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Abstract

It is difficult to identify skilled active mutual fund managers who can pre-
dictably outperform their benchmarks. For active mutual funds, historical in-
sample alpha is a poor predictor of out-of-sample alpha. However, by focusing on
a subset of skilled managers who are able to generate positive alpha via profitable
bets on firm specific risks (stock-picking), I show that a new first-order stochastic
dominance (FSD) condition can be employed as an additional search criterion to
identify such skilled stock-pickers. I implement an FSD filter to select funds by
bootstrapping the return distribution in a given period associated with a random
stock-picking strategy that has a given factor exposure and degree of diversifica-
tion. Simulations show that the identification of funds as skilled by the FSD filter
performs well in finite samples, in the face of heteroscedasticity and benchmark
mis-specification. With the new FSD filter, I identify a group of active funds
that are able to outperform the Carhart benchmark by 2.04% (¢ = 2.78) per year
before fees (0.78% (t = 1.07) per year after fees) out of sample. Moreover, in
this sample of funds, in-sample alpha is significantly predictive of out-of-sample
alpha: the top quintile of stock-picking mutual funds deliver an out-of-sample
alpha of 3.55% (t = 3.24) per year before fees (2.24% (t = 2.05) per year after
fees). These outperforming funds tend to be more aggressive stock-pickers (hold
more concentrated portfolios), charge higher fees, and attract more fund flows.
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1 Introduction

It is well-known that skilled active mutual fund managers who can predictably outper-
form passive benchmarks are difficult to identify.! Current evaluation methods measure
a fund manager’s skills by comparing the time average of his/her returns?® to that of an
appropriately chosen benchmark. For example, fund manager 7’s skills can be measured

as:
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where {ri,t}tT:1 are fund ¢’s realized returns, {rf,t};f:l are the returns of a passive bench-
mark representing fund ¢’s exposure to systematic factors.

While this in-sample alpha is straightforward to construct, it has poor predictive
power of the manager’s out-of-sample alpha within the active mutual fund industry.
Table 1 replicates the Carhart (1997) regression during a recent sample period. Ac-
cording to the table, none of the post-ranking alphas of the five in-sample-alpha-ranked
portfolios of funds is statistically significant at 5% confidence level. The predictive
power of the in-sample Carhart four-factor alpha for future fund performance is weak

and statistically insignificant.

See, for example, Carhart (1997), Kosowski et al. (2006), Barras, Scaillet, and Wermers (2010),
Fama and French (2010), etc.
2All performances are before fees unless specified otherwise.



Quintile « (in %) mkt  smb hml  umd

1 —0.83 1.02 0.28 0.06 0.00
[-1.22]  [61.56] [11.00]  [2.51]  [0.17]
2 —0.02 0.98 0.15 0.06 —0.01
[-0.03]  [71.07] [7.02]  [2.86]  [—0.40]
3 —0.13 0.99 0.13 0.06 0.00
[-0.26]  [79.50] [5.76]  [2.75]  [0.27]
4 0.33 1.00 0.18 0.03 0.01
[0.63] [72.70]  [7.92]  [1.26]  [0.84]
) 1.13* 1.02 0.31 —0.08 0.03
[1.74] [59.76] [11.89] [-2.85]  [1.54]

Table 1: The Weak Persistence of Alpha

This table documents the before-fees out-of-sample performance of the trading strategy
that sorts funds by their historical before-fees alphas. By the end of each quarter, the
mutual funds in the cross section are sorted into five quintiles based on the four-factor
alphas computed from their proceeding 24 months’ before-fees returns. The trading
strategy is rebalanced every three months. The post-ranking annualized before-fees
alphas and factor loadings are documented along with their heteroscedasticity-robust
t-statistics. The alphas with statistical significance are marked with “*”. The sample
period is from January 1991 to December 2015.

The search for skilled managers based on in-sample alpha has poor out-of-sample
performance because it has little power to distinguish skill from luck given the short fund
performance histories.> The conventional positive alpha (a; > 0) condition requires the
mean of the fund’s return to be higher than the mean of the benchmark return, i.e.
E(r;:) > E (rft) Thus, it suffers from the empirical problem that mean is difficult
to estimate in finite sample, and it is relatively easy for unskilled managers to achieve
high in-sample alphas with excessive risk-taking or unobservable factor exposures*.

In this paper, I focus on a subset of skilled fund managers who generate positive

alpha by making profitable bets on firm specific risks (stock-picking), and show that a

new first-order stochastic dominance (FSD) condition can be imposed to identify such

3See Kosowski et al. (2006), Fama and French (2010) and Barras, Scaillet, and Wermers (2010) for
ex post analysis.
4See the empirical evidence documented by Chevalier and Ellison (1997) and a more recent struc-

tural estimation by Koijen (2014).



skilled stock-pickers. The new FSD condition states that the return distribution of a
skilled stock-picker should first-order stochastically dominate that of a manager with
similar investment style but no stock-picking skills, i.e. 7;; f;-d 7it+. The FSD condition
is a more stringent requirement than conditions focused on the mean alone such as
a; > 0, because it uses information from the entire distribution of returns and excludes
funds with heavy left tails in their return distributions due to excessive risk-taking or
unobservable factor exposures.

As a methodological contribution of this paper, I construct an FSD filter to select
funds by testing the FSD condition. The test requires extending the benchmark from a
single return to a return distribution in each period. Specifically, for each fund
in each period, I construct a counterfactual return distribution from a bootstrap exer-
cise by creating replica funds with random portfolios. The replica funds maintain the
same portfolio weights as the original fund and invest in stocks with similar observable
characteristics, so that the replica funds resemble the original fund in the degree of di-
versification and loadings on observable factors. However, the specific choices of stocks
in a replica fund’s portfolio is determined randomly. As a result, the replica funds
emulate the return distribution of the original fund, meanwhile break the association
between the portfolio weights and the stock choices, which reflects the stock-picking
skills of the fund manager. The comparison between the original fund’s return and
the replica funds’ return distribution then enables the econometrician to conduct a
statistical test on the manager’s stock-picking skills in each single period with only
one observation. With repeated observations over time, the FSD filter selects funds
by requiring the percentiles of the original fund’s returns among the replica funds to

first-order stochastically dominate a standard uniform distribution.
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(b) FSD Filter

Figure 1: Positive Alpha Filter VS FSD Filter
This figure illustrates the comparison between the positive alpha filter and the FSD
filter. Panel (a) illustrates the ineffectiveness of the positive alpha filter in identify-
ing skilled mutual fund managers; whereas Panel (b) proposes the installation of the
new FSD filter. The FSD filter selects managers whose return distributions first-order

stochastically dominate managers with similar investment styles but no stock-picking
fsd

skills, i.e. 74 > 744

To understand the source of the additional statistical power that the new FSD
condition is able to provide, I conduct simulations to compare the performance of a
filter based on the conventional positive alpha condition with the performance of the
FSD filter, as illustrated in Figure 1. Simulations show that the FSD filter outper-
forms the positive alpha filter in handling two statistical problems in finite sample —
heteroscedasticity and benchmark mis-specification. The heteroscedasticity problem is

defined as idiosyncratic volatility being time-varying and more volatile than the fund’s



true alpha. I show that the FSD filter has better performance than the positive al-
pha filter with heteroscedasticity calibrated to the real-world level because the positive
alpha filter places equal weight on all observations regardless of idiosyncratic volatil-
ity; whereas the FSD filter places relatively higher(lower) weights on observations from
high(low) signal-to-noise ratio periods. The benchmark mis-specification problem is
defined as the situation that some managers might take on factors that are not observ-
able to the econometrician. The performance of the positive alpha filter suffers due to
the additional noise from the unobservable factors. The positive alpha filter tends to
erroneously select mis-specified managers who take on unobservable factors with high
in-sample realizations rather than the truly skilled managers who are able to deliver
positive out-of-sample alphas. The FSD filter, on the other hand, is unaffected by this
problem thanks to a detection mechanism. The unobservable factors taken by the mis-
specified managers induce heavier left tails in their return distributions compared to
the replica funds thereby violating the FSD condition. The two-stage sort using both
FSD and in-sample alpha yields similar patterns in simulation as the same sort with
the actual data, suggesting that these two statistical problems might be at play in the
real world.

In the empirical part of this paper, I show that the FSD filter is indeed effective in
selecting skilled stock-pickers. From January 1991 to December 2015, the FSD filter
identifies a time-varying group of active mutual funds that are able to, on average,
outperform the Carhart four-factor benchmark by 204 bps (t = 2.78) per year out of
sample before management fees (78 bps (t = 1.07) per year after fees). More inter-
estingly, among the funds selected by the FSD filter, in-sample alpha is significantly
predictive of out-of-sample alpha. The combination of the FSD filter and the standard
& sort is especially powerful in identifying skilled stock-pickers, with the top quintile of

funds in the second-stage sort by in-sample alpha outperforming the Carhart benchmark



by as high as 355 bps (¢ = 3.24) per year before management fees (224 bps (¢ = 2.05)
per year after fees). By investigating the fund return gaps®, I further verify that about
50% of the Carhart four-factor alphas of the outperforming funds are resulted from
profitable unobserved within-quarter trades. The finding lends additional support to
the empirical success of the evaluation method in identifying skilled stock-pickers and
is consistent with the view that profitable information is usually short-lived in a stock
market that is largely liquid and efficient.

