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Forecasting Stock Returns through An Efficient Aggregation of Mutual
Fund Holdings

Abstract

We develop a stock return-predictive measure based on an efficient aggregation of the portfolio

holdings of all actively managed U.S. domestic equity mutual funds, and use this model to study

the source of fund managers’ stock-selection abilities. This “generalized-inverse alpha” (GIA)

approach reveals differences in the ability of managers to predict firms’ future earnings from fun-

damental research. Notably, the GIA’s return-forecasting power is not subsumed by publicly avail-

able quantitative predictors, such as momentum, value, and earnings quality, nor is it subsumed by

methods shown in past research to forecast stock returns using fund holdings or trades.
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The value of active investment management is a long-standing controversy. While it has been well

documented that actively managed US equity funds, on average, underperform passive bench-

marks, recent studies on fund returns find that a subset of funds exhibit some ability to outperform,

especially when evaluated gross of fund expenses. Another body of literature uses fund portfolio

holdings to evaluate the skills of fund managers. These studies suggest that fund portfolio holdings

may reveal further information about the stock selection skills possessed by fund managers.1

This study proposes a systematic method to extract such stock selection information. The

inputs to our model are fund portfolio holdings and proxies for fund stock selection skills (e.g.,

past fund performance). The output is a stock-level signal that aggregates this stock selection

information across funds. This approach allows us to shift the analysis of the value of active

investing from the fund level to its value in predicting individual stock returns. As an advantage

demonstrated in the empirical part of the paper, the stock-level signal produced by the model serves

as a “magnifying glass” on the collective stock picking wisdom of fund managers, and enables us

to explore issues not straightforward to address at the fund level.2

Prior studies (e.g., Chen, Jegadeesh, and Wermers, 2000) have attempted to obtain stock-level

return predictive information from aggregate fund holdings or aggregate fund trades. While in-

tuitive, this simple aggregation approach may not be an optimal way to extract stock selection

information. Specifically, since fund manager skills are heterogeneous with only a small group of

managers actually possessing stock selection information at any given time, a simple aggregation

of fund holdings or trades may be noisy because it mixes information from skilled managers with

1Recent studies using fund returns to evaluate performance include, for example, Kosowski et al. (2006), Barras et
al. (2010), and Fama and French (2010). Studies using fund holdings to evaluate performance include, for example,
Grinblatt and Titman (1989 and 1993), and Daniel, Grinblatt, Titman, and Wermers (1997). Recent studies also
show that fund holdings are informative in understanding various aspects of fund performance and strategies; see,
e.g., Cohen, Coval, and Pastor (2005), Kacperczyk, Sialm, and Zheng (2005, 2008), Kacperczyk and Seru (2007),
Alexander, Cici, and Gibson (2007), Jiang, Yao, and Yu (2008), Cremers and Petajisto (2009), Huang, Sialm, and
Zhang (2010), Kacperczyk, van Nieuwerburgh, and Veldkamp (2011).

2From the perspective of offering relevant information for investment decisions, our interest in the stock-level
analysis is also motivated by the fact that many factors limit the potential of direct fund-level investment strategies.
Berk and Green (2004) show that, due to a competitive supply of capital, fund managers or fund companies are able
to extract a large portion of the economic rents their talents produce (e.g., via expanding the asset base in the presence
of diseconomies-of-scale). As a consequence, if a fund manager generates any return surplus for investors net of fees
and other costs, it tends to be short-term and fleeting. Further, due to frictions such as fund loads, short-term trading
restrictions, and the inability to short-sell funds, it is difficult for investors to implement a mutual fund selection
strategy to take advantage of short-term fund return predictability.
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that from unskilled ones. In this paper, we extract stock selection information from fund holdings

by taking into account cross-sectional differences in fund skills as well as the commonality in stock

holdings across funds. For instance, we might expect a stock to outperform its benchmark in the

future if it is heavily held in common by several fund managers exhibiting past skills; however,

if this stock is also held by several fund managers exhibiting poor past skills, we might not be so

optimistic about its outlook.

Our model starts with the notion that the stock selection skill of an equity fund is the weighted

average of the alphas of stocks held by the fund. Combining this relation with an observed measure

of fund stock selection skill (e.g., past fund alpha), we turn the problem of extracting information

about future stock alphas into a regression, where the dependent variable is the past fund skill

measure, the explanatory variables are fund portfolio weights, and the coefficients to be estimated

are the future stock alphas. However, in solving for the stock alphas, there is a dimensionality

issue: the number of mutual funds in any given period is smaller than the number of stocks they

collectively hold; hence, the regression is underspecified. We resort to the generalized-inverse

regression, instead of OLS, to solve this technical problem. The resulting estimator for stock alphas

– which we term the “generalized-inverse alpha” (GIA) – has a form similar to the OLS estimator,

and can be viewed as fund skill smoothed by functions of fund portfolio weights. Alternatively,

the GIA can be viewed as a cross-sectional aggregate of private information about the value of

a particular stock, where the weight on a given fund manager’s private signal (which is revealed

through her portfolio weight on a stock) is based on our assessment of the precision of her signal

(relative to that of other managers). In a mean-variance optimization setting, this insight can be

traced to Treynor and Black (1973). However, our approach does not require fund portfolios to be

mean-variance efficient.

We show that the GIA exhibits significant and consistent power in predicting cross-sectional

stock returns. In the baseline case, we assume no delays in fund portfolio disclosure to the public,

and measure fund stock selection ability with a rolling, lagged 12-month four-factor Carhart (1997)

alpha. Using this approach, the decile portfolio of stocks ranked highest by the GIA outperforms

the bottom-ranked decile by 1.53% (with a t-statistic of 5.11) during the first quarter after portfolio

formation. This performance difference remains significant for two more quarters; over a four-
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quarter holding period, the return difference between top and bottom deciles is over 4% (t=3.99)

per year, using the overlapping portfolio approach of Jegadeesh and Titman (1993). Notably, these

return spreads remain significant after controlling for size, book-to-market ratio, and momentum,

using both the Daniel, Grinblatt, Titman, and Wermers (1997) characteristic-based benchmark

approach and the four-factor regression model of Carhart (1997).

To simulate the strategy in real-time, we also construct the GIA using fund portfolio holdings

lagged by one quarter to take into account the portfolio reporting delays of funds (currently, a

maximum of 60 days after the end of the fiscal quarter). The return-predictive performance of

the GIAs is only slightly weakened when we use fund holdings that are lagged to reflect the time

delay in their availability to the public. Further, we find that the GIA delivers significant return-

predictive performance of stocks across the spectra of size, book-to-market ratio, past returns,

idiosyncratic volatility, and breadth of mutual fund ownership. The fact that stock alphas are not

concentrated among small and illiquid stocks further highlights the success of our approach in

uncovering mutual fund manager skills.

We further explore the relation of the GIA to other studies that use mutual fund portfolio hold-

ings to predict stock returns. Brown, Wei, and Wermers (2011) document an initial continuation,

followed by a reversal of stock prices following mutual fund herding trades due to the price impact

of unskilled fund herding. Chen, Jegadeesh, and Wermers (2000) show that aggregate (dollar-

weighted) mutual fund trades positively predict stock returns, suggesting that mutual funds, in

aggregate, have better stock selection abilities than other investors (e.g., individuals). Chen, Hong,

and Stein (2002) find that stocks owned by fewer mutual funds tend to have low returns, and at-

tribute this to the effect of (often self-imposed) short-sale constraints by mutual funds. Finally,

Frazzini and Lamont (2008) document a “dumb money” effect – mutual fund flows are largely

driven by investor sentiment, and high-sentiment stocks tend to generate low returns at long hori-

zons. We find that the stock selection information produced by the GIAs has little correlation with

these effects, and its return-predictive power remains significant after controlling for such effects.

Our new methodology also enables us to characterize the stock selection information fund man-

agers possess, especially as it relates to the tendency of most fund managers to use “fundamental

strategies” in picking stocks. A majority of active mutual fund managers claim that their stock
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selection power stems from private information produced via fundamental research. We use the

GIA approach to evaluate two aspects of this long-standing claim. First, we examine the standard-

ized unexpected earnings, earnings surprises relative to the latest consensus forecast, revisions of

analysts’ earnings forecasts, and stock returns during short windows around earnings announce-

ments, across the GIA ranked stock deciles. In all cases, we find that stocks with high GIAs are

substantially more likely to have improving corporate fundamentals during the four subsequent

quarters.

Second, we compare the GIA-based alphas with those earned by quantitative investment sig-

nals that are based on publicly available financial and accounting information. The 11 quantitative

signals we examine are those analyzed by Jegadeesh et al. (2004), based on firm characteristic

measures such as liquidity, momentum, value, earnings quality, and corporate investments. We

find that the GIAs have a momentum tilt, but are not highly correlated with other types of indica-

tors. Further, after controlling for the 11 quantitative signals, the GIAs continue to significantly

predict stock returns. Therefore, we conclude that the stock selection information produced by

fund managers through fundamental research is distinct from the information contained in pub-

licly available quantitative signals.

Importantly, we demonstrate that our GIA approach can be extended to incorporate alternative

proxies of fund skills in addition to past fund alphas. If additional fund characteristics help to

predict fund performance, our approach enables us to determine whether such predictability is due

to the stock selection ability captured by the characteristics, or to other economic reasons (e.g.,

liquidity provision or skills in trade execution). Further, if they are indeed related to funds’ stock

selection ability, we would like to know whether skilled funds suggested by different characteristics

can identify different sets of mispriced stocks, or whether they tend to have similar stock selection

information.

We find evidence of significant return predictive power by our GIA using a wide variety of skill

proxies, including fund fees, TNA, turnover, the industry concentration index of Kacperczyk et al.

(2005), the fund return gap of Kacperczyk et al. (2008), the similarity-based performance measure

of Cohen, Coval, and Pastor (2005), the measure of earnings-announcement window returns of

fund trades (Baker et al., 2009), and the R-squared of the Carhart four-factor model (Amihud and
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Goyenko, 2009). Further, we find that the GIAs based on many of these alternative skill proxies and

the baseline GIA (using the four-factor fund alpha) share common return-predictive components,

suggesting that these fund skill measures tend to capture similar sources of fund managers’ stock

selection information.

Our stock-level study is related to the fund-level study of Cohen, Coval, and Pastor (2005).

Based on the intuition that funds with similar ability may have similar holdings, they combine

fund holdings and fund returns into a new performance measure, and show that the new measure

predicts fund performance better than traditional fund alphas. At an intermediate step, they de-

velop a “stock-quality” measure – the weighted average of the alphas of funds holding a stock. As

discussed later in this paper, their stock-quality measure can be viewed as an intuitive and sim-

plified version of the generalized inverse alpha by ignoring the cross-sectional covariance of fund

portfolio holdings. Since their study focuses on predicting fund performance, it does not provide a

formal derivation of the stock quality measure or direct empirical evidence on the return predictive

power of the stock quality measure.

It is also worth mentioning that our method of aggregating holdings information across funds

is distinct from a few recent studies that primarily distill stock selection information from the

holdings within a given fund. Cohen, Polk, and Silli (2010) focus on “best-idea” stocks, i.e.,

stocks with the highest fund portfolio weights relative to benchmarks, and show that these stocks

outperform other stocks held by funds. Based on the assumption that fund portfolios are mean-

variance efficient, Shumway, Szefler, and Yuan (2009) reverse-engineer fund managers’ beliefs

about expected stock returns. However, these papers do not focus on developing an efficient way

to aggregate stock selection information across funds.

The remainder of our paper proceeds as follows. Section 1 introduces model assumptions

and develops the GIA estimators. Section 2 describes the data and empirical methodology, while

Section 3 presents the main empirical results on the performance of the GIAs. Section 4 uses the

GIA approach to perform additional analysis on the stock selection information possessed by fund

managers. Section 5 concludes.
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1. The Generalized-Inverse Alpha: Methodology

1.1 Assumptions

Assume that M mutual funds jointly hold N unique stocks. We start with the definition that a fund’s

stock selection ability is the weighted average of abnormal returns of the stocks the fund holds:

Sjt+1 =
N∑
i=1

ωijtα
s
it+1 (1)

where Sjt+1 is the stock selection ability of fund j for the period from t to t+1, ωijt is the fund’s

portfolio weight on stock i at time t, αsit+1 is the alpha, or abnormal return, of stock i from t to t+1.

This definition follows the characteristic selectivity measure (CS) of Daniel, Grinblatt, Titman, and

Wermers (1997), which uses characteristic-adjusted individual stock return as αsit+1 in the above

definition.

Our second assumption is that the fund stock selection skill Sjt+1 can be predicted, with noise,

by information known at time t (i.e., past fund alpha or other fund characteristics that are potentially

predictive of future fund stock selection ability). Let Ŝjt denote the expected stock selection skill

from t to t+1 based on the information available at time t. Our assumption is, Ŝjt = Sjt+1 + ejt+1,

where ejt+1 is the information noise, or an error term. Combining this with (1), we have, Ŝjt =∑N
i=1 ωijtα

s
it+1 + ejt+1.

