendations and forecasts in invest-

ment decision-making. Forecast errors typically reflect the optimism bias according to which 

financial analysts overreact to recent earnings announcements (Abarbanell, 1991; Abarbanell 

and Bernard, 1992; Dreman and Berry, 1995; Brown, 1996). In particular, some studies doc-

ument that analysts tend to provide optimistic forecasts and recommendations to secure lucra-

tive investment banking relationships (Dechow et al., 2000; Hong and Kubik, 2003). On the 

other hand, De Bondt and Thaler (1990) find evidence of overreaction in stock analyst fore-

casts, which contributes to explaining the excess future returns of previously losing firms. It 

is however worth noting that these errors and inefficiencies are not totally independent since 

their optimism may cause analysts to underreact to bad news and overreact to good news 

(Easterwood and Nutt, 1999). 

The above contradictory evidence about the accuracy of analysts’ forecasts gives rise to 

the question of how individual investors follow analysts’ forecasts. This issue has been inves-

tigated previously, but the empirical evidence is inconclusive. Dreman and Berry (1995) find 

that investors continue to rely too much on analysts’ forecasts even though forecast errors are 

large, whereas Brown (1996) shows that investment community does not trust analysts’ fore-

casts very much, but indeed gives an important weight to forecasts based on time-series mod-

els. In a very recent contribution, So (2013) shows that investors overweight analysts’ fore-
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casts since stock prices do not fully reflect predictable components of analyst errors (i.e., in-

vestors weight a signal in excess of the optimal Bayesian weights when forming expectations 

of future earnings). This finding contradicts however the evidence reported in Hughes et al. 

(2008) that investors do not overweight analysts’ forecasts. 

It is now commonly accepted that the quality of financial analysts’ forecasts is mainly 

characterized by errors and heterogeneity. The first figure has been extensively studied. From 

an empirical perspective, most studies examining analysts’ forecast errors and market behav-

ior show evidence of a significant effect of this factor on stock prices (Abarbanell and Ber-

nard, 1992; Beaver et al., 2008). On the other hand, relatively few papers have studied the 

relationship between analysts’ forecast errors and trading volume. Among these works, Bam-

ber (1987) documents that the greater the magnitude of earnings forecast errors - as measured 

by the unexpected earnings - the greater the magnitude and duration of the abnormal trading 

volume reaction. Bildersee et al. (1996) find a positive impact on trading volume from the 

inverse of the variation in the analysts’ forecast errors over five years - a proxy for earnings 

precision - and this is robust to changes in the measures of trading volume and to the number 

of analysts’ forecasts available for the firms. 

The heterogeneity of analysts’ forecasts has also been frequently investigated, but general-

ly in connection with market trading volume. Ziebart (1990) finds a positive association be-

tween changes in abnormal trading activity surrounding earnings announcements and changes 

in the level of consensus about earnings expectations. This result is consistent with a positive 

relationship between changes in the dispersion of analysts’ forecasts and trading volume. In a 

related study, Ajinkya et al. (1991) show that the positive relationship between the dispersion 

in analysts’ forecasts of annual earnings per share and trading volume still remains significant 

even after allowing for the effect of forecast revisions. Some studies based on other variables 

conclude that trading volume tends to increase to the extent that announcements of analysts’ 

earnings forecasts convey more information (Beaver, 1968; Bamber, 1987) or with the preci-

sion of the information provided, but decreases in proportion to the amount of public and 

private information already available (Kim and Verrecchia, 1991)
1
. By contrast, in a situation 

where the costs of trade are not negligible, the impact of accurate information is not mono-

tonically positive, but can be negative (Barron and Karpoff, 2004). Accordingly, if the heter-

ogeneity of analysts’ forecasts is taken as an inverse measure of the precision of analysts’ 

forecasts, we would have expected its effect on trading volume to take different forms. 

                                                           
1
 Gillette et al. (1999) obtain similar findings in the context of an experimental market with no transaction costs. 
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Despite their significant contributions to the understanding of investors’ reactions to earn-

ings announcements, the majority of the previous work faces several pitfalls. First, the effects 

of analysts’ forecasts have not been clearly dissociated. Neither empirical nor experimental 

research has explicitly investigated differential trading volume reactions to analysts’ forecast 

errors, or to heterogeneity. As a result, the impact of each component cannot be separated 

from that of the others, leading to potentially spurious conclusions. More importantly, since 

the necessary data concerning investor expectations are in practice not recorded, previous 

studies have often used analysts’ forecasts of annual earnings as a surrogate (Ajinkya et al., 

1991). This is questionable because investors and analysts have different motivations and 

market positions. Heterogeneity of analysts’ forecasts does not fully capture investor uncer-

tainty (Abarbanell et al., 1995), and thus its influence on trading volume should be different 

from the impact produced by the investors own heterogeneous expectations. 

In this experimental study we investigate how financial analysts’ forecasts influence inves-

tors’ expectations and trading decisions. In contrast to the majority of previous experimental 

studies, we consider here trading volume instead of stock prices. This allows us to focus on 

individual expectations since “an important distinction between price and volume tests is that 

the former reflects changes in the expectations of the market as a whole while the latter re-

flects changes in the expectations of individual investors” (Beaver, 1968). Moreover, theoret-

ical and empirical studies are strongly focused either on forecasts’ heterogeneity or on fore-

cast errors. We consider both at the same time but disentangle the two effects on investors’ 

expectations and trading decisions. In this regard, our article contributes to the existing litera-

ture in several original ways. First, the use of an experimental approach allows us to discrim-

inate between analysts’ forecasts and investors’ expectations by measuring them directly. If 

the results show that they are not exactly the same, investors’ expectations should contain 

two components: one related to the analysts’ forecasts and the other not. They should affect 

trading in different ways. Second, the extent to which market participants react to analysts’ 

forecasts can be explained in a more precise and accurate way by considering the mean error 

and heterogeneity of the forecasts separately. The experimental method plays an important 

role in isolating these two factors because it allows one variable to be manipulated while con-

trolling for the other. In addition, by using the experimental method we can more usefully 

focus on informational effects by “minimizing” investor liquidity and speculative desire. 

Our main findings, drawn from nine 12-period and one 6-period double-auction markets in 

a laboratory, indicate that investors generally refer to analysts’ forecasts to formulate their 
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own expectations. However, they partly correct for forecasting errors and their expectations 

are less heterogeneous than analyst forecasts. Within this research, one of the explanations is 

a timing advantage in favor of the investors, since they usually form their expectations about 

future stock prices after the publication of the financial analysts’ forecasts. Next, we find evi-

dence of a significant negative impact of the heterogeneity of analysts’ forecasts on trading 

volume. However, it is important to note that different results are obtained when we take into 

account the investors’ heterogeneous expectations and separate them into two components, as 

discussed in the previous paragraph: the common heterogeneity part and the idiosyncratic 

heterogeneity part of investors’ expectations. The former arises from the fact that the expecta-

tions of individual investors reflect the heterogeneity of analysts’ forecasts. This part has a 

negative effect on trading volume. Conversely, the latter part reveals the idiosyncrasies of the 

individual investors’ own sentiments, which have a non-monotonic impact on volume. As for 

forecasting errors, they are not determined at the beginning of the trading period, but only at 

the end. So if trading volume is affected by forecasting errors, the errors are those of the pre-

vious period, already known when investors trade, not the current ones. The results show that 

in the presence of significant divergences in analysts’ forecasts, previous forecasting errors 

do not result in major changes in trading.  

