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1 Introduction

Significant theoretical, empirical and methodological progress has been made during the past

two decades towards understanding the cross section of mutual fund returns and pinpointing

those factors that influence it. For example, works on the persistence of performance and

abnormal performance indicators based on passive benchmarks are scattered throughout the

economic discourse; see Carhart (1997), Pastor and Stambaugh (2002b), Pastor and Stam-

baugh (2002a), Bollen and Busse (2004) and Barras et al. (2010), or for conditional based

measures Ferson and Schadt (1996) and Ferson and Khang (2002). Mutual fund performance

has also been addressed with respect to holdings based measures, for example in Grinblatt

and Titman (1993), Daniel et al. (1997) and Wermers (2003). However, surprisingly little

work has been done towards understanding the determinants of mutual fund managerial

skill. Given the large array of mutual funds available to a potential investor, one may ask

how skilled fund managers can be distinguished from the unskilled without looking at con-

ventional performance indicators, which may often simply reflect luck. An answer may lie

in the relationship between information acquisition and skill itself. Those who are skilled

should have the ability to accumulate private information regarding which stocks to buy or

sell, and those who are unskilled may be restricted to the domain of information that is

already available to the majority of market participants.

In this article, I introduce a new perspective on mutual fund managerial skill. I propose

that fund managers who rebalance their portfolios based on changes in the precision of public

information, i.e. the variation in stock analyst recommendations, perform worse than those

who trade based on other (private) information. Until now, previous literature has concen-

trated on portfolio sensitivities with respect to consensus means of analyst forecasts (dubbed

as “RPI” in Kacperczyk and Seru (2007), henceforth RPIµ) . The motivation behind this

idea is straightforward. Since consensus means have informational content for the unskilled

fund manager, then it is reasonable to explore if the variation in analyst recommendations

contains informational content as well. Also, a measure based on the precision of public
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information is worthwhile to compute even though we already have one based on consensus

means, because if unskilled investors are trading based on changes in both first and second

moments of analyst forecasts, then the effect of increases in portfolio sensitivities to those

changes may be over- or underestimated when considering only the RPIµ measure proposed

by Kacperczyk and Seru (2007).

The foundation of my empirical predictions stems from a simple theoretical implication

based on the partially revealing rational expectations equilibrium model first proposed by

Grossman and Stiglitz (1980). Kacperczyk and Seru (2007) consider a variation of the

Grossman and Stiglitz setup with an information structure that reflects the economic problem

that I wish to study. The model introduces a public signal observable by all, and a private

signal observable only to the informed cohort, thus separating agents into informed and

uninformed investors. In this context, skill is associated with being informed. Using standard

tools employed in the NREE literature such as random per capita supply and CARA utility,

the model is solved for prices endogenously and demand is derived for both cohorts. It is then

shown that the portfolio holdings of uninformed investors are more sensitive to changes in the

precision of public information than those of the informed investor. Generally, uninformed

investors place more weight on the public signal when the precision of public information

increases, i.e. they increase their holdings of the risky asset more so than informed investors

do. These theoretical implications provide the basis for my empirical hypotheses.

Many considerations are necessary in order to approach this article from an empirical

perspective. First, to test the relationship between fund performance indicators and the

reliance on variation of public information, a reliable time series of portfolio sensitivities is

needed. A large dataset with information on portfolio holdings, financials and other fund

characteristics for active strategy equity mutual funds is also necessary in order to conduct

this analysis. Using a dataset including over 1200 mutual funds from 2003 to 2009, I am

able to compute portfolio sensitivities with respect to changes in the variation of public

information by proposing a regression specification similiar to that of Kacperczyk and Seru
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(2007) and defining RPIσ as the R2 of those regressions. Since these regressions are run using

a panel according to each mutual fund’s holdings at a particular point in time, the result

is a unique time-series of portfolio sensitivities for each mutual fund at the quarterly time

frequency. In order to make comparisons regarding performance, a benchmark is necessary,

thus I use abnormal performance indicators from the unconditional and conditional CAPM

and FF pricing models (Sharpe, 1964; Lintner, 1965; Fama and French, 1993; Ferson and

Schadt, 1996).

