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Abstract

In this paper, we develop a theoretical argument and provide empirical evidence to show that analyst forecast dispersion embodies a measure of information risk.  We find that a zero-cost portfolio constructed according to this risk measure exhibits characteristics of a systematic risk factor and has a significant explanatory power of return variations, especially for small value firms.  Our theoretical intuition and empirical evidence demonstrate the importance of recognizing the dynamic nature of analyst forecast dispersion in reconciling conflicting results from earlier empirical studies.
Risk, Dispersion of Analyst Forecasts and Stock Returns
Security analysts produce forecasts of firms’ earnings announcements throughout the year.  These forecasts are often employed for one of two purposes – to discern the consensus of beliefs among analysts and to understand the aggregate uncertainty that exists across analysts with regard to firms’ earnings prospects.  The degree to which analyst forecasts reflect differences of opinions and/or aggregate uncertainty has been debated for over two decades, with no resolution as yet.  The difficulty in arriving at a definitive conclusion regarding the role of analyst forecast dispersion and its impact on stock prices may be due to the dual aspects of the dispersion itself:  differences of opinion across analysts and information uncertainty about a firm’s fundamentals.  Each of these aspects can have a different impact on stock price, resulting in confounding effects when combined.  In fact, under certain conditions, the effects of one aspect could overshadow the effects of the other.    

In this paper, we present a stylized model to illustrate the impact of dispersion on asset prices and to put the extant empirical results in a consistent context. We argue that  dispersion’s impact on stock prices derives from differential private information among investors, which induces differential precision in their estimates or expectations.  Without the private information, dispersion will have no impact.  Moving to a dynamic setting, we show that the variability of dispersion captures information uncertainty and impacts expected returns.  We then show empirically that analyst forecast dispersion and its variability can be used to construct systematic risk factors that have significant explanatory power for stock returns. 

We establish that portfolios with higher levels of dispersion or higher levels of variability of dispersion have progressively more exposure to the market risk factors and factors associated with size and book-to-market ratios. Factor portfolios constructed based on dispersion and its variability show significant correlations with these factors and exhibit enough return variation that signal common movement among stocks in the portfolios. Moreover, the factor portfolios demonstrate significant pricing power in the cross section of stock returns, with somewhat differential effects.  The factor related to the level of dispersion (DSP) has greater effects on firms in distress and the factor related to the variability of dispersion  (SDP) has greater effects on small firms with uncertain but promising prospects, such as those in the high tech industries. 

Although our short sample period of 18 years creates difficulties in inferring expected returns from realized returns, we conduct an ex ante analysis of expected returns based on portfolio holdings of mutual funds.  This analysis reveals portfolio managers’ assessments of stocks’ risks, and hence their implied required rate of return to hold the stock. Using these implied expected returns, we find that mutual fund managers’ expectations are highly related to the information environment as represented by dispersion and its variability, with higher expected returns being associated with higher levels of these variables. These results are consistent with the implication of our theoretical arguments and providing additional empirical support for the risk interpretation of dispersion and its variability.

We show that our factors combine aspects of other characteristics factors, rather than being new independent risk factors. This in fact is encouraging because by relating our factors to the well-used, yet less-understood, existing factors, we provide economic context to these factors by linking them directly to the information uncertainty. Our systematic approach also allows us to clarify existing evidence in the literature regarding the role of dispersion and contributes to our understanding of the determinants of stock returns.
The major contribution of our study is that we empirically establish a link between analyst forecast dispersion and an information risk factor.   In addition, we demonstrate the dual aspects of differences of opinion and information risk embodied in forecast dispersion.
  Our work is significant in several ways.  First, recognizing the necessity of differential confidence in private expectations for the analyst forecast dispersion to impact stock prices sheds light on the controversy in the literature regarding the role of analyst forecast dispersion and suggests the possibility of reconciling conflicting empirical evidence, such as the positive relationship between return volatility and dispersion and the negative relationship between return and dispersion. Second, it provides a clear characterization of the link between the variability of forecast dispersion and a systematic risk factor that critically hinges on the dynamic character of information uncertainty.  Finally, our risk factor could be related to the information risk variable proposed by Easley, Hvidkjaer, and O’Hara (2002).

In a paper related to our work, Diether, Malloy and Scherbina (DMS, 2002) argue that analyst forecast dispersion reflects differences of opinion, rather than information risk.  They provide empirical evidence that stocks with large forecast dispersions and significant short-sale constraints have lower future returns. While their result is consistent with Miller’s (1977) earlier conjecture regarding the effect of short-sale restrictions on asset prices in the presence of heterogeneous expectations, it does not necessarily reject the hypothesis that forecast dispersion is a proxy for risk,
 as they so claimed. We demonstrate that with a sample of stocks less likely to be subject to binding short sale constraints, their result becomes weaker, even statistically insignificant. In another paper related to our research objective and empirical strategy, Ghysels and Juergens (2001) use the dispersion of analysts forecasts (of both short-term and long-term earnings) as a measure of heterogeneity of beliefs and test its implications for returns and volatility based on a general equilibrium model. Our work, however, stands apart. We provide intuition to delineate the dual aspects of differences of opinion and risk embodied in dispersion, and thus provide a framework to understand seemingly conflicting empirical evidence.  Our systematic empirical work uncovers strong evidence to support the risk character of forecast dispersion and its significant pricing impact. 

The rest of the paper is structured as follows.  In Section I, we present a model to gain intuition about the role of analyst dispersion and provide an argument for the ability of forecast dispersion to proxy for information risk. In Section II, we describe our data and in Section III, we examine the relation between returns and analyst forecast dispersion and its variability. In Section IV we investigate the pricing impact of our information risk factors on stocks. We carry out an ex ante analysis of required rate of return and its relation to the information environment in Section V and then conclude in Section VI.

I. Theoretical motivation

The question of whether the dispersion of analyst forecasts represents a risk measure is a subject of both theoretical debate and empirical investigation. The intuition for using forecast diversity arises from the notion that rational beliefs tend to converge when the amount of relevant information increases (Blackwell and Dubins, 1962). This notion manifests in the literature of estimation risk concerning an unknown parameter and leads to the proposal by Barry and Brown (1985) to use forecast dispersion as a proxy for the degree of estimation risk.  The risk interpretation of dispersion is also advocated by Cragg and Malkiel (1982) and Givoly and Lakonishok (1984). 

Mixed empirical evidence relating forecast diversity and stock returns, however, has cast doubt on this interpretation.  For example, Ajinkya and Gift (1985), Barron and Stuerke (1998), Daly, Senkow and Vigeland (1988) relate dispersion to return volatility, while Diether, Malloy and Scherbina (2002) emphasize its relation to differences of opinion.  The latter interpretation is supported by dispersion’s close association with trading volume as found in Ajinkya, Atiase and Gift (1991).

In this section, we sketch a stylized model to illustrate the importance of information uncertainty and its relation to forecast dispersion.  We consider a two-period model. A risk-free asset and one risky asset (stock) are traded at 
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There are two types of investors, indexed as i. For simplicity, each is assumed to be one half of the total population. These investors are ex ante identical, entering time 1 with the same endowment, same prior of the terminal value of the stock and same absolute risk aversion coefficient, . In addition, the risk-free rate is set to be zero. At time 2, each investor receives a private signal about the liquidating value of the stock and forms her own private estimate of the stock’s terminal payoff, which is distributed normally with a mean of 
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 We do not explicitly model the formation of this private estimate, but we do assume that the quality (or precision) of the private valuation, represented by 
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 differs across investors. Although the quality of estimates is assumed to be common knowledge, we assume that investors do not immediately observe the private estimate of other investors.  This assumption is consistent with the fact that these forecasts are usually provided to clients first.  When they become public knowledge, the information is usually already incorporated into prices (Barber et al. 2001).
 

To develop the concepts in the simplest possible setting so that the intuition is clear, we assume that investors are myopic, i.e., they choose a feasible trading strategy to maximize the expected utility of next period’s wealth, 
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 is the value of the initial endowment of investors.
  In the absence of short sale constraints, investor i’s optimal demand for the stock at time 2 is 
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Then the market clearing condition 
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yields the market price
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where 
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 is the average precision of private estimates. 

From (3), we see that the dispersion of private forecasts, the range 
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and the dispersion of the estimates has no impact on the stock price. If differences in the analyst forecasts are due to different priors or perceptions that are not information based, rather than differences in their private information, then the price of the risky asset should be expressed as in Equation (4), as investors will be equally confident in their opinion. This is the case commonly referred to as differences of opinion, or an “agreement to disagree”, and the information asymmetry is usually not a concern.
  Chen, Hong, and Stein (2002) illustrate this point using a model of a continuum of investors with only differences of opinion among them.

Equation (3) shows that the differences in forecasts affect the expected returns only if the precision of the forecasts differs, which in turn may be attributed to the existence of information asymmetry among investors.  However, the direction of such an effect on the stock price is ambiguous. A higher estimate with less precision can imply a lower stock price, and hence a higher expected return, when differences are large.  On the other hand, a higher estimate with more precision can imply a greater stock price than that in the situation of identical precisions across investors. Consequently, in a static setting, the dispersion itself does not exhibit an unambiguous role as a risk measure, which may explain the diverse empirical evidence regarding the relation between dispersion and risk.