Now, let Ŝ = ( Ŝ1t Ŝ2t ... ŜMt )′, α = (αs1t+1 αs2t+1 ... αsNt+1 )′, and denote the

error vector as e = ( e1t+1 e2t+1 ... eMt+1 )′. Further, let W be the M by N matrix of portfolio

weights, with its (j, i) element being fund j’s portfolio weight on stock i at time t, ωijt. Then, the

equation at the end of the previous paragraph can be written in the matrix form as

Ŝ = Wα+ e (2)

Here the time subscript is dropped for notational convenience. e is assumed to be white noise.
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1.2 The Generalized-Inverse Alpha

Equation (2) describes the relation of stock alphas (α) with observed fund skill measures, observed

portfolio weights, and random error terms. Our goal is to obtain the expected value of future stock

alphas, conditional on observed fund stock selection skills and portfolio weights, Et(α|Ŝ,W ).

The frequentist approach considers α in (2) as a vector of coefficients. If W ′W is invertible,

the OLS estimator for α is α̂OLS = (W ′W )−1W ′Ŝ. In empirical implementation, an issue ren-

ders the OLS estimator impractical – the number of stocks (N) is usually larger than the number of

funds (M). As a consequence, W ′W , an N×N matrix, is singular and not invertible. To overcome

this problem, we develop an alternative approach based on generalized inversion, which is a statis-

tical method to deal with the singularity or near-singularity problem in regressions (Moore 1920;

Penrose 1955).

Let V be the N×N matrix consisting of all N eigenvectors for W ′W , and D be the N×N

diagonal matrix of eigenvalues ranked in descending order. By definition, W ′W = V DV ′. When

W ′W is non-singular, it is known that (W ′W )−1 = V D−1V ′. When W ′W is singular, some

diagonal elements of D are zero, and D is not invertible. Now, let K be the number of leading

eigenvalues that are substantially above zero, and dii be the i-th diagonal element of D. Define D̂

as a diagonal matrix with the i-th diagonal element d̂ii, where d̂ii = d−1
ii if dii is substantially higher

than zero (i.e., i≤K) and d̂ii = 0 if dii is zero or close to zero (i.e., i>K). The generalized inverse

of W ′W is then V D̂V ′, and the generalized-inverse estimator for α is

α̂GI = (V D̂V ′)W ′Ŝ (3)

We call this alpha estimator the “Generalized-Inverse Alpha” (henceforth, GIA).

An implementation issue is to decide the number (K) of nonzero eigenvalues of W ′W . Since

the dimension of W is M×N (M<N), among the N eigenvalues of W ′W , at least N-M are, theo-

retically, zero. Additionally, within the first M eigenvalues, some may be quite small and close to

zero. In our baseline analysis, we set K equal to M/2, and treat the remaining (N-K) eigenvalues

as zero. We have performed a sensitivity check by varying K, and find that the results are robust

except for extreme choices of K (i.e., when K is close to zero or M).
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Note that one major role of (V D̂V ′) in Equation (3) is to account for the correlation in portfolio

holdings across funds. It is interesting to contemplate a case where this correlation is ignored. This

is equivalent to the assumption that α̂ ∝ W ′Ŝ, which leads to the “stock-quality” measure (α̂it+1)

of Cohen et al. (2005):

α̂it+1 =

∑M
j=1 ωijtŜjt∑M
j=1 ωijt

(4)

The measure has an intuitive interpretation that a stock’s alpha is the weighted average of fund

alphas, where the weights are proportional to fund portfolio weights. The portfolio weight, ωijt,

measures the size of the “bet” (i.e., the amount of information possessed by the manager), while the

past fund alpha, α̂fjt+1, measures the precision of private information. The GIA approach carries

the same intuition, and additionally takes into account the correlation of stock holdings across

funds via the term (V D̂V ′).

1.3 Extension: GIA Based on Lagged Portfolio Weights and Weight Changes

Mutual funds report net asset values and returns at the end of each trading day. By contrast, fund

holdings are reported at a quarterly frequency, and funds are required to disclose their holdings

within 60 days after their fiscal quarter ends. Therefore, typically information about quarter-t fund

portfolio holdings is not publicly available at the end of quarter t. To take into account this reporting

delay, we consider an alternative GIA using lagged fund holdings. Let WL be the quarter-t fund

portfolio-weight matrix based on holdings at the end of quarter t-1. The resulting estimator is,

α̂LGI = (VLD̂LV
′
L)W ′

LŜ (5)

where VL and D̂L are counterparts of V and D̂ in (3) but defined on W ′
LWL instead of W ′W . Note

that since there is essentially no delay in fund return reporting, there is no time lag in estimated

fund alphas Ŝ. The resulting estimator, α̂LGI , (henceforth, LGIA), is fully feasible to implement

using information publicly available at the end of quarter t.3

We further quantify the return-predictive information revealed by recent fund trades using two

3We thank Craig MacKinlay for this insight.
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trade-based GIA estimators. They result from replacing fund portfolio weights W in Equation (2)

with either ∆W+ or ∆W−. ∆W+ is the matrix of positive portfolio weight changes from t-k to t

(i.e, weight changes due to recent mutual fund buys), and ∆W− is the matrix of negative portfolio

weight changes (i.e., weight changes due to recent fund sells). The two trade-based GIA estimators

are:

α̂BUY = V +D̂+(V +)′(∆W+)′Ŝ (6)

α̂SELL = V −D̂−(V −)′(∆W−)′Ŝ (7)

where V + and D̂+ (V − and D̂−) are the counterparts of V and D̂ in (3), but defined on (∆W+)′∆W+

((∆W−)′∆W−), respectively.

2. Data and Methods

2.1 Data

Mutual fund data are from two sources – Thomson Reuters and CRSP. Funds in these two databases

are linked using the MFLINKS data set (available from Wharton Research Data Services, WRDS).

The sample period for our study starts in 1980Q1 and ends in 2006Q4. We start with domestic

equity funds with investment objectives of aggressive growth, growth, or growth and income in the

Thomson data, and then exclude index funds from the sample. However, we find some errors in the

Thomson-reported investment objectives. Judged by fund names and by the investment styles from

the CRSP data, some funds with Thomson-reported investment objectives in the above three cat-

egories are foreign-domiciled funds, US-domiciled international funds, fixed-income funds, real

estate funds, precious metal funds, balanced funds, closed-end funds, or variable annuities. We

take additional steps to manually screen out such funds that have misreported investment objec-

tives. For the CRSP fund data, we combine different share classes of the same fund, so that monthly

fund returns are computed as the weighted-average returns across share classes, with weights pro-

portional to the beginning-of-month total net assets of each share class. In addition, we obtain stock

returns from CRSP, financial statement variables from Compustat, and analyst earnings forecasts
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from IBES.

Table 1 provides summary statistics for the mutual fund sample. We report the number of funds

and the number of stocks that they hold, in aggregate, at the end of each year from 1980 to 2006.

For funds that do not report portfolio holdings at year-end, we use their last reported portfolio

snapshot during the second half of the year, and assume they hold this portfolio until year end

(on a split-adjusted basis). The table shows that there are 284 actively managed domestic equity

funds in our sample in 1980. The median fund holds 56 stocks, purchases 17 stocks and sells 18

stocks during the final six month period of 1980, with an average annual turnover ratio of 71%.

They collectively hold 2,102 unique common stocks, accounting for 44.47% of all common stocks

in the CRSP universe. The market value of the aggregate fund equity holdings is $33 billion,

accounting for 2.54% of the total market capitalization of common stocks in the CRSP universe.

The number of funds, the number of unique stocks held by these funds, and the market value of

their equity holdings increase quickly during the sample period, except for the last several years.

By 2006, there are 1,820 actively managed domestic equity funds in the sample. The median

fund holds 91 stocks, purchases 40 stocks and sells 40 stocks during the final six month period

of 2006, with an average annual turnover ratio of 92%. The funds collectively hold 4,129 unique

common stocks, accounting for 87.02% of common stocks in the CRSP universe. The aggregate

market value of fund equity holdings is $2.2 trillion, accounting for 13.01% of the total market

capitalization of common stocks in the CRSP universe.

During each year, the number of funds is typically much lower than the number of stocks in

the sample. During the sample years, the number of funds fluctuates between 270 and 2001, while

the number of distinct common stocks these funds hold collectively ranges from 2,102 to 6,260.

2.2 Portfolio Weights and Weight Changes

Since our interest is in the persistent stock selection ability of mutual fund managers, we focus

on the weights of stocks in the equity portion of a fund portfolio.4 The fund portfolio weight is

4The results are robust when we define portfolio weights as the value of stock holdings divided by fund TNA.
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computed as:

ωijt =
sijtpit∑N
i=1 sijtpit

(8)

where sijt is the number of shares of stock i held by fund j in quarter t, and pit is the price of stock

i at the end of quarter t. Note that funds report holdings for their fiscal quarter-ends, which may

not coincide with calendar quarter-ends. In such a case, we assume that fund holdings reported at a

fiscal quarter-end are valid for the immediately following calendar quarter-end, after adjusting for

stock splits using the CRSP share adjustment factor. In addition, some funds in the sample report

holdings semiannually instead of quarterly. For these funds, if they do not report holdings at the

end of a given quarter t, we use their reported holdings at the end of quarter t − 1. We find that

including these lagged fund holdings, rather than omitting them, improves the return-predictive

power of the resulting GIA estimator by increasing the size of the fund cross-section.

We compute the fund portfolio weight change, due to active trading as:

∆ωijt =
(sijt − sijt−2)pit∑N

i=1 sijtpit
(9)

where sijt−2 is the number of shares of stock i held by the fund in quarter t − 2. To make ∆ωijt

invariant to stock splits, we adjust the lagged holding, sjit−2, using the share adjustment factor from

CRSP to an equivalent shareholding at the end of quarter t. We compute the weight change over

a two-quarter period instead of a one-quarter period so that funds reporting holdings semiannually

can be seamlessly included. For funds that do not report holdings at the end of quarter t, we use

holding changes from quarter t − 3 to quarter t − 1 as a proxy for holding changes from t − 2 to

t. Note that we have also performed an analysis using quarterly portfolio weight changes and have

found similar results.

2.3 Measuring Fund Stock Selection Skills

In the baseline GIA model, we measure fund stock selection skills by the estimated alpha from the

Carhart (1997) four-factor model:

rt − rft = α + β · (rmt − rft) + s · SMBt + h · HMLt + u · UMDt + et (10)
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where the pre-expense monthly fund return rt is the net fund return plus 1
12

times the annual ex-

pense ratio. The riskfree rate rft is the yield on treasury bills with one-month maturity at the

beginning of month t, obtained from CRSP. The market return rmt is the monthly CRSP value-

weighted index return, while SMBt, HMLt, and UMDt are the monthly size, book-to-market, and

momentum factors obtained from Ken French’s website. The regression is performed at the end of

each calendar quarter on a rolling basis, using data for the prior 12 months.

We note that the four-factor alpha may capture skills of funds other than stock selection. For

example, some funds may possess skills to time their trades and execute trades at low trading costs

(Kacperczyk et al. 2008; Puckett and Yan 2011). Such skills can contribute to fund alphas but are

not considered part of the stock selection skills. Therefore, the fund alpha is a noisy proxy for fund

stock selection skills (as are any other proxies for fund stock selection measures we consider in this

paper). If the fund alpha has nothing to do with the ability of fund managers to locate mispriced

stocks, or if such skills do not persist from one year to the next, then by construction the resulting

GIA will not predict future abnormal stock returns. Given the above, the validity of our baseline

version of GIA depends on the persistence of stock selection skills over time. This assumption can

be made concrete by considering the following process for fund manager stock selection skills:

Sjt+1 = ρα̂Fjt + ejt+1, where α̂Fjt is the past four-factor alpha (assuming that α̂Fjt, ejt+1, and Sjt+1

have zero expected values). The GIA becomes α̂GI = (V D̂V ′)W ′ρα̂Ft , where α̂Ft is the vector of

α̂Fjt. Note that if the persistence parameter ρ equals zero, all stocks are predicted to have the same

alpha of zero.5

Mamaysky, Spiegel, and Zhang (2007) propose a backtesting procedure that substantially im-

proves the power of the estimated fund alphas in predicting future fund performance. However this

procedure would also result in a substantial reduction of fund sample size, which is crucial for the

power of the GIA model. We therefore do not implement this procedure in our paper.

5In addition, ρ could be different across funds. In untabulated analysis, we perform quarterly cross-sectional
regressions of fund 12-month four-factor alpha on lagged 12-month four-factor alpha as well as the interaction of the
lagged alpha with seven fund-level characteristics: the inverse of residual fund volatility, dummy variables for top- and
bottom-decile fund alpha ranks, percentile rank of fund TNA, fees, turnover, and age. Also included are the levels of
these seven characteristics. We use the estimated coefficients to form conditional fund persistence parameters, which
are then used to compute “conditional GIAs.” These GIAs do not forecast stock alphas significantly better than the
unconditional approach to be presented in the next section.
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2.4 Evaluating Return-predictive Performance

We rely on both the sorted-portfolio approach and Fama-MacBeth regressions to evaluate the per-

formance of the GIA estimators. The details of the portfolio approach are as follows.