The selection of the public information set also deserves some consideration. Assuming

that analysts accumulate and process all information available in the public domain, I can

proxy public information with summary figures communicated by those analysts. Thus, I

implement analyst recommendations, price targets, and EPS forecasts as my relevant infor-

mation variables and formulate separate time series of RPIσ using each.

The main result of the empirical analysis is that RPIσ is negatively related to passive

benchmarks. Therefore, fund managers with higher levels of RPIσ perform worse than those

who trade based on other information, corroborating my main empirical hypothesis. The

results are robust to all three formulations of RPIσ based on alternative information sets. As

a second empirical exercise, I also formulate portfolio sensitivities based on contemporaneous

reliance on means and variation of public information, which I dub RPICV .1 Results show

that also fund managers with higher levels of RPICV perform worse than managers exhibiting

a lower level of RPICV . It is important to note that the coefficients on portfolio sensitivities

with respect to the precision of public information are smaller in magnitude than those

based on consensus means, suggesting that previous literature was overestimating the effect

of following information in the public domain, since second moments were left unconsidered.

This study provides several relevant contributions to the growing discourse in mutual fund

performance. First, since RPIµ overstates the negative effect that increased sensitivity to

public information has on abnormal performance, RPIσ and RPICV are more valid measures

1CV stands for coefficient of variation.
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of managerial skill. Moreover, RPIσ should also be interesting to those who monitor the

investment performance of mutual fund managers, especially given the growing pressure to

regulate financial markets post 2007 subprime crisis. Most importantly, RPIσ provides a

relatively unique perspective on pinpointing outperforming mutual funds which has not yet

been considered in this discourse. To my knowledge, this study is the first attempt to analyze

the implications of second moments for portfolio decision making in empirical asset pricing.

Accordingly, this article is organized as follows. In Section 2, I will present the theoretical

foundations of the economic problem that I wish to analyze. Section 3 will give a thorough

overview of the dataset, including a detailed description regarding the methodology behind

the formulation of RPIσ. Section 4 will outline my empirical strategy and formalize my

empirical predictions based on the theoretical analysis. Section 5 will present the main

results of the empirical analysis. Concluding thoughts and my agenda for further research

will follow in Section 6.

2 Theoretical Foundations

I will begin by presenting the theoretical foundations pertaining to public signals and mutual

fund managerial skill by utilizing a noisy rational expectations equilibrium model introduced

by Kacperczyk and Seru (2007), which is based on the setup first introduced by Grossman

and Stiglitz (1980). The model is centered around informed and uninformed agents, and

the aim will be to analyze how changes in the precision of public information influence the

portfolio decision making of the unskilled agents relative to those who are skilled.

Essentially, the model setup is exactly as in Kacperczyk and Seru (2007). The time-

line consists of two time periods, t = 0 and t = 1, where portfolio decisions are made in

the first time period and payoffs are realized in the second. Agents trade two assets: a

risk-free asset with price p = 1 & payoff Rf = 1, and a risky asset A1 with price p & ran-

dom payoff ũ ∼ N (ū, ρ−1
0 ). The market is comprised of a finite number of agents, N , with
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n ∈ {1, 2, . . . , N}. Each agent is either informed or uninformed (hence, skilled or unskilled,

respectively). The number of skilled agents is set equal to L where 0 < L < N and the

fraction of skilled investors is denoted as µ = L
N

. The fraction of uninformed agents follows

as 1 − µ = N−L
N

. Each agent has an initial endowment, or wealth, denoted by m̄n. Prefer-

ences are homogeneous across agents in that all agents are CARA utility maximizers with

common coefficient of risk aversion λ > 0.2 In order to ensure a noisy rational expectations

equilibrium, a random per capita supply shock t is introduced with t ∼ N (t̄, η−1).

The information structure of this economy consists of two types of signals. First, the

private signal, denoted by s1, is observable solely to skilled investors. The public signal,

denoted by s2, is observable to both skilled and unskilled investors. The private signal is

modeled as s1 = ū+ ε1, where ε1 ∼ N (0, ρ−1
1 ). Furthermore, the public signal is determined

as s2 = ū + ε2, where ε2 ∼ N (0, ρ−1
2 ). Note that the public signal and the private signal

share the same fundamental value, ū. Additionally, independence between ε1, ε2, ū and t is

imposed, that is ε1 ⊥ ε2 ⊥ ũ ⊥ t. The distribution of each signal is assumed to be common

knowledge among all market participants. Given, the supply, endowments, preferences, and

information structure of the economy, the market clearing price of the risky asset, denoted

with p, will be endogenously determined in the model.