The remainder of this article is organized as follows. Section 2 describes the theoretical 

bases and derives hypotheses for testing. Sections 3 and 4 respectively present the experi-

mental design and the proxy measurements. Section 5 reports and discusses the results ob-

tained. Section 6 presents a summary of our observations together with our conclusions.  

2. Theoretical basis and derivation of hypotheses 

Investor beliefs cannot be directly observable. Therefore, most empirical studies, including 

for example Givoly and Lakonishok (1984) and Previts et al. (1994), consider analysts’ earn-

ings forecasts to be a reasonable proxy for investor beliefs. Nevertheless, based on data from 

various markets, the majority of them show evidence of biases in analysts’ forecasts. For in-

stance, papers such as Richardson et al. (1999) and Easterwood and Nutt (1999) establish that 

these forecasts are rather optimistic. Potential explanations of this optimism primarily include 

economic incentives and cognitive bias. Indeed, incentives come from the fact that financial 

analysts may develop commercial relationships with firms for which they conduct research 

and give investment recommendations, and tend to inflate corporate earnings in order to in-

crease the revenues obtained from the analyst’s work (e.g., Dugar and Nathan, 1995; 
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Michaely and Womack, 1999; Dechow et al., 2000). According to the behavioral hypothesis, 

there is an asymmetry in the analysts’ reaction: they systematically overreact to information, 

and moreover overreaction to good news is not fully offset by overreaction to bad news (De 

Bondt and Thaler, 1985, 1987, 1990)
2
. 

Considering analyst’s forecasts with systematic and persistent errors, one of the major ob-

jectives of this article is to examine how investors respond to such forecasts. Under the naive 

expectations model, investors closely follow analysts’ forecasts even though they are likely to 

contain biases. Under the rational expectations model, investors reappraise analysts’ forecasts 

when forming their own expectations. In practice, these simplified models seem to lack cred-

ibility, since investors, especially experienced ones, are able to detect and correct some of the 

potential errors in analysts’ forecasts, though not all. This amounts to saying that investors 

may neither completely follow analysts’ recommendations nor totally reject them when mak-

ing up their own minds. In this case experimental research becomes useful to explore in 

which measure the investors attach importance to analysts’ forecasts in forming their own 

expectations. This leads us to the following research hypothesis:  

Hypothesis 1 (H1): Investors follow analysts’ forecasts in formulating their own expecta-

tions.  

The above hypothesis will be mainly tested for two aspects of forecasts: heterogeneity and 

errors. If investors follow analysts’ forecasts, their expectations should be dispersed and bi-

ased when the analysts’ forecasts are.  

If H1 cannot be rejected, i.e., if investors do incorporate some part of the financial ana-

lysts’ forecasts into their own expectations, we then investigate the question of how they 

trade. Previous theoretical research suggests that trading volume is increasingly linked to 

investors’ differential interpretations of information (Harris and Raviv, 1993; Kandel and 

Pearson, 1995), divergent prior expectations (Karpoff, 1986), and changes in heterogeneity 

(Ziebart, 1990; Barron, 1995; Bamber et al., 1997, 1999). Other works, including Holthausen 

and Verrecchia (1990), and Kim and Verrecchia (1991), show that trading volume increases 

with the precision of the announcement. If we take the heterogeneity of financial analysts’ 

forecasts as an inverse proxy for this precision, then it should negatively affect trading vol-

ume. We support the negative impact of the heterogeneity of analysts’ forecasts by arguing 

                                                           
2
 Other explanations such as herd behavior (Trueman, 1994), low earnings predictability (Huberts and Fuller, 

1995), and analysts’ tendency to withhold information in the event of/to avoid unfavorable forecasts (Affleck-

Graves, 1990; McNichols and O’Brien, 1997) may also account for analyst bias. 



 7 

that the investors would have an inclination towards self-protection and would not trade away 

assets in the face of a clear dispersion in analysts’ forecasts. Accordingly, the following hy-

pothesis is examined in this study: 

Hypothesis 2 (H2): There is an inverse relationship between trading volume and the het-

erogeneity of analysts’ forecasts. 

By considering financial analysts’ forecasts as the only source of forecasting information, 

empirical studies logically assume that the incentive for investors to trade strongly depends 

on the changing patterns of these forecasts. However given the possibility of measuring in-

vestor expectations, motivations for trades may prove to be more complicated. This is ex-

plained by the fact that although they are influenced by analysts’ forecasts, investors’ expec-

tations may always contain a specific element. This is at least partly related to their differing 

interpretations of public information (in this case, analysts’ forecasts and earnings an-

nouncement) due to many factors, such as using different models or probability functions 

(Harris and Raviv, 1993; Kandel and Pearson, 1995). Note that investors’ expectations can 

easily be observed and measured in laboratory experiments. 

One way to reconcile the two preceding types of explanations consists in disentangling the 

part of investors’ expectations strictly related to the heterogeneity of analysts’ forecasts 

(hereafter designated as common heterogeneity) from the part associated with investors’ own 

sentiment (hereafter called idiosyncratic heterogeneity). The first fraction should negatively 

affect trading volume, since it is positively correlated with the dispersion in analysts’ fore-

casts. The second one is assumed to have a concave effect, i.e. it positively alters trades when 

it is not too large because it ensures opposite trading orders – the necessary condition to gen-

erate exchanges. Nevertheless, this portion reduces trading when being too high because if 

expectations are too divergent among investors, they carry a considerable risk of losses, and 

thus a fear of trading. Accordingly, we propose to test the following hypothesis: 

Hypothesis 3 (H3): There is a concave relationship between trading volume and the idio-

syncratic heterogeneity of investors’ expectations. 

Furthermore, if the traders take into account financial analysts’ forecasts in their trading 

decisions, the volume of trades should also reflect forecast errors. Bamber (1987) shows a 

positive relationship between trading volume and this factor, designated as unexpected earn-

ings. The presence of forecast errors will give investors an incentive to trade in order either to 



 8 

take advantage of previous erroneous forecasts or to correct them. We therefore hypothesize 

that: 

Hypothesis 4 (H4): There is a positive relationship between trading volume and the mag-

nitude of previous errors contained in analysts’ forecasts. 

3. Experimental design 

Our experiment was carried out at the Centre for Interuniversity Research and Analysis on 

Organizations (CIRANO) in Montreal, using the “Z-Tree” (Zurich Toolbox for Readymade 

Economic Experiments) software. It comprises ten double-auction markets of which nine 

markets contain twelve exchange periods and one has six exchange periods. In total, these 

markets involve 81 undergraduate students with no prior experience in any similar experi-

ment or with market anomalies. Each market is composed of from seven to nine subjects. The 

subjects receive written instructions which are orally explained before all experimental ses-

sions start. In addition, they have to successfully answer all the control questions testing their 

good understanding of market’s rules and participate to some trial sessions before playing. 

Each subject begins with an initial allocation of 2,000 EMU (Experimental Money Units) and 

20 shares of a single stock. Their experimental gains are the sum of the gains from each trad-

ing period. These periodical gains depend on the accuracy of participants’ earnings expecta-

tions as well as the performance of their trades normalized by the stock fundamental value of 

the period under consideration
3
. If these gains are positive, they are converted into Canadian 

dollars (CAD) to which we add an appearance bonus of 10 CAD. Our statistics show that on 

average, subjects participating in a complete two hour session receive a reward of 25 CAD.  