As described earlier, at date 1, investors are ex ante identical with a common prior on the terminal value.  The demand for the stock is then uniform as 
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The market clearing condition, 
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The expectation of the date-2 price at date 1 is 
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where we have used the law of iterated expectations and the assumption that average supply is 1. The variance of date-2 price is 
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While the first two terms correspond to the traditional measure of price variation, the variance of dispersion, as measured by 
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 in our model, clearly contributes to price volatility as well, and (7) and (8) imply that a larger variability of dispersion leads to a lower current price, and hence a higher expected return. This relation indicates that the variability of dispersion captures a risk component related to the heterogeneity in information and information quality.

Although a number of theoretical models investigate the relationship between analyst forecasts and the price-volume responses after the release of public information, such as Kim and Verrecchia (1991), Harris and Raviv (1993), Shalen (1993), Abarbanell, Lanen and Verrecchia (1995), and Kandel and Pearson (1995), none of these models provides a direct implication for accounting for information risk through forecast dispersion. Our model illustrates clearly the link between analyst forecast dispersion and information-related risk. Given this theoretical link, we investigate its empirical implications in the remainder of the paper.

II. Data 

We use the monthly summary of analyst earnings per share (EPS) forecasts compiled by Institutional Brokers Estimate System (I/B/E/S) from 1983 through 2001.
 Each month for each covered company, I/B/E/S computes summary statistics of the analyst forecasts reported in the previous month. We use the standard deviation of the current fiscal year EPS forecasts, scaled by stock price, as our base measure of forecast dispersion. 

We focus on current fiscal year EPS forecasts rather than quarterly or longer forecasts because annual forecasts are the most widely available forecasts.
  To construct the dispersion measure used in our empirical analysis, we scale the standard deviation of the EPS forecasts by the stock price.  Using the straight dollar measure rather than a scaled measure can lead to inappropriate interpretations.  To see this, consider two firms, A and B, which are identical in assets and capital structure.  If firm A has one million shares and firm B has twice as many, then A's share price will be twice that of B's.  Each analyst would give an EPS forecast for A twice as large as B’s and the standard deviation of forecasts for A would be twice as high as that of B’s, even though the dispersion should convey identical information for both firms in terms of stock returns.  On the other hand, scaling both firms’ standard deviations of EPS forecasts using their respective prices will yield the same dispersion measure.  By employing this price scaling, our dispersion variable measures the dollar amount of earnings dispersion per one dollar of investment in the stock.  Because we test the effects of forecast dispersion on returns, we need to avoid the same price entering both the dependent and independent variables.  Thus, we use a fixed price, the stock price at the beginning of each year, to scale all forecast standard deviations within the year to ameliorate this potential problem.

To be included in a month’s sample, a firm has to have at least five analyst forecasts in the I/B/E/S database for that month.
  In addition, we require a firm to have at least 10 monthly summary statistics within a calendar year and to have a stock price greater than $5.00.  These criteria imply that it is unlikely that our sample is dominated by extremely small or illiquid stocks that face severe short sale constraints.  We obtain the stock returns for these firms from the CRSP monthly tapes.  This gives us a total of 272,373 firm-month observations from 3775 unique companies.  Panel A of Table 1 shows the number of firms in each year that meet our criteria, beginning with 977 companies in 1983, peaking at 1790 in 1998, and dropping back to 1272 in 2001.  

Panel B of Table 1 provides summary statistics for characteristics of the sample firms.  The firms in our sample have an average price of $33.51, an average market capitalization of about 4.3 billion dollars, and are covered by an average of 14 analysts.  The average mean EPS forecast is $2.20, with an average standard deviation of $0.17.  

Other measures of analyst forecast dispersion have been advocated.  For example, Diether, Malloy and Scherbina (2002) argue that the standard deviation of forecasts should be scaled by the absolute mean of the EPS forecast each month.  Using this approach requires an arbitrary decision rule when the mean forecast is zero or negative and Diether, Malloy and Scherbina classify such a case to the highest dispersion group. Further this scaling methodology can result in significant misclassifications.  For example, consider a normally profitable company with regular EPS around 50 cents per share.  If for one bad year, EPS is close to zero profit, its absolute mean forecast may be one penny per share, but the range of forecasts may range from –3 cents to 4 cents. The Diether, Malloy and Scherbina scaling scheme will inappropriately classify the firm into a high dispersion group, although the 7-cent range in forecasts may be entirely normal for this firm. Employing stock price as the scaling variable does not cause these types of misclassifications. 

To compare our measure of dispersion (DISP), which is the standard deviation scaled by the previous year-end price, to this alternative measure of dispersion scaled by the absolute mean of the EPS forecast (DISPA), we include both measures in Table 1.  It shows that the average dispersion measured by DISP is about 0.68% of price, while the average dispersion measured by DISPA is about 17.65% of the absolute mean EPS forecast.  Further the table shows that the distribution of DISPA is very skewed, with a mean almost 4 times as large as the median, and a standard deviation almost 8 times the mean, indicating a severe problem with outliers. We do not encounter this outlier problem with our dispersion measure, DISP.  The mean of DISP is about half of the median, and the standard deviation is about twice the mean.    

Using our base measure of analyst forecast dispersion, DISP, annually for each firm, we calculate the standard deviation of the monthly forecast dispersion, and denote this variable as STDISP.  We use only one year of monthly data to calculate the variability of dispersion. To take into account the reduction in dispersion as the time passes, we also de-trend the dispersion series before we calculate STDISP. However, our robustness check without de-trending suggests that it is not a crucial issue for our results. Our robustness checks using previous two or three years data in calculating the variability of dispersion also yield very similar results. As shown in Panel B of Table 1, the average STDISP is 0.27% of stock price per share, with a standard deviation of 0.65%. 

III. Information risk and stock returns

A. Dispersion measures and stock returns

The theoretical model developed in Section I links the expected return of a stock to both its forecast dispersion and the variability of the dispersion. Although the model does not explicitly consider a multi-stock setting, its intuition should carry through to such a setting, which we examine empirically in order to clarify the relation between dispersion and stock returns. We first construct two sets of quintile portfolios, one set is sorted based on DISP calculated in January of each year, while the other set is sorted based on the STDISP for the previous January-December period. 

Table 2 presents the characteristics of DISP and STDISP-sorted portfolios. It shows that stocks with smaller DISPs or STDISPs tend to have large market capitalizations, more analyst coverage, and smaller dispersion of analyst forecasts or variability of the dispersion. These characteristics would be expected because larger and more established companies are usually perceived to be more transparent, and hence embody less information risk. 

We next examine how realized stock returns vary over these quintile portfolios.  Using their measure of dispersion, Diether, Malloy and Scherbina (2002) have presented evidence that portfolios with higher levels of forecast dispersion have lower subsequent returns, which is contradictory to the risk interpretation we suggested above.  However, as argued earlier, there are problems with their measure of dispersion and their classification scheme.  Table 3 reports the realized returns of DISP-sorted and DISPA-sorted portfolios within five equally divided size groups.  Panel A reports the results when the sample includes stocks with at least two analyst forecasts in a month, as in Diether, Malloy and Scherbina (2002).  Panel B reports the results when the sample is restricted to stocks with at least five analyst forecasts per month, consistent with our sample selection.  

As demonstrated in Table 3, we can largely replicate the Diether, Malloy and Scherbina (2002) results only with their own measure, DISPA. Once we use our DISP measure, the results become much weaker for the small size groups and insignificant for the entire sample. While this does not directly contradict their claim that short sale constraints may be important when considering the effect of dispersion on stock returns, it suggests that their evidence does not account for the full effects of dispersion. In fact, when we restrict our sample to include only stocks with at least five analysts covering them, the Diether, Malloy and Scherbina results are further weakened to being insignificant even with their own measure, DISPA. 

The results in Table 3 for the DISP measure show that for the time period of 1984-2001, there is no significant return differentiation among the DISP quintile portfolios with any size groups or for the entire sample. Although not shown in a table, such an analysis using STDISP quintile portfolios is similar.  Based on this evidence alone, it is hard to either confirm or dismiss either the interpretation of DISP and STDISP as measures of information risk or the hypothesis that information risk is priced. 
 To arrive at such conclusions, we need to examine the determinants of returns on portfolios sorted by DISP and STDISP and examine whether factors based on DISP and STDISP have any pricing power.

B. Dispersion measures and systematic risk factors

To examine the determinants of returns on DISP and STDISP-sorted portfolios, we regress the quintile portfolio returns on the Fama-French (1993) three factors and a momentum factor (Carhart, 1997).
  The results, reported in Table 4, show that as the level of analyst forecast dispersion increases, the portfolio’s market risk increases and its exposures to the size (SMB) and value (HML) factors also increase, all monotonically.  Over a longer historical period than our sample reflects, the size and value premiums are positive.  If these premiums have a positive expectation, then the results of Table 4 imply that the expected return should increase from the lowest dispersion quintile portfolio to the highest dispersion quintile portfolio. 