In order to solve the model for equilibrium prices, the terminal wealth of the investor can

be expressed as

w̃n = m̄n + (ũ− p)αn (1)

where αn denotes the stock holdings held by agent n. Thus, equation (1) represents the initial

wealth, m̄n, plus any subsequent capital gains from trading the risky asset, (ũ−p)αn. Given

this constraint, each investor maximizes his expected utility, where with CARA preferences

the objective function follows a mean variance representation, given by E [w̃n]− λ
2
V ar [w̃n].

The above utility maximization problem is solved and the price determined endogenously

by imposing the market clearing condition. Uninformed investors then revise their posteriors

2The CARA assumption guarantees that investor demand will not depend on an agent’s wealth.
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based on the conjectured linear price functional where learning is induced by defining θ =

s1− d
b
(t− t̄), then individual demands are revised, and the conjectured price verified, which

equates to

p = aū+ bs1 + cs2 − dt+ et̄ (2)

where α = ρ0
γ

, b = µρ1+(1−µ)ρ0
γ

, c = ρ2
γ

, d =
λ(1+

(1−µ)ρθ
µρ1

γ
, e = (1−µ)ρθλ

µρ1γ
, ρθ =

[
(d
b
)2 1
η

+ 1
ρ1

]−1

and

γ = ρ0 + ρ2 + (1 − µ)ρθ.
3 In this rational expectations equilibrium, the difference between

individual demands of the informed and the uninformed investors is given by

∆ ≡ xI − xU =
s1(ρ1 − ρθ) + p(ρθ − ρ1) + ρθλ

µρ1
(t− t̄)

λ
. (3)

In order to make inferences regarding how the demands between skilled and unskilled

investors differ based on changes in the public signal and the precision of the public signal,

first the partial derivative of (3) with respect to s2 is taken and yields

δ∆

δs2

=
ρ2(ρθ − ρ1)

γλ
< 0. (4)

This result from equation (4) highlights that unskilled investors react more to changes in

the public signal than skilled investors do. Thus, when s2 increases, unskilled investors revise

their portfolios with more holdings of the risky asset than skilled investors do. Likewise,

when s2 decreases, unskilled investors compensate by lowering their holdings of the risky

asset more so than the skilled investor would. This result can be attributed to the unskilled

investor placing more weight on changes in the public signal than a skilled investor would,

since the skilled investor also trades based on his private signal.

Taking the second derivative of (3) with respect to s2 and ρ2 yields

δ2∆

δs2δρ2

= −1

λ
(ρ1 − ρθ)

(ρ0 + (1− µ)ρθ)

(ρ0 + ρ2 + (1− µ)ρθ)2
< 0. (5)

3Details regarding the equilibrium analysis can be found in Kacperczyk and Seru (2007)
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The result in equation (5) tells us that relative to unskilled investors, informed investors place

less weight on the public signal, s2, given an increase in the precision of public information,

ρ2. Hence, when the public signal becomes finer, unskilled investors increase their holdings

of the risky asset holding constant the level of s2 more so than a skilled investor would, and

vice versa given a decrease in the precision of public information. Most importantly and

to summarize, the precision of public information has more informational content for the

unskilled investor than it does for the skilled investor, i.e. the unskilled investor reacts to

changes in the variation of the public signal more than the skilled investor does, and uses

the precision of public information when rebalancing his/her portfolio.

Given the results of the theoretical exercise, I expect any measure of portfolio sensitivity

with respect to changes in variation of information in the public domain (denoted with RPIσ)

to proxy for managerial skill. Thus, those managers who demonstrate a high level of RPIσ

should perform worse than those who demonstrate low levels of RPIσ. I will formalize my

hypothesis in section (4.1) after presenting the data and my empirical strategy to analyze

the relationship between RPI and fund performance.