The investigation into the observable characteristics of the outperforming funds also
produces interesting findings. The identified outperforming funds manifest characteris-

tics that are distinctive from an average fund in the industry in the following aspects:

1. They have the same size as an average fund measured as asset under management,

but they are able to charge higher fees.
2. They keep fewer stocks within their portfolios.

3. Controlling for realized in-sample alphas, funds that satisfy the FSD condition

attract more flows.

The finding with the fee setting is partially consistent with the prediction by Berk and
Green (2004) in the sense that more successful funds are able to extract higher rents,
but inconsistent in the specific mechanism. In Berk and Green (2004), skilled managers
demand compensation by growing the size of their funds meanwhile keeping the fees
fixed. My finding, on the other hand, suggests that the outperforming managers are
able to charge higher fees directly rather than growing the size of their funds. The
finding with portfolio concentration is consistent with the theory by Van Nieuwerburgh

and Veldkamp (2010). My finding verifies their prediction that informed investors could

5See Kacperczyk, Sialm, and Zheng (2008).



voluntarily keep under-diversified portfolios in order to become specialized when infor-
mation acquisition is costly. The finding with the fund flows echoes the empirical work
by Berk and van Binsbergen (2016) and Barber, Huang, and Odean (2016). Based on
their arguments that fund flows reflect investors’ evaluations of managers’ skills, I show
that investors infer the quality of funds from the properties of their return distributions
that are beyond the mean or alpha. Yet, the positive out-of-sample alphas of the iden-
tified funds also suggest that the magnitudes of the fund flows are still insufficient to
fully arbitrage away all the outperformances according to the logic proposed by Berk
and Green (2004).

The remaining of this article is organized as the following. Section 2 offers a review
of the related literature. Section 3 provides details about the bootstrap exercise to
construct the counterfactual return distribution in each single period. Section 4 develops
a factor model to clarify the definition of stock-picking skills and the sufficient conditions
required to impose the FSD condition. Section 5 describes the construction of the FSD
filter using the counterfactual return distribution. Section 6 includes theoretical proofs
and simulation exercises to illustrate the advantageous econometric properties of the
FSD condition over the positive alpha condition. Section 7 describes the data and

documents the empirical findings. Section 8 concludes.

2 Related Literature

Systematic academic research on the active mutual fund industry dates back to, at
least, Treynor and Mazuy (1966) and Sharpe (1966). Early empirical work such as
Jensen (1968) and Malkiel (1995) establish that active mutual funds, on average, can-
not outperform the market index before fees, and significantly under-perform the passive

index after fees. The findings are largely consistent with the efficient market hypothe-



sis proposed by Malkiel and Fama (1970). Despite the mediocre average performance,
researchers also investigate whether historical fund performances can be used to select
funds that are able to deliver superior returns in the future. Early work by Hendricks,
Patel, and Zeckhauser (1993), Goetzmann and Ibbotson (1994) and Brown and Goetz-
mann (1995) document the “hot-hand” effect that funds with good performances in the
past also tend to outperform their peers going forward. However, the classic paper by
Carhart (1997) demonstrates that much of the “hot-hand” effect can be attributed to
the momentum of stock prices discovered by Jegadeesh and Titman (1993), and fund
performance does not seem to persist once momentum is adjusted for.

Since the seminal paper by Wermers (2000), researchers started to use survivorship-
bias-free holdings data to better characterize fund styles and identify different types
of investment skills. The influential paper by Daniel et al. (1997) divides the universe
of stocks into size, value and momentum buckets, and characterizes funds’ styles by
their portfolio weights in different stock buckets. Moreover, they show that there is
persistent stock-picking skills, but no significant market-timing skills in their sample
period. Later papers then discover that various holdings characteristics can be used to
infer the skills of fund managers and predict their future performances. For example,
Cohen, Coval, and Péastor (2005) find that funds that have overlapping holdings with
past successful funds tend to outperform others going forward; Kacperczyk, Sialm,
and Zheng (2008) find that funds with profitable unobserved actions are also likely to
generate trading profits in the future; Cremers and Petajisto (2009) show that funds
with more active weights outperform the ones that are suspected to be closet indices.
Other notable examples include: Grinblatt and Titman (1989), Grinblatt, Titman, and
Wermers (1995), Chen, Jegadeesh, and Wermers (2000), Kacperczyk, Sialm, and Zheng
(2005), Alexander, Cici, and Gibson (2006), Jiang, Yao, and Yu (2007), Kacperczyk and
Seru (2007), Baker et al. (2010), Da, Gao, and Jagannathan (2010), Huang, Sialm, and



Zhang (2011), Kacperczyk, van Nieuwerburgh, and Veldkamp (2014), Agarwal et al.
(2015), etc. This paper contributes to this line of literature by proposing a general
test on the manager’s information advantage regarding the idiosyncratic risks of the
securities he/she keeps in the portfolio. In the same spirit, Iskoz and Wang (2003)
also propose a methodology to test whether a money manager incorporates private
information in portfolio construction by investigating the connections between fund
holdings and return distributions. The difference between this paper and their work is
that they consider the relation between general types of private information and future
stock return distributions; whereas this paper focuses on a particular type of private
information on firm-specific risks and imposes a detailed restriction on fund return
distributions — the FSD condition.

The relation between luck and skill in the context of the active mutual fund industry
was first formally addressed by Kosowski et al. (2006). Their paper proposes a bootstrap
exercise in the time-series to verify the existence of fund skills ex post. Fama and French
(2010) employs a similar methodology and verifies the results of Kosowski et al. (2006) in
a more recent sample period. Barras, Scaillet, and Wermers (2010) classifies funds into
three categories: unskilled, zero-alpha and skilled, by implementing a novel statistical
procedure to account for false discoveries. This paper is closely related to these three
papers in that it also aims to account for luck in fund managers’ performances. However,
this paper contributes to this line of research in two important ways. First, existing
papers can only test fund skills in the time-series with repeated observations; whereas
this paper shows that a statistical test on stock-picking skills can be conducted with
even only one observation by carrying out a bootstrap procedure in the cross section
rather than in the time series. Second, existing papers can only ex post identify funds
whose realized alphas are unlikely to be explained by luck; whereas this paper is able

to ex ante identify fund skills so that profitable trading strategies can be formed.
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My findings on the observable characteristics of the outperforming funds are related
to a number of earlier findings in the literature. The finding that the outperforming
funds have the same size as the industry average but are able to charge higher fees is
partially consistent with Berk and Green (2004) that skilled managers are able to extract
higher rents from fund investors, although the specific mechanism is different. The
finding that a large portion of the alphas of the identified outperforming funds are due to
their unobserved within-quarter trades is consistent with Kacperczyk, Sialm, and Zheng
(2008), where they show that return gap is indicative of the skills of a fund manager.
The finding that the outperforming funds tend to keep more concentrated portfolios
verifies the theoretical prediction by Van Nieuwerburgh and Veldkamp (2010) that
informed investors can voluntarily choose to become under-diversified when information
acquisition is endogenous. The finding that among the funds selected by the FSD filter,
the ones with larger alphas also have more trading is related to Pastor, Stambaugh, and
Taylor (2017), where they show that skilled managers are able to make more profits
when they trade more. Finally, the finding that controlling for realized alpha, funds that
satisfy the FSD condition attract more flows than others echoes the work by Barber,
Huang, and Odean (2016) and Berk and van Binsbergen (2016), where they argue that

fund flows reflect investors’ evaluations on fund managers’ skills.

3 Benchmark Extension

Under current evaluation methods, the return of a fund r;; is compared to a benchmark
return rﬁ?jt in every period. The single-period fund outperformance is then computed as
the difference between these two returns, r;; — rf}t. This approach provides a point esti-

mate of the fund’s outperformance in this single period, yet offers no information about

its statistical significance. The extension from the benchmark return rf,t to the coun-
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terfactual return distribution (7;;) allows the econometrician to obtain both the point
estimate and the statistical significance of the single-period fund outperformance due
to stock-picking by comparing r;; to (7;;). The additional distributional information
can then be used to implement the FSD condition as elaborated in Section 5.

The construction of the counterfactual return distribution is a bootstrap exercise
that mimics the fund’s portfolio by investing in stocks of similar characteristics with the
same portfolio weights meanwhile randomizes the specific stock choices. Specifically,

the procedure can be summarized with the following 4 steps:
1. Retrieve the most recent portfolio of the fund that is available.