During the period from 1980 to 2006, at the end of each portfolio formation quarter (Q0),

we sort stocks into equal-weighted decile portfolios based on one of the stock alpha estimators

developed in Section 1, and hold them during the subsequent four quarters (Q1 to Q4, the holding

quarters). During the holding period, we rebalance the portfolios quarterly, so that they have

equal weights at the beginning of each holding quarter. To avoid market microstructure issues in

measuring stock returns as well as to limit the impact of transaction costs, we require a stock to

have a minimum price of $5 at the beginning of a holding quarter to be included in any decile

portfolio for that quarter.

In order to provide a summary performance measure over the entire four-quarter holding pe-

riod, we further adopt an overlapping portfolio approach. In any given quarter, there are four

portfolios with the same decile ranking, but formed during each of the prior four quarters. We

further combine these four portfolios in equal weights into a single portfolio and hold it during the

next quarter. This portfolio formation procedure is similar to the overlapping momentum portfolio

procedure of Jegadeesh and Titman (1993), and is labeled “JT4” in the tables.

We evaluate portfolio performance using portfolio returns, characteristic-adjusted portfolio re-

turns, and Carhart four-factor alphas. When computing the portfolio returns, we include CRSP-

reported delisting returns for stocks delisted during a holding quarter. Following Shumway (1997),

when the CRSP delisting return is missing, we replace it with -30% if the delisting is performance

related, and zero, otherwise.

The characteristic-adjusted return is computed using the characteristic benchmark approach of

Daniel, Grinblatt, Titman, and Wermers (1997; DGTW) and Wermers (2003).6 In each quarter we

sort all common stocks with price no less than $5 into 125 (5×5×5) benchmark portfolios using

a sequential triple-sorting procedure based on size, book-to-market ratio (BM), and momentum.

6The DGTW benchmarks are available via http://www.smith.umd.edu/faculty/rwermers/ftpsite/Dgtw/coverpage.htm.
This paper uses a modified version of the DGTW approach, where the benchmark portfolios are updated quarterly
instead of annually to provide a more precise control for both active and passive momentum returns achieved by the
funds.

13



Size is the market cap at the end of the quarter (using NYSE breakpoints when sorting). BM is

computed using the book value of equity for the most recently reported fiscal year and the quarter-

end market cap. Momentum is the 12-month return prior to the quarter-end. An additional group is

created to include stocks that cannot be assigned into any of the above 125 groups due to missing

characteristics. The characteristic-adjusted return for a stock is its quarterly return in excess of the

respective quarterly value-weighted benchmark portfolio return.

Finally, the four-factor alpha for a ranked portfolio is estimated using Equation (10), based

on quarterly portfolio returns. The monthly factor returns obtained from Ken French’s website

are compounded into quarterly returns before they are used in the regression. When interpreting

empirical results based on regression alphas, we keep in mind two known issues. First, the factor-

regression approach may lack power to detect abnormal returns (e.g., DGTW 1997; Kothari and

Warner, 2001). Second, Cremers, Petajisto, and Zitzewitz (2009) point out that the regression

results may be sensitive to factor construction.

3. Main Empirical Results

3.1 GIA Based on Current Fund Holdings

Table 2 reports the characteristics and performance of equal-weighted portfolios formed on the

GIA defined in (3). As described in Section 1, in the baseline case, we set K=M/2, and use a

rolling (lagged) 12-month four-factor alpha to measure fund ability. Fund portfolio weights are

measured at the end of the portfolio formation quarter, Q0.

The portfolio characteristics reported in the table are the cross-sectional average quintile ranks

of stocks in the size, book-to-market ratio, and momentum dimensions (with 1 being the lowest and

5 the highest quintile). These quintile ranks are those used to construct the DGTW characteristic

benchmarks. The table shows that stocks in both the top and bottom GIA-ranked deciles (D1

and D10) have larger market capitalizations relative to stocks in the middle deciles. Stocks in the

two extreme deciles also tend to have slightly lower book-to-market ratios. In addition, there is

a generally monotonic relation between the portfolio decile rank and momentum quintile rank,

with the exception of the two bottom deciles. Since these stock characteristics are predictive of
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stock returns, it is important to control for them in order to properly measure abnormal portfolio

performance.

During the quarter (Q1) after portfolio formation, portfolio returns generally increase with their

decile ranks, although not in a perfectly monotonic way. The D1 portfolio return is 3.02%, while

that of D10 is 4.55%. The return difference is 1.53%, with a t-statistic of 5.11. The return gap

between D10 and D1 remains significantly positive for the next two quarters, Q2 and Q3, but

becomes insignificant during Q4. For the JT4 portfolio (which takes positions in four portfolios

formed during four past quarters), the top-bottom return spread is 1.10%, with a t-statistic of 3.99.

The decreasing D10-D1 return spreads as we move from Q1 to Q4 suggest that the return-predictive

information possessed by fund managers with persistent skills is relatively short-lived.

The two performance measures that control for stock characteristics, the characteristic-adjusted

return and the four-factor alpha, also tend to be higher for D10 stocks than for D1 stocks. For

example, the characteristic-adjusted return spreads between D10 and D1 are 1.14%, 0.83%, and

0.53% from Q1 to Q3, and 0.65% for the JT4 portfolio, all highly significant. The four-factor

alpha spreads between D10 and D1 are 1.15%, 1.00%, 0.73% from Q1 to Q3, and 0.86% for the

JT4 portfolio. Note that in terms of the magnitude, the four-factor alpha spreads are comparable

with or slightly higher than the characteristic-adjusted return spreads. However, the t-statistics

are lower, possibly due to the lower statistical power for regression-based performance measures

relative to portfolio-matching techniques (as discussed in Section 2.4).

The high statistical significance for the D10-D1 performance spreads suggests a high economic

value of the return-predictive information, as measured by the Sharpe ratio. The t-statistic for the

JT4 return spread of GIA portfolios is 3.99 during the 111 holding quarters (1980Q2 to 2007Q4),

implying an annualized Sharpe ratio of 0.76 (=3.99/
√

111/4). By comparison, during the same

period, the return spread between the top and bottom momentum decile portfolios of stocks, formed

in JT4 style (i.e., based on past 12-month returns and skipping one month between formation and

holding periods, following Jegadeesh and Titman (1993)), is 1.68%, with a t-statistic of 2.09 and

an annualized Sharpe ratio of 0.40.

In sum, the GIA exhibits statistically and economically significant power to predict stock re-

turns. This is consistent with a strong persistence in stock selection ability across funds.
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3.2 GIA Based on Lagged Fund Holdings and Fund Trades

Due to reporting delays, the GIA strategy analyzed in Table 2 is not fully implementable in practice.

Therefore we turn to the estimator (5), which is based on lagged fund holdings. Except for the use

of lagged portfolio holdings, our procedure remains the same as that of Table 2.

Panel A of Table 3 reports the results. To save space we only report the D10-D1 performance

differences, in terms of return spreads, the corresponding characteristics-adjusted spreads and the

four-factor alphas of the spreads. The patterns of the portfolio performance are similar to those in

Table 2, although with slightly lower magnitude. During Q1, the D10-D1 differences in net returns,

characteristic-adjusted returns, and four-factor alphas are 1.52%, 0.95%, and 0.99% respectively,

all significantly positive. The corresponding D10-D1 spreads for the JT4 portfolios are 1.00%,

0.48%, and 0.75%, also significant. Therefore, even with the delayed observation of fund holdings

in practice, the return-predictive information produced by our model is highly valuable to investors.

The performance of GIA estimator based on fund buys (6) is reported in Panel B of Table

3. Again, to save space, we only report the D10-D1 performance differences. The spread in net

returns, characteristic-adjusted returns, and four-factor alphas are significantly positive for Q1,

Q2, and for the JT4 portfolios. They are not significant for Q3 and Q4, though. Even when

the performance spreads are significant, they are generally lower in magnitude and have lower

t-statistics relative to the corresponding numbers in Table 2, which are based on fund holdings.

There are several factors that affect the relative performance of holding- vs. trade-based GIAs.

First, recent fund trades contain fresh information about stock values, whereas fund holdings may

contain some stale information. Second, funds may make short-term trades for non-performance

reasons, such as accommodating flows. A third effect is that, as reported in Table 1, the number of

stocks held by funds is twice that of the stocks bought or sold by a fund. The smaller sample of

fund buys may also limit the power of the buy-based GIA. Our results indicate that the advantage

of fresh information contained in fund trades does not offset the two negative effects.

As reported in Panel C of Table 3, the GIA based on fund sales (7), fares much worse in predict-

ing returns. Under all three portfolio performance measures, and across all holding horizons (Q1

to Q4, and JT4), there are no significant performance differences between D10 and D1 portfolios,

with some performance differences being negative.
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In addition to the fact that the number of fund sell observations is much lower than the number

of fund holdings, there are three potential reasons why the sell-based signals perform poorly. First,

most mutual funds have a self-imposed constraint on short-selling, which may limit the information

revealed by selling of stocks. Second, a skilled fund manager buys stocks that are temporarily

undervalued. Assuming the fund manager has talent, these stocks will subsequently be sold after

a price run-up, and thus will no longer have prospects for further positive alphas. If true, then

we cannot look to stock sales by skilled managers as a signal of these stocks being overpriced in

an absolute sense. Finally, some funds may be forced to sell stocks due to large money outflows.

Such forced sells are typically not related to fund managers’ stock selection information (e.g.,

Alexander, Cici, and Gibson, 2007).

3.3 Robustness and Variations

3.3.1 Subperiod and Subsample Analysis

Figure 1 plots the performance of GIA and LGIA in nine subperiods that span the entire 27-year

sample. The subperiods are based on the portfolio formation quarters; i.e., each three-year sub-

period consists of 12 portfolio formation quarters occurring within the three-year span. The first

subperiod is 1980-1982 and the last subperiod is 2004-2006. The performance measure here is

the D10-D1 spread in characteristic-adjusted returns, for portfolios formed on GIA and LGIA re-

spectively, using the JT4 approach. The plot shows that with the exception of the first subperiod

(1980-1982), GIA and LGIA generate positive performance during all subperiods. The perfor-

mance during the 7th subperiod (1998-2000, during the internet bubble) is notably strong. How-

ever, in untabulated analysis, we find that, after removing this subperiod, the performance during

the remaining sample period is still significantly positive. In addition, we have performed a time-

trend analysis by regressing the characteristic-adjusted JT4 return spreads onto a consecutively-

increasing quarter index (taking a value of 1 for 1980Q1 and a value of 108 for 2006Q4). Using

the data during the entire sample period from 1980 to 2006, the coefficients for the quarter index are

0.0046 (t=1.70) and 0.0048 (t=1.30) for GIA and LGIA respectively. During the subperiod from

1990 to 2006, the coefficients for the quarter index are -0.0089 (t=-0.48) and -0.0024 (t=-0.24) for
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GIA and LGIA respectively. Thus, although there is a slight improvement of performance during

the entire sample period and a slight deterioration of performance during the subperiod of 1990 to

2006, such time trends tend to be statistically insignificant.7

Recent studies have found improved stock market market efficiency over time. For example,

Chordia, Subrahmanyam, and Tong (2010) show that increased liquidity has substantially weak-

ened the magnitude of various stock market anomalies. Interestingly, we do not detect a visible

declining trend of performance for the GIA and LGIA strategies. However, we note that the invest-

ment strategies analyzed by Chordia et al. (2010) are based on publicly available information that

can be obtained at a relatively low cost. Thus the profitability of such strategies may be vulnerable

to increased competition accompanied by improved liquidity in the financial markets. As discussed

further in Section 4.3 of the paper, the stock selection information extracted using our approach

is likely the result of fundamental research by fund managers and such information is of a differ-

ent nature than the return-predictive information produced by easily exploited market anomalies.

Further, to the extent that fundamental-based information is costly to produce, we would expect

that fund managers producing such costly information will still be rewarded, even in a competitive

market (Grossman and Stiglitz 1980).

Another factor that affects the time trend in the performance of GIA and LGIA is the increased

fund sample size. Over time as more funds enter our sample, the power of the generalized inverse

approach improves, which may somewhat offset a decline in the intensity of stock selection in-

formation each fund manager possesses. This can be easily understood because of the increased

number of rows (M) in the MxN weight matrix of Equation (2). The GIA is able to extract more

information from fund weights as this matrix becomes closer to a full-rank square matrix. The

increase in model power due to an enlarged fund sample size may also reconcile our findings with

Barras, Scaillet, and Wermers (2010), who report a shrinking proportion of funds with positive pre-

fee alphas but increasing numbers of total funds and skilled funds.8 In addition, the GIA model

7In addition, to see if a time trend exists but is confounded by the internet bubble period, we further compare the
performance during the pre-bubble period of 1990-1997 with the post-bubble period of 2002 to 2006. We find that the
performance during these two periods is at comparable magnitude, for GIA as well as for LGIA.