3 Dataset

3.1 Mutual Fund Data

Data are accumulated and aggregated from various sources. Mutual fund details and port-

folio holdings are obtained from the CRSP Survivorship Bias Free Mutual Fund Database,

which contains data regarding fund size, fees, portfolio holdings, objective and performance.

Portfolio holdings include both voluntary reports and mandatory SEC filings at the quarterly

time frequency, and are available from March 2003 until September 2009. Stock prices are

accessed from the CRSP stock files and matched to portfolio holdings.

Analyst forecasts are obtained from the I/B/E/S database at the monthly time frequency

and matched with portfolio holdings. Forecasts include analyst recommendations (ranging
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from 1 to 5 discretely, with 1 corresponding to “strong buy” and 5 to “strong sell”), earnings

per share (EPS) forecasts and price targets. Notice that a positive shock to expected future

cash flows for any given stock leads to an increase in EPS forecasts and price targets for that

security, whereas it has the opposite effect on the value reported under recommendations

(positive shocks lead to decreases in recommendations).

For each mutual fund in the sample, unconditional and conditional 35 month alphas

are computed following Carhart (1997) and Ferson and Schadt (1996). Risk factors in the

unconditional model have been acquired from Kenneth French’s website. Predetermined

information variables4 in the conditional model were acquired from the Federal Reserve.

Mutual funds are screened according to investment objective5 before they are included

in the final dataset. Since the focus of this study is on equity forecasts, I eliminate balanced

and bond funds. I also exclude sector funds to avoid industry specific biases, and omit

international funds in order to focus strictly on U.S. equity funds. Mutual funds that engage

in passive investment strategies, such as index funds, have also been removed.6 Last, I include

multiple share classes only once in the sample. The final dataset includes 1220 equity mutual

funds with at least 5 consecutive quarters of data from 2003-2009.

3.2 Reliance on Public Information

In order to associate fund performance with a manager’s reliance on public information, it

is necessary to measure the degree in which a manager uses public information variables for

portfolio allocation decisions. In order to do so, it is crucial to identify a suitable proxy for

the public information domain. Following Kacperczyk and Seru (2007), I use analyst recom-

4Information variables include lagged levels of the 1-month T-bill yield, lagged dividend yields of the
CRSP value weighted NYSE and AMEX stock index (computed as the price level at t − 1 divided by the
previous 12 months of dividend payments), lagged levels of the corporate bond yield spread (Moody’s BAA
corporate bond yield minus Moody’s AAA corporate bond yield), lagged levels of the constant maturity
10-year T-bond yield minus 3-month T-bill yields, and a dummy variable for January.

5Lipper objective codes are used to identify mutual fund investment strategies.
6Regarding mutual funds for which a passive investment strategy is not explicitly specified in the Lipper

objective codes, I compute correlation coefficients between fund returns and returns on the S&P 500 stock
index, and omit funds with correlations larger than 0.995.
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mendations as the public information variable, but in order for recommendations to qualify

as a suitable proxy, two assumptions are necessary. First, analysts must have accumulated

and incorporated all publicly available information into their recommendations. Second,

unskilled managers must aggregate all available analyst recommendations in their allocation

decisions, thus they do not follow specific analysts and concentrate on consensus forecasts.

The latter assumption is reasonable, since the knowledge to follow a specific analyst who

can outperform the others could be considered as “skillful.”

The empirical methodology to measure the sensitivity of portfolio changes to changes

in consensus recommendations directly follows Kacperczyk and Seru (2007), in that the

following regression is estimated with OLS using stocks i = 1, . . . , n in the portfolio of each

mutual fund m at each point in time t:

%∆Holdi,m,t = β0,t +
4∑
p=1

βp,t∆R
µ
i,t−p + εm,t i = 1, . . . , n (6)

where %∆Holdi,m,t denotes the percentage change in holding i for mutual fund m between

time t − 1 and t, and ∆Rµ
i,t−p represents the change in mean consensus recommendations

for stock i from time t − p − 1 to t − p for p = 1, 2, 3, 4; hence the explanatory variable

is lagged four times in equation (6). Since the dependent variable is in terms of percent

change, I follow previous convention and set the increase to 100% for stocks that enter the

portfolio at time t.7 The reliance on public information using consensus means, as defined

by Kacperczyk and Seru (2007), is then obtained as

RPIµm,t−1 = 1− σ2(εm,t)