3.1 Analyst’s forecasting process 

Every experimental market has six analysts whose forecasts must fall between 60 and 140. 

The annual earnings are the sum of the mean of all forecasts (expected portion) and a term 

representing the forecast error (unexpected portion). The forecast error comprises a random 

term and a tendency term.  

                                                           
3
 Gain or loss from one buy is calculated by multiplying the number of purchased shares by the difference be-

tween the security fundamental value and the buy price. Gain and loss of one sell is equal to the number of sold 

shares, multiplied by the difference between the price and the fundamental value. By assumption, the earnings 

are entirely distributed to the participants as dividends at the end of each period. We can consider that the fun-

damental stock value is equal to the whole amount of the earnings. 
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The random term is created in order to generate an entirely unpredictable link between the 

forecast mean and annual earnings. With a zero mean and a standard deviation of 2.16, it is 

drawn, at the end of each period, from the following values: -3; -2; -1; 0; 1; 2 and 3.  

The tendency term represents the optimism, pessimism, or lack of bias in the analysts’ 

forecasts, based on which we establish three types of forecasting information. In the case of 

unbiased forecasts, the tendency term is 0, thus the annual earnings represent the sum of the 

forecast mean and the random term of zero mean. This means that the forecast average is a 

noisy but unbiased proxy for annual earnings. In contrast, optimistic forecasts are character-

ized by systematic negative errors whatever the value of the random term. We thus allow the 

tendency term to fluctuate from -9 to -6. Therefore, forecast errors are constrained between -

12 and -3. In the same way, the tendency term for pessimistic forecasts takes values from 6 to 

9 so that all forecast errors are positive without exception, i.e. they vary from 3 to 12. Thus, 

both optimistic and pessimistic forecast means are also noisy and biased. Using these catego-

ries of earnings forecasts, the experiment can be divided into three groups of markets: two 

unbiased forecast markets, four optimistic forecast markets, and four pessimistic forecast 

markets. In all markets, forecast errors are distinguished from forecast heterogeneity.  

3.2 Conduct of experiments 

Recall that there are 9 twelve-period markets and 1 six-period market. All the trading periods 

last about 6 minutes and take place in the same way with 3 stages.  

At the first stage, the period starts with the release of six individual analysts’ annual earn-

ings forecasts for the recent year without their predetermined means and standard deviations. 

The participants are given pencil and paper in order to note all the information they want. 

Then they observe these forecasts during 30 seconds before giving their own expectations of 

earnings. This stage is mandatory, and continues until all the subjects have given their predic-

tions.  

The second stage lasts five minutes during which the participants can trade securities by 

introducing limit buy or sell orders, each of which is characterized by a price and a quantity. 

A buy order at price p means that traders desire to purchase securities at a price equal to or 

less than p, whereas a sell order at price p specifies that securities will only be traded at a 

price equal to or greater than p. An order is executed when there exists one or more offers in 

the opposite direction which satisfy the trading price condition. In addition, subjects can re-

spond to orders displayed in the order book. Neither short selling nor cash balances are al-
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lowed in our experiment. Rounds are independent so that unexecuted orders from the previ-

ous period do not appear in the order book for the next period.   

At the end of each round, we determine the annual earnings by adding the drawn values of 

the random term and the tendency term to the mean of all forecasts for the period. Then, the 

final annual earnings are announced to the participants. Assuming that the entire amount of 

annual earnings is distributed to investors as dividends, the level of earnings can be taken as 

the fundamental value of the equity.  

4. Measurements of test parameters 

In this study four measures are used as proxies for the divergence of analysts’ earnings fore-

casts. The first two correspond to the standard deviation of analysts’ forecasts divided by the 

mean of the earnings forecasts and the earnings respectively. The other two measures corre-

spond to the difference between the highest and lowest forecasts, reported to either the mean 

of these two forecasts or the final earnings.   

First measure of forecast heterogeneity: 
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Third measure of forecast heterogeneity:  
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Fourth measure of forecast heterogeneity:  
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In the above expressions, HetFOR1t, HetFOR2t, HetFOR3t and HetFOR4t measure the 

heterogeneity of analysts’ forecast for period t. FORi,t stands for the forecast of analyst i for 

period t. FORmax,t and FORmin,t are respectively the maximum and minimum forecasts for 

period t. FORt  is the mean of analysts’ forecasts for period t. RESt represents the annual earn-

ings for period t, and n is the number of analysts. 

In spite of the dispersion of the analysts’ forecasts, the heterogeneity of the investors’ ex-

pectations is simply approximated by two measures. These are the standard deviation of all 
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individual forecasts divided either by their mean or by the announced earnings. This result is 

explained by the fact that the subjects’ expectations are private, and unknown to the other 

investors, while the analysts’ forecasts are publicly revealed and strictly controlled to satisfy 

predetermined conditions. Accordingly, the two extreme values of investors’ expectations 

should not significantly influence the behavior of the market as a whole.   

First measure of expectation heterogeneity:  
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Second measure of expectation heterogeneity:  
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where HetEXP1t, and HetEXP2t measure the heterogeneity of investors’ earnings expecta-

tions for period t; EXPi,t the earnings expectation announced by investor i for period t; and m 

the number of investors involved in the market. 

We define the common heterogeneity as the part of the investors’ expectations which is 

strictly correlated with the analysts’ forecasts, and the idiosyncratic heterogeneity as the part 

which is specific to the investors alone. We obtain these components by regressing the heter-

ogeneity of the investors’ expectations on the heterogeneity of the analysts’ forecasts. The 

common heterogeneity corresponds to the part of the heterogeneity of investors’ expectations 

predicted by the heterogeneity of analysts’ forecasts, while the idiosyncratic heterogeneity 

corresponds simply to the unpredicted part of the regression.  

Since the primary use of analysts’ earnings forecasts in security analysis is to provide ref-

erences for investment decisions, investors would prefer analysts’ forecasts to be more accu-

rate than they are. This is why in earlier literature the quality of forecasts is often bench-

marked by the actual earnings. Accordingly, we measure the forecast error by the difference 

between the forecast and actual annual earnings, deflated by the actual earnings. Moreover, in 

order to be consistent with the previous set of variables, we also use another measure of fore-

cast error by dividing the same difference by the mean forecast.  

First measure of forecast error:    

tttt FORFORRESErrFOR /)(1                                  

Second measure of forecast error:   
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tttt RESFORRESErrFOR /)(2    

The mean error of investors’ expectations is determined in the same way, but the numera-

tor refers to their difference from the annual earnings, that is 

First measure of expectation error: 

 
tttt EXPEXPRESErrEXP /)(1                                          

Second measure of expectation error:   

tttt RESEXPRESErrEXP /)(2                                               

Trading volume is determined in two ways. The first measure refers to the fraction of 

shares traded during a period divided by the total number of outstanding shares. The second 

measure is obtained by dividing the value of the shares traded (i.e., the number of shares 

traded multiplied by the associated price) by the firm’s accounting value (i.e., the number of 

outstanding shares multiplied by the stock’s fundamental value or the announced earnings). 

First measure of trading volume: 

     tmtit NNVOL ,, /1                                                              

Second measure of trading volume: 
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where VOL1t and VOL2t are the two proxies of trading volume for the period t; Ni,t the 

number of shares traded involving the transaction i during the period t; Nm,t the total number 

of shares outstanding; and PRICEi,t the exchange price for the transaction i in the period t. 