8ecifically, according to their Internet Appendix, based on pre-expense fund alphas, the proportion of skilled funds
decreases from around 28% in 1989 to 9.6% in 2006; meanwhile, the number of funds in their sample increases from
around 400 in 1989 to 1836 in 2006. Thus, the entire fund cross-section has dramatically expanded, and the number
of skilled funds also increases (from 112 to 176).
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draws its power from the dispersion of fund stock selection skills, not just the proportion of funds

with positive alphas. Specifically, the growth in the numbers of other (unskilled) managers also

helps, since the weight matrix makes use of the holdings of unskilled managers, too.

We also examine the performance of the GIA in subsamples of stocks formed based on various

stock characteristics. For brevity the results are not tabulated but we summarize them here. We

find that, based on the JT4 spread, the GIA exhibits strong return-predictive power among small-

cap and mid-cap stocks; however, its return predictive power among large-cap stocks remains

significant. Further, based on the JT4 spread, the predictive power of GIA is stronger among value

stocks, past losers, and stocks with high idiosyncratic return volatility, relative to growth stocks,

past winners, and stocks with low idiosyncratic return volatility. Finally, the GIA has the strongest

predictive power among stocks with a medium level of breadth of fund ownership (measured by

the number of funds holding the stock, orthogonalized with firm size). Intuitively, this might be

due to a combination of the following two offsetting effects. On the one hand, the GIA approach

does not have much statistical power for stocks owned by very few funds. On the other hand, the

return-predictive information may be quickly competed away and reflected in stock prices when

too many funds own the stocks.

3.3.2 Variations

We have performed additional analyses to ensure the robustness of the results and to deepen our

understanding on the properties of the GIAs. For brevity we summarize the results below without

tabulating them.

We first check the impact of fund alpha estimation on the performance of the GIAs. In addition

to the Carhart four-factor model, we use the CAPM and the Fama-French three-factor model to

estimate fund alphas. The resulting GIAs continue to exhibit significant return predictive power;

however, since the CAPM and three-factor models do not control for the price momentum effect,

the resulting GIAs tend to generate short-term momentum-like patterns. Moreover, we extend

the rolling window for fund alpha estimation from 12 months to 60 months, at increments of 12

months. Regardless of the factor model used, as we extend the rolling window, the return predictive

performance of the resulting version of the GIA weakens. This indicates that the stock picking
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ability of fund managers is fleeting, consistent with the theoretical prediction of Berk and Green

(2004) and the empirical findings of several studies (Carhart 1997; DGTW; Hendricks, Patel, and

Zeckhauser 1993; and Kosowski, Timmermann, Wermers, and White 2006).

Second, we implement a benchmark-adjusted version of GIA, by replacing portfolio weights

W with the portfolio weights in excess of the weights of stocks in the CRSP value-weighted index

in the GIA implementation. We find slightly improved results relative to those reported in Table 2

in terms of the statistical significance of the top-bottom decile return spreads. However, the return

spreads per se are slightly smaller. Therefore, the improvement due to benchmark adjustment is

not clear-cut.

Third, we evaluate the performance of GIAs at a monthly frequency instead of quarterly fre-

quency, and obtain similar results. The GIAs significantly predict stock returns over horizons

of five to seven months after portfolio formation, depending on performance measures. In addi-

tion, the Jegadeesh and Titman (1993) style 12-month overlapping portfolios produce significantly

positive top-bottom decile return spread in net returns, characteristic-adjusted returns as well as

four-factor alphas during the holding period.

Fourth, we use the liquidity-augmented five-factor model to evaluate the performance of the

GIAs. The fifth-factor (in addition to the Carhart four factors) is either the Pastor and Stambaugh

(2003) liquidity factor or the Sadka (2006) liquidity factor. The return predictive power of the

GIAs remains significant with the additional control for the exposure to the liquidity factor. In

other words, the performance of the GIAs is not sensitive to the liquidity-provision or liquidity-

demanding role of mutual funds.

Finally, Gaspar, Massa, and Matos (2005) document that some funds receive favorite IPO

allocations from fund families and such allocations substantially benefit their performance. In

addition, Cohen, Polk, and Silli (2010) show that stocks held with the largest portfolio weights

(i.e., the “best-ideas”) by funds tend to outperform other stocks. To see how important the IPO

allocations and the “best-idea” stocks is to the performance of the GIAs, we exclude stocks with

less than 1 year of history in the CRSP data, and exclude the “best-idea” stocks when constructing

the GIAs. The resulting performance of the GIAs is robust to these variations. Therefore, favorable

IPO allocations received by funds are not a key contributor to the performance of the GIAs, and
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that the GIAs can extract stock return information effectively on stocks that are not the “best ideas”

of fund portfolios.

4. Further Analysis

In this section, we take advantage of the GIA approach to evaluate four issues on the stock selection

information possessed by fund managers.

4.1 Comparison with Other Return-predictive Signals from Mutual Fund

Holdings

Existing studies have discovered several other ways to use fund holdings or trades to predict stock

returns. We compare the return-predictive power of the GIAs with four such effects.

The first is the effect of herding. Although early studies such as Lakonishok, Shleifer, and

Vishny (1992) and Grinblatt, Titman, and Wermers (1995) find little evidence of institutional herd-

ing, Wermers (1999) and Brown, Wei, and Wermers (2011) document a significant price impact

by mutual fund herds. Wermers (1999) reports return continuation following mutual fund herding

trades, while Brown at al. (2011) find that, in recent periods, herding trades generate initial return

continuation followed by return reversal. To control for the effect of herding we follow Brown et al.

(2011) to construct a variable HERD. We first construct a buy herding measure, BHM, for stocks

that mutual funds “buy-herd,” and a sell herding measure, SHM, for stocks that funds “sell-herd.”

The details of these two measures can be found in their paper. We then rank buy-herded stocks (by

BHM) into quintiles, and separately rank sell-herded stocks (by SHM) into quintiles. Finally, we

stack the buy-herding quintiles and sell-herding quintiles into deciles (denoted as HERD), with the

stocks having the largest buy herding measure, BHM, in the top decile, and those with the top sell

herding measure, SHM, in the bottom decile.

The second effect is the aggregate stock-picking ability by mutual funds vs other investors.

Chen, Jegadeesh, and Wermers (2000) document that aggregate mutual fund trades have significant

power to predict stock returns. They argue that this is because mutual funds, on average, are better

stock-pickers than unsophisticated individual investors. Following their paper, we measure the
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aggregate fractional mutual fund trades (TRADE) as the one-quarter change in total mutual fund

holdings (in dollars) of a stock divided by the market capitalization of that stock.

The third effect is related to short-sale constraints. Chen, Hong, and Stein (2002) find that a

decrease in the number of mutual funds holding a stock (reduced breadth of ownership) is asso-

ciated with a lower future return for that stock, as the negative outlook of many funds is not fully

expressed through their portfolio holdings due to the self-imposed short-sale constraint of most

funds. Following their study, we measure the change in breadth of ownership of a stock (∆BRD)

as the one-quarter change in the number of mutual funds who hold a long position in the stock

divided by the total number of mutual funds that exist during both the formation quarter and the

prior quarter.

The fourth is the “dumb money” effect of fund flows documented by Frazzini and Lamont

(2008). They find that mutual fund flows are largely driven by investor sentiment, and high sen-

timent stocks tend to generate low returns at long horizon(s). To capture this effect, we follow

Equation (8) of their paper to construct a measure, FLOW. Fund flows used in measuring the vari-

able are over the portfolio formation quarter, Q0.9

The performance of equal-weighted decile portfolios formed in HERD, TRADE, ∆BRD, and

FLOW is reported in Panel A of Table 4. For brevity, we only report the spreads in characteristic-

adjusted returns between the top and bottom decile portfolios. A common pattern across the four

variables is that their top-bottom return spreads decrease monotonically as the holding period

moves from Q1 to Q4 (with the exception of ∆BRD during Q3), and the spreads are positive

during the first two quarters, Q1 and Q2, but turn negative during Q3 and Q4 (again with the ex-

ception of ∆BRD during Q3). Therefore, herding, aggregate fund trades, change in breadth of

ownership, and fund flows all generate short-term return continuation that is subsequently at least

partially reversed. Consequently, only ∆BRD produces a significant spread for the JT4 portfolio.

These results are consistent with those separately reported for each variable by various studies.

We further compare the return-predictive power of the GIAs with these variables using Fama-

9We measure fund flows during a quarter to capture the return continuation effect induced by short-term autocor-
related fund flows. By contrast, Frazzini and Lamont (2008) use fund flows at longer horizons (e.g., 1 to 3 years),
in order to capture the return reversal effect. However, such long-run reversal is unlikely to explain the short-term
return-predictive power of the GIA.
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MacBeth regressions. The successive dependent variables in the four cross-sectional regressions

are the characteristic-adjusted stock returns during Q1, Q2, Q3, and Q4. The regressors include

GIA (or LGIA), HERD, TRADE, ∆BRD, and FLOW. The regressions are performed quarterly,

and we compute the time-series averages of the estimated coefficients. To obtain a summary mea-

sure of predictive performance over the four quarters, we also compute JT4 regression coefficients

that are similar to the JT4 portfolio procedure. Specifically, during each quarter t, there are four sets

of cross-sectional regressions performed which use the characteristic-adjusted stock return during

that quarter as the dependent variable. These four sets of cross-sectional regressions involve ex-

planatory variables measured during the previous four quarters (t-4 to t-1). We first average the

four sets of coefficients on the same explanatory variable across the four lags, and then further com-

pute their time-series averages. Finally, t-statistics are computed using a Newey-West covariance

estimator with a two-quarter lag.

The regression results are reported in Panel B of Table 4. Note that, even in the presence of

HERD, TRADE, ∆BRD, and FLOW, the coefficients for GIA (LGIA) are significantly positive

during the first three (two) quarters after Q0, and for the JT4-style regression. Further, the coeffi-

cients for GIA and LGIA decline from Q1 to Q4, consistent with the pattern on their top-bottom

decile spreads reported in Table 2 and Panel A of Table 3. Overall, the results suggest that the GIAs

reflect an aspect of fund managers’ stock selection information that is different from that captured

by the effects already examined in existing studies.

4.2 Fundamental Information Contained in GIAs

Next, we delve into a deeper issue regarding the economic source of the return-predictive power of

the GIAs, or equivalently, the stock selection information implied by the cross-sectional difference

in fund skills. One conjecture is that the GIAs are related to future stock returns due to mere price

pressure mechanisms. The pure price pressure effect could arise in various forms. For example,

mutual funds tend to herd on (mimic) the prior trades of top-performing funds (Sias 2004). As

mentioned in the prior section, Wermers (1999) documents that fund herding moves stock prices.

In our context, herding might push up the prices of stocks held by winning funds even when there is

no private information conveyed by winning fund trades or subsequent herding trades. The second
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type of price pressure is induced by fund flows. It is well-documented that fund flows chase past

performance (e.g., Sirri and Tufano 1998). If winning funds respond to new money inflows by

adding to already-held stock positions, they may push up the prices of these stocks. Wermers

(2003) finds some evidence of price-pressure in stock trades that are motivated by fund flows.

An alternative explanation is that the GIAs predict stock returns because they aggregate unique

fundamental information produced by fund managers. Most mutual funds claim to pick stocks via

fundamental research, a process that may result in the production of non-public information about

the business fundamentals (e.g., sales and earnings) of firms. Perhaps because fund managers’ fun-

damental research efforts are not directly observed, the effectiveness of fundamental analysis has,

to date, rarely been scrutinized by academic studies. However, if fund managers do possess fun-

damental information about stocks, we expect that it should result in a significant relation between

the GIAs and measures of firms’ future operating performance.

Our analysis in Section 4.1 already provides some information to evaluate the price pressure

hypothesis. The variables HERD and FLOW capture specific forms of price pressure due to fund

herding and sentiment-driven fund flows. One can also argue that the relation between TRADE

and subsequent stock returns may be in part due to the effect of price pressure. However, none

of these variables explains the return-predictive power of the GIAs. In addition, we check the

long-run performance of the stock portfolios. If the Q1 through Q3 price increases of high GIA (or

LGIA) stocks are due to mere price pressure, their performance would reverse at longer horizons.

In untabulated analysis, we do not find any significant reversal when we trace the performance up

to three years after portfolio formation.

Further, we provide direct evidence that the GIAs contain predictive information about firms’

fundamentals. We measure information shocks to corporate fundamentals using four variables –

standardized unexpected earnings (SUE), earnings surprise relative to consensus forecast (SUR),

analyst forecast revision (FRV), and earnings-announcement-window return (EAR). SUE is de-

fined in Appendix A. SUR is the quarterly EPS reported during a given quarter minus the last

consensus forecast for that EPS prior to the earnings announcement. FRV is the consensus EPS

forecast for the (as yet unreported) current fiscal year measured during the last month of the given

quarter, minus the consensus EPS forecast for the same fiscal year measured three months ago,
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then scaled by the IBES-reported stock price during month m. EAR is the buy-and-hold return

during the five trading days (day -2 to day 2) around the date of a given earnings announcement.