The fact that DISP and STDISP-sorted portfolios exhibit systematically different exposures to the common risk factors strongly suggests that DISP and STDISP represent dimensions of risk that are related to both market risk and risk factors associated with characteristics. While both DISP and STDISP could be viewed as characteristics at the firm level, their association with the firm’s information environment suggests an important role for the level of information uncertainty in determining the risk level of the firm and consequently its expected returns. Table 4 demonstrates that the pricing errors based on the Fama-French and momentum factors are generally not statistically significant, hence the risk represented by DISP and/or STDISP is related to combinations of these commonly used factors.  In the next section we conduct a systematic examination of the pricing power of risk factors formed by DISP and STDISP. 

IV. The pricing power of the information risk factors

A. Construction of information risk factors  

We form a factor portfolio, termed the DSP factor, by buying stocks in the fifth quintile DISP-sorted portfolios and selling stocks in the first quintile portfolios. A similar factor portfolio is formed based on STDISP and termed the STDP factor. Both factors can be considered as information risk factors as they are formed based on characteristics associated with firms’ information environment. Panel A of Table 5 tabulates the average monthly returns and volatilities across the sample period for these two factors, as well as those for the other four commonly used pricing factors, and Panel B reports the correlation matrix among these factors.

During our 1984-2001sample period, the market excess return (RME) averaged 0.69% per month with a volatility of 4.51%, while the momentum factor (MOM) returned an average of 1.04% per month with the highest volatility of 5.31%.  In comparison, the size (SMB) and book-to-market (HML) factors had insignificant returns.  Similarly, the dispersion (DSP) and variability of dispersion (STDP) factors have insignificant monthly average returns at -0.26% and 0.08% with monthly volatilities of 3.84% and 3.34%, respectively.  Thus, the level of return variations of our dispersion factors is on par with those of the size and book-to-market factors, indicating a significant amount of common movement among stocks in these portfolios.
  

The correlation matrix presented in Panel B shows that the DSP factor is significantly positively correlated with SMB and HML and negatively correlated with MOM, but its correlation with the market factor (RME) is low and insignificant at normal levels.  In contrast, although the STDP factor is also significantly positively correlated with SMB, it does not have a significant correlation with HML or MOM, and its correlation with the RME is particularly strong.  Thus, although the correlation between DSP and STDP is very strong at 0.78, the two factors reflect somewhat different risks, consistent with the results for the quintile portfolios shown in Table 4.

B. Information risk factors and returns on SMB and HML portfolios

To investigate the pricing power of the DSP and STDP factors, we first use the Fama-French 25 portfolios, sorted by size and book-to-market ratio (Fama and French, 1993), as the testing assets.  Panel A of Table 6 reports the pricing impact of the DSP factor in a univariate time series regression:
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The regression results in Table 6 show that for all but the lowest book-to-market ratio portfolios, the realized returns are significantly related to the DSP factor.  Further, the R-squares suggest that between 2% and 13% of the variation of returns on these portfolios are explained by the DSP factor.  In Panel B, we also control for the market factor.  Even with the market factor include in the regression, the returns on most of the 25 portfolios are related to the DSP factor.  Together the market and DSP factors explain at least 48% of the return variations of all portfolios. 

One interesting observation is that while DSP alone has no impact on the group of largest firms with the lowest book-to-market ratios, 94% of the return variation on this portfolio can be accounted for by adding the market factor. This is indicative of the market movement in the last two decades as it is dominated by the fast growing firms that have gained tremendous market capitalization, such as the high tech heavy weights like Microsoft and Intel.

The pricing impact of the STDP factor on the Fama-French 25 portfolios is quite different. As shown in Panel A of Table 7, in a univariate regression the factor delivers most pricing impact for small firms and accounts for about 30% of return variations for portfolios of small stocks and its pricing power remains significant for larger stocks, albeit progressively weaker. Moreover, there a wide spread in the loadings on this factor and within the small size group, the STDP factor prices better stocks that grow fast with lower book-to-market ratios.  Panel B of Table 7 shows that when the market factor is included with the STDP factor, the general pattern remains intact, especially in the ability to discriminate among size portfolios, but the pricing power is improved even further. These results affirm the previous conjecture that this factor is more related to the size factor, while the DSP factor is more related to the book-to-market ratio.

C. Information risk factors and industry portfolio returns

Because information characteristics vary across industries, we further investigate whether our information risk factor affects industry portfolios differently.  To this end, we use 48 industry portfolios following the Fama-French industry classifications (Fama and French, 1997) as testing assets with the following five factor model:
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Table 8 presents the results of this regression as well as the results from a univariate regression on DSP alone.  The table shows the coefficients and Newey-West adjusted t-statistics for the intercept and the DSP factor as well as the adjusted R2s.  In the table, the 48 industries are sorted according to their loadings on the DSP factor in the five-factor model.  

Consistent with the notion that our factors represent measures of information risk, among the lowest loading portfolios are industries with more transparency and lower presumed information risk , such as Candy and Soda, Tobacco, Food Products, and Utilities.  On the other hand, among the highest loading portfolios are high tech industries, such as Chips, Computers, and Electrical Equipment, that intuitively would have higher information risk.  Also among the industries with high loadings are cyclical industries, such as Steel, Machinery, Automobiles, Petroleum, Precious metals and Nonmetallic mining.  This latter result is most likely due to the fact that the fortunes of these industries are economically sensitive, yet the forecasts of future economic conditions can be very disperse, leading to divergent views on these industries as well. These results hold for the DSP factor in five-factor models, indicating that even after controlling for the traditional size and book-to-market ratio of firms in these industries, the information risk is still important for these industries.

Similar results hold for the STDP factor as well in the five-factor regression, as reported in Table 9. However, the difference between the STDP and DSP factors arises in the univariate regressions in which the STDP factor has a much greater pricing impact on high tech industries than does the DSP factor. In fact, by itself, DSP nearly misses out on all of the high tech industries. This result suggests that while the DSP and STDP factors both describe the information environment, the DSP factor seems to price better the distressed firms whose economic fortune is a matter of much debate and the STDP factor likely captures the information uncertainty associate with small and young firms that are facing an uncertainty technological future.

V. Information risk and expected returns

Theory implies that higher levels of information uncertainty should result in higher expected returns. But as we argued earlier, the short historical period of ex post returns will have a very limited power in accurately determining the ex ante expected returns from DISP and STDISP-sorted portfolios. Using a novel methodology developed in Qu (2003), we derive implied expected returns on individual stocks every month.
  Then we calculate the average monthly expected return of each quintile portfolio.  The results are presented in Table 10.

Panel A shows the average monthly expected returns for the DISP-sorted value-weighted portfolios, where the expected returns are derived from mutual fund holdings.  Panel B shows the expected returns on the STDISP-sorted value-weighted portfolios. (The results for equally-weighted portfolios are very similar.)  The numbers are reported in the unit of basis points per month, although the magnitude of these numbers is not interpretable without a specification of a risk-aversion parameter, .
  Nevertheless, we can use the differences in these implied expected returns to infer the effects of information environments measured by DISP and STDISP.  From Table 10, we observe that in general with a higher level of DISP or STDISP, the average expected return on the portfolio is higher. This trend is particularly pronounced for STDISP-sorted portfolios. These results are consistent with the implications of our theoretical model.  

To the extent that these characteristics are reflected in the forming of expectations of risk premium, then we have provided confirming evidence that information risk is important in determining asset returns.  Together with the evidence of the dispersion factors’ pricing impact demonstrated earlier, it should be convincing that dispersion of analysts forecasts represents an important dimension of risk that is priced in stock returns.

VI. Conclusion

We have systematically investigated the effect of dispersion in analysts forecasts on stock returns. Our theoretical model establishes that for forecast dispersion to affect stock prices, it is necessary that there exist differential private information among investors such that it induces differential precision in their assessment of the firm’s fundamentals. We illustrate that in a dynamic setting the variability of dispersion has an unambiguous effect on price volatility, and hence, on the expected return.

Our empirical examination shows that portfolios with higher levels of dispersion or higher levels of variability in dispersion have progressively more exposure to the market risk factor as well as to the factors associated with size and book-to-market ratios. These results are consistent with the notion that dispersion and the variability of dispersion are able to capture risk components associated with firms’ information environments. Moreover, the factor portfolios formed on dispersion variables demonstrate significant pricing power, with the factor related to the level of dispersion being more associated with firms in distress and the factor related to the variability of dispersion being more associated with small young firms with uncertain but promising prospects, such as those in the high tech industries. 

Furthermore, an ex ante analysis of expected returns based on the portfolio holdings of mutual funds reveals that portfolio managers’ assessments of a stock’s risk, and hence its required rate of return for them to hold the stock, is dependent upon the information environment as represented by dispersion and its variability, with higher levels of these variables leading to higher expected returns on the stock. This is consistent with the implication of the theoretical arguments and providing additional empirical support for the risk interpretation of dispersion and its variability.