2. Create a replica portfolio by replacing each stock in the original portfolio with a
new stock® of similar characteristics that is randomly chosen, meanwhile keeping

the portfolio weights unchanged.

3. Compute the hypothetical return of the replica portfolio by taking the inner prod-

uct between the portfolio weights and the returns of the replaced stocks.

4. Repeat Step 2 and Step 3 to generate a distribution of hypothetical portfolio

returns.

In order to find stocks of similar characteristics with a given stock as required in Step 2,
I follow and extend the approach proposed by Daniel et al. (1997) and Wermers (2003).
For US stocks that are traded on AMEX, NYSE and Nasdaq, I first sort them into 5
size buckets by their market capitalization.” Within each size bucket, I further divide
the stocks into 5 value buckets by their book-to-market ratio. Then I repeat the same
procedure and divide the stocks within each value bucket into 5 momentum buckets

by their preceding one-year return. Lastly, I divide the stocks in each momentum

6The new stock can be the same as the original stock.
"The breakpoints of the size buckets are defined by NYSE stocks only.

12



bucket further into 5 volatility buckets by their return volatility. The procedure thus
categorizes all stocks into 5 X 5 X 5 X 5 = 625 non-overlapping buckets and is repeated
once in a year by the end of June. For each stock within the original portfolio, Step
2 is carried out by finding a random replacing stock within the same bucket as the
original stock. The weights of the replica portfolio are kept unchanged as the original
portfolio. Table 2 offers an example to illustrate the bootstrap procedure. Panel A is a
snapshot of the portfolio of Longleaf Partners Fund by the end of 2012/12. Panel B is

a simulated replica portfolio.

13



Panel A: Real Fund
Stock Ticker Bucket No. Weight(%)

ABT 597 5.24
BEN 552 4.68
BK o976 6.73
BRK 961 4.65
CHK 603 8.07
CNX 428 7.16
DELL 529 2.55
DIS 998 5.70
DTV 502 8.19
FDX 534 8.00
L 581 10.00
LVLT 405 6.15
MDLZ 592 5.39
PHG 356 1.26
TRV 968 6.65
VMC 489 6.58

Panel B: Replica Fund
Stock Ticker Bucket No. Weight(%)

MO 597 5.24
DOV 552 4.68
SYK D76 6.73
PG 561 4.65
C 603 8.07
BBY 428 7.16
A 529 2.55
DIS 998 5.70
WU 502 8.19
FDX 534 8.00
MDT 581 10.00
LVLT 405 6.15
MDLZ 592 5.39
PHG 356 1.26
FISV 968 6.65
ARW 489 6.58

Table 2: Bootstrap Example
This table offers an example in order to illustrate the bootstrap procedure that con-
structs replica portfolios and the counterfactual return distribution. Panel A is a snap-
shot of the portfolio of Longleaf Partners Fund by the end of 2012/12. Panel B is a
simulated replica portfolio. The replica portfolio is created by replacing each stock in
the real portfolio with another stock that is randomly chosen in the same bucket as the
original stock. The portfolio weights of the replica fund are identical as the real fund.



In Step 3, the hypothetical return of fund i’s replica in period ¢ is computed as:

Tig = E Wigi—1"T54
J

where w; ;;—1 denotes the portfolio weight of stock j within the portfolio of fund 7 by
the end of period ¢ — 1; j denotes the random replacement of stock j in the replica
portfolio; 7, denotes the return of the replacing stock in period .

A few comments are in order regarding the bootstrap procedure. First, by control-
ling for stock characteristics in the replica portfolios, I ignore the fact that the choice
of stock characteristics might also reflect the fund manager’s skills. In other words,
by comparing the real fund with replica funds of similar factor loadings and degree
of diversification, the bootstrap exercise only measures the stock-picking skills of the
manager and is silent about potential factor-timing skills®. As discussed in Daniel et al.
(1997), stock-picking skills seem to be more prevalent among successful mutual fund
managers. Secondly, I extend the Daniel et al. (1997) stock classification to include
volatility as an additional dimension. The matching of volatility serves two purposes.
On the one hand, recent literature has documented that stock-level volatility might
represent systematic risks that are priced in the cross section of stocks.” On the other
hand, I match the stock-level idiosyncratic volatility in the replica funds to the real
fund so that the portfolio-level idiosyncratic volatility of the replica funds would also
be comparable to that of the real fund. The purpose of the matching of idiosyncratic
volatility will be further discussed in Section 4. Thirdly, the holdings information of the
real fund is only employed to extract the weight distribution and stock characteristics

of the fund’s investment. The specific choices of stocks in the real portfolio are not

8See Grinblatt and Titman (1989) and Daniel et al. (1997) for the definition of the two types of
investing skills
9See, for example, Ang et al. (2009), Fu (2009), etc.
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used. Therefore, even though the holdings information is only empirically available at
quarterly frequency, the counterfactual return distribution can be constructed at much
higher frequencies, such as monthly or daily frequencies, by interpolating portfolio char-
acteristics. Finally, the extension from a single benchmark return to the counterfactual
return distribution extracts additional information about the distribution from the data
so that a statistical test on stock-picking skills can be formed in every period. Out-
performance computed under current evaluation methods as the difference between a
fund’s return and the benchmark return can be regarded as a point estimator of the
manager’s skills in a single period; whereas the comparison between the fund’s return
and the counterfactual return distribution provides both the point estimate and the

statistical significance of the manager’s stock-picking skills in each period.

4 The Factor Model

I propose a factor model in this section to formalize the definition of stock-picking
skills. The model serves to clarify the specific assumptions required to establish the
FSD condition. The analysis shows that one set of sufficient conditions to impose the
FSD condition is to limit the search scope to fund managers who are: 1) skilled at

stock-picking; 2) unbiased towards unobservable factors; 3) sufficiently diversified.

4.1 The Economy

The economy considered in this section is a frictionless financial market with a factor
structure. There are J factors(denoted as {th}j:l) that are observable to both fund
managers and the econometrician; and L factors(denoted as { fl,t}lL:1> that are only
observable to fund managers but not to the econometrician. There are K stocks traded

in the market. The excess return (relative to the risk-free rate) of any stock within this
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market can be decomposed into three parts: the exposure to the .J observable factors,

the exposure to the L unobservable factors, and the idiosyncratic component:
Fre =715+ Y BriFie+ Y afe+ ere
j 1

where 7, denotes the return of stock k at time ¢; Fj.(f;¢) is the realization of the
observable(unobservable) factor j(i) at time ¢; By j(7x,) denotes of the loading of stock
k on factor j(l); €x is the idiosyncratic shock in stock k’s return.

The factors and the idiosyncratic shocks represent different sources of risks and
are assumed to be mutually independent. For an economic interpretation, the factors
{Fj,t}jzl and { flyt}le can be regarded as J + L different types of market-wide risks;

whereas the idiosyncratic shocks {ek,t}szl represent firm-specific risks.

Assumption 1. The factors {Fj,t}}]:1 and {fz,t}lL:l, and the idiosyncratic shocks {em}f:l
are mutually independent. That isVj, j' Fjy L Fyy, YU, U fiy L fog, Ve, K ey L
€we, Vi, U Fyp L fie, Vi, b Fjy Loeps, VI, k fip L egs, where L denotes that two

random variables are independent to each other.

Regarding the idiosyncratic shocks, they have zero expectation under the econo-
metrician’s information set so that there is no asymptotic arbitrage in this economy

according to Ross (1976).

Assumption 2. Idiosyncratic shocks have zero expectation under the econometrician’s

information set: Yk, E (e:) =0.

4.2 Connection between Real and Replica Fund Returns

For each real fund in each period, replica portfolios are constructed according to the

procedure in Section 3. During the construction, each stock within the real fund’s
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portfolio is replaced randomly with another stock in the same bucket. In this economy;,

the buckets are defined by the econometrician according to the J observable factors.

Assumption 3. For each stock within the original portfolio, its replacement in the

replica portfolio has the same exposure to observable factors, i.e.

Vka ] Bk,j - 5’;7]
where By ; is stock k’s exposure to observable factor j; k labels the replacing stock of
stock k; By ; is the exposure to observable factor j of stock k’s replacing stock.

For expositional clarity, I adopt the following notation. I denote the return of fund

¢ in period t as

Tit = ; Wi kt—1Tkt
= zk: Wi k. t—1 (T‘f + Z Br,iFje + zl: Veafre + Ek,t)
J
=r;+ ; Wi ki1 (Z 5k,ij,t> + g Wi k-1 (Zl: %.zfu) + ; Wi ke yt—1€kyt
J
=Ty+ Z (; wz’,k,t-lﬁku‘) Fi+ ; (g wi,k,t—ﬂk,l) Jie + ; Wik t—1€kt
J

=ry+ E Bijt e + E Yirefie + E Wi ko t—1€k t
J I %
N -~ J/ N J/

-~
Vit €4t
N >
TV

287

=rp+ Z BijuFie + wig.