If earnings are announced after the market close or during a non-trading day, we treat the next im-

mediate trading day as the announcement date. SUE and EAR are based on data from Compustat,

while SUR and FRV are based on IBES data. To alleviate the effect of outliers, in each quarter, we

cross-sectionally winsorize SUE, SUR and FRV at the top and bottom 1 percentile before using

them in our analysis. Note that these four variables measure unexpected information about firms’

fundamentals from different perspectives. SUE and SUR measures earnings surprises relative to

past earnings and relative to analysts’ forecasts. FRV measures changes in earnings expectations

throughout a quarter, presumably due to new information arrival during the quarter. EAR measures

the magnitude of investors’ earnings surprises in terms of stock returns.

Table 5 reports the averages of the four fundamental information measures for each decile

portfolio sorted on GIA and LGIA, respectively, during the four quarters (Q1 to Q4) after port-

folio formation. We also compute the JT4-style averages for these portfolio-level fundamental-

information measures. For brevity we only report the D10-D1 differences in these measures. The

table shows that both GIA and LGIA have significant power to predict firms’ fundamentals. All

D10-D1 spreads in the fundamental measures are significantly positive, with the only exception

being the EAR spreads for Q4. The predictive power of the GIA and LGIA degrades through time,

matching the degrading return spread of D10-D1 that we document earlier. In untabulated analysis,

we obtain similar results using the four fundamental information measures in excess of those of

their DGTW benchmarks.

Overall, the evidence is consistent with the hypothesis that the stock selection information con-

tained in the GIAs reflects the persistent ability by mutual funds to perform research on corporate

fundamentals, rather than being driven by pure price pressure.

4.3 Public or Private Information? Relation with Quantitative Signals

Given our evidence in the last section on the fundamental information revealed by the GIAs, a

follow-up issue is the relation between such information and the return-predictive information

contained in various publicly available firm characteristics. A large body of academic studies has
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found that stock returns are predictable based on firm-specific financial and accounting variables,

which are sometimes referred to as “quantitative characteristics” or “quantitative investment sig-

nals” (e.g, Jegadeesh et al., 2004). There is evidence that mutual funds trade on at least some of

these variables, such as price momentum (e.g., Grinblatt, Titman, and Wermers 1995). One might

question whether the return-predictive information contained in the GIAs is truly private in nature.

For instance, if top performing managers simply trade on previously documented market anomalies

using publicly available financial information, then we might not conclude that our approach truly

uncovers fund managers’ private information on stocks. Therefore, we next examine the relation

of the GIA signals with prior-documented stock return anomalies.

We consider 11 quantitative investment signals documented in the prior literature. These sig-

nals are used by Jegadeesh et al. (2004) to assess the value of analyst stock recommendations.

We follow their definitions of these variables, and provide a detailed description of the variables in

Appendix A. The first two variables are related to liquidity. SIZE is the log of stock market cap-

italization and TURN is the exchange-specific percentile ranking of stock trading turnover. The

next four variables are momentum signals. RETP and RET2P measure price momentum by stock

returns during months -6 through -1 and months -12 through -7, respectively. FREV and SUE

measure earnings momentum of stocks using analysts’ EPS forecast revision and standardized un-

expected earnings. There are three contrarian or value signals. EP is the earnings-to-price ratio,

while BP is the log book-to-market ratio. SG is the past sales growth rate. Further, the earnings

quality indicator, ACC, is the total accounting accruals. Finally, a measure of corporate investment,

CAPEX, is capital expenditure intensity. All the 11 variables are cross-sectiontally winsorized at

the top and bottom 1 percentile. We further standardize these variables by subtracting the cross-

sectional means and then dividing by cross-sectional standard deviations.

Based on untabulated Fama-MacBeth regressions, we find that all these variables exhibit a

significant ability to predict returns during at least one of the four evaluation quarters (Q1 to Q4)

during the sample period, and the signs of the estimated coefficients are generally consistent with

those documented in previous studies. We further examine the correlation between the GIAs and

the quantitative investment signals (again, untabulated). The GIAs are positively correlated with

SIZE, but have an insignificantly negative correlation with the second liquidity variable, TURN.
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They also have a significantly negative correlation with BP, but are insignificantly correlated with

other signals on value, earnings quality, or corporate investments. However, the GIAs have an

apparent momentum tilt, as they have significantly positive correlations with RETP, RET2P, FREV,

and SUE. This finding appears to be consistent with previous literature in that momentum is an

important factor in explaining performance persistence.

To confirm that the GIA contains unique private information, we run a “horserace” between

the GIAs and quantitative signals using Fama-MacBeth regressions. The successive dependent

variables are cross-sectional stock returns during each of the four evaluation quarters (Q1 through

Q4, respectively), and the explanatory variables include the GIA (LGIA) and the 11 quantitative

signals. We also compute the JT4-style average coefficients, following the procedure described in

Section 4.1.

A technical issue we encounter is the missing observations for explanatory variables. During

any given quarter (especially in the early sample period), a significant number of stocks have at

least one missing quantitative signal. Excluding these stocks from multivariate regressions would

result in a substantial reduction in the sample size. Instead, we use a multiple imputation method

to replace missing observations with simulated values. This method is developed in the statisti-

cal literature for regressions where explanatory variables have a subset of observations that are

missing at random (e.g., Rubin 1987; Yuan 2000). We adopt this method for the Fama-MacBeth

regressions with Newey-West covariance estimates. Briefly, we assume joint normal distributions

for the dependent and explanatory variables, and use the Markov chain Monte Carlo (MCMC)

procedure to generate simulated values whenever the actual observations are missing. We then

perform Fama-MacBeth regressions using the data augmented by simulated values, and adjust the

t-statistics for the parameter estimates to take into account the effect of simulated regressors. The

details of the procedure are described in Appendix B.

In Table 6, we report time-series average estimated coefficients and the corresponding time-

series t-statistics computed with Newey-West standard errors with a two-quarter lag. The table

shows that, notably, after controlling for the 11 quantitative signals, loadings on the GIA and LGIA

are significantly positive for the first three quarters, Q1 to Q3, and for the JT4-style averages. In

addition, consistent with the information decay pattern reported in Table 2 and Panel A of Table 3,
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the coefficients for GIA and LGIA in Table 6 monotonically decline as we move from Q1 to Q4.

Therefore, the stock selection information revealed by the GIA approach cannot be explained

by fund trading on momentum or other public quantitative investment signals. This result reflects

an interesting difference between the fundamental analysis pursued by most mutual funds and the

quantitative investment analysis that has become popular among hedge funds and some institu-

tional money managers. Fundamental analysis may enable funds to obtain private information

about stock values, which could be quite different from publicly available investment signals used

in quantitative research. This confirms the value of our approach of using fund holdings to extract

stock selection information.

4.4 GIAs Based on Alternative Fund Skill Proxies

Our last set of analyses uses the GIA approach to explore a further issue. The existing litera-

ture has identified various fund characteristics and fund skill measures, which are alternatives to

the return-based fund alphas, and, yet, are indicative of future fund performance. An important

question is whether these alternative skill proxies predict fund performance by capturing the stock

selection ability of fund managers, or because of other effects. Such other effects range from

simply charging lower fees (Carhart 1997), engaging in market timing or making active asset al-

location decisions (Jiang, Yao, and Yu, 2007), being more skillful in executing trades (Anand,

Irvine, Puckett, and Venkataraman, 2012), to being more successful in interim (intra-quarter) trad-

ing (Kacperczyk, Sialm, and Zheng, 2008; Puckett and Yan, 2011). Another issue of interest is

whether the above skill proxies generally impart the same stock selection information, or whether

they capture different and unique information.

To address these issues, we extend the GIA model by substituting the alternative skill proxies

in place of the four-factor fund alpha as Ŝ in Equations (3) and (5). The alternative skill proxies

that we consider are the following. The first three are based on simple fund characteristics – fund

fees, size, and turnover. Various studies, such as Carhart (1997), Gil-Bazo and Ruiz-Verdú (2009),

Chen, Hong, Huang, and Kubik (2004), Pollen and Wilson (2008), and Yan (2008), have shown

that these characteristics are related to fund skills and fund performance. We define FEE as the

annual fund expense ratio plus amortized load (one seventh of total load; see Sirri and Tufano,
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1998), TNA as the total net assets, and TURN as fund trading turnover, all using information

available prior to the end of the portfolio formation quarter, Q0.

The next four measures are based on information regarding fund portfolio holdings. Kacper-

czyk, Sialm, and Zheng (2005) find that the industry concentration of a fund portfolio signals fund

ability and is positively related to future fund performance. Kacperczyk, Sialm, and Zheng (2008)

show that unobserved actions of mutual funds, measured by the gap between before-expense fund

net return and hypothetical buy-and-hold return based on beginning-of-period holdings, predict

fund performance. They suggest that the gap reflects the joint effects of fund manager skills and

trading costs. Cohen, Coval, and Pastor (2005) show a model that combines past fund performance

with the similarity of fund stock holdings produce superior power in predicting future fund per-

formance. Baker, Litov, Wachter, and Wurgler (2010) use the relation between fund trading and

stock returns around subsequent earnings announcements to measure fund managers’ stock selec-

tion ability. Following these studies, we define measures on industry concentration index (ICI),

return gap (GAP), similarity-based fund performance measure (SIM), and earnings-announcement

returns of a fund (EAR). The details for constructing these variables are provided in Appendix C.

Finally, Cremers and Petajisto (2009) and Amihud and Goyenko (2009) find that measures of fund

activeness are positively related to future fund performance. We follow Amihud and Goyenko

(2009) to construct a return-based (in)activeness measure, which is the R-square from the Carhart

four-factor model using a rolling window of 12 months.

In Panel A of Table 7, we report the performance of these alternatively constructed GIAs. For

brevity, we only tabulate their D10-D1 spreads in characteristic-adjusted returns. Notably, all eight

alternative alpha estimators exhibit significant return predictive power during at least one of the

four holding quarters (Q1 to Q4). The return spreads for the GIAs based on FEE, TNA, TURN,

and R2 are negative. On the other hand, those based on ICI, GAP, SIM, and EAR generate positive

return spreads. Therefore, all these GIAs capture some aspects of mutual fund stock-selection

ability, and the directions in which they predict stock returns are consistent with the directions in

which the corresponding fund characteristics or fund skill measures predict fund performance, as

documented in existing studies.

The GIAs based on return gap (αGAP ) and portfolio similarity (αSIM ) exhibit particularly
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strong predictive power. At 0.85% and 1.18%, the characteristic-adjusted return spreads they gen-

erate for Q1 are at the same magnitude as those for the baseline GIA (Table 2). The next two are

αEAR and αR2. However, the predictive power of αEAR seems to be rather short-lived, significant

only for Q1, while the predictive power of αR2 appears to last longer.

Panel B of Table 7 reports the correlations across the eight alternative GIAs and the baseline

GIA estimator. The correlations are first calculated across stocks during each quarter, then aver-

aged over time. A noted pattern is the high correlations among the baseline GIA and the two alphas

based on GAP and SIM, suggesting that the stock selection abilities captured by fund alpha, return

gap, and the similarity-based performance measure may be closely related. In addition, the corre-

lations of αR2 with αTNA and αICI , and the correlation between αFEE and αTURN , are modestly

high.

Given such correlation patterns, we further explore the distinctiveness of the return predictive

information contained in these GIAs. We do so using multivariate Fama-MacBeth regressions.

Similar to the regressions performed in Table 6, we use the multiple imputation procedure to

replace missing observations among explanatory variables with simulated values, and adjust t-

statistics to account for simulated regressors. As it turns out, due to the high correlations among

the baseline GIA, αGAP , and αSIM , the regressions exhibit symptoms of multi-collinearity when

they are jointly included as explanatory variables. In many quarters, the variance inflation factors

(VIF) are high, and all the coefficients often become statistically insignificant or exhibit opposite

signs.10 To deal with this issue, we replace the three variables by their principal components as

regressors.

Table 8 reports the regression results. Out of the three principal components for the baseline

GIA, αGAP , and αSIM , only the first one exhibits strong and persistent return predictive power,

suggesting that these three skill proxies capture similar types of stock picking skills. In addition,

the return-predictive power of many other variables is subdued in joint regressions, suggesting that

the stock selection information contained in these variables also shares common sources.
10The high correlation between the baseline GIA and αGAP is consistent with the notion that unobserved action is

an important determinant of fund performance (Kacperczyk, Sialm, and Zheng, 2008). The predictive power of αGAP

further suggests that the “unobserved actions” of funds are positively correlated with the stock selection ability of the
funds. The high correlation between the baseline GIA and αSIM is consistent with the intuition of Cohen, Coval, and
Pastor (2005) that their similarity-based performance measure is a smoothed version of fund alpha.
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To take into account the reporting delays for fund holdings, we further perform regressions

using one-quarter lagged measures of αICI , αGAP , αSIM , and αEAR, together with LGIA (but

keeping the current values of explanatory variables that do not involve fund holdings). The pre-

dictive pattern of the three principal components remains similar, although with a slightly weaker

magnitude. In addition, the one-quarter lagged αICI and αEAR are no longer predictive of returns,

in contrast to the significant predictive power when their current values are used in the regressions.