Table 1 

Summary statistics for primary variables and extracted components of investors’ expectations 

Primary variables Mean Std. dev. Max. Min. Range JB 

Heterogeneity of analysts’ forecasts 0.108 0.075 0.296 0.023 0.141 16.16
+ 

Mean of analysts’ forecast errors -0.099 0.989 0.877 -8.962 0.153 30.87
+
 

Heterogeneity of investors’ expectations  0.037 0.024 0.134 0.007 0.024 30.42
+
 

Mean of investors’ expectation errors (×10
5
) 0.111 1.000 4.208 -1.885 0.869 30.67

+
 

Trading volume 0.276 0.138 0.767 0.028 0.167 11.59
+
 

Components of investor expectations       

Common heterogeneity of investors’ expec-

tations 

0.037 0.014 0.073 0.022 0.026 16.11
+
 

Idiosyncratic heterogeneity of investors’ 

expectations (×10
-5

) 

0.111 1.000 4.208 -1.885 0.869 30.67
+
 

Squared idiosyncratic heterogeneity of in-

vestors’ expectations 

0.989 2.656 17.711 0.000 0.601 30.67
+
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Notes: This table reports summary statistics for primary variables, computed from our experiment data: mean 

(Mean), standard deviation (Std. dev.), maximum (Max.), minimum (Min.), and interquartile 75-25 (Range). 

Primary variables refer to the first measures of all variables we describe in this section. To obtain the compo-

nents of investors’ expectations, we regress the heterogeneity of investors’ expectations on the heterogeneity of 

analysts’ forecasts, and retain the common heterogeneity of investors’ expectations (i.e., portion of the hetero-

geneity of investors’ expectations explained by the heterogeneity of analysts’ forecasts) and the idiosyncratic 

heterogeneity of investors’ expectations (i.e., the residuals of this regression). JB refers to the empirical statistics 

of the Jarque-Bera test for normality. (
+
) indicates rejection of normality is rejected at the 1% level. 

 

Table 1 provides summary statistics of the first measures for the primary variables and ex-

tracted components of investor expectations used in this article. Data are obtained from run-

ning ten double-auction markets as explained in Section 3. The non-normality of all the vari-

ables considered, as indicated by the Jarque-Bera tests, fully justifies our decision to combine 

the OLS estimation with a bootstrap procedure. 

5. Results and interpretations 

The expectation formulation, the judgment making, and the decision formulation are distinct 

steps in an investor’s response to information, although they may also overlap. Accordingly, 

we begin with an analysis of investors’ earnings expectations in order to gain insights con-

cerning their abilities to perform precise judgments. Then we discuss the findings as regards 

the effects of heterogeneity and errors in analysts’ earnings forecasts on trading volume.  

Several remarks should be noted before we present the experimental findings. First, for 

sake of concision, we report and comment only the results obtained with the first measures of 

all the variables, because the results with the other measures remain unchanged. . Second, 

tests indicate that there is no multicolinearity in our regression models as each explanatory 

variable has a valuable informative content on the dependent variable
4
. Finally, we use the 

bootstrap procedure in order to improve the performance of the OLS method in estimating the 

parameters of all the regression models
5
. We are particularly encouraged by the fact that the 

bootstrap technique is highly suitable in cases where the assumption of normality is not justi-

                                                           
4
 Multicolinearity can be identified by calculating, from a multiple regression model, two widely used statistical 

indicators, “Tolerance” and “Variance Inflation Factor”. The results are available upon request to the corre-

sponding author. 
5
 This procedure consists of making statistical inferences on the basis of a resampling distribution. Assuming 

that our sample data are reasonably representative of the population, we then produce a new random sample of 

the same size as the original sample, with replacement from the observed data points, estimate the regression 

model in question, and retain the estimates. Because a large number of new samples are created, we are able to 

generate the “true” empirical sampling distributions, at least approximately, for the estimates, and to determine 

their upper and lower confidence intervals. 
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fied, owing for example to a small number of observations. Indeed, we perform 1,500 replica-

tions of each initial sample in order to obtain robust estimates of the models’ coefficients
6
. 

5.1 Influence of analysts’ forecasts on investors’ expectations 

Before examining the impact of the heterogeneity and errors of analysts’ forecasts on inves-

tors’ expectations, we first investigate whether investors revise their expectations with respect 

to analysts’ forecasts, and especially to their mean variation. Such verification is not useless 

since it gives an idea of the effect of analysts’ forecasts on investors’ expectations. In addi-

tion, unlike many previous works which rely on forecast revisions during the same period, the 

mean variation here corresponds to the difference between the mean forecasts for two con-

secutive periods. 

Table 2 shows that investors change their own expectations mainly on the basis of 

changes in analysts’ forecasts. The adjusted R
2
 is fairly high (92.31%) when the mean varia-

tion of analysts’ forecasts is the only explanatory variable. This finding is consistent with the 

evidence reported in Ziebart (1990) according to which variations in analysts’ forecasts seem 

to be a good proxy for changes in aggregate investors’ beliefs and reflect the earnings sur-

prises at the time of the announcements. This coefficient, significant at the 1% level, is less 

than unity, meaning that investors do partially incorporate financial analysts’ forecasts into 

their expectations. Other variables, such as the heterogeneity or prior mean error of analysts’ 

forecasts, explain only a small fraction of the mean variation of investors’ expectations (i.e., 

Models 2 and 3 of Table 2). However, only the coefficient related to the dispersion of ana-

lysts’ forecasts is significant and negative for all data. Accordingly, investors should become 

less confident in the forecasting information published and thus have less incentive to change 

their own expectations when this factor increases in size.  

Table 2 

Impact of analysts’ forecasts on the variation of investors’ expectations 

Explanatory variables 
Model 1 

(All data) 

Model 2 

(All data) 

Model 3  

(All data) 

 Model 4 

 
All data 

Optimistic 

case 

Pessimistic 

case 

                                                           
6
 In our study the use of the bootstrap procedure does not change the main findings of the article in general, but 

provides more robust standard deviations and thus accurate significance levels for the estimates. For interested 

readers, the results of the standard OLS estimations are available under request to the corresponding author. 
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Constant 0.011
**

 

(0.004) 

0.148
***

 

(0.023) 

0.102
***

 

(0.016) 

 0.014 

(0.008) 

0.013 

(0.015) 

0.020 

(0.014) 

Mean variation of 

analysts’ forecasts  

0.902
***

 

(0.030) 
- - 

 0.917
***

 

(0.031) 

0.948
***

 

(0.046) 

0.889
***

 

(0.047) 

Heterogeneity of ana-

lysts’ forecasts  
- 

-0.281
**

 

(0.135) 
- 

 0.047 

(0.050) 

-0.030 

(0.095) 

0.094 

(0.072) 

Prior mean error of 

analysts’ forecasts  
- - 

0.313 

(0.309) 

 -0.215
*
 

(0.106) 

-0.044 

(0.266) 

-0.416
**

 

(0.184) 

R
2
 92.41% 4.31% 0.61%  92.85% 94.41% 93.65% 

Adjusted R
2 

92.31% 3.11% -0.63%  92.57% 93.84% 92.99% 

Notes: the dependent variable represents the mean variation of investors’ expectations. It is measured by the 

relative difference between the means observed for two consecutive periods. The heterogeneity of analysts’ 

forecasts is measured by the standard error of analysts’ forecasts, divided by the mean of the analysts’ forecasts. 