σ2(%∆Holdm,t)
. (7)

Thus, RPIµm,t−1 is the unadjusted R2 of (6). Since RPIµ represents the amount of variation

in changes of portfolio holdings explained by the statistical model, it also represents the

7Kacperczyk and Seru (2007) set the increase to 100% and find little difference using alternative bench-
marks.
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sensitivity of portfolio adjustments with respect to changes in consensus means. Capturing

RPIµ in this way allows portfolio sensitivities to be accumulated regardless of the direction

of trade, however Kacperczyk and Seru (2007) reject the hypothesis that mutual funds in

the lowest deciles of RPIµ follow the opposite direction of changes in consensus means, and

fail to reject (at the 99% confidence level) that mutual funds in the highest deciles of RPIµ

decrease their holdings given an increase in consensus recommendations. Hence, it is unlikely

that fund managers pursue an “opposites” strategy.

In order to formulate RPIµ using EPS forecasts and price targets, (6) requires a slight

adjustment. Since changes in EPS forecasts and price targets are not comparable in mag-

nitude across stocks, I take the percentage change instead of the change in levels as the

independent variables in the first stage regression, that is:

%∆Holdi,m,t = β0,t +
4∑
p=1

βp,t%∆F µ
i,t−p + εm,t i = 1, . . . , n (8)

where %∆F µ
i,t−p denotes the percentage change in forecast (either EPS or price targets) from

time t− p− 1 until t− p. Such an adjustment is warranted, since an increase from $1 to $2

in earnings per share is not equivalent to an increase from $50 to $51, while when working

with consensus recommendations the difference between a change from 1 to 2 and 4 to 5 are

the same. This rationale applies for price targets as well.

Portfolio sensitivities with respect to changes in the variation of analyst forecasts are

formulated in a similar fashion. The following regression is estimated using OLS as before:

%∆Holdi,m,t = β0,t +
4∑
p=1

βp,t∆R
σ
i,t−p +

3∑
p=1

γp,t∆A
µ
i,t−p + εm,t i = 1, . . . , n (9)

where ∆Rσ
i,t−p denotes the cross sectional change in the standard deviation of analyst fore-

casts from time t−p−1 to t−p and ∆Aµi,t−p represents the average number of analysts from

time t− p− 1 to t− p. The reliance on consensus variation, or RPIσm,t−1, is defined exactly

as in (7), hence it is the R2 of (9). The underlying assumption in this empirical setup is that
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portfolio managers may respond to changes in both cross sectional standard deviations and

also the number of analysts, i.e. unskilled managers may put less weight on variation during

the portfolio decision process when the amount of analysts is small.8 Thus, those investors

that respond to variation and/or analyst following will be captured either by the βt’s or the

γt’s of (9). The formulation of RPIσm,t−1 using EPS forecasts and price targets also follows

as before, whereby explanatory variables of differences in standard deviations are replaced

by percentage changes.

In order to capture the contemporaneous reliance on both means and standard deviations,

I compute coefficients of variation with reference to consensus means and standard deviations

for each stock at each point in time.9 Then I estimate the following regression using OLS:

%∆Holdi,m,t = β0,t +
4∑
p=1

βp,t∆CV i,t−p +
3∑
p=1

γp,t∆A
µ
i,t−p + εm,t i = 1, . . . , n (10)

where ∆CV i,t−p denotes the change in coefficients of variation for consensus analyst recom-

mendations from time t− p− 1 to t− p. Equation (10) is also estimated using EPS forecasts

and price targets, however ∆CV i,t−p is replaced with %∆CV i,t−p as before. The reliance

on consensus means and standard deviations for each mutual fund at each point in time

follows as the R2 of (10) and is denoted as RPICVm,t−1. For EPS forecasts and price targets,

decreases in the variation of analyst forecasts and increases in consensus means are both

“positives,” and cause the coefficient of variation to decrease. For analyst recommendations,

an increase in consensus recommendations is a “negative,” since 1 corresponds to “strong

buy” and 5 corresponds to “strong sell.” Therefore, analyst recommendations are corrected

when computing coefficients of variations by reversing the numerical values associated with

each respective recommendation.10

8The variation of recommendations for a stock with a large analyst following cannot be compared with
the variation of recommendations for a stock with a relatively small analyst following.