This indicates that the stock selection information contained in these two variables is relatively

short-lived.

5. Conclusions

We provide a model to efficiently aggregate stock selection information across stock portfolios

held by mutual funds with different skills. We accomplished two objectives. First, we provide

strong evidence that fund managers (or a subset of them) possess stock selection information. The

statistical and economic magnitude of the predictive performance of the GIA strategies dwarfs

that of a popular price momentum strategy. Further, the return-predictive power of the GIAs is

not concentrated among small and illiquid stocks. They deliver significant predictive performance

across stocks with a wide spectra of characteristics, such as size, book-to-market ratio, past returns,

idiosyncratic volatility, and breadth of mutual fund ownership.

Second, the GIA approach serves as a “magnifying glass” on the stock selection information

possessed by fund managers, and thus enables us to look at issues related to such stock selection

information in a way that we may not be able to at the fund level. Using this approach, we ad-

dress four such issues. First, we show that the stock selection information captured by the GIA

is distinct from several effects documented in existing literature via which fund holdings or trades

affect stock returns, namely, the effects of herding, aggregate fund trading, short-sale constraints,

and fund trading driven by fund flows. Second, we provide evidence consistent with the notion

that fund managers’ stock selection ability stems from fundamental analysis, via which fund man-

agers may uncover information about corporate fundamentals not reflected in current stock prices.

Third, we find that the return-predictive information possessed by fund managers cannot be ex-
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plained away by well-known quantitative investment signals and, therefore, is truly private, which

highlights the distinction between the two popular stock selection approaches – fundamental analy-

sis and quantitative research. Finally, we find that many alternative measures of mutual fund skills

documented in existing literature can also be converted into signals that predict cross-sectional

stock returns, suggesting that these fund skill measures indeed reflect valuable fund manager stock

selection information.
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Appendix A: Quantitative Investment Signals
This appendix describes the eleven quantitative signals. [text] refers to the data source, where D# is the item
number from the Quarterly Compustat file. t refers to the portfolio formation quarter Q0. m is the last month
of Q0. q refers to the most recently reported fiscal quarter prior to the end of Q0, based on Compustat fiscal
quarter reporting dates. If the reporting date in Compustat is missing we assume a two-month reporting lag
from the fiscal quarter-end.

Variable Description Computation Details
1. SIZE Natural log of market capitalization Sizet = LOG (Pt * Shares Outstandingt)

= LOG (price at the end of the quarter t [D14], multiplied by
common shares outstanding at the end of quarter t [D61])

2. TURN Average daily volume turnover Percentile rank

∑n

i=1
Daily Volume/Shares Outstanding

n
by

exchange, where n = number of days available for 6 months
preceding the end of quarter t (months m-6 though m-1) [CRSP]

3. RETP Cumulative market adjusted return [Πm−1
i=m−6(1 + monthly returni)]− 1

for the preceding six months -[Πm−1
i=m−6(1 + value-weighted market monthly returni]− 1,

(months -6 through -1) where m is the last month of quarter t [CRSP]
4. RET2P Cumulative market-adjusted return [Πm−7

i=m−12(1 + monthly returni)]− 1

for the second preceding six months -[Πm−7
i=m−12(1 + value-weighted market monthly returni]− 1,

(months -12 through -7) [CRSP]
5. FREV Analyst forecast revisions to price

∑5

i=0
(
fm−i−fm−1−i

Pm−1−i
), where

fm = mean consensus analyst FY1 forecast at month m [IBES]
Pm−1 = price at the end of month m-1 [CRSP]. Thus,∑5

i=0
(
fm−i−fm−1−i

Pm−1−i
) = rolling sum of preceding six months

revisions to price ratios

6. SUE Standardized unexpected earnings
(EPSq−EPSq−4)

sq
, where

EPSq − EPSq−4= unexpected earnings for quarter q, with EPS defined
as earnings per share (diluted) excluding extraordinary items [D9],
adjusted for stock distributions [D17]
sq = standard deviation of unexpected earnings over eight preceding
quarters (quarters q-7 though q)

7. EP Earnings to price

∑3

i=0
EPSq−i

Pt
, where

EPSq= earnings per share before extraordinary items for quarter q[D19]
Pt = price at the end of the quarter t [D14]

Thus,

∑3

i=0
EPSq−i

Pt
=rolling sum of EPS for preceding four quarters,

deflated by price

8. BP Natural log of book to price ratio LOG( Book value of common equity
Mktcap ), where

Book value of common equityq = book value of total common equity at
the end of quarter q [D59]
Mktcapt = Pt * Shares Outstandingt
= price at the end of the quarter t [D14], multiplied by
common shares outstanding at the end of quarter t [D61]

9. SG Sales growth

∑3

i=0
Salesq−i[D2]∑3

i=0
Salesq−4−i[D2]

where

Thus,
∑3

i=0
Salesq−i=rolling sum of sales for preceding four quarters and∑3

i=0
salesq−4−i=rolling sum of sales for second preceding set of four quarters

10. ACC Total accruals to total assets {(4Current Assetsq [D40] -4Cashq[D36])
-(4Current Liabilitiesq [D49]-4Current LTDq [D45])
-4Deferred Taxesq [D35] - Depreciation and Amortizationq [D5] }
/{(TAq + TAq−4)/2 [D44] }
4Xq = Xq −Xq−4, e.g.,4Current Assetst−1 = Current Assetst−1

−Current Assetst−5

11. CAPEX Capital expenditures to total assets CAPEXq

(TAq+TAq−4)/2[D44]

CAPEXq = rolling sum of four quarters (quarters q-3 through q) of
Capital Expenditures [D90] (As D90 is fiscal-year-to-date, adjustments are
made as needed to calculate the rolling sum of the preceding four quarters.)
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APPENDIX B: Multiple Imputation Procedure for Missing Ob-
servations
Consider the multivariate regressions performed in Table IV. Let yit denote a dependent variable for stock i
at time t and Xit={x1it, x2it, ..., xKit} denote K explanatory variables for stock i at time t. For a given time
t and a given stock i, a subset of the explanatory variables are randomly missing.

We perform P imputations. In empirical implementation P is set to 20. Each imputation p consists of
the following three steps.

• Step 1: replacing missing data via simulations. We use the Monte Carlo Markov Chain (MCMC)
method to simulate a set of observations to replace the missing observations at each time t. Details
of the procedure are explained below. Denote the resulting data (with missing variables replaced)
{xpkit}, k=1, ..., K.

• Step 2: performing cross-sectional regressions. Using the replaced data generated in Step 1, we
perform the following cross-sectional regressions across all stocks at each time t:

yit = θp0t +
K∑
k=1

θpktx
p
kit + eit (11)

where θpkt (k=0, ..., K) is a coefficient. Denote the resulting vector of estimated coefficients θ̂pt .

• Step 3: computing statistics for each imputation. We compute the time series average of the estimated
coefficient for the p-th imputation as θ̄p = 1

T

∑T
t=1 θ̂

p
t . And let the Newey-West estimator of the

covariance matrix of θ̂pt be V p.

Based on the average coefficients θ̄p and the covariances V p (p=1, ..., P), we compute the average
coefficients and average covariances across P imputations: ˆ̄θ = 1

P

∑P
p=1 θ̄

p and V̂ = 1
P

∑P
p=1 V

p. We

further compute the between-imputation covariance as Ŝ = 1
P−1

∑P
p=1(θ̄p − ˆ̄θ). Finally, the imputation-

adjusted covariance for ˆ̄θ is V̂ ∗ = V̂ + (1 + 1
P )Ŝ. And the imputation-adjusted t-statistic for a coefficient

θk is t∗ = ˆ̄θk/V̂
∗
k,k, where V̂ ∗k,k is the k-th diagonal element of V̂ ∗.

We now describe the MCMC simulation procedure in the above Step 1. The simulation is based on
the assumption of joint multivariate normal distribution for all the variables yit and Xit, the joint normal
distribution for the mean of the variables, and the inverted Whishart distribution for the covariances of the
variables. The priors on these distributional parameters are either non-informative or based on sample esti-
mates, whenever appropriate. The MCMC method iterates over the following two steps. In the simulation
step, we simulate the data from the current prior distribution for the variables with missing observations, and
then replace the missing observations with simulated ones. In the posterior step, we update our posterior
estimates based on the replaced data. The simulation and posterior steps are iterated by a maximum of 100
times or until the posterior estimates converge, whichever comes first (plus first 200 burn-in iterations). This
is implemented using the “proc mi” procedure in SAS.

APPENDIX C: Fund Skill Measures: ICI, GAP, SIM, and EAR
ICI. The industry concentration index of fund i follows Kacperczyk, Sialm, and Zheng (2005):

ICIi,t =
10∑
j=1

(ωi,j,t − ω̃j,t)2 (12)
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where j = 1 to 10, representing 10 industries. ωi,j,t is fund i’s portfolio weight in industry j, and ω̃j,t is
the weight of industry j in the CRSP market portfolio. The 10-industry classification is in Appendix B of
Kacperczyk et al. (2005).

GAP. Following Kacperczyk, Sialm, and Zheng (2006), we define fund return gap as:

GAPi,t =
1

4

3∑
k=0

(Ri,t−k − GRi,t−k) (13)

where Ri,t−k is the before-expense net return for fund i in quarter t-k (k=0, 1, 2, 3). GRi,t is quarterly fund
gross return, computed as the buy-and-hold return on the portfolio at beginning of quarter t:

GRi,t = ωi,s,t

N∑
j=1

wi,j,tRj,t + ωi,pb,tRpb,t + ωi,c,tRft (14)

where wi,j,t is the portfolio weight of fund i on stock j, calculated as the number of shares of stock j held
by the fund multiplied by its market price, and then divided by the total stock holding value of the fund,
with all variables involved measured at the beginning of quarter t. Rj,t is the buy-and-hold return of stock j
during quarter t. ωi,s,t is the value of stock holding as a fraction of fund TNA, ωi,pb,t is the value of holdings
of preferred stocks and bonds as a fraction of fund TNA, and ωi,c,t is the value of cash holding as a fraction
of fund TNA. ωi,s,t, ωi,pb,t, and ωi,c,t are obtained from the CRSP. We set them missing if CRSP reports 0
for all these variables. Rpb,t is the total return of the Lehman Brothers Aggregate Bond Index and Rft is the
risk-free return (yield on three-month Treasury bills, from CRSP) during quarter t.

SIM. Based on Cohen, Coval, and Pastor (2005), we construct a variable SIM to gauge the skill of a fund
manager by the extent to which his stock holding resemble those of funds with superior past performance.
In each quarter, SIM for fund i is SIMi,t =

∑N
j=1wi,j,tδj,t, where there are M funds (i=1, ..., M) and N

stocks (j = 1, ..., N). wi,j,t is the weight on stock j by fund i and δj,t is the quality of stock j:

δj,t =

∑M
i=1wi,j,tαi,t∑M
i=1wi,j,t

(15)

where αi,t is a fund’s four-factor alpha estimated using the past twelve months fund return prior to the quar-
ter end.

EAR. Baker, Litov, Watchter, and Wurgler (2010) use the returns realized around the subsequent earnings
announcements of stocks traded by mutual funds to measure fund managers’ stock picking ability. Consis-
tent with their approach, we estimate the earnings announcement returns (EAR) of fund i in quarter t as the
difference between weighted earnings announcement returns of all stocks purchased and those of all stocks
sold:

EARi,t =
∑
jεJ+

wi,j,t−1 − w̃i,j,t−k−1∑
(wi,j,t−1 − w̃i,j,t−k−1)

Rj,t −
∑
jεJ−

wi,j,t−1 − w̃i,j,t−k−1∑
(wi,j,t−1 − w̃i,j,t−k−1)

Rj,t (16)

where k is either 1 (for funds reporting holdings quarterly) or 2 (for funds reporting holdings semi-annually).
wi,j,t−1 is the portfolio weight of fund i on stock j and w̃i,j,t−k−1 is the portfolio weight measured at the
end of quarter t-1 under the assumption that the fund holds its positions, without trading, from its previous
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reporting date. J+ = {j : wi,j,t−1 − w̃i,j,t−k−1 > 0} denotes all stocks purchased by fund i in quarter
t-1 and J− = {j : wi,j,t−1 − w̃i,j,t−k−1 < 0} denotes all stocks sold by fund i in quarter t-1. Rj,t is the
three-day event-window announcement return of stock j during quarter t, from one trading day before to one
trading day after the earnings announcement.
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Table 1. Summary Statistics

This table provides summary statistics on the sample of mutual funds and their stock holdings each year from 1980
to 2006. To obtain the sample, we merge the Thomson mutual fund holdings data with CRSP mutual fund returns
data. We include actively managed U.S. domestic equity mutual funds with a self-declared investment objective of
aggressive growth, growth, or growth-and-income. We report the number of funds at the end of each sample year, the
average annual fund turnover ratio (turnover ratio is missing in the CRSP data for 1991; they are replaced by the 1990
observations), the median numbers of stocks held per fund, as well as the median numbers of stocks bought and sold
per fund during past six months, the total number of distinct stocks held by funds, and the aggregate market value
of stock holdings by sample funds. For comparison we also report the total number of common stocks in the CRSP
universe and the total market capitalizations of these stocks. The last two columns report the total number of distinct
stocks held by sample funds and the total market value of fund stock holdings as percentages of the total number
of common stocks and the total market capitalization in the CRSP universe. For funds that do not report portfolio
holdings at a year-end, we use their last reported portfolio snapshots during the second half of the year and assume
that they hold the reported shares until the year-end on a split-adjusted basis. The last three rows display the average,
minimum, and maximum of the annual statistics across the sample years.