The variation of analysts’ forecasts is measured by the relative difference between the means observed in two 

consecutive periods. The mean error of analysts’ forecasts is measured by the difference between the annual 

results and the mean analysts’ forecast, reported to the mean analysts’ forecast. Except for Models 1 and 3, 

mean variation and mean error variables are calculated in absolute values. All the regression models are estimat-

ed using the OLS method incorporating the bootstrap method in order to correct for the departure from normali-

ty. The bootstrap standard errors of the estimates are reported in parentheses. The initial samples of 82 observa-

tions for all data and 33 observations for both optimistic and pessimistic cases were replicated 1,500 times. 
*
, 

**
 

and 
***

 indicate that the coefficients are statistically significant at the 10%, 5%, and 1% levels respectively. 

 

 

The estimation of Model 4 in Table 2 indicates that investors continue to rely heavily on 

the mean variation of analysts’ forecasts to form their expectations. They further revise their 

expectations downwards with respect to the prior mean error of analysts’ forecasts in the 

event of a significant negative coefficient (at the 10% level). When optimistic and pessimistic 

data are considered separately, we do not observe large differences in the estimates, except 

for the fact that the prior mean error variable becomes insignificant in the case of optimistic 

data. This is fairly normal because optimistic investors often neglect the previous errors made 

by analysts. As for the coefficient associated with the mean variation of financial analysts’ 

forecasts, it is lower for pessimistic forecasts than for optimistic forecasts, though both are 

significant at the 1% level. This indicates that investors incorporate financial analysts’ pessi-

mistic forecasts less readily than optimistic ones. Thus the difference in adjustment speed 

may be the origin of the investors’ asymmetric reaction to bad news and good news, docu-

mented in previous studies. 

If investors alter their expectations on the basis of the variation of analysts’ forecasts in an 

incomplete fashion, as presented in Table 2, another issue of interest then involves examining 

whether they correct the forecasts’ errors. Figures 1 to 3 show that investors’ expectations are 

biased in the same direction as analysts’ forecasts, regardless of the type of forecasts consid-

ered. More precisely, investors’ expectations make negative (positive) errors when analysts 

provide optimistic (pessimistic) forecasts respectively. Table 3 also indicates that these inves-
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tor errors are not driven by the heterogeneity, but mostly by analysts’ forecast biases. The 

size of the investors’ expectation errors in absolute terms is however less than that of the ana-

lysts’ bias. This is confirmed by investors under-reacting to available forecasting information 

and partially correcting its errors. The semi-rational expectations model seems to be valid. 

Figure 1 

Investors’ expectation errors versus financial analysts’ forecast errors: all data 
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Figure 2 

Investors’ expectation errors versus financial analysts’ forecast errors: optimistic forecasts 
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 Figure 3 

Investors’ expectation errors versus financial analysts’ forecast errors: pessimistic forecasts 
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Table 3 

Impact of analysts’ forecasts on errors in investors’ expectations 

 

Explanatory variables 

Model 1 

(All data) 

Model 2 

(All data)  

 Model 3 

 All data Optimistic case Pessimistic case 

Constant  0.030
***

 

(0.004) 

0.009
**

 

(0.004) 

 0.004 

(0.005) 

-0.007 

(0.009) 

-0.005 

(0.006) 

Heterogeneity of ana-

lysts’ forecasts 

 -0.011 

(0.033) 
- 

 0.036 

(0.028) 

-0.002 

(0.042) 

0.011 

(0.045) 

Mean error of analysts’ 

forecasts  
- 

0.469
***

 

(0.086) 

 0.486
***

 

(0.087) 

0.673
***

 

(0.168) 

0.732
***

 

(0.135) 

R
2
 0.14% 31.43%  33.02% 39.76% 43.58% 

Adjusted R
2
 -1.11% 30.57%  31.33% 35.74% 39.82% 

Notes: the dependent variable represents the mean error of investors’ expectations. It is measured by the relative 

difference between the annual results and the mean investors’ expectation divided by the mean investors’ expec-

tation. The heterogeneity of analysts’ forecasts is measured by the standard error of analysts’ forecasts divided 

by the mean of the analysts’ forecasts. The mean error of analysts’ forecasts is measured by the difference be-

tween the annual results and the mean analysts’ forecast, reported to the mean analysts’ forecast. Except for 

Model 2, the mean error variable is calculated in absolute values. All the regression models are estimated by 

using the OLS method incorporating the bootstrap method in order to correct for the departure from normality. 

The bootstrap standard errors of the estimates are reported in parentheses. The initial samples of 82 observations 

for all data and 33 observations for both optimistic and pessimistic cases were replicated 1,500 times. 
*
, 

**
 and 

***
 indicate that the coefficients are statistically significant at the 10%, 5%, and 1% levels respectively. 

 

Table 4 reports the results related to the impact of the dispersion and errors in the analysts’ 

forecasts on investors’ heterogeneous expectations. The latter are found to be strongly and 

significantly related to the heterogeneity of the analysts’ forecasts (at the 1% level), whatever 

the type of market (i.e., all data, optimistic forecasts, and pessimistic forecasts). However, the 

associated coefficient is notably less than unity. These findings thus support H1. Further 

analysis shows that the link between the heterogeneity of investors’ expectations and the ab-

solute mean error is controversial. In fact, the associated coefficient is significant at the 5% 

level in the case of optimistic forecasts, which implies that a higher absolute mean error 

among analysts’ forecasts reduces the level of investors’ heterogeneous expectations. This 

finding can be explained by the fact that investors are likely to be able to detect an optimistic 

bias more easily than a pessimistic one. This explanation seems to be in line with Chen et al. 

(2002)’s prediction according to which market behavior reflects agents’ optimism better than 

pessimism. Moreover, it is commonly accepted that investors have a natural inclination to 

self-protection. When recognizing a bias of optimism, especially strong bias, investors tend to 

reprocess the information and form less heterogeneous expectations to avoid the risk of big 

losses. Overall, this reaction leads to a lowering of the heterogeneity of investors’ expecta-

tions. 
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Table 4 

Impact of analysts’ forecasts on heterogeneity of investors’ expectations 

Explanatory variables 
Model 1 

(All data) 

Model 2 

(All data) 

 Model 3 

 All data Optimistic case Pessimistic case 

Constant 0.018
***

 

(0.002) 

0.041
***

 

(0.004) 

 0.018
***

 

(0.004) 

0.036
***

 

(0.008) 

0.016
**

 

(0.007) 

Heterogeneity of ana-

lysts’ forecasts 

0.174
***

 

(0.029) 
- 

 0.174
***

 

(0.029) 

0.281
***

 

(0.060) 

0.131
***

 

(0.044) 

Mean absolute error of 

analysts’ forecasts  
- 

-0.077 

(0.078) 

 0.003 

(0.065) 

-0.431
**

 

(0.168) 

0.084 

(0.112) 

R
2
 34.55% 0.79%  34.55% 53.64% 33.62% 

Adjusted R
2
 33.74% -0.45%  32.90% 50.55% 29.19% 

Notes: the dependent variable, the heterogeneity of investors’ expectations, represents the standard error of 

investors’ expectations divided by the mean of the investors’ expectations. The heterogeneity of analysts’ fore-

casts is measured by the standard error of analysts’ forecasts reported to the mean of the analysts’ forecasts. The 

mean error of the analysts’ forecasts is measured by the difference between the annual results and the mean 

analysts’ forecast divided by the mean analysts’ forecast. All the regression models are estimated by using the 

OLS method incorporating the bootstrap method in order to correct for the departure from normality. The boot-

strap standard errors of the estimates are reported in parentheses. The initial samples of 82 observations for all 

data and 33 observations for both optimistic and pessimistic cases were replicated 1,500 times. 
*
, 

**
 and 

***
 indi-

cate that the coefficients are statistically significant at the 10%, 5%, and 1% levels respectively. 