J
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Likewise, the return of fund #’s replica is written as

Tit = g wi,k,t—ﬂ:;;,t
— zk: Wiy (rf + Z Bi i Fie + zl: Veufue + Gg,t)
J
=ry+ Xk: Wi e t—1 (Z /Bku‘FJ}t) + Zk: Wi k,t—1 (Zz: Vk,zfl7t> + Xk: Wikt —1€f ¢
J
=r;+ Z (; wi,k,t—15k,j> Fii+ zz: (zk: wi,kvt—l%;l) Jro+ Ek: Wik, t—1€ ¢
J

=ry+ E Bije e + E Videfie + E Wikt 1€ 4
; I %

~~ N~
Vit €it

(.

Vv
(e

=ry+ Z Bi7j7tF',t + Uy
J

The excess return of a real(replica) fund can be decomposed into three parts: the ex-
posure to the observable factors 3, B; ;. Fj1 (3 BiitFi), the exposure to the unobserv-
able factors viy = > Yipi f1.4(Vig = >, Yianfie), and the exposure to the idiosyncratic
shocks e;; = >, Wik i—1€6(€i0 = D, wi,k,tfleig,t)-

Note that fund ¢ and its replica have the same portfolio weights by construction. A
direct outcome of this and Assumption 3 is that the real fund and the replica have the

same exposure to observable factors.

Proposition 1. For observable factors, the original portfolio and the replica portfolio

have the same loadings, i.e. Vi, j, t, [ij+= /éiuyt-
Proof. See Appendix. m

By construction, the econometrician ensures that the replica fund has the same

loadings on observable factors as the original fund. As for the unobservable factors, the
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replica fund’s loadings should be unbiased since the stocks within the replica fund are

picked randomly once the observable factor loadings are match.

Proposition 2. For well-diversified portfolio weight distribution {w; -1}, the replica
fund’s loadings on the unobservable factors are unbiased. That is, Vi, |, 4 =

Dok Wikt—1Yiy A D Wikt—17Vk1, where Yy = E (ya|{Br;}) is the average loading
on factor fi, for stocks in the bucket identified by {By.;}.

Proof. See Appendix. n

Proposition 2 shows that the replica fund’s loadings on the unobservable factors are
unbiased because the stocks within the replica fund’s portfolio are chosen randomly.
On the other hand, if the loadings on the observable factors can already sufficiently
characterize the style of the original fund, then the original fund’s loadings on the

unobservable factors should also be unbiased.

Definition 1. Fund ¢’s style is well-specified by the observable factors iff

Z Wi k. t—1 (’Yk.z —-E (’Vk.l’ {ﬁk]}))
k
= Z W o, t—10k.1
k

~0
Equivalently,
Vit R Z Wy ke t—1Vk,l
k

As mentioned in Section 3, the matching of style between the original fund and
the replica funds indicates that only stock-picking skills rather than factor-timing skills

can be measured in this exercise. A fund manager manifests stock-picking skills in his
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ability to predict idiosyncratic stock returns {ek7t}§:1. The stock-picking skills of a fund

manager can be defined more formally as follows.

Definition 2. Define skilled stock-pickers as the managers with superior information

about {Ek,t}szl and satisfy:

1. Better firm-specific information, not contingent on factor realizations:

E (@i’t

{wigi—1}) =E (Z Wi ko t—1 €kt {wi,k,t—1}> = qyy
%

>E (€| {wigi—1}) = E (Z Wi t—16f, 4] {wi,k,t1}> =0
k

and

6].3715 1 Fj,t

{wigi}, Yk, j
et L frel {wige—1}, Yk, 1

€kt L 6k’,t| {wi,k,t—l} ) w{?a K

2. Sufficiently diversified, so that Proposition 2 holds and Central Limit Theorem

applies:

Zwi,k,t—1€k,t {wi,k,t—l} ~ N (Oéi,t, Var <Z wi,k,t—lek,t| {wi,k,t—1}>>
k k

D Wik, {wige1} ~ N <0, Var (Z Wi ki —167, 4] {w“;,tl}))
k k
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3. Style well-specified by observable factors, no bias towards unobservable factors:

Z Wi kt—1 (%.z —-E (’Yk.l’ {ﬁkj}))
k
= Z wi,k,t—lfsk.z
k

~0

Equivalently,

Vil & E Wi ke t—1Vk1 = Vil
k

An important clarification is warranted. Definition 2 does not aim to exclusively
define all types of stock-picking skills under common sense. Instead, the definition only
serves to draw the boundary of the empirical search. In other words, a skilled stock-
picker under common sense might be excluded by Definition 2 for being significantly
under-diversified or biased towards certain unobservable factors to the econometrician.
The purpose of this project is to identify a large enough subset of all skilled stock-pickers
who are able to deliver positive alpha out of sample.

The rest of this subsection intends to show that, the return distribution of a skilled
stock-picker defined above is a mean shift from the return distribution of a corresponding

replica fund. That is
Tig — Q4 ™~ 72z‘,t
— E BijiFe + E Vi S + E Wi fet—1€kt — Oy
P I %
~ E Bijt e + E Yisafre + E Wi Jet— 1€, 4
j I %

<~ E Bijtlje + vig +eip — g~ E Bijtje + Vig + iy
J J
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So far, the following have already been established:
L 32, Bigiebye = 325 BigiFye
2. Vi = Zl %‘,l,tfl,t ~ @i,t = Zg ’%,l,tfl,r
3. €ip Lvig, eip LY Bijalye, €ip L O and & L 3, BijitFit-
The next step is to prove that e;; — a;; ~ é;, for a skilled stock-picker.
Proposition 3. For a skilled stock-picker defined in Definition 2, the residual risk of

the fund portfolio is a mean shift to that of the corresponding replica fund. That is,

€it — Oyt ™~ €t

)

Proof. See Appendix. m

Proposition 4. The return of a skilled stock-picker defined in Definition 2 is approxi-

mately a mean shift to the return of the replica fund. That is,

Tig — Q4 ~ Tt

)

Proof. Directly from the fact that:
L3 Bigakye =3, BigaFye
2. v = VianSir = Vi =D Vi i
3. €it il Uity €it 1 Zj Bi,j,tF’j,ta éi,t 1 @i,t and éi,t 1 Zj Bz’,j,tFj,t-

4. e;p — it ~ Cit.
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The intuition of this result is straightforward. According to Definition 2, the real
fund and the replica fund have the same exposures to all systematic risks. If the real
fund’s manager is skilled at picking stocks, then the idiosyncratic component of the real
fund’s return has higher mean compared to the replica fund’s return. On the other hand,
the distribution of the idiosyncratic component of the real fund has the same shape as
the replica fund due to the Central Limit Theorem and the fact that the volatility of the
stocks in both funds are matched by construction. The result then follows because of

the independence between the systematic and idiosyncratic components in fund returns.

Proposition 5. The return of a skilled stock-picker defined in Definition 2 first-order

stochastically dominates the return of the replica fund. That is,

fsd
Tit - Tit-

Proof. The result is directly from Proposition 4 and the fact that «;, > 0 according to

Definition 2. O

5 FSD Implementation

This section demonstrates how to implement the FSD condition with the time-series of
the counterfactual return distributions {(7; ;) }thl. A test statistic for the FSD condition

is proposed, and its finite-sample distribution is computed with bootstrap simulation.

5.1 Ranking FSD

The key step to implement the FSD condition is to transform the return FSD condition

to a ranking FSD condition.

24



Proposition 6. A real fund’s return being first-order stochastically dominant to a
replica fund’s return is equivalent to the condition that the ranking of the real fund’s
return among the cohort of replica funds being first-order stochastically dominant to the
ranking of the replica fund’s return among the cohort of replica funds. Moreover, the
ranking of a replica fund’s return among the cohort of replica funds follows a standard

uniform distribution. That is

fsd fsd
T4t > fi,t <— Pct (ri,ta <7A°Z7t>) = Pct (fi,h <7§1,t>) ~ Umf (O, 1)

where Pct (ri ¢, (Fig)) (Pct (i1, (Tit))) denotes the percentile of the real(replica) fund’s
return in the counterfactual return distribution; Unif (0,1) denotes the uniform distri-

bution with support [0, 1].