9The coefficient of variation is defined as σi,t/µi,t, where σi,t denotes the standard deviation of analyst
forecasts and µi,t denotes the consensus mean of analyst forecasts for each stock i at time t.

10I adjust recommendations by subtracting the consensus mean from 6, thus “strong sell” consequently
corresponds to 1 and “strong buy” to 5.
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The final dataset consists of a time series of RPIµ, RPIσ and RPICV formulated us-

ing analyst recommendations, price targets and EPS forecasts for each mutual fund in the

sample. Summary statistics are provided in Table 1, where mutual fund data are sepa-

rated into deciles according to each fund’s average level of RPIσ formulated with analyst

recommendations.

4 Empirical Strategy

In order to show that RPIµ, RPIσ and RPICV are measures of mutual fund managerial

skill, the relationship between RPI and traditional empirical benchmarks must be evaluated.

In specific, I estimate the following regression as in Kacperczyk and Seru (2007):

αm,t = β0 + β1RPI i,t−1 + γ′Controlsi,t−1 + εm,t (11)

where αm,t denotes the fund-specific performance measurement at time t, Controlsi,t−1 a

column vector consisting of fund characteristic control variables and γ′ a row vector of co-

efficients. Notice that the specification in (11) is forward looking. RPI has implications

regarding future performance, in the sense that today’s portfolio decisions affect tomorrow’s

returns,11 and this convention is maintained throughout the empirical analysis. Four specifi-

cations for the performance measure αm,t are considered. I follow Carhart (1997) and derive

alpha as the intercept of the unconditional CAPM and Fama-French pricing equations using

a 35 month rolling window of mutual fund returns, plus the error term at time t (Sharpe,

1964; Lintner, 1965; Fama and French, 1993). Conditional alphas are also computed as

in Ferson and Schadt (1996) and Wermers (2003), whereby a vector of predetermined in-

formation variables are interacted with the market risk premium and supplemented to the

11Although RPI is highly persistent with AR(1) coefficients between 0.3 and 0.6 depending on the spec-
ification, the forward looking model highlights the timing implications of RPI. Nevertheless, the results
remain consistent albeit somewhat weaker when contemporaneous variables are inserted.
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unconditional CAPM and Fama-French specifications.12 The vector of controls includes total

net assets (TNA), age, expense ratio, turnover ratio and new money growth.

Regression (11) must be corrected for autocorrelation and heteroskedasticity in the pan-

els. Thus, the panel corrected standard errors estimator with panel specific AR(1) structures

is used to estimate equation (11) with robust standard errors (Beck and Katz, 1995). Note

that a correction for contemporaneous correlation is omitted, which is warranted when the

panel dataset is highly unbalanced and contains a small time dimension and a relatively

large cross sectional dimension (Pesaran, 2004).

4.1 Empirical Predictions

In Section 2, it was shown that unskilled investors place more weight on the public signal

given an increase in the precision of information in the public domain, as opposed to skilled

investors whose demand for the risky asset is less sensitive to changes in precision. Given

that RPIσ provides a ranking of mutual funds from 0 (portfolios which are least sensitive to

precision) to 1 (portfolios which are most sensitive to precision), I expect any formulation of

RPIσ to have a negative relationship with fund performance indicators.

Hypothesis 1: RPIσ is negatively related to fund performance indicators. Hence,

a relationship between mutual fund managerial skill and a fund manager’s reliance

on the precision of public information exists, and those fund managers who rely

more heavily on the precision of public information perform worse than those who

trade based on other (superior) information.

Hypothesis 1 can be considered the null hypothesis in this research exercise. The alter-

native hypothesis would state that no relationship exists between RPIσ and traditional fund

12The vector of predetermined information variables is de-meaned and includes the lagged level of the
30 day annualized T-bill yield, the lagged dividend yield of the CRSP value-weighted NYSE/AMEX stock
index, the lagged level of the constant maturity 10-year T-bond yield minus the 3 month T-bill yield, the
lagged level of Moody’s BAA corporate bond yield minus Moody’s AAA corporate bond yield, and a dummy
variable for January.
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performance indicators. That would imply that managers following changes in the precision

of public information neither perform worse nor better than those who trade based on other

information.