 

5.2 Impact of analysts’ forecasts on trading volume 

The preceding section shows that investors make the same types of errors as analysts, but do 

not amplify these errors when formulating their own expectations. We now examine how 

investors refer to financial analysts’ forecasts to make their decisions of trades. Thus, we first 

relate trading volume to the heterogeneity of financial analysts’ forecasts. Results are report-

ed in Table 5. Overall, our experiment indicates that trading volume is negatively and signifi-

cantly influenced by the heterogeneity of analysts’ forecasts, except in the case of optimistic 

forecasts. Thus, H2 cannot be rejected. The more heterogeneous the analysts’ forecasts, the 

lower the willingness to trade, because of increased risk aversion. This conclusion is con-

sistent with earlier studies which consider the heterogeneity of analysts’ forecasts as a proxy 

for market uncertainty or imprecision in the public information (Ziebart, 1990; Barron, 1995; 

Bamber et al., 1997). Moreover, a segment of the investment community, namely “sophisti-

cated investors”, may recognize specific bias in analysts’ forecasts and do not consider such 

information as a very relevant reference for their own expectations which directly affect their 

trading decisions.  
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Table 5 

Impact of the heterogeneity of analysts’ forecasts on trading volume 

Explanatory variables All data Optimistic case Pessimistic case 

Constant 0.358
***

 

(0.025) 

0.293
***

 

(0.046) 

 0.416
***

 

(0.021) 

Heterogeneity of analysts’ forecasts -0.758
***

 

(0.165) 

0.132 

(0.303) 

-1.236
***

 

(0.146) 

R
2
 17.13% 0.035% 63.53% 

Adjusted R
2
 16.19% -2.58% 62.45% 

Notes: the dependent variable represents the number of shares traded divided by the total number of outstanding 

shares. The heterogeneity of analysts’ forecasts is measured by their standard error reported to the mean of ana-

lysts’ forecasts. Other proxies for the heterogeneity have been used, and confirm these results. All the regression 

models are estimated by using the OLS method incorporating the bootstrap method in order to correct for the 

departure from normality. The bootstrap standard errors of the estimates are reported in parentheses. The initial 

samples of 90 observations for all data and 36 observations for both optimistic and pessimistic cases were repli-

cated 1,500 times. 
*
, 

**
 and 

***
 indicate that the coefficients are statistically significant at the 10%, 5%, and 1% 

levels respectively.  

 

To our knowledge, no previous empirical work has detected such a negative relationship, 

perhaps because the analysts’ earnings forecasts were not sufficiently divergent owing to 

their extraction from the same source of information (e.g., I/B/E/S). Additionally, most em-

pirical studies experience some difficulties in identifying the origin of trades. As a matter of 

fact, trades may arise either from liquidity shocks or from private information, which is vol-

untarily excluded in our experiment. 

Regarding the asymmetry of trading volume reactions to analysts’ heterogeneous forecasts 

(i.e., a significant negative impact of the heterogeneity of analysts’ forecasts on trades in the 

case of pessimistic forecasts, and insignificant effects in the case of optimistic forecasts), it is 

closely related to the results displayed in Table 4. That is, since they more easily recognize 

optimistic errors, the investors might be less confident in publicly-available optimistic fore-

casts and might not lower their trading activity when they see too much heterogeneity in 

these forecasts. They refer instead to their own expectations. On the other hand, a too high 

level of heterogeneity in financial analyst’s pessimistic forecasts makes investors doubtful 

about the future of the firm’s profitability and leads them to reduce their trading volume. One 

should note that the asymmetry of investors’ reactions to analysts’ optimistic and pessimistic 

forecasts has been confirmed by certain earlier studies focusing on changes in both equity 

returns and trading volume (Doukas et al., 2006). 
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Table 6 

Impact of prior forecast errors on trading volume 

Explanatory variables  
Model 1 

(All data) 

Model 2 

(All data) 

 Model 3 

 All data Optimistic case Pessimistic case 

Constant 0.222
***

 

(0.021) 

0.211
***

 

(0.025) 

 0.169
***

 

(0.027) 

0.191
**

 

(0.081) 

0.253
***

 

(0.077) 

Mean absolute forecast 

variation 

0.512
***

 

(0.130) 
- 

 0.473
***

 

(0.126) 

0.614
**

 

(0.245) 

0.371
**

 

(0.171) 

Mean absolute prior 

forecast error 
- 

1.493
*** 

(0.532) 

 1.209
** 

(0.468) 

0.820 

(1.318) 

-0.138 

(0.990) 

R
2
 16.15% 7.52%  20.99% 21.98% 12.15% 

Adjusted R
2
 15.10% 6.37%  18.99% 16.78% 6.29% 

Notes: the dependent variable represents the number of shares traded divided by the total number of outstanding 

shares. The mean variation of analysts’ forecasts is measured by the relative difference between the means ob-

served in two consecutive periods. The mean error of analysts’ forecasts is measured by the difference between 

the annual results and the mean analysts’ forecast, reported to the mean analysts’ forecast. All the regression 

models were estimated by using the OLS method incorporating the bootstrap method in order to correct for the 

departure from normality. The bootstrap standard errors of the estimates are reported in parentheses. The initial 

samples of 82 observations for all data and 33 observations for both optimistic and pessimistic cases were repli-

cated 1,500 times. 
*
, 

**
 and 

***
 indicate that the coefficients are statistically significant at the 10%, 5%, and 1% 

levels respectively. 

 

 

In our experiment, all the exchange periods are independent, but the same asset is used. In 

other words, each period can be considered as a trading year for the same asset and the inves-

tors’ trading decisions are assumed to reflect the forecasts’ errors - a proxy for the unex-

pected portion of the annual earnings. We also investigated this link and report the results in 

Table 6. The evidence suggests that the magnitude of analysts’ forecast errors exerts a signif-

icant impact on trading volume at the 1% and 5% levels for Model 2 and Model 3 respective-

ly, when all data are used, but an insignificant impact when optimistic and pessimistic fore-

casts are considered separately. This result can be explained as follows. Forecast errors may 

represent uncertainty or imprecise information. At a reasonable level, they create trading op-

portunities for market operators who try to correct or speculate on these errors and trade more 

aggressively. This is the case of the all-data model where the mean error is low thanks to the 

presence of the unbiased forecasts. However, large errors might prevent risk-averse investors 

from trading. Thus, when the optimistic and pessimistic forecasts are examined separately, 

the mean error is bigger and the impact of forecast errors becomes insignificant. It also ap-

pears that trading volume is an increasing function of variations in analysts’ forecasts, which-

ever the regression model. Since forecast variations tend to reflect the common consensus of 

analysts’ opinions about changes in corporate earnings (i.e., the market’s overall trend), in-

vestors tend to follow analysts and are more willing to trade in order to adjust their asset 

holdings. 
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5.3 Impact of investors’ expectations on trading volume in the presence of analysts’ forecasts 

Although analysts’ forecasts constitute a source of public information in our experiment (i.e., 

they are revealed to all the subjects), investors’ expectations are completely private. This set-

ting offers us the possibility of examining separately how investors’ expectations influence 

trading volume in the presence of analysts’ forecasts. Indeed, the disagreement between the 

investors might be the most important determinant of trading volume since trades require 

opposite orders. Moreover, given the fact that perfect correlation coefficient between hetero-

geneous expectations and analysts’ forecasts (0.59, significant at the 5% level), we think that 

the heterogeneity of investors’ expectations may contain two components: a common hetero-

geneity which is strongly correlated with the disagreement in analysts’ forecasts, and an idio-

syncratic heterogeneity which is independent from analysts’ forecasts. The first element cor-

responds to the predicted value from the regression of investors’ heterogeneous expectations 

on analysts’ heterogeneous forecasts. The second element is the estimated residual series 

from this regression. These components are likely to affect trading volume in different ways.  