Proof. See Appendix. n

fsd

Proposition 7. r;; > 7,y < Ficf(”’t’m’t» (r) < pretfin i)

1 (r) = x, where F,_4

denotes the conditional CDF.
Proof. Immediate from Proposition 6. O]

Figure 2 offers a graphical illustration of the f;—d condition. Panel (a) is a demon-
stration regarding the relation between Pct (r; ¢, (7)) and Pct (754, (7i+)). The dashed
line plots the PDF of Pct (4, (7;:)), which is a flat horizontal line constant at 1
since Pct (74, (7)) follows a standard uniform distribution. The solid line is an ex-
ample of Pct (14, (Ti1)). Since Pct (ri4, (Fit)) f;d Pct (T34, (Tit)), the solid line has
a smaller left tail compared to the dashed line, but a larger right tail in the PDF
plot. Panel (b) offers the illustration on the same relation with CDF plots. The

fsd
Pct (riy, (Tig)) > Pct (74, (Ti4)) condition is reflected in the plot as the solid curve

strictly lies below the dashed line.
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Figure 2: Graphical Illustration of the FSD Condition

This figure offers a graphical illustration of the FSD condition. Panel (a) is a demon-
stration regarding the relation between Pct (r;, (7)) and Pct (7;4, (7). The dashed
line plots the PDF of Pct (;4, (7)), which is a flat horizontal line constant at 1
since Pct (74, (7)) follows a standard uniform distribution. The solid line is an ex-

fsd
ample of Pct (14, (Ti4)). Since Pct (ri4, (Fir)) > Pct (Fiy, (fi4)), the solid line has
a smaller left tail compared to the dashed line, but a larger right tail in the PDF
plot. Panel (b) offers the illustration on the same relation with CDF plots. The

fsd
Pct (riy, (Tig)) > Pct (74, (Ti4)) condition is reflected in the plot as the solid curve
strictly lies below the dashed line.

Proposition 7 establishes the relation between Pct (74, (T;+)) and Pct (74, (Tit))
conditional on the information set by the end of ¢ — 1. Conditional relations between
distributions are not empirically observable. However, Proposition 7 also indicates that
the conditional CDF of Pct (7,4, (7;+)) always lies below the 45 degree line, which is an

appealing feature to facilitate time aggregation.

I fsd s s
Proposition 8. 7;; = 7, Vt = FPrioid) (z) < pPelinid) (z) = 2, where F

denotes the unconditional CDF.
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Proof. FPetrietta) (z) = [FL{" 0 ()| < B [FI00D ()] —E () =2, O

Note that the unconditional CDF of the ranking of a manager among replica funds
is an empirically observable object. I therefore, employ the empirical counterpart of

FPetriafin) (1), ie. FPUriolfia) (), to implement the FSD condition.

5.2 FSD Test Statistic

Figure 3 illustrates the construction of the FSD test statistic. Specifically, for each fund,
I construct its empirical ranking CDF FPet(rie{fie) (1) with its historical returns.!?
The FSD test statistic §; € [0,1] is then defined as the measure of the region where
FrPet(rie(Fie) (x) lies below the 45 degree line. The FSD condition is perfectly satisfied

in sample if 6; = 1, and a higher 6; indicates a better fit of the FSD condition.

10T use the 24 proceeding monthly returns in the empirical exercise.
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Figure 3: FSD Test Statistic 0

This figure illustrates the construction of the FSD test statistic 6. The solid step
function is an illustration of the empirical CDF of Pct (r;4, (7:+)). The test statistic 0
is constructed as the measure of the region where the empirical CDF falls below the
dashed 45 degree line.

Figure 4 demonstrates the simulated finite-sample distribution of the FSD test
statistic § constructed from 24 observations under the null hypothesis that Pct (r; 4, (7)) ~
Unif (0,1). The null distribution of 0 seems to follow a standard uniform distribution
itself, although the proof of this result is beyond the scope of this paper. According to

the simulation, a test size of 10%(5%) corresponds to the critical value of 0.90(0.95).
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Figure 4: Simulated 6 Null Distribution

This figure plots distribution of the FSD test statistic § constructed from 24 observations
under the null hypothesis that Pct (r;+, (7;+)) follows a standard uniform distribution.

In general, the test statistic 0 can only be used to evaluate of the goodness of fit
of the FSD condition, but it is unable to measure the magnitude of the fund’s true «.
Therefore, in practice, the FSD filter is better used in combination with the standard
& sort. The FSD filter serves to rule out potential false positives; whereas the & sort

measures the magnitude of the potential stock-picking skills.

6 Finite Sample Robustness

This section describes two specific mechanisms through which the FSD condition is able
to improve the power of the conventional positive alpha condition. The two mechanisms
correspond to two statistical problems that might be present in the data: heteroscedas-
ticity and benchmark mis-specification. The heteroscedasticity problem is defined as
the situation where idiosyncratic volatility is time-varying and more volatile than the

fund’s true alpha; whereas the benchmark mis-specification problem is defined as some
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managers taking on factors that are unobservable to the econometrician. The FSD
condition possesses superior econometric properties compared to the positive alpha

condition because:
1. Heteroscedasticity:
(a) Positive alpha condition: Assigns equal weight to all observations regardless
of the level of idiosyncratic volatility.
(b) FSD condition: Weights observations differently according to the signal-to-
noise ratio in different periods.

2. Benchmark Mis-specification:

(a) Positive alpha condition: Tends to mistakenly identify mis-specified man-
agers who take on unobservable factors with high in-sample realizations as

being skilled.

(b) FSD condition: Offers a detection mechanism to rule out mis-specified man-

agers by checking the left tails of their return distributions.

I provide both theoretical arguments and simulation results to illustrate the superiority

of the FSD condition to the positive alpha condition in these aspects.

6.1 Simulation Environment

In order to illustrate the arguments, I construct an artificial economy with the following
features. I simulate 1000 fund managers, among whom 20 are skilled with a being 25
bps per month. The percentage of skilled managers and the magnitude of their « is
determined according to the findings documented in Fama and French (2010). Except

for the case studying benchmark mis-specification, I assume a one-factor structure,
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e.g. the market factor r,,,. Without loss of generality, I assume that all funds have
unit loading on the single factor, and the risk-free rate is zero. I also assume that the
single factor follows normal distribution: ry,; ~ N (0,0.06%), i.e. the factor has 0 mean
and 6%(6% x v/12 = 21%) monthly(annualized) volatility. Therefore, the return of an

unskilled manager is
TZ?SkWEd =Tmge +Uig, E(uig) =0, rpye~ N (0, 0.062)

and the return of a skilled manager is

Tisfzilled = 25bps + Tt + Uit E (ui,t> =0, Tmt ~ N (0, 0062) .

The performances of the replica funds in the construction of the FSD test statistic have

the same properties as the unskilled managers. That is
Pig = Ty 4 Uigy, Uiy ~ Uiy, Ty ~ N (0,0.067).

I then select 20 best performing managers in the simulated data by using the test
statistics & and 6 of the positive alpha condition and the FSD condition respectively,

and compare the accuracy of these two filters in identifying skilled fund managers.

6.2 Robustness to Heteroscedasticity

In order to study the influence of return heteroscedasticity on the performance measures,
I assume that the volatility of idiosyncratic returns follows the following (almost) AR1
process:

o0 =max{o; 41+ p (0 — 0i4-1) + (e, 0}
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where p determines the speed of mean-reversion of the volatility process, 7 is the long-
run volatility, ¢ is the volatility of the volatility process, and ¢, is a standard normal
shock, i.e. ¢ ~ N (0,1).

For simplicity, I assume that the idiosyncratic return components are also normal:

Uzt ™~ ﬂz‘,t ~ N (07 0-1'2,15) .

In the simulations, I specify: p = 0.9, ¢ = 0.01*; and I consider three different
degrees of heteroscedasticity: ¢;, = 0.0012, {3y = 0.0018 and (g = 0.0024*.1! The return
processes for the managers in this heteroscedastic economy are thus fully specified.

In this economy, the positive alpha filter should have poor performance when het-
eroscedasticity gets intensified because it assigns equal weight to all observations so
that lucky shocks from high volatility periods are of large magnitudes and are difficult
to be cancelled out by shocks in other periods.

The FSD filter, on the other hand, naturally does not suffer from this problem
because idiosyncratic volatility is adjusted period by period when the ranking of the

real fund return among replica funds(Pct (1, (7i+))) is taken.

HValues of the “*” sign are calibrated with the real data.
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Figure 5: The Heteroscedastic Case: Filter Accuracy

The plot compares the accuracy of the o; > 0 and the 7, f;d 7;¢ filters when idiosyn-
cratic volatility is time-varying. The x-axis is the formation period from which the
performance measures are constructed. The y-axis is the average number of skilled
managers that the corresponding performance measure is able to identify over 500 sim-
ulation paths. The black solid(blue dotted, red dashed) line represents the level of

heteroscedasticity with ¢ = 0.0012(¢ = 0.030318, ¢ = 0.0024%). Panel (a) plots the effec-
sd
tiveness of the a; > 0 filter; whereas Panel (b) plots the effectiveness of the ;; f>— Tit

filter.