Our factors can be considered as combinations of other characteristics factors, rather than as independent new risk factors.  By relating our factors to the well-used yet less-understood existing factors, we provide economic context to these factors by linking them directly to information uncertainty. Our systematic approach also allows us to clarify existing evidence in the literature regarding the role of dispersion and contributes to our understanding of the determinants of stock returns.
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Table 1. Data Description

This table presents the number of firms, EPS forecast summary and other firm characteristics during the sample period from 1983 to 2001.  Panel A shows the number of firms in the sample by year.  Panel B shows the summary statistics.  Analyst forecasts are from I/B/E/S History Summary Data; stock prices are from CRSP monthly tapes; dispersion is the standard deviation of earnings forecast scaled by either mean forecast or the price at the beginning of the year.  For a monthly observation to be included in the sample set, there must be at least 5 analysts making forecasts during the month, and the stock price has to be over $5 per share. NumEst is the number of analysts making earnings forecasts, MeanEst and StdEst are the mean and the standard deviation of forecasts; PRC is stock price, and Size is market capitalization; DISP is StdEst scaled by year-beginning price and DISPA is StdEst scaled by MeanEst; STDISP is the firm’s standard deviation of DISP within each year.  Total number of firm-years N=272,373.
Panel A.  Number of Firms in Sample Each Year

	Year
	1983
	1984
	1985
	1986
	1987
	1988
	1989
	1990
	1991
	1992

	Number
	977
	1109
	1200
	1231
	1225
	1255
	1299
	1262
	1277
	1316

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Year
	1993
	1994
	1995
	1996
	1997
	1998
	1999
	2000
	2001
	

	Number
	1445
	1552
	1613
	1690
	1745
	1790
	1755
	1573
	1272
	


Panel B.  Summary Statistics

	Variable
	Mean
	Std
	5th
	Median
	95th

	PRC($)
	33.51 
	25.26 
	8.88 
	28.50 
	72.13 

	SIZE(MM$)
	4,289 
	15,114 
	136 
	1,118 
	5,537 

	NumEst
	14.3 
	7.6 
	6.0 
	12.0 
	30.0 

	MeanEst($)
	2.20 
	2.00 
	0.14 
	1.89 
	5.44 

	Stdest($)
	0.17 
	0.27 
	0.02 
	0.09 
	0.56 

	DISP
	0.68%
	1.47%
	0.05%
	0.33%
	2.23%

	DISPA
	17.65%
	131.15%
	0.95%
	4.56%
	45.45%

	STDISP
	0.27%
	0.65%
	0.02%
	0.13%
	0.88%


Table 2.  Characteristics of DISP and STDISP Sorted Portfolios

In January of each year between 1984 and 2001, we sort all stocks in our sample into five quintiles according to their DISP in January or their STDISP in the previous year, and hold the value-weighted portfolios for 12 months starting in February.  U1 represents the quintile portfolio with the smallest DISP or STDISP and U5 the largest.  

	
	DISP sort
	STDISP sort
	Average No. of stocks

	RANK
	DISP
	SIZE

(MM$)
	NumEst
	STDISP
	SIZE

(MM$)
	NumEst
	

	U1
	0.12%
	7556
	15.8
	0.05%
	8101 
	17.7 
	251

	U2
	0.26%
	4007
	14.7
	0.09%
	4156 
	15.2 
	252

	U3
	0.43%
	3566
	14.3
	0.15%
	3534 
	14.1 
	252

	U4
	0.77%
	3049
	13.9
	0.26%
	2617 
	13.0 
	252

	U5
	2.48%
	1838
	13.6
	0.87%
	1609 
	12.2 
	252


Table 3. Average Realized Returns on 

DISP and DISPA-Sorted Portfolios

Each month between 1984 and 2001, we sort all stocks in our sample into five quintiles according to their DISP or DISPA within each of five equally divided size groups, and hold the value-weighted portfolios for the following month.  U1 represents the quintile portfolio with the smallest DISP or DISPA and U5 the largest.  The reported numbers are in percentage per month. 

A. Average Realized Returns on DISP and DISPA-sorted Portfolios including stocks with at least two analysts

	DISP
	Small
	2 
	3 
	4 
	Big
	All

	1
	1.77%
	1.64%
	1.46%
	1.26%
	1.19%
	1.46%

	2
	1.47%
	1.48%
	1.47%
	1.21%
	1.22%
	1.37%

	3
	1.39%
	1.42%
	1.49%
	1.24%
	1.21%
	1.35%

	4
	1.35%
	1.42%
	1.29%
	1.30%
	1.26%
	1.32%

	5
	0.93%
	1.27%
	1.20%
	1.23%
	1.14%
	1.15%

	high-low
	-0.84%
	-0.37%
	-0.25%
	-0.03%
	-0.05%
	-0.31%

	t(high-low)
	-3.50 
	-1.74 
	-1.16 
	-0.14 
	-0.16 
	-1.55 


	DISPA
	Small
	2 
	3 
	4 
	Big
	All

	1
	1.98%
	1.74%
	1.61%
	1.41%
	1.28%
	1.60%

	2
	1.70%
	1.68%
	1.56%
	1.23%
	1.24%
	1.48%

	3
	1.40%
	1.36%
	1.50%
	1.23%
	1.29%
	1.36%

	4
	1.19%
	1.41%
	1.33%
	1.33%
	1.18%
	1.29%

	5
	0.68%
	1.03%
	1.02%
	1.13%
	1.07%
	0.98%

	high-low
	-1.31%
	-0.71%
	-0.59%
	-0.28%
	-0.22%
	-0.62%

	t(high-low)
	-4.87 
	-2.19 
	-2.08 
	-0.98 
	-0.66 
	-2.17 


B. Average Realized Returns on DISP and DISPA-sorted Portfolios including stocks with at least five analysts

	DISP
	Small
	2 
	3 
	4 
	Big
	All

	1
	1.44%
	1.43%
	1.21%
	1.25%
	1.22%
	1.31%

	2
	1.53%
	1.53%
	1.27%
	1.28%
	1.33%
	1.39%

	3
	1.44%
	1.50%
	1.37%
	1.35%
	1.02%
	1.34%

	4
	1.58%
	1.32%
	1.43%
	1.33%
	1.13%
	1.36%

	5
	1.09%
	1.26%
	1.22%
	1.20%
	1.16%
	1.19%

	high-low
	-0.35%
	-0.17%
	0.01%
	-0.04%
	-0.05%
	-0.12%

	t(high-low)
	-1.94 
	-0.72 
	0.03 
	-0.17 
	-0.14 
	-0.59 


	DISPA
	Small
	2 
	3 
	4 
	Big
	All

	1
	1.61%
	1.59%
	1.41%
	1.41%
	1.37%
	1.48%

	2
	1.66%
	1.48%
	1.24%
	1.32%
	1.13%
	1.37%

	3
	1.51%
	1.53%
	1.28%
	1.18%
	1.18%
	1.34%

	4
	1.32%
	1.33%
	1.44%
	1.32%
	1.19%
	1.32%

	5
	1.01%
	1.15%
	1.14%
	1.22%
	1.00%
	1.10%

	high-low
	-0.60%
	-0.44%
	-0.27%
	-0.20%
	-0.37%
	-0.38%

	t(high-low)
	-1.99 
	-1.17 
	-0.98 
	-0.55 
	-1.18 
	-1.26 


Table 4.  Determinants of DISP and STDISP Quintile Portfolios

In January of each year between 1984 and 2001, we sort all stocks in our sample into five quintiles according to their DISP or STDISP, and hold the value-weighted portfolios for 12 months starting in February.  U1 represents the quintile portfolio with the smallest DISP or STDISP and U5 the largest.  Returns on these portfolios are then regressed on the Fama-French three factors (RME, SMB and HML) and a momentum factor (MOM) and the regression coefficients, their t-statitistics and adjusted R-square are reported.
	
	Intercept
	RME
	SMB
	HML
	MOM
	Adj. R2

	DISP- sorted Portfolios

	U1
	0.31%
	0.93 
	-0.30 
	-0.34 
	0.05 
	93.7%

	
	3.53 
	42.16 
	-10.90 
	-10.25 
	3.03 
	

	
	
	
	
	
	
	

	U2
	-0.11%
	0.99 
	-0.08 
	0.09 
	-0.01 
	92.0%

	
	-1.18 
	43.51 
	-2.81 
	2.58 
	-0.33 
	

	
	
	
	
	
	
	

	U3
	-0.06%
	1.01 
	-0.10 
	0.21 
	-0.06 
	92.2%

	
	-0.65 
	45.49 
	-3.43 
	6.41 
	-3.79 
	

	
	
	
	
	
	
	

	U4
	0.04%
	1.06 
	-0.01 
	0.26 
	-0.06 
	90.2%

	
	0.36 
	40.45 
	-0.35 
	6.59 
	-2.98 
	

	
	
	
	
	
	
	

	U5
	-0.21%
	1.25 
	0.19 
	0.45 
	-0.10 
	84.0%

	
	-1.27 
	30.83 
	3.84 
	7.36 
	-3.32 
	

	
	
	
	
	
	
	

	U5-U1
	-0.51%
	0.32 
	0.49 
	0.78 
	-0.14 
	34.7%

	
	-2.30 
	5.72 
	7.05 
	9.33 
	-3.59 
	

	STDISP- sorted Portfolios

	U1
	0.07%
	0.93 
	-0.31 
	-0.15 
	-0.01 
	94.6%

	
	0.84 
	52.02 
	-4.30 
	0.86 
	0.39 
	

	
	
	
	
	
	
	

	U2
	0.06%
	0.99 
	-0.10 
	0.02 
	0.01 
	94.5%

	
	0.91 
	49.04 
	-13.20 
	-5.25 
	-0.53 
	

	
	
	
	
	
	
	