As expected, Panel A of Table 7 indicates a negative relationship between trading volume 

and the common heterogeneity of investors’ expectations for all data and for pessimistic fore-

casts. This result is totally consistent with our previous finding that the heterogeneity of ana-

lysts’ forecasts negatively influences trading volume. The insignificant impact observed for 

optimistic forecasts also confirms our preceding results, showing that these forecasts are not 

strictly followed by investors, especially when they are strongly divergent or erroneous. Panel 

A also indicates that the idiosyncratic portion of the investors’ heterogeneous expectations 

positively influences trades, both for all data and for pessimistic forecasts. In this regard, 

Karpoff (1986) obtained similar results in explaining trading volume by differences in the 

prior expectations of investors. 

Consistently, Panel B exhibits a positive impact of the idiosyncratic heterogeneity,  the 

unique explanatory variable for trading volume. We also conduct a further analysis by per-

forming a multiple regression in which trading volume is explained by both the idiosyncratic 

heterogeneity and the squared idiosyncratic heterogeneity. The results show that the coeffi-

cients associated with these explanatory variables are respectively positive and negative, sug-

gesting a concave relationship between trading volume and the idiosyncratic component of 

investors’ expectations. In other words, trading volume tends to increase when investors’ 

expectations become heterogeneous, but decreases when this heterogeneity goes beyond a 

certain threshold. We thus validate H3 for the all-data and pessimistic forecast cases. This 
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result seems to be consistent with the finding by Hales (2009), using a series of laboratory 

markets, according to which participants have a tendency to trade aggressively when they fail 

to see the value implicit in the actions of other participants. However, this tendency is dra-

matically reduced when participants are prompted to estimate pre-trade disagreement among 

them or when they trade in more transparent markets.  

Table 7 

Impact of heterogeneity in investors’ expectations on trading volume 

Panel A 

Explanatory variables All data Optimistic case Pessimistic case 

Constant 0.417
***

 

(0.038) 

0.292
***

 

(0.074) 

0.501
***

 

(0.032) 

Common heterogeneity of investors’ expectations -3.810
***

 

(0.875) 

0.382 

(1.706) 

-5.791
***

 

(0.742) 

Idiosyncratic heterogeneity of investors’ expectations 0.029
**

 

(0.013) 

-0.002 

(0.019) 

0.027
* 

(0.015) 

R
2
 20.35% 0.10% 60.73% 

Adjusted R
2
 18.52% -5.95% 58.35% 

Panel B 

Models Explanatory variables All data Optimistic case Pessimistic case 

Model 1 

Constant 0.277
***

 

(0.014) 

0.305
***

 

(0.026) 

0.301
***

 

(0.023) 

Idiosyncratic heterogeneity of investors’ 

expectations 

0.029
*
 

(0.016) 

-0.000 

(0.023) 

0.062
* 

(0.032) 

R
2
 4.40% 0.00% 15.53% 

Adjusted R
2
 3.32% -2.94% 13.04% 

Model 2 

Constant 0.295
***

 

(0.015) 

0.309
***

 

(0.027) 

0.346
***

 

(0.021) 

Idiosyncratic heterogeneity of investors’ 

expectations 

0.057
***

 

(0.015) 

0.018 

(0.050) 

0.030
*
 

(0.017) 

Idiosyncratic heterogeneity of investors’  

expectations squared 

-0.018
**

 

(0.009) 

-0.006 

(0.031) 

-0.069
***

 

(0.014) 

R
2
 12.77% 0.62% 45.09% 

Adjusted R
2
 10.77% -5.40% 41.77% 

Notes: the dependent variable represents the number of traded stocks divided by the total number of available 

stocks. To run regressions in Panel A, we first regress the heterogeneity of investor expectations on the hetero-

geneity of analysts’ forecasts, and save the common heterogeneity of investors’ expectations (i.e., the portion of 

the heterogeneity of investor expectations explained by the heterogeneity of analysts’ forecasts) and the idiosyn-

cratic heterogeneity of investor expectations (i.e., the residuals of this regression). Panel B also controls for the 

potential of nonlinear relationships that may exist between trading volume and the idiosyncratic heterogeneity of 

investor expectations. All the regression models are estimated by using the OLS method incorporating the boot-

strap method in order to correct for the departure from normality. The bootstrap standard errors of the estimates 

are reported in parentheses. The initial samples of 90 observations for all data and 36 observations for both 

optimistic and pessimistic cases were replicated 1,500 times. 
*
, 

**
 and 

***
 indicate that the coefficients are statis-

tically significant at the 10%, 5%, and 1% levels respectively. 
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Table 8 

Impact of analysts’ forecasts and investors’ expectations on trading volume 

Explanatory variables All data Optimistic case Pessimistic case 

Constant 0.260
***

 

(0.038) 

0.175
**

 

(0.084) 

0.425
***

 

(0.051) 

Idiosyncratic heterogeneity of investors’ expectations 0.028
**

 

(0.013) 

0.010 

(0.027) 

0.019 

(0.020) 

Common heterogeneity of investors’ expectations -0.598
***

 

(0.174) 

0.131 

(0.382) 

-1.187
***

 

(0.156) 

Absolute mean variation of analysts’ forecasts 0.330
**

 

(0.138) 

0.624
**

 

(0.265) 

 0.031 

(0.167) 

Absolute prior mean error of analysts’ forecasts 1.030
** 

(0.454) 

0.834 

(1.756) 

-0.147 

(0.617) 

R
2
 34.04% 22.92% 68.86% 

Adjusted R
2
 30.61% 11.91% 64.41% 

Notes: the dependent variable represents the number of traded stocks over the total number of available stocks. 

To run these regressions, we first regress the heterogeneity of investor expectations on the heterogeneity of 

analysts’ forecasts, and save the common heterogeneity of investors’ expectations (i.e., the portion of the heter-

ogeneity of investor expectations explained by the heterogeneity of analyst forecast) and the idiosyncratic heter-

ogeneity of investor expectations (i.e., the residuals of this regression). The mean variation of the analysts’ fore-

casts is measured by the relative difference between means observed in two consecutive periods. The mean error 

of analysts’ forecasts is measured by the difference between the annual results and the mean analysts’ forecast 

divided by the mean analysts’ forecast. All the regression models are estimated by using the OLS method incor-

porating the bootstrap method in order to correct for the departure from normality. The bootstrap standard errors 

of the estimates are reported in parentheses. The initial samples of 82 observations for all data and 33 observa-

tions for both optimistic and pessimistic cases were replicated 1,500 times. 
*
, 

**
 and 

***
 indicate that the coeffi-

cients are statistically significant at the 10%, 5%, and 1% levels respectively.
 