Figure 5 compares the effectiveness of the positive alpha filter versus the FSD filter
in the heteroscedastic economy. The x-axis is the formation period from which the
performance measures are constructed. The y-axis is the average number of skilled
managers that the corresponding filter is able to identify over 500 simulation paths.
The black solid(blue dotted, red dashed) line represents the level of heteroscedasticity
with ¢ = 0.0012(¢ = 0.0018, ¢ = 0.0024*). Panel (a) plots the effectiveness of the
positive alpha filter; whereas Panel (b) plots the effectiveness of the FSD filter.

From the figure, the real-world level of heteroscedasticity is mild enough so that the
positive alpha filter is virtually unaffected. Interestingly, Panel (b) of the figure shows
that the effectiveness of the FSD filter improves with heteroscedasticity. The intuition
of this result is that idiosyncratic volatility gets adjusted in each period. High volatility
periods are assigned with low weights and low volatility periods are assigned with high
weights. Therefore, the FSD filter improves with heteroscedasticity because it is able
to take advantage of the high signal-to-noise ratio in periods with low idiosyncratic

volatility.

6.3 Benchmark Mis-specification Detection

Another difficult problem encountered by the positive alpha condition is that the bench-
mark index to which a fund’s performances are compared might be inappropriately
chosen so that the outperformances in each period as well as the overall o might be
measured with error.

To fix ideas, I modified the aforementioned simulation environment to introduce a
third type of fund managers — the mis-specified managers. The return processes of the

three types of managers are as follows:
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The unskilled managers:

unskilled __

ri =Tt + Uiy,  Uie ~ N (0,0.01%) , rpy ~ N (0,0.06%).
The skilled managers:
risted = 25bps + vy + iy, Uiy ~ N (0,0.01%), 7, ~ N (0,0.067) .
The mis-specified managers:
P = fie i, i ~ N (0,0.01%) rpy ~ N (0,0.06%) , fip ~ N (0,0%).

The returns of the replica funds have the same properties for all three types of managers.
That is

. . N 2
Tit = Tmyg + Uig,  Uip ~ Uiz, Ty~ N (Oa 0.06 ) .

Notice that for the mis-specified managers, the replica funds have the same exposure
to the observable factor r,,:, but do not load on the unobservable factor f;;.

The mis-specified managers have no stock-picking skills so that they generate zero
«. The difference between the mis-specified and the unskilled managers is that a mis-
specified manager takes on factor risk f;; that is not observable to the econometrician.
Thus, f;+ is not controlled for in the replica funds. The volatility of the uncontrolled
factor o is a measure of the degree of mis-specification in this economy.

I assume idiosyncratic volatility to be constant in this case so that w;; ~ @;; ~
N (0,0.01%). I consider three levels of uncontrolled factor volatility with o; = 0.01 (o =
0.03, oy = 0.05) representing the case of mild (moderate, severe) mis-specification. For

simplicity, the factor is assumed to follow normal distribution: f;; ~ N (0,0?), and
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the uncontrolled factors for two managers are uncorrelated. There are 1000 managers
in total in the economy. Among them, 20 managers are skilled, 100 managers are
mis-specified, and the remaining 880 managers are unskilled.

The existence of the mis-specified managers might severely compromise the effec-
tiveness of the positive alpha filter. To see that, the & of a mis-specified manager

18

1
Vi = Y (Tig = Tmt)
« T;Tt T'm.t
1 1
= f;fzt‘i‘T;uzt

Thus the existence of unobservable factors might obscure the measurement of skill
because ¢&; can be dominated by the realization of %Zt fi+ especially when sample is
short (7' is small) or mis-specification is severe (o is large).

The FSD condition is able to alleviate this problem by offering a detention mecha-
nism. Suppose the fund has non-trivial loading on a factor that is not controlled in the
bootstrap process during the construction of the replica portfolios, then the first-order
stochastic dominance condition is likely to be violated. Indeed, during periods in which
the uncontrolled factor has large positive realizations, the manager would rank highly
compared to the replica funds, and vice versa during periods when the uncontrolled
factor has large negative realizations. As as result, the PDF of the ranking of the
manager compared to the replica funds(Pct (r;¢, (7;;))) shall have both large left and
right tails, violating the first-order stochastic dominance condition. Figure 6 offers a

graphical illustration of the detection mechanism.
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Figure 6: Detection for Uncontrolled Factors

This figure offers a graphical illustration of the detention mechanism of the FSD con-
dition for mis-specified managers. Panel (a) shows that the PDF of the mis-specified
manager’s ranking(Pct (r;, (T:+))) has both larger left and right tails compared to the
standard uniform distribution; Panel (b) shows that the CDF of the mis-specified man-
ager’s ranking(Pct (r; 4, (Ti+)) goes above the 45 degree line for some region.

The following proposition provides a more general statement for this argument when

the uncontrolled factor is allowed to have non-zero risk premium.

Proposition 9. Consider a mis-specified manager’s return process:

it = i L], ilfie T+ e,
Tit Tf+25 Fyt+Z’Ylflt+€t
j I
=1yt ZBi,ij,t + fie + i

J

ﬁ,t ~ N (:uf7 0-)2”) y  Gip ™ N (07 O'?) ) .}Fi,t 1 €it-

where {ijt}(j]ﬂ are the observable factors, {fu}le are the unobservable factors, e;4 is
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the idiosyncratic component.

A corresponding replica fund has the return process:

Fip =Tf+ E BijFje + €
i

é’i,t ~ N (0,0‘?) .

fsd
The first-order stochastic dominance condition r;; = T;; is violated as long as
of > 0.
Proof. See Appendix. m

Of course, the proposition only holds under the special condition that both the
uncontrolled factors and the idiosyncratic risk are normal, and are independent to each
other. The conclusion of the proposition can be violated if one considers alternative
distribution specifications of the uncontrolled factors. However, the proposition conveys
the intuition that the FSD condition is able to detect the existence of the uncontrolled
factors because the mis-specified managers are likely to have a larger left tail in their
return distributions compared to the replica funds when they take on factors that are

not controlled by the econometrician, as demonstrated in Figure 7.
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This figure illustrates that the return distribution of a mis-specified manager carries a
heavier left tail compared to the return distribution of the replica fund.

Figure 8 and 9 compare the effectiveness of the positive alpha filter versus the
FSD filter in simulation. Figure 8 demonstrates the two filters’ ability to identify
skilled managers; whereas Figure 9 illustrates their tendencies to select mis-specified
managers. Specifically, the x-axis is the formation period from which the performance
measures are constructed. For Figure 8, the y-axis is the average number of skilled
managers that the corresponding filter is able to identify over 500 simulation paths;
whereas for Figure 9, the y-axis is the average number of mis-specified managers that the
corresponding filter erroneously selects over 500 simulation paths. The black solid(blue
dotted, red dashed) line represents the situation where benchmark mis-specification is
mild o = 0.01(moderate oy = 0.03, severe oy = 0.05).

From the figures, the positive alpha filter identifies fewer skilled managers when
benchmark mis-specification becomes more severe because it tends to erroneously select

mis-specified managers whose uncontrolled factors have high in-sample realizations.
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The FSD filter, however, is unaffected by benchmark mis-specification because the
first-order stochastic dominance condition excludes the mis-specified managers as their
rankings relative to replica funds would have both larger left and right tails compared

to a uniform distribution.
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Figure 8: The Mis-specification Case: Filter Accuracy

The plot compares the accuracy of the o; > 0 and the r;; f;d 7i¢ filters in the presence
of benchmark mis-specification. The x-axis is the formation period from which the
performance measures are constructed. The y-axis is the average number of skilled
managers that the corresponding performance measure is able to identify over 500
simulation paths. The black solid(blue dotted, red dashed) line represents the situation
where benchmark mis-specification is mild 7r= 0.01(moderate oy = 0.03, severe oy =
0.05). Panel (a) plots the effectiveness of itle a; > 0 filter; whereas Panel (b) plots the

. fsd
effectiveness of the r;, > 7;, filter.
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Figure 9: The Mis-specification Case: Filter Mistake

The plot compares the tendency to select mis-specified managers of the o; > 0 and

the 74 f;—d 7;+ filters in the presence of benchmark mis-specification. The x-axis is the
formation period from which the performance measures are constructed. The y-axis
is the average number of mis-specified managers that the corresponding performance
measure erroneously selects over 500 simulation paths. The black solid(blue dotted,
red dashed) line represents the situation where benchmark mis-specification is mild
o; = 0.01(moderate o; = 0.03, severe oy 420.05). Panel (a) plots the performance of

fsd
the a; > 0 filter; whereas Panel (b) plots the performance of the r;; - 7+ filter.



6.4 Two-stage Sort

In order to illustrate the combined effects of the FSD filter and the & sort, I conduct
a two-stage sort in this subsection and compare the results to the search with the &
sort alone in simulation. The economy features both heteroscedasticity and benchmark
mis-specification. In addition, I also allow the magnitude of the true alphas to vary
among skilled managers in the economy. The heterogeneous alphas suggest a role for
the & sort in the second stage.