	U3
	0.05%
	1.02 
	-0.02 
	0.12 
	0.00 
	92.3%

	
	0.58 
	44.36 
	-0.81 
	3.43 
	-0.16 
	

	
	
	
	
	
	
	

	U4
	0.10%
	1.06 
	0.09 
	0.07 
	-0.01 
	92.0%

	
	1.03 
	42.01 
	2.81 
	1.84 
	-0.67 
	

	
	
	
	
	
	
	

	U5
	-0.13%
	1.24 
	0.31 
	0.34 
	-0.03 
	89.3%

	
	-0.98 
	37.48 
	7.62 
	6.90 
	-1.18 
	

	
	
	
	
	
	
	

	U5-U1
	-0.20%
	0.32 
	0.62 
	0.49 
	-0.02 
	41.7%

	
	-1.08 
	6.93 
	10.92 
	7.14 
	-0.64 
	


Table 5.  Summary Statistics of Factors

Factor return statistics

	Factor
	RME
	SMB
	HML
	MOM
	DSP
	SDP

	Return
	0.70%
	-0.12%
	0.30%
	1.05%
	-0.26%
	0.08%

	Volatility
	4.52%
	3.52%
	3.38%
	5.31%
	3.84%
	3.34%

	t-value
	2.28
	-0.48
	1.32
	2.91
	-0.99
	0.36


Correlation matrix

(upper half – Pearson; lower half – Spearman)

	
	RME
	SMB
	HML
	MOM
	DSP
	SDP

	RME
	1
	0.18 
	-0.53 
	-0.08 
	0.10 
	0.29 

	
	
	0.01 
	<.0001
	0.25 
	0.13 
	<.0001

	SMB
	0.13 
	1
	-0.49 
	-0.10 
	0.20 
	0.50 

	
	0.06 
	
	<.0001
	0.15 
	0.003 
	<.0001

	HML
	-0.55 
	-0.34 
	1
	0.05 
	0.26 
	-0.05 

	
	<.0001
	<.0001
	
	0.50 
	0.00 
	0.44 

	MOM
	0.00 
	-0.20 
	-0.04 
	1
	-0.24 
	-0.11 

	
	0.96 
	0.00 
	0.61 
	
	0.00 
	0.11 

	DSP
	0.07 
	0.27 
	0.25 
	-0.31 
	1
	0.77 

	
	0.30 
	<.0001
	0.00 
	<.0001
	
	<.0001

	SDP
	0.26 
	0.48 
	-0.03 
	-0.15 
	0.78 
	1

	
	<.0001
	<.0001
	0.65 
	0.03 
	<.0001
	


Table 6.  Pricing Impact of DSP Factor on Fama-French 25 Portfolios

In this table, we regress value-weighted returns of Fama-French 25 size and book-to-market ratio portfolios on DSP in a univariate model: 
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, and a multivariate model with the market factor included: 
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. Regression coefficients, Newey-West adjusted t-values and adjusted R-squares are reported.
A. Univariate Regression

	
	Coefficient
	t-value

	
	Small
	2
	3
	4
	Big
	Small
	2
	3
	4
	Big

	a


	Low B/M
	-0.06%
	0.40%
	0.55%
	0.86%
	0.82%
	-0.1
	0.75
	1.11
	1.98
	2.43

	
	2
	0.78%
	0.74%
	0.88%
	0.86%
	0.90%
	1.55
	1.86
	2.45
	2.65
	2.88

	
	3
	0.88%
	0.98%
	0.82%
	0.85%
	0.85%
	2.26
	2.97
	2.71
	2.67
	2.99

	
	4
	1.05%
	1.01%
	0.94%
	1.00%
	0.87%
	2.93
	3.17
	3.19
	3.67
	3.11

	
	High B/M
	1.01%
	0.90%
	1.19%
	1.02%
	0.97%
	2.74
	2.62
	3.81
	3.46
	3.24

	f


	Low B/M
	0.23
	0.30
	0.18
	0.13
	-0.15
	1.33
	2.00
	1.23
	1.01
	-1.57

	
	2
	0.31
	0.38
	0.44
	0.39
	0.19
	2.21
	3.36
	4.03
	3.99
	1.95

	
	3
	0.32
	0.40
	0.42
	0.45
	0.28
	2.75
	4.12
	4.63
	4.73
	3.17

	
	4
	0.33
	0.39
	0.42
	0.33
	0.27
	3.07
	4.26
	4.73
	3.9
	3.45

	
	High B/M
	0.45
	0.48
	0.45
	0.40
	0.28
	4.32
	4.61
	4.71
	4.73
	3.57

	RSQ


	Low B/M
	0.7%
	1.8%
	0.4%
	0.1%
	0.9%
	
	
	
	
	

	
	2
	2.5%
	5.7%
	9.3%
	8.4%
	1.9%
	
	
	
	
	

	
	3
	4.5%
	9.6%
	11.8%
	12.3%
	5.3%
	
	
	
	
	

	
	4
	6.0%
	10.1%
	13.1%
	8.6%
	5.5%
	
	
	
	
	

	
	High B/M
	11.0%
	12.6%
	13.0%
	11.0%
	5.0%
	
	
	
	
	


B. Regression with the Market Factor

	
	Coefficient
	
	
	t-value
	
	

	
	Small
	2
	3
	4
	Big
	Small
	2
	3
	4
	Big

	a
	Low B/M
	-1.03%
	-0.61%
	-0.44%
	-0.08%
	0.03%
	-2.52
	-2.14
	-1.88
	-0.40
	0.29

	
	2
	-0.02%
	-0.03%
	0.12%
	0.14%
	0.20%
	-0.06
	-0.14
	0.79
	0.91
	1.47

	
	3
	0.22%
	0.34%
	0.21%
	0.19%
	0.24%
	0.85
	1.89
	1.29
	1.08
	1.51

	
	4
	0.46%
	0.41%
	0.38%
	0.44%
	0.36%
	1.86
	2.15
	2.09
	2.73
	1.81

	
	High B/M
	0.41%
	0.26%
	0.60%
	0.45%
	0.47%
	1.65
	1.25
	2.89
	2.25
	1.95

	b
	Low B/M
	1.32
	1.38
	1.35
	1.28
	1.08
	16.81
	27.4
	27.07
	28.38
	67.51

	
	2
	1.09
	1.05
	1.04
	0.99
	0.95
	16.1
	18.25
	27.86
	20.12
	23.97

	
	3
	0.91
	0.87
	0.84
	0.90
	0.84
	14.53
	16.02
	17.93
	17.56
	19.72

	
	4
	0.82
	0.81
	0.75
	0.77
	0.69
	11.41
	14.10
	15.2
	17.31
	12.80

	
	High B/M
	0.81
	0.88
	0.80
	0.78
	0.68
	11.88
	14.25
	11.82
	13.63
	10.04

	f
	Low B/M
	0.07
	0.13
	0.01
	-0.03
	-0.29
	0.56
	1.61
	0.20
	-0.57
	-12.94

	
	2
	0.18
	0.25
	0.31
	0.27
	0.07
	1.67
	4.11
	5.92
	6.92
	1.34

	
	3
	0.21
	0.29
	0.32
	0.34
	0.18
	2.66
	5.32
	6.55
	7.09
	3.52

	
	4
	0.24
	0.29
	0.33
	0.24
	0.19
	2.88
	5.42
	5.71
	5.07
	3.43

	
	High B/M
	0.35
	0.37
	0.35
	0.31
	0.20
	4.39
	5.42
	6.17
	5.37
	3.07

	RSQ
	Low B/M
	51.55%
	67.97%
	72.35%
	80.33%
	94.29%
	
	
	
	
	

	
	2
	50.68%
	71.75%
	83.77%
	85.44%
	82.26%
	
	
	
	
	

	
	3
	57.79%
	75.23%
	79.05%
	80.87%
	77.54%
	
	
	
	
	

	
	4
	58.78%
	71.09%
	72.30%
	76.70%
	57.61%
	
	
	
	
	

	
	High B/M
	61.48%
	72.11%
	71.78%
	69.12%
	48.24%
	
	
	
	
	


Table 7.  Pricing Impact of STDP Factor on Fama-French 25 Portfolios

In this table, we regress value-weighted returns of Fama-French 25 size and book-to-market ratio portfolios on DSP in a univariate model: 
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, and a multivariate model with the market factor included: 
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. Regression coefficients, Newey-West adjusted t-values and adjusted R-squares are reported.
A. Univariate Regression

	　
	　
	Coefficients
	t-values

	
	