 

Our analysis also allows us to determine the dominant driving factor of changes in trading 

volume. Table 8 reports the results from regression models that relate trading volume to four 

explanatory variables: common heterogeneity, idiosyncratic heterogeneity, absolute mean 

forecast variation, and absolute prior mean error. We do not consider the heterogeneity of 

analysts’ forecasts because it can be reasonably represented by the common heterogeneity of 

investors’ expectations. The evidence from the all-data model reveals that trading volume is 

jointly driven by all the factors under consideration; the common heterogeneity of investors’ 

expectations is the most important determinant, although they do not all affect trading volume 

in the same way. The investors engage in increasing trading activity with respect to the abso-

lute values of the variation of the analysts’ mean forecast and mean prior forecast error, when 

they have divergent expectations. At the same time, the existence of forecast disagreements 

between financial analysts prevents the investors from trading, since investors have a self-

protective behavior when there is a high level of uncertainty in the information about earn-

ings. The coefficient associated with the idiosyncratic component of the heterogeneity of in-

vestors’ expectations is positive and significant at the 5% level, which indicates the case in 

which the investor-specific expectation dispersion is not too high. Finally, there is evidence 
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of asymmetry between the roles of optimistic and pessimistic forecasts in the market’s behav-

ior. On the one hand, trading volume is positively driven by the absolute mean variation in 

analysts’ optimistic forecasts. On the other hand, it decreases significantly with the common 

heterogeneity of investors’ expectations when financial analysts’ forecasts are pessimistic. 

This confirms our previous results showing that individual optimistic forecasts are not strictly 

followed by investors, especially when they are too divergent or too erroneous.  

Overall, H4 is validated for the all-data and optimistic forecast cases, while H4 holds only 

for all data. The results thus differ from several previous studies reporting that trading vol-

ume is positively and significantly linked both to forecast dispersion and to errors (Karpoff, 

1986; Ziebart, 1990). The similar effects of these variables can be explained by the high real 

correlation between them (i.e., higher errors in analysts’ forecasts often accompany a greater 

heterogeneity of forecasts). Since forecast errors and heterogeneity are controlled in our 

study, and different types of forecasts are considered separately, the evidence supporting the 

dissimilar influences of these factors (i.e., smaller effect of analysts’ forecast errors on vol-

ume) is strengthened.  

To sum up the above results, the tests enable us to conclude that financial market anoma-

lies arise not only from the inaccurate use of available information by investors, but also from 

imperfect information, including analysts’ forecasts. The imperfections in analysts’ forecasts 

are partially incorporated into investors’ expectations and affect trading volume. Although 

the dispersion in analysts’ forecasts plays no role in our experiment’s earnings-determination 

process, it does also influence trading decisions. These observations are consistent with the 

assessment that investors are not entirely rational. However, analysts’ forecasts always ap-

pear to be useful despite their errors, because investors do derive their expectations from 

them and then make investment decisions.  

6. Conclusion  

This article examines the impacts of analysts’ earnings forecasts on investors’ expectations 

and trading volume. Two main attributes of analysts’ earnings forecasts, the errors and heter-

ogeneity, are analyzed. We find, from ten experimentally-controlled double-auction markets, 

that, when formulating their expectations, the investors partially incorporate the analysts’ 

forecast errors and heterogeneity. As for the trading volume, it is negatively driven by the 

heterogeneity of the analysts’ forecasts, but positively affected by the size of forecast errors. 

These results are typically not symmetric between optimistic and pessimistic forecasts. Our 
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results also indicate that analysts’ forecasts are not an unbiased proxy for the beliefs of mar-

ket agents because the effect of investors’ heterogeneous expectations on trading volume dif-

fers from that of analysts’ heterogeneous forecasts. More precisely, by dividing the dispersion 

of investors’ expectations into two components, we provide evidence that the fraction related 

to the heterogeneity of the analysts’ forecasts negatively affects trading volume, while the 

fraction that only reflects individual heterogeneity among investors generates trades, but in a 

non-monotonic way. It increases trading when it is not too large, but prevents the investors 

from trading beyond a certain threshold. 

Future research can extend our study in examining how the asset markets respond to ana-

lysts’ forecasts when this information is not freely available to investors. In such a case, the 

degree to which investors follow analysts’ forecasts must be investigated with respect to the 

number of investors who purchase forecasts, and the price they agree to pay. Future research 

should also consider the impact of the level of heterogeneous forecasts on annual earnings 

determination, which is not the case in our study. 
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Appendix 

Instructions 

You are invited to participate to this game. Please read these instructions carefully. Then, you 

will be asked to answer to some questions of comprehension and to participate to some trial 

periods before playing the game.  

This game allows you to earn money on the basis of your performance. During the game, 

you will trade a number of units of a single stock. Each participant makes individual deci-

sions on a computer. Communication between participants is not allowed. If you break any of 

the game’s rules you will forfeit the right to any earnings. 

You take part in a twelve-period market. All periods have the same exchange rules, but 

different information about the value of the stock. The periods are independent. Each period 

lasts about 6 minutes, at the beginning of which all of you receive 20 shares of the stock and 

2,000 fictitious currency units. You are then given a number of professional forecasts con-

cerning the stock’s value. You will have 30 seconds to examine these forecasts without mak-

ing any trades. Following this interval, you will be asked to estimate the true value of the 

stock. This estimation is mandatory. You can then sell your shares or purchase the shares of 

others. To do this you announce the quantity you wish to trade and the desired price. A pur-

chase price p means that you will purchase shares only at a price equal to or less than p. Con-

versely, a sell price p indicates that you wish to sell shares at a price equal to or higher than p. 

You earn money when you sell a share for more than its true value or buy a share for less 

than its true value. In the opposite case, you lose money.  

Note that the number of shares that you can sell cannot, at any time, exceed the number 

you possess. Similarly, the amount of your purchase may not exceed the money you have. 

After every trade you make, your money and the quantity of stock you own are recalculated. 

Your offer to buy or to sell will be executed as soon as there are reciprocal offers to sell or 

buy that satisfy your price. You can also accept any number of propositions made by other 

persons. All offers to buy or sell appear in a window on your computer. Offers that are not 

executed in the course of one period are no longer valid in the next period. 

At the end of each period you are told the true value of the stock. We then calculate your 

gain or loss. Recall that you gain money when you sell a share for more than its true value or 
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buy a share for less than its true value. In the opposite case, you lose money. The amount of 

the gain (loss) is the sum of the gains (losses) in each trade, calculated by multiplying the 

number of traded shares by the gain (loss) per share. The gain (loss) for the whole session is 

the sum of the gains (losses) for all the periods in which you took part. Your real cash earn-

ings will be determined by converting the money you gain (zero it you make a loss) over of 

the course of the session, plus a bonus for the accuracy of your estimate of the stock’s value, 

plus an appearance fee of 10 Canadian dollars. The formula is as follows:  

Real cash winnings = Max (0 ; (Total Gains and Losses from trades + Bonus for stock value 

estimate)) * Conversion Rate + 10 CAD 

The conversion rate is set such that the average winnings will be 25 CAD for two hour ses-

sion. 

 

 