There are three types managers in this economy skilled, unskilled and mis-specified.
Among the skilled managers, there are five subgroups with different as. The return
processes of the managers are as follows.

The skilled managers:

rfﬁ”led = a; + T + uiy, 100 funds:

a; = bbps, 20 funds;

a; = 10bps, 20 funds;
a; = 15bps, 20 funds;
a; = 20bps, 20 funds;

a; = 25bps, 20 funds.
The mis-specified managers:

mis—spec
Tit P = i + fix + uig, 100 funds.
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The unskilled managers:

punskilled — g4y, 800 funds.
The replica funds:

Tit = Tmt + Uity Uit ~ Uiy

The market factor still has the same properties as before: 7., ~ N (0,0.06%).
The economy features heteroscedasticity and the distribution of the idiosyncratic com-
ponents follows: N (0, azt), oir = max{o—1+p (0 —0it-1) + (e, 0}, p = 0.9%,
o = 0.01*, ¢ = 0.0024*. The economy also features benchmark mis-specification. I
assume that the uncontrolled factors take moderate volatility as in the previous sub-
section: fi; ~ N (0,0%), o5 = 0.03.

The two-stage sort is conducted with the following procedure. The FSD filter first
selects 100 managers with the highest in-sample FSD test statistics. The 100 managers
are then sorted into 5 quintiles based on their in-sample realized as. As a comparison,
I also form 5 quintiles of funds with the & sort alone, with each quintile containing 20
funds to match the sample size. Therefore, the top quintile of the single & sort consists
of the 20 funds with the highest in-sample as, and likewise for other quintiles.

Figure 10 compares the performance of the two-stage sort versus the performance of
the single & sort in simulation. The black solid(blue dotted, red dashed) line represents
the sort using 1(3, 5) year(s) of historical data. The out-of-sample as in the two-stage
sort increase monotonically with the in-sample & quintiles; whereas the out-of-sample
as in the single & sort is non-monotonic, especially for the top quintile. The non-
monotonicity is caused by the presence of the mis-specified managers obscuring the
measurement of « in the single & sort. Figure 11 plots the results of the same sorts

conducted with the actual data. The out-of-sample as of the sorts with the actual data
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follow similar patterns as the ones in simulation. Specifically, the out-of-sample as are
non-monotonic with the in-sample & quintiles in a single & sort, but a two-stage sort
with the FSD filter in the first stage is able to fix this problem. The finding suggests

that the mechanisms studied in this section might also be present in the actual data.
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Figure 10: Out-of-sample «, in Simulation, Matched Sample Size
The plot compares the out-of-sample « in simulation of the & sort only with the combi-
nation of the FSD filter and the & sort. The sample sizes in the two panels are matched.
Each quintile contains 2% of all funds in the cross section. The black solid(blue dotted,
red dashed) line represents the sort using 1(3, 5) year(s) of historical data.
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Figure 11: Out-of-sample «, in Data, Matched Sample Size
The plot compares the out-of-sample « in actual data of the & sort only with the
combination of the FSD filter and the & sort. The sample sizes in the two panels are
matched. Each quintile contains 2% of all funds in the cross section. The sort uses
data from the most recent 24 months. Both point estimates and confidence intervals
are plotted. The sample period is from January 1991 to December 2015.
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7 Empirical Findings

7.1 Data

I obtain monthly after-fees fund returns along with other fund characteristics such as
fund size, age, name, expense ratio, etc. from CRSP Survivor-Bias-Free US Mutual
Fund Database. I compute the before-fees returns by adding back the expense ratio
to the after-fees fund returns. I obtain fund holdings from Thomson Reuters Mutual
Fund Holdings (s12), formerly known as the CDA /Spectrum Mutual Fund Holdings
Database. Both databases are standard in this line of research. Their popularity arose
largely due to their efforts to eliminate survivorship bias by making an attempt to
include all funds that have ever existed in the US market. In fact, Linnainmaa (2013)
raised the concern of a potential reverse survivorship bias by using these databases
as funds hit by a series of unlucky negative shocks tend to exit the market, leaving
behind trajectories of poor performances without the chances to “clear their names”.
Therefore, my finding of superior out-of-sample performances is unlikely to be caused
potential survivorship bias. I follow the standard approach to link these two databases
with the MFLINKS database constructed by Prof. Russ Wermers, and I obtain stock
prices and returns from the CRSP Monthly Stock File.

I limit my focus to domestic, open-end, actively managed, US equity funds. I employ
the investment objectives code (crsp_obj cd) that has been recently introduced by
CRSP as my screening variable to identify such funds.'? Doshi, Elkamhi, and Simutin
(2015) shows that the funds identified with the crsp obj cd are almost identical to

the funds identified with the investment objectives codes from other data vendors that

12T include funds with crsp_obj cd that begins with “EDC” or “EDY”; exclude funds with
crsp_obj _cd being “EDYH” or “EDYS”; and exclude option income funds with Strategic Insight Ob-
jectives code being “OPI”. I then eliminate index funds by screening fund names.
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have been used in earlier literature.'®> To reduce the impact from very small funds, I
require the funds in my sample to have at least $10 million under management and hold
at least 10 stocks in their portfolios. I aggregate funds with multiple share classes into
a single class as these different share classes have the same portfolio composition. In
order to have enough funds for this project, I take the sample period from January 1991
to December 2015. T have 2693 distinctive funds in my sample and 399,631 fund-month
observations. Table 3 documents the summary statistics of the funds that are included

in my sample.

13 thank the authors for sharing their SAS code online.
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Year # of Funds Age TNA (in 10° §) # of Stocks Fees (in bps)

1991 168 19 360 7 125
1992 182 18 017 86 130
1993 241 16 601 92 130
1994 271 16 717 94 135
1995 275 17 779 96 137
1996 289 17 1226 101 134
1997 347 16 1386 108 132
1998 448 15 1530 115 128
1999 955 14 1720 105 130
2000 602 13 1942 104 133
2001 658 13 1654 113 135
2002 775 13 1368 105 140
2003 916 13 988 103 143
2004 1011 13 1257 110 149
2005 1067 13 1347 113 145
2006 1159 14 1380 114 143
2007 1207 14 1465 117 141
2008 1245 14 1561 118 137
2009 1260 15 888 123 137
2010 1224 15 1205 123 140
2011 1194 15 1389 121 135
2012 1258 16 1244 115 131
2013 1235 16 1376 119 129
2014 1181 17 1915 120 126
2015 1087 18 2032 120 122

Table 3: Fund Characteristics Summary
This table documents the characteristics of the funds in my sample. The documented
characteristics include total number of funds in the sample, the average fund age, the
average total net assets in million dollars, the average number of stocks that a fund
holds, the average fees that a fund charges in basis points per year.

7.2 Out-of-sample Performances

Table 4 documents the out-of-sample performances of the funds identified by the FSD
condition. Specifically, by the end of each quarter, I compute the empirical CDF of the
percentile of each fund in the counterfactual return distribution (FPet(rin(in) (). 1

then construct the FSD test statistic § for each fund. I install the FSD filter to select
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funds with 6 > 0.90, which corresponds to a 10% test size. The FSD filter alone is
able to identify a group of fund managers who are able to outperform the Carhart
benchmark by 204 bps per year before fees (78 bps per year after fees) out of sample.
More interestingly, among the funds that have been identified by the FSD filter,
I further sort them into 5 quintiles by their Carhart four-factor alphas during the
proceeding 24 months. Table 4 shows that for those FSD satisfying funds, historical
alphas do predict future performances. Specifically, the average out-of-sample alphas
of the funds increase monotonically with historical realized alphas. The funds in the
top quintile are able to, on average, outperform the Carhart four-factor benchmark by
as much as 355 bps per year before fees (224 bps per year after fees). The finding of
alpha persistence among the identified funds is consistent with the arguments that the
FSD condition is able to identify a group of fund managers who are potentially skilled

at stock-picking.
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Quintile  Sample Share « (in %) IR SR mkt  smb hml  umd
Before Fees

1 1.83% 0.50 0.11  0.59 1.03 0.29 0.03  0.04
[0.53] [46.26]  [8.82]  [0.87]  [2.08]
2 1.94% 1.54* 0.38 0.66 1.01 0.20 0.06  0.03
[1.88] [59.22]  [5.89]  [2.07]  [1.58]
3 1.95% 2.10%* 0.47 071 1.00 0.23 0.10  0.05
[2.28] [43.55]  [7.12]  [2.35]  [2.48]
4 1.94% 2.53*%* 052 0.71 1.03 0.26 0.01  0.07
[2.60] [47.04]  [6.80]  [0.21]  [2.53]
5 1.88% 3.55%** 0.67 0.72 1.07 0.45 —0.10 0.08
[3.24] 38.85]  [13.47] [-2.87] [3.26]
1st Stage 9.55% 2.04%**  0.57 0.69 1.03 0.28 0.02  0.05
[2.78] [61.14]  [10.55]  [0.72]  [2.99]
All Funds 100% 0.03 0.02 0.56 1.00 0.21 0.02 0.01
[0.07] [81.56]  [10.74]  [1.19]  [0.94]