	Small
	2
	3
	4
	Big
	Small
	2
	3
	4
	Big

	　
	Low B/M
	-0.21%
	0.24%
	0.43%
	0.77%
	0.85%
	-0.4
	0.49
	0.93
	1.87
	2.44

	　
	2
	0.61%
	0.57%
	0.71%
	0.71%
	0.82%
	1.41
	1.57
	2.05
	2.20
	2.62

	a
	3
	0.73%
	0.82%
	0.67%
	0.68%
	0.76%
	2.12
	2.64
	2.22
	2.12
	2.6

	　
	4
	0.90%
	0.85%
	0.78%
	0.88%
	0.78%
	2.82
	2.78
	2.65
	3.21
	2.7

	　
	High B/M
	0.82%
	0.71%
	1.02%
	0.88%
	0.88%
	2.6
	2.23
	3.24
	2.94
	2.86

	　
	Low B/M
	1.12
	1.00
	0.81
	0.69
	0.11
	4.82
	5.20
	4.29
	3.93
	0.87

	　
	2
	1.07
	0.85
	0.74
	0.58
	0.33
	5.53
	6.51
	5.57
	4.55
	2.55

	f
	3
	0.87
	0.71
	0.60
	0.58
	0.33
	6.02
	6.15
	5.07
	4.42
	2.65

	　
	4
	0.79
	0.67
	0.55
	0.46
	0.24
	6.50
	6.09
	4.76
	4.67
	2.01

	　
	High B/M
	0.89
	0.82
	0.58
	0.47
	0.28
	7.62
	7.39
	4.88
	3.98
	2.18

	　
	Low B/M
	19.8%
	19.0%
	13.8%
	12.5%
	0.1%
	
	
	
	
	

	　
	2
	25.2%
	23.6%
	20.6%
	14.5%
	4.8%
	
	
	
	
	

	RSQ
	3
	26.5%
	23.6%
	18.7%
	15.5%
	5.6%
	
	
	
	
	

	　
	4
	26.6%
	22.7%
	17.2%
	12.8%
	3.1%
	
	
	
	
	

	　
	High B/M
	33.0%
	28.5%
	16.5%
	11.5%
	3.5%
	
	
	
	
	


B. Regression with the Market Factor

	
	
	
	
	Coefficients
	
	
	
	
	t-values
	
	

	
	
	Small
	2
	3
	4
	Big
	Small
	2
	3
	4
	Big

	
	Low B/M
	-1.01%
	-0.62%
	-0.42%
	-0.05%
	0.10%
	-2.72
	-2.35
	-1.85
	-0.27
	1.05

	
	2
	-0.03%
	-0.08%
	0.05%
	0.06%
	0.18%
	-0.11
	-0.40
	0.30
	0.39
	1.26

	a
	3
	0.19%
	0.28%
	0.13%
	0.10%
	0.18%
	0.83
	1.60
	0.74
	0.49
	1.08

	
	4
	0.41%
	0.34%
	0.30%
	0.37%
	0.30%
	1.92
	1.80
	1.51
	2.22
	1.42

	
	High B/M
	0.34%
	0.18%
	0.50%
	0.36%
	0.41%
	1.63
	0.89
	2.27
	1.7
	1.62

	
	Low B/M
	1.19
	1.28
	1.28
	1.23
	1.12
	13.86
	21.86
	21.05
	24.32
	59.09

	
	2
	0.96
	0.97
	0.99
	0.97
	0.97
	13.31
	17.05
	24.71
	17.61
	21.14

	b
	3
	0.81
	0.81
	0.80
	0.88
	0.86
	13.08
	14.38
	15.59
	15.04
	16.8

	
	4
	0.73
	0.75
	0.72
	0.76
	0.72
	10.18
	12.66
	13.13
	15.33
	11.35

	
	High B/M
	0.71
	0.80
	0.77
	0.77
	0.70
	10.34
	12.46
	10.48
	11.91
	9.61

	
	Low B/M
	0.66
	0.51
	0.31
	0.22
	-0.32
	3.12
	3.5
	2.55
	1.94
	-10.82

	
	2
	0.70
	0.48
	0.36
	0.21
	-0.05
	3.85
	6.62
	6.05
	3.43
	-0.59

	f
	3
	0.56
	0.39
	0.29
	0.24
	0.00
	4.61
	6.92
	4.03
	3.10
	-0.02

	
	4
	0.50
	0.38
	0.27
	0.17
	-0.03
	5.21
	5.96
	3.65
	2.97
	-0.34

	
	High B/M
	0.61
	0.51
	0.28
	0.18
	0.01
	6.92
	7.49
	3.56
	1.88
	0.07

	
	Low B/M
	57.99%
	72.17%
	74.31%
	81.49%
	93.74%
	
	
	
	
	

	
	2
	59.83%
	76.08%
	83.42%
	83.04%
	82.00%
	
	
	
	
	

	RSQ
	3
	65.85%
	76.79%
	76.25%
	76.18%
	75.25%
	
	
	
	
	

	
	4
	65.86%
	72.05%
	68.04%
	73.70%
	54.84%
	
	
	
	
	

	
	High B/M
	69.24%
	74.70%
	67.32%
	64.01%
	45.53%
	
	
	
	
	


Table 8.  Pricing Impact of the DSP Factor on Industry Portfolios

In this table, we regress the value-weighted returns of the Fama-French 48 industry portfolios using a five-factor pricing model:
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The regression coefficients on the intercept and the DSP factor, their Newey-West adjusted t-values and adjusted R-squares are reported. The table is ordered by loadings on the DSP factor in the five-factor model. A univariate regression on the DSP factor alone is also reported.

	Five Factors Model
	Industry

Name
	One Factor Model

	a
	f
	t_a
	t_f
	Adj. R2
	
	a
	f
	t_a
	t_f
	Adj. R2

	0.21%
	-0.59
	0.65
	-5.11
	46.6%
	Candy and soda
	1.19%
	-0.32
	3.11
	-2.6
	4.1%

	-0.03%
	-0.41
	-0.12
	-4.94
	49.9%
	Food products
	0.96%
	-0.19
	2.77
	-1.82
	1.5%

	0.37%
	-0.42
	1.36
	-4.94
	58.1%
	Pharmaceuticals
	1.14%
	-0.33
	3.35
	-3.17
	5.1%

	0.09%
	-0.31
	0.39
	-3.74
	69.1%
	Retail
	1.01%
	-0.01
	2.4
	-0.09
	-0.5%

	0.36%
	-0.27
	1.33
	-3.11
	56.0%
	Medical equipment
	1.11%
	-0.15
	3
	-1.25
	0.5%

	0.04%
	-0.16
	0.21
	-2.99
	78.2%
	Consumer goods
	0.94%
	-0.1
	2.92
	-1.1
	0.1%

	0.22%
	-0.44
	0.48
	-2.96
	26.7%
	Tobacco
	1.28%
	-0.14
	2.48
	-0.95
	0.1%

	0.23%
	-0.26
	0.74
	-2.52
	33.8%
	Beer and liquor
	0.96%
	-0.11
	2.9
	-1.17
	0.2%

	0.18%
	-0.21
	0.55
	-2.36
	61.4%
	Telecom
	0.76%
	-0.11
	1.97
	-0.93
	0.1%

	-0.27%
	-0.16
	-1.17
	-2.25
	68.3%
	Insurance
	0.89%
	0.11
	2.43
	1.07
	0.1%

	-0.25%
	-0.15
	-1.06
	-2.07
	46.5%
	Utilities
	0.62%
	0.06
	2.32
	0.72
	-0.1%

	0.53%
	-0.09
	2.89
	-1.3
	87.6%
	Business services
	0.96%
	-0.06
	1.9
	-0.41
	-0.4%

	-0.20%
	-0.09
	-1.03
	-1.27
	71.8%
	Printing/publishing
	0.82%
	0.15
	2.25
	1.56
	0.8%

	-0.06%
	-0.05
	-0.48
	-1.24
	88.1%
	Financial
	0.93%
	0.18
	2.86
	1.77
	1.5%

	-0.31%
	-0.1
	-1.25
	-1.2
	64.7%
	Restaurants/hotels
	0.62%
	0.2
	1.59
	1.85
	1.4%

	-0.26%
	-0.1
	-1.21
	-1.15
	64.9%
	Real estate
	0.55%
	0.3
	1.43
	2.91
	4.4%

	-0.53%
	-0.11
	-1.44
	-1.1
	59.2%
	Personal services
	0.43%
	0.21
	0.96
	1.81
	1.1%

	-0.21%
	-0.11
	-0.76
	-1.04
	37.5%
	Agriculture
	0.56%
	0.19
	1.39
	1.78
	1.0%

	-0.19%
	-0.06
	-0.92
	-0.93
	74.9%
	Banking
	1.10%
	0.3
	2.66
	2.51
	3.2%

	-0.01%
	-0.09
	-0.04
	-0.82
	57.7%
	Entertainment
	0.82%
	0.24
	1.65
	1.56
	1.2%

	-0.32%
	-0.06
	-0.82
	-0.53
	36.8%
	Shipbuilding/railroad
	0.74%
	0.24
	1.63
	2.08
	1.5%

	-0.58%
	-0.05
	-1.77
	-0.43
	59.5%
	Apparel
	0.43%
	0.34
	0.9
	2.68
	3.5%

	-0.44%
	-0.05
	-1.09
	-0.43
	43.2%
	Healthcare
	0.74%
	0.24
	1.54
	1.86
	1.3%


 (Continued)