Mutual Fund Sample CRSP Universe Proportion
Median Median Median Number Market

Total Average Number Number Number of Value of Number Total Number Value
Number Annual of of of Distinct Stocks of Market of of

of Turnover Stocks Stocks Stocks Stocks Held Distinct Value Stocks Stocks
Year Funds Held Bought Sold Held ($B) Stocks ($B) (%) (%)
1980 284 0.71 56 17 18 2102 33 4727 1316 44.47 2.54
1981 280 0.67 57 17 17 2289 30 5090 1228 44.97 2.44
1982 270 0.74 57 23 18 2469 39 5060 1409 48.79 2.75
1983 297 0.73 65 24 20 3082 54 5673 1740 54.33 3.10
1984 313 0.73 69 24 20 3177 56 5797 1681 54.80 3.33
1985 342 0.79 73 26 24 3447 74 5774 2095 59.70 3.54
1986 403 0.79 72 27 25 3659 91 6058 2360 60.40 3.87
1987 461 0.90 70 26 28 3568 102 6363 2321 56.07 4.40
1988 500 0.84 65 22 24 3708 111 6102 2520 60.77 4.41
1989 545 0.79 64 24 25 3638 143 5909 3067 61.57 4.66
1990 589 0.91 67 25 25 3345 136 5765 2754 58.02 4.95
1991 691 0.90 70 29 22 3598 215 5810 3721 61.93 5.77
1992 800 0.79 75 34 23 3783 278 5927 4121 63.83 6.74
1993 1074 0.81 82 37 27 5095 392 6471 4682 78.74 8.37
1994 1212 0.83 83 36 28 5398 415 6785 4636 79.56 8.95
1995 1347 0.90 87 40 31 5782 674 7017 6329 82.40 10.65
1996 1502 0.94 92 41 32 6209 892 7479 7718 83.02 11.56
1997 1653 0.91 91 42 33 6260 1233 7467 10055 83.84 12.26
1998 1651 0.95 88 39 34 5870 1632 7040 12425 83.38 13.14
1999 1655 1.13 89 40 35 5771 2103 6685 15892 86.33 13.23
2000 1717 1.17 90 40 36 4842 1977 6381 14438 75.88 13.69
2001 1856 1.26 92 43 36 4486 1684 5678 12806 79.01 13.15
2002 1586 1.20 92 41 40 4402 1268 5254 9938 83.78 12.76
2003 2001 1.17 93 44 37 4283 1695 4925 12972 86.96 13.07
2004 1999 1.04 95 42 40 4248 1911 4867 14444 87.28 13.23
2005 1940 0.93 90 42 37 4124 2010 4796 14983 85.99 13.42
2006 1820 0.92 91 40 40 4129 2166 4745 16652 87.02 13.01
Average 1066 1 78 33 29 4176 793 5913 6974 70.11 8.26
Min 270 0.67 56 17 17 2102 30 4727 1228 44.47 2.44
Max 2001 1.26 95 44 40 6260 2166 7479 16652 87.28 13.69
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Table 2. Performance of GIA Estimated Using Fund Holdings

This table report the performance of decile stock portfolios formed on GIA, which is estimated using current fund
holdings. From 1980 to 2006, in each quarter we form equal-weighted portfolios based on GIA and hold them during
the next four quarters (Q1-Q4), rebalancing quarterly. SIZE, BM, and MOM are the average size, book-to-market, and
momentum quintile ranks (1 the lowest and 5 the highest quintiles). We report the net returns, characteristic-adjusted
returns, and the Carhart four-factor alphas for the decile portfolios. We also report the returns to a four-quarter
overlapping portfolio strategy following Jegadeesh and Titman (1993) (referred to as JT4), where in each quarter, the
four portfolios with the same decile ranks but formed during the past four different quarters are further combined in
equal weights into a single portfolio. Returns and alphas are expressed in percentage points. The time-series t-statistics
for the differences in the returns and alphas between the top and bottom decile portfolios are reported in parentheses.

Characteristic Quintile Ranks Net Return (%)
SIZE BM MOM Q1 Q2 Q3 Q4 JT4

D1 (Bottom) 3.53 2.81 2.97 3.02 3.02 2.95 3.03 2.97
D2 2.85 3.01 2.89 3.31 3.33 3.22 3.27 3.25
D3 2.41 3.06 2.85 3.24 3.52 3.37 3.18 3.32
D4 1.98 3.14 2.87 3.19 3.21 3.27 3.45 3.25
D5 1.56 3.21 2.93 3.64 3.82 3.68 3.73 3.70
D6 1.69 3.2 2.96 3.69 3.59 3.53 3.56 3.59
D7 2.07 3.14 2.94 3.70 3.68 3.39 3.64 3.62
D8 2.44 3.08 2.97 3.88 3.73 3.75 3.58 3.74
D9 2.89 2.97 3.07 4.17 3.92 3.62 3.49 3.81
D10 (Top) 3.51 2.7 3.26 4.55 4.34 3.93 3.42 4.07
D10-D1 1.53 1.31 0.98 0.39 1.10

(5.11) (4.08) (2.85) (0.65) (3.99)

Characteristic-adjusted Return (%) 4-factor Alpha (%)
Q1 Q2 Q3 Q4 JT4 Q1 Q2 Q3 Q4 JT4

D1 (Bottom) -0.38 -0.36 -0.30 -0.09 -0.29 -0.35 -0.38 -0.36 -0.27 -0.36
D2 0.04 -0.01 -0.10 -0.08 0.02 -0.17 -0.09 -0.11 -0.11 -0.12
D3 0.08 -0.08 0.13 -0.02 0.11 -0.19 -0.05 -0.20 -0.27 -0.14
D4 -0.02 -0.11 -0.01 0.10 0.01 -0.18 -0.12 -0.12 -0.06 -0.10
D5 0.16 0.17 0.07 0.21 0.20 -0.15 -0.08 0.00 -0.13 -0.06
D6 0.36 0.19 0.19 0.15 0.23 0.06 -0.12 -0.03 -0.05 -0.02
D7 0.36 0.19 0.15 0.33 0.25 0.11 -0.06 0.02 0.19 0.09
D8 0.43 0.26 0.28 0.19 0.31 0.19 0.03 0.15 0.06 0.13
D9 0.64 0.31 0.12 0.10 0.32 0.44 0.20 0.17 0.12 0.25
D10 (Top) 0.76 0.47 0.24 -0.06 0.36 0.80 0.62 0.37 0.12 0.50
D10-D1 1.14 0.83 0.53 0.04 0.65 1.15 1.00 0.73 0.40 0.86

(5.72) (3.87) (2.64) (0.18) (4.50) (3.50) (2.98) (2.23) (1.16) (3.22)
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Table 3. Performance of GIAs Estimated Using Fund Buys and Fund Sells

This table report the performance difference between the top and bottom deciles of stock portfolios formed on GIAs
that are estimated using lagged fund holdings, recent fund buys, and recent fund sells respectively. From 1980Q3
to 2006, in each quarter we form equal-weighted portfolios based on one of the GIAs and hold them during the
next four quarters (Q1-Q4), rebalancing quarterly. We report the net returns, characteristic-adjusted returns, and the
Carhart four-factor alphas for the decile portfolios. We also report the returns to a four-quarter overlapping portfolio
strategy following Jegadeesh and Titman (1993) (referred to as JT4), where in each quarter, the four portfolios with
the same decile ranks but formed during the past four different quarters are further combined in equal weights into
a single portfolio. Returns and alphas are expressed in percentage points. The time-series t-statistics are reported in
parentheses.

Q1 Q2 Q3 Q4 JT4
Panel A: GIA Based on Lagged Holdings (LGIA)

Net RET 1.52 1.27 0.79 0.24 1.00
(4.88) (3.17) (1.97) (0.47) (3.22)

Char-adj. RET 0.95 0.62 0.31 -0.02 0.48
(4.62) (2.68) (1.51) (-0.08) (3.23)

4-factor Alpha 0.99 0.95 0.73 0.26 0.75
(2.94) (2.48) (2.09) (0.82) (2.84)

Panel B: GIA Based on Recent Fund Buys (αBUY )
Net RET 0.79 0.71 0.14 0.22 0.51

(2.67) (2.42) (0.50) (0.72) (2.18)
Char-adj. RET 0.62 0.61 -0.05 0.05 0.35

(2.82) (2.60) (-0.21) (0.24) (2.15)
4-factor Alpha 0.97 0.83 0.18 0.49 0.68

(2.89) (2.48) (0.56) (1.45) (2.66)
Panel C: GIA Based on Recent Fund Sells (αSELL)

Net RET -0.15 -0.37 -0.14 0.11 -0.16
(-0.53) (-1.23) (-0.47) (0.35) (-0.69)

Char-adj. RET 0.16 -0.16 -0.02 0.26 0.04
(0.78) (-0.69) (-0.09) (1.19) (0.31)

4-factor Alpha -0.04 -0.26 -0.13 -0.05 -0.17
(-0.11) (-0.72) (-0.39) (-0.17) (-0.68)
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Table 4. Comparison with Herding, Aggregate Fund Trading, Change in Breadth of
Ownership, and Flow Effect

This table provides a comparison of the GIAs with measures of herding (HERD), aggregate fund trading (TRADE),
change in breadth of fund ownership (∆BRD), and the fund flow effect (FLOW). Panel A reports the difference
in characteristic-adjusted returns between the top and bottom decile portfolios formed on HERD, TRADE, ∆BRD,
and FLOW respectively. Panel B reports the results of Fama-MacBeth regressions. The dependent variables are
characteristic-adjusted stock returns during the four subsequent quarters (Q1 to Q4) as well as the returns to the four-
quarter overlapping portfolios (JT4). The explanatory variables include GIA (or LGIA), HERD, TRADE, ∆BRD, and
FLOW. Coefficients for HERD, TRADE, and FLOW are multiplied by 10. The regression intercepts are not reported.
The t-statistics are reported in parentheses.

Panel A: Performance of HERD, TRADE, ∆BRD, and FLOW
Q1 Q2 Q3 Q4 JT4

HERD 1.24 0.30 -0.64 -1.08 -0.03
(3.40) (1.00) (-1.80) (-3.09) (-0.13)

TRADE 0.41 0.37 -0.10 -0.62 0.06
(1.78) (1.67) (-0.47) (-3.36) (0.49)

∆BRD 1.31 0.22 0.37 -0.67 0.33
(3.97) (0.77) (1.68) (-2.51) (3.09)

FLOW 0.51 0.26 -0.02 -0.12 0.20
(1.77) (0.90) (-0.06) (-0.41) (0.83)
Panel B: Multivariate Regressions

GIA LGIA
Q1 Q2 Q3 Q4 JT4 Q1 Q2 Q3 Q4 JT4

GIA 0.16 0.11 0.08 0.00 0.08
(3.92) (3.20) (2.07) (-0.02) (2.78)

LGIA 0.15 0.10 0.04 0.02 0.07
(4.00) (2.72) (1.07) (0.46) (2.57)

HERD 0.26 -0.02 -0.14 -0.21 -0.02 0.26 -0.02 -0.14 -0.21 -0.02
(3.87) (-0.29) (-1.93) (-3.31) (-0.47) (3.85) (-0.27) (-1.95) (-3.33) (-0.50)

TRADE 0.03 0.38 0.24 -0.02 0.18 0.04 0.36 0.24 -0.01 0.18
(0.06) (1.78) (1.29) (-0.04) (0.70) (0.09) (1.72) (1.14) (-0.02) (0.70)

∆BRD 0.14 0.12 0.11 -0.14 0.03 0.12 0.10 0.10 -0.14 0.02
(1.85) (1.39) (1.40) (-1.38) (0.73) (1.92) (1.51) (1.34) (-1.45) (0.48)

FLOW 0.09 -0.14 0.05 -0.27 -0.05 0.08 -0.15 0.09 -0.26 -0.04
(0.54) (-0.85) (0.43) (-2.16) (-0.53) (0.49) (-0.87) (0.69) (-2.07) (-0.44)
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Table 5. Fundamental Information Contained in GIAs

This table reports the average differences, between the top and bottom decile portfolios sorted on GIA and LGIA,
in the following four measures of firms’ future fundamentals: standardized unexpected earnings (SUE), earnings
surprises relative to consensus forecasts (SUR), analyst forecast revision (FRV), and returns during a five-day window
around earnings announcements (EAR). We report SUE, SUR, FRV, and EAR during the four quarters (Q1 to Q4)
after portfolio formation. In addition, JT4 refers to a four-quarter overlapping portfolio strategy following Jegadeesh
and Titman (1993), where, in each quarter, the four portfolios with the same decile rank but formed during the past
four different quarters are further combined in equal weights into a single portfolio. SUE, SUR, and FREV are cross-
sectionally winsorized at the 1 and 99 percentiles in each quarter. SUR, FRV, and EAR are expressed in percentage
points. In the parentheses are the t-statistics computed using the Newey-West covariance estimates with a 4-quarter
lag.