Given the findings of Kacperczyk and Seru (2007) and the implications derived in Section

2 regarding the relationship between the reliance on consensus means and mutual fund

managerial skill, I would also expect similar results regarding the contemporaneous reliance

on both consensus means and the precision of public information, since unskilled managers

rely on both in the theoretical framework. Thus, a fund manager who makes portfolio

decisions based on simultaneous changes in consensus means and variation in the consensus

(hence, the coefficient of variation) should perform worse than those who do not. In this case,

the relevant indicator RPICV should have a negative relationship with fund performance

measures, and the effect on those measures should be similar in magnitude as RPIσ.13

Hypothesis 2: RPICV is negatively related to fund performance indicators.

Thus, a relationship between mutual fund managerial skill and a fund manager’s

reliance on the coefficient of variation of consensus forecasts exists, and those

who rely on the coefficient of variation of consensus forecasts perform worse than

those who do not.

The latter hypothesis postulates that both the mean and standard deviation of consensus

forecasts simultaneously have informational content for the unskilled trader. The alternative

hypothesis would assert that no relationship exists between fund performance and RPICV .

An interesting exercise will be to compare the magnitude in which fund performance

decreases relative to RPIµ, RPIσ and RPICV .

13RPIσ and RPICV should have a similar effect in magnitude because unskilled mutual fund managers
require the consensus mean in order to ascertain the directionality of their trades, and more precise signals
simply determine the weight of the public signal on portfolio decision making for unskilled managers. Since
RPIσ is simply a measure of sensitivity between the variation of public information and portfolio allocations,
directionality is embedded in it. RPICV is also embedded with directionality, however more formally with
the inclusion of consensus means in its formulation.
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5 Empirical Analysis and Results

Here I will show the main empirical results pertaining to the relationship between variation in

information from the public domain and mutual fund performance. Subsection 5.1 presents

evidence linking RPIσ to managerial skill using various information sets, while subsection 5.2

will show that managers who rely on coefficients of variation of consensus analyst forecasts

to make portfolio decisions perform worse than those who trade based on other information.

5.1 Mutual Fund Performance and RPIσ

Table 2 presents the results from panel corrected standard error passive factor-based re-

gressions of equation (11) using analyst recommendations (denoted with REC) to formulate

RPIµ and RPIσ. Quarterly time dummies are included in each regression specification to

control for time fixed effects. Each regression model was also estimated using fund specific

fixed effects, the output of which is omitted for brevity since the results remain quanti-

tatively similar to the ones presented here, but are available to the reader upon request.

Models (1) and (2) verify previous literature using unconditional CAPM and Fama-French

alphas as dependent variables, and models (5) and (6) verify it using conditional alphas.

The coefficient on RPIµt−1 is negative and statistically significant with similar magnitude as

in Kacperczyk and Seru (2007) in all four specifications. Models (3), (4), (7) and (8) include

RPIσt−1, the coefficient of which is also negative and statistically significant with respect to

conditional and unconditional CAPM and Fama-French alphas. The coefficient on RPIµt−1

varies between -.37% and -.19%, while the coefficient on RPIσt−1, however, is much more

stable between -.12% and -.15%. RPIσt−1 seems to be a more robust indicator of managerial

skill with respect to passive benchmarks than RPIµt−1. Generally, the results corroborate

my hypothesis that RPIσ is associated with mutual fund managerial skill when considering

passive factor-based portfolios as benchmarks.

For robustness, the analysis was also repeated with alternative formulations of RPIσ
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using price targets and EPS forecasts instead of analyst recommendations to proxy for in-

formation in the public domain. Table 3 presents the results of panel corrected standard

error estimations of equation (11) using unconditional and conditional Fama-French alphas

as dependent variables and lagged levels of RPIσ based on price targets and EPS fore-

casts as independent variables (denoted with PTG and EPS, respectively). The coefficient

on RPIσt−1 remains negative in all four model specifications and statistically significant at

the 10% level in the unconditional Fama-French specifications and at the 5% level in the

conditional Fama-French specifications.