	Five Factors Model
	Industry

Name
	One Factor Model

	a
	f
	t_a
	t_f
	Adj. R2
	
	a
	f
	t_a
	t_f
	Adj. R2

	-0.17%
	0
	-0.98
	0
	78.3%
	Wholesale
	0.74%
	0.24
	2.12
	2.22
	2.7%

	-0.79%
	0
	-1.85
	0.04
	43.9%
	Other
	0.40%
	0.36
	0.82
	2.87
	3.4%

	-0.42%
	0.04
	-1.27
	0.42
	57.0%
	Textiles
	0.46%
	0.52
	1.04
	4.48
	9.5%

	-0.16%
	0.06
	-0.49
	0.54
	54.8%
	Aerospace
	0.88%
	0.35
	2.05
	2.33
	3.9%

	-0.28%
	0.07
	-1.17
	0.57
	66.2%
	Rubber and plastics
	0.69%
	0.32
	1.76
	2.15
	3.7%

	0.14%
	0.13
	0.33
	0.95
	31.7%
	Defense
	0.98%
	0.37
	2.2
	2.62
	4.1%

	-0.38%
	0.18
	-1.33
	1.57
	53.3%
	Fabricated products
	0.38%
	0.56
	0.93
	4.32
	11.4%

	-0.02%
	0.25
	-0.07
	1.99
	50.9%
	Containers
	0.75%
	0.39
	2.2
	2.9
	7.4%

	-0.58%
	0.18
	-2.3
	2.02
	69.6%
	Construction materials
	0.48%
	0.58
	1.04
	4.93
	10.5%

	-0.29%
	0.17
	-1.25
	2.18
	70.4%
	Transportation
	0.65%
	0.49
	1.71
	4.75
	10.1%

	0.77%
	0.41
	1.79
	2.36
	60.8%
	Toys
	1.18%
	0.41
	1.9
	2.26
	2.6%

	-0.63%
	0.37
	-1.46
	2.37
	35.9%
	Coal
	0.35%
	0.65
	0.79
	4.22
	12.5%

	0.02%
	0.26
	0.1
	2.82
	80.4%
	Electric equipment
	0.81%
	0.25
	1.62
	1.77
	1.3%

	-0.14%
	0.21
	-0.66
	3.1
	74.6%
	Building materials
	0.81%
	0.42
	2.24
	4.18
	8.1%

	-0.54%
	0.5
	-1.62
	3.47
	51.6%
	Nonmetallic mining
	0.28%
	0.74
	0.71
	5.14
	17.9%

	0.64%
	0.37
	2.26
	3.6
	73.9%
	Computers
	0.66%
	0.26
	1.26
	1.67
	1.3%

	-0.10%
	0.38
	-0.38
	3.84
	67.7%
	Automobiles/trucks
	0.74%
	0.63
	1.79
	5.4
	13.6%

	0.44%
	0.42
	1.26
	3.89
	70.0%
	Measuring equipment
	1.02%
	0.49
	1.75
	3.17
	4.2%

	-0.11%
	0.37
	-0.52
	4.04
	72.7%
	Chemicals
	0.83%
	0.47
	2.47
	4.16
	10.7%

	1.00%
	0.43
	3.18
	4.2
	77.2%
	Chips
	1.11%
	0.39
	1.94
	2.38
	2.6%

	-0.16%
	0.4
	-0.66
	4.38
	65.5%
	Business supplies
	0.78%
	0.5
	2.17
	4.34
	10.4%

	0.05%
	0.92
	0.08
	4.54
	16.8%
	Precious metals
	0.20%
	0.95
	0.35
	5.87
	13.7%

	0.14%
	0.51
	0.54
	5.7
	54.2%
	Petroleum/gas
	0.77%
	0.56
	2.6
	6.41
	19.0%

	0.06%
	0.48
	0.29
	7.5
	82.1%
	Machinery
	0.68%
	0.67
	1.72
	5.78
	15.9%

	-0.15%
	0.81
	-0.67
	10.45
	75.2%
	Steel
	0.57%
	0.89
	1.62
	7.76
	26.3%


Table 9.  Pricing Impact of the STDP Factor on Industry Portfolios

In this table, we regress the value-weighted returns of the Fama-French 48 industry portfolios using a five-factor pricing model:
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The regression coefficients on the intercept and the STDP factor, their Newey-West adjusted t-values and adjusted R-squares are reported. The table is ordered by loadings on the STDP factor in the five-factor model.  A univariate regression on the STDP factor alone is also reported.

	Five Factors Model
	Industry

Name
	One Factor Model

	a
	f
	t_a
	t_f
	Adj. R2
	
	a
	f
	t_a
	t_f
	Adj. R2

	0.36%
	-0.76
	1.19
	-6.33
	47.8%
	Candy and soda
	1.30%
	-0.31
	3.25
	-2.09
	2.7%

	0.06%
	-0.61
	0.22
	-5.83
	52.9%
	Food products
	1.03%
	-0.24
	2.96
	-1.86
	2.0%

	0.48%
	-0.51
	1.96
	-5.02
	58.0%
	Pharmaceuticals
	1.24%
	-0.19
	3.48
	-1.53
	1.0%

	-0.24%
	-0.35
	-1.12
	-4.62
	50.4%
	Utilities
	0.62%
	-0.09
	2.31
	-1.03
	0.1%

	0.29%
	-0.80
	0.67
	-4.21
	31.4%
	Tobacco
	1.34%
	-0.24
	2.64
	-1.49
	0.8%

	0.41%
	-0.42
	1.61
	-3.87
	57.4%
	Medical equipment
	1.15%
	0.04
	3.03
	0.30
	-0.4%

	-0.49%
	-0.35
	-1.25
	-2.72
	44.8%
	Healthcare
	0.65%
	0.33
	1.33
	1.92
	2.1%

	-0.23%
	-0.23
	-1.02
	-2.50
	68.6%
	Insurance
	0.85%
	0.10
	2.30
	0.64
	-0.1%

	0.31%
	-0.28
	1.07
	-2.12
	33.2%
	Beer and liquor
	1.00%
	-0.05
	2.94
	-0.40
	-0.4%

	0.21%
	-0.19
	0.89
	-1.99
	67.1%
	Retail
	0.98%
	0.30
	2.35
	2.11
	2.4%

	0.09%
	-0.12
	0.55
	-1.96
	77.7%
	Consumer goods
	0.96%
	0.10
	2.88
	0.78
	0.0%

	-0.24%
	-0.24
	-0.75
	-1.86
	55.7%
	Aerospace
	0.77%
	0.31
	1.72
	1.69
	2.1%

	-0.05%
	-0.09
	-0.41
	-1.85
	88.2%
	Financial
	0.86%
	0.25
	2.64
	1.80
	2.6%

	-0.59%
	-0.21
	-1.90
	-1.75
	60.1%
	Apparel
	0.30%
	0.43
	0.63
	2.30
	4.3%

	-0.51%
	-0.21
	-1.39
	-1.38
	59.6%
	Personal services
	0.34%
	0.47
	0.76
	3.12
	5.6%

	-0.83%
	-0.18
	-2.02
	-1.32
	44.3%
	Other
	0.27%
	0.47
	0.54
	3.11
	4.4%

	-0.33%
	-0.19
	-0.85
	-1.24
	37.3%
	Shipbuilding/railroads
	0.66%
	0.28
	1.42
	1.75
	1.6%

	-0.19%
	-0.16
	-0.65
	-1.22
	37.6%
	Agriculture
	0.48%
	0.47
	1.20
	3.82
	6.1%

	-0.23%
	-0.11
	-1.08
	-1.21
	64.9%
	Real estate
	0.43%
	0.55
	1.14
	4.22
	11.4%

	0.03%
	-0.21
	0.07
	-1.16
	32.1%
	Defense
	0.86%
	0.27
	1.83
	1.67
	1.3%

	-0.28%
	-0.10
	-1.14
	-1.05
	64.7%
	Restaurants/hotels
	0.54%
	0.38
	1.37
	2.44
	4.7%

	-0.33%
	-0.09
	-1.51
	-0.76
	66.2%
	Rubber and plastics
	0.57%
	0.51
	1.45
	3.47
	7.5%


                     (Continued)

	Five Factors Model
	Industry

Name
	One Factor Model

	a
	f
	t_a
	t_f
	Adj. R2
	
	a
	f
	t_a
	t_f
	Adj. R2

	-0.17%
	-0.10
	-0.68
	-0.75
	49.0%
	Containers
	0.62%
	0.31
	1.79
	2.10
	3.3%

	-0.17%
	-0.05
	-0.85
	-0.65
	71.6%
	Printing/publishing
	0.75%
	0.39
	2.06
	3.04
	5.4%

	-0.46%
	-0.08
	-1.46
	-0.62
	57.0%
	Textiles
	0.27%
	0.70
	0.62
	4.55
	13.6%

	0.28%
	-0.06
	0.81
	-0.53
	60.1%
	Telecom
	0.77%
	0.23
	2.00
	1.76
	1.4%

	-0.17%
	-0.01
	-1.03
	-0.13
	78.3%
	Wholesale
	0.64%
	0.53
	1.87
	4.01
	11.0%

	0.03%
	0.01
	0.10
	0.04
	57.5%
	Entertainment
	0.71%
	0.57
	1.48
	 3.26
	    7.1%

	-0.44%
	0.12
	-1.55
	0.81
	52.7%
	Fabricated products
	0.18%
	0.73
	0.44
	 4.74
	  14.6%

	-0.14%
	0.08
	-0.68
	0.93
	74.9%
	Banking
	0.99%
	0.48
	2.38
	 2.78
	    6.6%

	-0.23%
	0.08
	-1.07
	1.00
	73.3%
	Building materials
	0.66%
	0.52
	1.80
	 3.52
	    9.5%