GIA LGIA
Q1 Q2 Q3 Q4 JT4 Q1 Q2 Q3 Q4 JT4

SUE 0.14 0.14 0.10 0.08 0.12 0.21 0.21 0.17 0.13 0.19
(2.99) (3.54) (2.92) (2.79) (3.45) (4.82) (5.82) (5.62) (5.14) (6.16)

SUR 0.09 0.10 0.12 0.13 0.11 0.11 0.12 0.15 0.13 0.13
(2.16) (2.07) (2.07) (2.19) (2.26) (2.28) (3.13) (2.48) (2.63) (2.80)

FRV 0.20 0.16 0.14 0.11 0.16 0.26 0.20 0.15 0.13 0.19
(6.76) (6.13) (4.61) (2.82) (5.79) (7.67) (6.35) (4.96) (3.25) (6.70)

EAR 0.27 0.18 0.13 0.02 0.15 0.23 0.17 0.19 0.05 0.15
(4.03) (2.68) (1.94) (0.30) (3.19) (2.89) (2.28) (3.01) (0.66) (3.12)
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Table 6. GIAs, Quantitative Signals, and Stock Returns

This table reports the results of the following Fama-MacBeth regressions. The dependent variables are stock returns
during the four quarters Q1 to Q4. The explanatory variables jointly include GIA (or LGIA) and the 11 quantitative
signals. A multiple imputation procedure is used to generate values for missing observations of the quantitative
signals. Coefficients reported under “JT4” are those averaged over four different regressions with the stock returns
(the dependent variable) in the same quarter but the explanatory variables in past four different quarters. We report the
time-series averages of the estimated coefficients as well as the time-series t-statistics computed using the Newey-West
procedure with a 4-quarter lag. The t-statistics are adjusted to account for the generated explanatory variables. The
regression intercepts are not reported.

GIA LGIA
Q1 Q2 Q3 Q4 JT4 Q1 Q2 Q3 Q4 JT4

GIA 0.26 0.20 0.15 0.05 0.14
(4.38) (3.46) (2.27) (1.01) (3.18)

LGIA 0.21 0.17 0.13 0.06 0.13
(3.97) (2.34) (2.04) (1.27) (2.93)

SIZE -0.35 -0.31 -0.14 -0.17 -0.26 -0.27 -0.21 -0.15 -0.16 -0.22
(-1.87) (-1.44) (-0.74) (-0.85) (-1.44) (-1.57) (-1.07) (-0.82) (-0.75) (-1.28)

TURN -0.48 -0.54 -0.91 -0.64 -0.63 -0.61 -0.73 -0.95 -0.58 -0.66
(-0.94) (-0.85) (-1.31) (-0.91) (-0.98) (-1.11) (-1.08) (-1.33) (-0.90) (-1.02)

RETP 1.20 1.15 0.48 -0.10 0.68 1.11 1.12 0.45 -0.05 0.65
(5.01) (5.44) (1.69) (-0.91) (3.68) (4.99) (5.73) (1.57) (-0.58) (3.71)

RET2P 0.48 -0.21 -0.36 -0.06 -0.01 0.45 -0.19 -0.38 -0.05 -0.01
(1.66) (-1.10) (-2.36) (-0.71) (-0.35) (1.68) (-1.09) (-2.50) (-0.49) (-0.36)

FREV 0.40 0.19 0.15 0.06 0.20 0.41 0.21 0.13 0.04 0.20
(3.91) (2.18) (2.42) (1.12) (2.94) (3.90) (2.40) (2.10) (0.88) (2.88)

SUE 0.56 0.21 0.07 -0.09 0.21 0.54 0.18 0.05 -0.08 0.19
(7.10) (2.30) (0.39) (-1.25) (2.79) (7.62) (2.09) (0.60) (-1.27) (2.74)

EP 0.38 0.23 0.33 0.33 0.32 0.38 0.24 0.34 0.31 0.31
(2.19) (1.76) (1.28) (1.35) (1.66) (2.30) (2.14) (1.32) (1.12) (1.78)

BP 0.57 0.25 0.29 0.35 0.30 0.58 0.33 0.31 0.29 0.32
(2.31) (1.05) (1.27) (1.48) (1.32) (2.44) (1.42) (1.35) (1.28) (1.40)

SG -0.48 -0.46 -0.38 -0.36 -0.42 -0.49 -0.44 -0.35 -0.34 -0.41
(-2.76) (-2.85) (-2.43) (-2.67) (-2.81) (-2.79) (-2.67) (-2.32) (-2.63) (-2.79)

ACC -0.33 -0.27 -0.27 -0.35 -0.29 -0.30 -0.27 -0.27 -0.39 -0.28
(-2.40) (-2.99) (-3.02) (-4.15) (-3.50) (-2.60) (-3.32) (-2.98) (-4.45) (-3.44)

CAPEX -1.09 -1.10 -1.03 -0.92 -1.00 -0.98 -1.28 -1.22 -1.16 -0.98
(-2.85) (-2.15) (-1.87) (-1.51) (-2.24) (-2.51) (-2.44) (-2.05) (-1.74) (-2.21)

45



Table 7. Performance of GIA Estimators using Alternative Fund Skill Measures

Panel A of this table reports the differences in characteristic-adjusted returns between the top and bottom decile
portfolios formed on alternatively-constructed GIAs, which are based on fund characteristics and various fund skill
measures. These alternative measures include fund expense ratio (FEE), total net assets (TNA), turnover ratio (TURN),
industry concentration index (ICI), the fund return gap (GAP), the similarity-based fund performance measure (SIM),
returns around subsequent earnings announcements to fund trades (EAR), as well as the R-square of regressing fund
returns onto the Fama-French three factors (R2). The portfolios are equal-weighted, held over four quarters (Q1 to
Q4) and rebalanced quarterly. We also report the returns to a four-quarter overlapping portfolio strategy following
Jegadeesh and Titman (1993) (referred to as JT4), where in each quarter, the four portfolios with the same decile
rank but formed during the past four different quarters are further combined in equal weights into a single portfolio.
Returns are expressed in percentage points. The time-series t-statistics are reported in parentheses. Panel B reports the
correlations of these alternatively GIAs as well as the baseline GIA.

Panel A: Performance of Alternative Stock Alpha Estimators
Q1 Q2 Q3 Q4 JT4

αFEE -0.19 -0.21 -0.26 -0.20 -0.23
(-1.25) (-1.32) (-1.95) (-1.55) (-2.17)

αTNA -0.36 -0.32 -0.43 -0.26 -0.31
(-2.33) (-2.36) (-3.45) (-1.75) (-3.05)

αTURN 0.00 -0.12 -0.13 -0.35 -0.12
(0.00) (-0.74) (-0.76) (-2.06) (-0.85)

αICI 0.36 -0.09 0.32 0.41 0.27
(1.85) (-0.48) (1.59) (1.96) (1.53)

αGAP 0.85 0.44 0.34 -0.08 0.35
(3.90) (2.07) (1.70) (-0.38) (2.36)

αSIM 1.18 1.03 0.50 0.04 0.60
(4.12) (3.24) (1.69) (0.13) (2.39)

αEAR 0.43 -0.07 0.08 -0.05 0.08
(3.06) (-0.49) (0.75) (-0.42) (0.91)

αR2 -0.42 -0.27 -0.51 -0.34 -0.37
(-2.54) (-1.54) (-2.89) (-1.99) (-2.55)

Panel B: Correlations
GIA αFEE αTNA αTURN αICI αGAP αSIM αEAR

αFEE 0.00
(0.30)

αTNA -0.01 0.03
(-1.19) (2.67)

αTURN -0.01 0.30 0.08
(-1.57) (23.20) (6.35)

αICI 0.02 0.11 -0.04 0.00
(1.94) (18.32) (-7.81) (0.20)

αGAP 0.41 0.00 -0.01 -0.06 0.02
(25.79) (0.21) (-0.98) (-5.05) (1.90)

αSIM 0.75 -0.01 0.00 0.01 -0.03 0.32
(83.20) (-0.80) (-0.19) (1.37) (-3.02) (17.97)

αEAR 0.07 0.02 0.02 0.02 0.02 0.03 0.04
(8.85) (4.02) (2.88) (2.83) (2.72) (3.53) (5.00)

αR2 -0.03 0.11 0.35 0.16 -0.27 0.01 0.00 0.01
(-2.77) (9.19) (30.06) (12.79) (-35.39) (0.50) (-0.43) (1.87)
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Table 8. Fama-MacBeth Regressions with Alternatively Estimated GIAs

This table reports the results of the following Fama-MacBeth regressions. The dependent variables are the stock
returns during the four quarters Q1 to Q4. The explanatory variables include the baseline GIA (or LGIA) and the
alternative GIAs (α) based on various fund skills measures, including FEE, TNA, TURN, ICI, GAP, SIM, R2, and
EAR. PRIN1, PRIN2, and PRIN3 are the three principle components of the baseline GIA, αGAP , and αSIM (or
their variations based on lagged holdings). We report the time-series averages of the estimated coefficients as well as
the time-series t-statistics (in parentheses). Coefficients reported under “JT4” are those averaged over four different
regressions with the stock returns (the dependent variable) in the same quarter but the explanatory variables in past
four different quarters. The regression intercepts are not reported.

Based on Current Fund Holdings Based on Lagged Holdings
Q1 Q2 Q3 Q4 JT4 Q1 Q2 Q3 Q4 JT4

PRIN1 0.26 0.19 0.09 -0.01 0.12 0.24 0.14 0.06 0.00 0.10
(5.46) (3.79) (1.88) (-0.25) (3.13) (4.85) (2.52) (1.73) (0.03) (2.25)

PRIN2 -0.06 -0.03 0.00 -0.06 -0.04 0.02 -0.03 -0.05 -0.05 -0.02
(-0.75) (-0.36) (0.04) (-0.97) (-0.72) (0.54) (-0.79) (-1.57) (-1.30) (-0.82)

PRIN3 0.20 0.17 0.11 0.08 0.16 -0.06 -0.02 -0.04 -0.03 -0.04
(1.68) (1.45) (0.83) (0.57) (1.63) (-1.74) (-0.71) (-1.05) (-0.81) (-1.55)

αFEE 0.00 -0.04 -0.04 -0.03 -0.02 0.03 -0.03 -0.02 -0.08 -0.02
(0.06) (-1.07) (-1.22) (-0.90) (-0.76) (0.68) (-0.71) (-0.55) (-1.99) (-0.62)

αTNA -0.10 -0.05 -0.03 0.00 -0.04 0.00 0.01 0.06 0.04 0.03
(-2.86) (-1.35) (-0.87) (0.09) (-1.55) (-0.02) (0.18) (1.10) (0.88) (0.69)

αTURN -0.01 -0.03 0.00 -0.08 -0.02 0.05 0.08 -0.02 0.10 0.05
(-0.22) (-0.70) (0.01) (-1.91) (-0.69) (0.56) (1.04) (-0.31) (1.63) (1.08)

αICI 0.09 0.01 0.03 0.05 0.06 0.01 0.02 0.05 0.03 0.03
(1.97) (0.20) (0.62) (0.92) (1.13) (0.14) (0.42) (1.08) (0.60) (0.74)

αEAR 0.10 0.03 0.02 -0.02 0.03 0.01 0.01 -0.02 -0.01 -0.00
(3.05) (1.01) (0.97) (-0.56) (1.48) (0.30) (0.59) (-0.86) (-0.31) (-0.25)

αR2 -0.06 -0.04 -0.10 -0.07 -0.06 -0.04 -0.04 -0.10 -0.10 -0.07
(-1.21) (-0.82) (-2.07) (-1.66) (-1.62) (-0.79) (-0.86) (-2.27) (-2.21) (-1.78)
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Figure 1

We plot the average quarterly characteristic-adjusted return spreads between the top and bottom decile portfolios
formed on GIA and LGIA during nine subperiods. Each subperiod consists of three years, with the first subperiod be-
ing 1980-1982 and the last subperiod being 2004-2006. In each quarter we form equal-weighted decile portfolios on
GIA and LGIA. The portfolios are held for four quarters and rebalanced quarterly. The four portfolios with the same
decile rank but formed in the four different quarters are combined in equal-weights into a single portfolio (i.e., JT4).
The performance within a subperiod is computed as the average quarterly top-bottom differences in characteristic-
adjusted returns of the JT4 portfolios formed during the subperiod. For each period, the left-side bar represents the
performance of the GIA strategy. The right-side bar represents the performance of the LGIA strategy.
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