5.2 Mutual Fund Performance and Managerial Reliance on Coef-

ficients of Variation

In order to test Hypothesis 2 empirically, equation (11) is estimated using RPI formulated

with consensus means and standard deviations (hence the coefficient of variation), denoted

with RPICV . Table 4 presents the results from passive factor-based regressions of equation

(11) using the PCSE estimator as before and RPICVt−1 as the RPI measure. Unconditional

Fama-French alphas are used as the dependent variable in model specifications (1), (2) and

(3), while conditional Fama-French alphas are used in models (4), (5) and (6). Alternative

information sets are also considered in the formulation of RPICVt−1, with columns (1) & (4)

pertaining to RPICVt−1 formulated with analyst recommendations (REC), columns (2) & (5)

to EPS forecasts (EPS), and (3) & (6) to price targets (PTG). Results show that the co-

efficient on RPICVt−1 is negative for all six specifications. When considering unconditional

Fama French alphas as the performance benchmark, the coefficient on RPICVt−1 formulated

with analyst recommendations and price targets are statistically significant at the 10% level.

Furthermore, the performance of RPICVt−1 as a predictor of fund performance improves when

considering conditional Fama French alphas as the dependent variable, with all three formu-

lations improving in statistical significance, where the coefficient on RPICVt−1 (PTG) is also

significant at the 1% level. Moreover, when comparing the results of Table 4 with those of

18
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Tables 2 and 3, the magnitude of changes in RPICVt−1 on performance benchmarks is very

similar to those of RPIσt−1. Overall, the results from Table 4 support my hypothesis that

RPICV is a sufficient proxy for mutual fund managerial skill. The results are also robust to

RPICV formulated with alternative information sets and passive benchmarks.

6 Conclusion

In this paper, I have argued that fund managers who make portfolio decisions based on

the precision of public information perform worse than those who trade based on superior

(or private) information, hence those who trade based on the consensus mean and variation

of information in the public domain are unskilled. In order to support my claim, I first

presented a noisy rational expectations equilibrium model which featured multiple types of

signals, and included agents who were either informed or uninformed. The main results of the

model showed that portfolio holdings of uninformed investors were more sensitive to changes

in the precision of public information than portfolio holdings of the informed investors. This

measure of portfolio sensitivity to precision, which I have denoted as RPIσ, should then be a

suitable proxy for mutual fund managerial skill. Managers who feature a high level of RPIσ

should perform worse than those who feature relatively low levels.

Consequently, by using a detailed database on U.S. mutual fund holdings, financials and

fund characteristics, I was able to construct a measure of RPIσ for each mutual fund on

a quarterly basis and found that a negative and statistically significant relationship exists

between RPIσ and traditional passive factor-based performance indicators.14 These results

were also robust to alternative information sets produced by analysts. Thus, empirical

evidence supports the hypothesis that RPIσ is a measure of mutual fund managerial skill.

This article contributes to the growing literature on the cross section of mutual fund

returns. First, RPIσ and RPICV should complement RPIµ as a proxy for managerial

14The analysis should be repeated with holdings based measures as performance indicators (Wermers,
2004), and is on my agenda for future research.
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skill. Besides the obvious interest to those who choose to invest in mutual funds, RPIσ

and RPICV would also be interesting to those who monitor the investment performance of

mutual fund managers, especially with the growing pressure to regulate financial markets

after the subprime crisis. RPIσ also provides a relatively unique perspective on mutual fund

performance which has not yet been considered in this discourse, in that second moments

can also have informational content to some portfolio managers.

Interesting questions arise as I consider my agenda for further research. First, can any-

thing be said regarding the dominance of the variation of mutual fund performance over

consensus means? Results from Table 4 suggest that those who rely on both aspects of

public information perform better than those who trade simply based on consensus means.

Furthermore, can something else be said regarding the timing implications of portfolio re-

balancing? Skilled portfolio managers should be able to “beat the analysts” and predict the

future performance of stocks before analysts do. A similar measure to RPI could be made

using regressions with changes in recommendations as the dependent variable and lagged

changes in portfolio holdings as the independent variable, and extracting the R2 as a reverse

measure of managerial skill. Such a measure would be interesting to compare with RPIσ.
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