	-0.78%
	0.24
	-1.85
	1.17
	33.9%
	Coal
	0.12%
	0.80
	0.27
	 4.48
	  14.1%

	-0.35%
	0.13
	-1.55
	1.33
	69.9%
	Transportation
	0.47%
	0.64
	1.24
	 4.42
	  13.3%

	-0.27%
	0.14
	-1.23
	1.42
	68.6%
	Chemicals
	0.67%
	0.46
	1.95
	 3.39
	    7.8%

	0.60%
	0.13
	3.35
	1.76
	87.6%
	Business services
	0.93%
	0.63
	1.90
	 3.36
	    7.4%

	-0.63%
	0.24
	-2.48
	2.11
	69.7%
	Construction materials
	0.26%
	0.94
	0.59
	 6.95
	  21.4%

	-0.06%
	0.29
	-0.23
	2.46
	45.9%
	Petroleum/gas
	0.59%
	0.45
	1.86
	 3.57
	    9.0%

	-0.05%
	0.30
	-0.22
	2.47
	80.3%
	Electric equipment
	0.67%
	0.87
	1.47
	 4.07
	  15.1%

	0.66%
	0.50
	1.56
	2.83
	60.8%
	Toys
	1.00%
	0.90
	1.70
	 4.64
	  10.5%

	-0.31%
	0.29
	-1.28
	3.21
	62.6%
	Business supplies
	0.61%
	0.56
	1.68
	 3.67
	    9.7%

	0.31%
	0.44
	0.85
	3.35
	69.4%
	Measuring equipment
	0.80%
	1.11
	1.54
	 5.19
	  17.5%

	-0.25%
	0.87
	-0.39
	3.53
	13.3%
	Precious metals
	-0.13%
	1.05
	-0.22
	 4.86
	  12.6%

	0.55%
	0.46
	1.84
	3.60
	74.1%
	Computers
	0.53%
	0.72
	1.08
	 3.85
	  10.1%

	-0.70%
	0.45
	-2.19
	3.75
	49.1%
	Nonmetallic mining
	0.02%
	0.91
	0.04
	 5.46
	  20.6%

	0.88%
	0.51
	2.78
	4.24
	77.0%
	Chips
	0.93%
	0.97
	1.77
	 4.65
	  13.9%

	-0.19%
	0.53
	-0.77
	4.63
	68.8%
	Automobiles/trucks
	0.52%
	0.80
	1.26
	 5.16
	  16.5%

	-0.12%
	0.35
	-0.57
	4.64
	78.5%
	Machinery
	0.44%
	0.89
	1.14
	 6.12
	  21.5%

	-0.43%
	0.69
	-1.70
	6.66
	67.8%
	Steel
	0.25%
	1.06
	0.73
	 6.92
	28.6%


Table 10. Average Expected Excess Returns on DISP and STDISP Quintile Portfolios

In January of each year between 1984 and 2001, we sort all stocks in our sample into five quintiles according to their DISP in January or their STDISP in the previous year, and hold the value-weighted portfolios for 12 months starting in February.  U1 represents the quintile portfolio with the smallest DISP or STDISP and U5 the largest. The expected excess returns on individual stocks are implied from the portfolio weights of mutual funds at each quarter using the mean-variance framework. The reported numbers are in basis points per month up to a scaling constant related to the risk aversion parameter. The average number of stocks in each portfolio is around 127. 

A. Average Expected Returns on DISP-sorted Portfolios

	DISP Rank
	1984 - 2001
	1984 -1992
	1993 - 2001

	U1

U2
	20.4 
	22.2 
	18.6 

	
	19.2 
	21.6 
	16.8 

	U3
	19.4 
	21.8 
	17.1 

	U4

U5
	21.0 
	23.7 
	18.4 

	
	23.0 
	26.0 
	20.1 

	U5-U1
	2.6 
	4.3 
	1.5 

	t(U5-U1)
	6.3 
	7.2 
	2.9 


B. Average Expected Returns on STDISP-sorted Portfolios

	STDISP Rank
	1984 - 2001
	1984 -1992
	1993 - 2001

	U1

U2
	19.2 
	21.3 
	17.1 

	
	19.0 
	21.2 
	16.8 

	U3
	20.6 
	23.1 
	18.2 

	U4

U5
	21.9 
	24.3 
	19.6 

	
	24.4 
	27.3 
	21.6 

	U5-U1
	5.2 
	5.9 
	5.8 

	t(U5-U1)
	12.1 
	10.9 
	11.5 


* All are from Department of Finance, McCombs School of Business, University of Texas at Austin, Austin, TX 78712.  Email: � HYPERLINK "mailto:shisheng.qu@phd.bus.utexas.edu" ��shisheng.qu@phd.bus.utexas.edu� (Qu); � HYPERLINK "mailto:laura.starks@bus.utexas.edu" ��laura.starks@bus.utexas.edu� (Starks) and � HYPERLINK "mailto:hong.yan@bus.utexas.edu" ��hong.yan@bus.utexas.edu� (Yan). We thank Aydogan Alti, Sheridan Titman and Garry Twite for suggestions. We are grateful for helpful comments by participants at seminars at the Australian Graduate School of Management, the University of North Carolina at Chapel Hill and the University of Texas at Austin. Data used in this study have been provided by I/B/E/S as part of a broad academic program to encourage earnings expectations research.





� Papers that address differences of opinion and their impact on asset prices include Varian (1989), Harris and Raviv (1993), Shalen (1993) Bessembinder, Chan and Seguin (1996), and more recently, Chen, Hong and Stein (2002), Diether, Malloy and Scherbina (2002) and Boehme, Danielsen and Sorescu (2002). 


� Although Easley, O’Hara and Paperman (1998) find no relation between analyst following and their information risk measure, they do not examine the relation between analyst forecast dispersion and their measure. We find that our measure is also distinct from the effect of analyst following.


� Ang and Ciccone (2002) obtain results similar to Diether, Malloy and Scherbina (2002), which they interpret differently. They argue that forecast dispersion and forecast error are proxies for firm transparency.  With this interpretation, the opaque firms (firms with higher forecast dispersions) yield lower returns than do the transparent firms. This result, however, is counter intuitive if one believes in proper risk return trade-offs, as higher returns are required for firms with higher information uncertainty.


� The quality of information is presumably associated with an analyst’s ability that is known by reputation (Day et al. 2002).


� The intuition from the more general non-myopic case is similar, albeit with more complex expressions. The formulation is available from the authors upon request.


� Varian (1989) distinguishes the concept of opinion from information. He refers to differences of opinion as differences in beliefs that are not shared by other agents, even when these beliefs are common knowledge. Such an event will occur if all agents are equally confident in their beliefs. If one agent has a piece of substantial and material private information, then she is likely to be more confident in her posterior belief than other agents. 


� Our model is consistent with the argument by Barry and Jennings (1992) that it is problematic to use an instantaneous measure of dispersion to proxy for estimation risk. Indeed, they show in their empirical illustration the importance of examining the dynamic evolution of the measure, in accordance with what we discuss below.


� Although the I/B/E/S data set starts in 1979, the number of firms covered in the earlier years is small, and the detailed history file only starts in 1983.  Thus, our sample begins in 1983.  We take into account the data difference between the I/B/E/S adjusted and unadjusted files, as documented in Diether, Malloy and Scherbina (2002).


� We have worked with quarterly forecasts as well.  Although the results are a little stronger, the number of observations is substantially lower (only about 20% as many as when annual forecasts are used).  


� We have also checked a sample in which firms have at least two analysts covering.  While this data filtering increases the number of stocks in the sample, it also raises an issue about the measurement of the dispersion, which is the reason we require at least five analysts in the first place. However, the results with a minimum of two analysts are qualitatively the same as the results we report with a minimum of five analysts.


� As pointed out by Merton (1980), it takes a very long sample period to accurately estimate even a constant expected return. Due to data availability our sample period for portfolio returns spans only 18 years which is too short to measure the mean return accurately. 


� The data for the variables, RME, SMB and HML, are obtained from Ken French's website.  We thank Ken French for making the data available. The momentum factor is from Carhart (1997). We thank Mark Carhart for providing the updated data set.


� See, for example, Fama and French (1993), Chan, Karceski and Lakonishok (1998) and Daniel and Titman (1997), for discussions of this point. 


� The implied expected returns are derived the mean-variance framework based on the portfolio weights in the market portfolio for each month. See Qu (2003) for details. Because of the requirement of ten years of data to calculate the covariance matrix, the total number of stocks is somewhat smaller in this section than that of the full set of stocks employed previously.


� In the mean-variance framework used in Qu (2003), the expected returns are determined by � EMBED Equation.3  ���, where � EMBED Equation.3  ��� is the vector of expected returns on stocks, � EMBED Equation.3  ��� is the risk-free rate, � EMBED Equation.3  ��� is the covariance matrix of all stocks, � EMBED Equation.3  ���is the vector of portfolio weights, and � EMBED Equation.3  ���is a constant that is related to risk aversion. In a simple calibration, we estimated that using inferred from the market portfolio, the magnitude of the STDISP factor premium derived from these quintile portfolios is about 1/3 of the market risk premium.
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