After Fees
1 1.83% —-0.74 —-0.16 0.51 1.04 0.29 0.03  0.04
[~0.79] 46.34]  [8.78]  [0.87]  [2.10]
2 1.94% 0.33 0.08 0.58 1.01 0.20 0.06  0.03
[0.40] [59.59]  [5.89]  [2.05]  [1.55]
3 1.95% 0.89 0.20 0.64 1.00 0.23 0.10  0.05
[0.95] [43.51]  [7.09]  [2.32]  [2.50]
4 1.94% 1.25 0.26 0.64 1.03 0.26 0.01  0.07
[1.29] [47.08]  [6.80]  [0.22]  [2.54]
5 1.88% 2.24%* 0.43 0.65 1.07 0.45 —0.10 0.08
[2.05] 30.23]  [13.50] [-2.90] [3.28]
1st Stage 9.55% 0.78 0.22 0.62 1.03 0.28 0.02  0.05
[1.07] [61.27] [10.52]  [0.68]  [2.99]
All Funds 100% —1.18%* —0.53 0.48 1.01 0.21 0.02 0.01
[—2.39] [81.97] [10.70]  [1.20]  [0.99]

Table 4: Out-of-sample Performances of the Selected Funds

This table documents the out-of-sample performances of the funds whose returns first-
order stochastically dominated the returns of the replica funds during the 24 months
prior to portfolio formation. Specifically, by the end of each quarter, I compute the
empirical CDF of the percentile of each fund in the counterfactual return distribution
(FPetrin(in) (z)). T then construct the FSD test statistic 6 for each fund. I select
the funds with 6 > 0.90. I then sort the selected funds into 5 quintiles based on their
proceeding 24 months’ four-factor alpha. The trading strategy is rebalanced every three
months. The post-ranking annualized alphas and factor loadings are documented along
with their heteroscedasticity-robust t-statistics. The alphas with statistical significance
are marked with “*”. “Sample Share” is the number of funds in the portfolio as a
percentage of the cross section. The samp%% period is from January 1991 to December
2015.



Figure 12 plots the time-series of the before-fees performances of the selected mutual
funds. Panel (a) plots the time-series of the fund performances for all funds selected by
the FSD filter; whereas Panel (b) plots the top quintile of the funds with the highest
historical alpha within the funds selected by the FSD filter. The blue dashed(black
dotted, red solid) line is the log cumulative before-fees return of the selected mutual
funds(Berkshire Hathaway, the market). Figure 13 plots the time-series of the before-
fees outperformances of the selected mutual funds. The outperformance is defined as
the log cumulative return of longing the portfolio of identified funds and shorting the
market. From the figure, fund outperformances seem to be most pronounced during
the dot-com bubble periods, but the outperformances are in general consistent over the

sample period.
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Figure 12: Out-of-sample Fund Performances: Time Series

This panel of plots documents the time-series of the before-fees performances of the
selected mutual funds. Panel (a) plots the time-series of the fund performances for all
funds selected by the FSD filter; whereas Panel (b) plots the top quintile of the funds
with the highest historical alpha within the funds selected by the FSD filter. The blue
dashed line is the log cumulative before-fees return of the selected mutual funds, the
black dotted line is the log cumulative return of Berkshire Hathaway, the red solid line
is the log cumulative return of the market.
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Figure 13: Out-of-sample Fund Outperformances: Time Series
This panel of plots documents the time-series of the before-fees outperformances of the
selected mutual funds. Outperformance is defined as the log cumulative return of the
trading strategy that longs the portfolio of the identified funds and shorts the market.
Panel (a) plots the time-series of the fund outperformances for all funds selected by
the FSD filter; whereas Panel (b) plots the top quintile of the funds with the highest
historical alpha within the funds selected by the FSD filter.

Figure 14 plots the histograms of the before-fees excess returns of the selected mutual

funds. Panel (a) plots the histogram of the returns in excess of the Carhart four-
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factor benchmark for all funds selected by the FSD filter; whereas Panel (b) plots the
histogram of the returns in excess of the Carhart four-factor benchmark for the top
quintile of the funds with the highest historical alpha within the funds selected by the
FSD filter. From the figure, it is obvious that the identified funds are more likely to
realize positive excess returns than negative excess returns compared to the Carhart

four-factor benchmark.
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Figure 14: Out-of-sample Fund Excess Returns: Histogram
This panel of plots documents the histograms of the before-fees Carhart excess returns
of the selected mutual funds. Panel (a) plots the histogram for all funds selected by
the FSD filter; whereas Panel (b) plots the histogram of the top quintile of the funds
with the highest historical alpha within the funds selected by the FSD filter.
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7.3 Fund Characteristics

Table 5 compares the observable characteristics of the identified funds with the cross-
sectional average of all funds in the sample. From the table, the funds identified by the
FSD filter do not differ in size compared to an average fund in the industry. However,
the funds in higher second-stage quintiles charge more fees. The finding is partially
consistent with Berk and Green (2004) in the sense that more skilled managers are able
to extract higher rents in equilibrium, although the specific mechanism is different. In
Berk and Green (2004), skilled managers receive compensation by growing the size of
their funds, leaving the fees unchanged. My finding, on the other hand, suggests that
they demand higher fees directly. Funds in higher second-stage quintiles also tend to
keep fewer stocks in their portfolios, thereby being more concentrated. This finding is
consistent with the theory proposed by Van Nieuwerburgh and Veldkamp (2010) that
informed investors can choose to be specialized when information acquisition is costly.
The finding that funds in higher quintiles also trade more is related to the finding by
Pastor, Stambaugh, and Taylor (2017) that trades by active mutual fund managers

tend to be profitable.
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Sample Age Age TNA # of Fees Fees  Turnover

Turnover

Quintile Stocks
Share Norm. Norm. Norm. (in bps) Norm.  Ratio Norm.
1 1.83% 15.27  1.00 0.73 0.99 120.42 1.05 0.81 0.98
2 1.94% 16.41 1.08 1.11 1.10 117.23  1.02 0.69 0.84
3 1.95% 15.20  1.00 0.97 1.03 119.01 1.04 0.70 0.86
4 1.94% 1592  1.05 1.06 0.97 125.43  1.09 0.73 0.88
5 1.88% 15.80 1.05 1.01 0.80 12727 1.11 0.80 0.97
Ist Stage 9.55% 15.73 1.04 0.98 0.99 121.94 1.06 0.75 0.92
All Funds  100%  15.18 1 1 1 114.78 1 0.82 1

Table 5: Characteristics of the Selected Funds
This table documents the characteristics of the selected funds and compare them with
the cross-sectional average. “Norm.” denotes the normalization procedure that takes the
ratio between the corresponding variable and the cross-sectional average when all funds
in the sample are included. “Sample Share” is the number of funds in the portfolio as a
percentage of the cross section. The sample period is from January 1991 to December
2015.

7.4 The Return Gap

One potential concern regarding the outperformances of the identified funds is that
instead of possessing stock-picking skills, those funds might be loading on momentum
factors that the Carhart benchmark does not perfectly control for. In order to rule
out such possibility, I study the return gaps of the identified funds. The return gap is
defined as the difference between a fund’s actual return from the hypothetical return
that the fund might have earned by keeping the portfolio weights at the beginning of

the quarter unchanged throughout the entire quarter:
rgap;s = Tit — Z wi’j’tfj,t
J

where w; ; denotes the portfolio weight of stock j of fund 7 at the most recent quarter-
end of month ¢; 7, denotes the return of stock j during month ¢.

The return gap measures the profitability of the unobserved within-quarter actions
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conducted by a fund manager. I regress the return gaps of the identified funds against
the Carhart four-factor benchmark:

_ ,rgap rgap rgap rgap rgap rgap rgap
rgap;z = Q; +Bm,z (vat - 7nf)—f_ﬂsmb,iSTrth—}_ﬁsmb,iSTnbt_{—ﬁhml,ih,rnlt—+_6umd,iurndt—f—ei,if .

The results are documented in Table 6. The table shows that the out-of-sample alphas
resulting from the return gaps also increase monotonically with historical alphas for
funds selected by the FSD filter. Moreover, the return gaps account for about half of
the total out-of-sample alphas for all quintiles. The finding is consistent with the results
of Kacperczyk, Sialm, and Zheng (2008) that the return gap is indicative of manager
skills. The profitability of the return gap offers strong support that the identified
managers are skilled because they are able to make profitable within-quarter trades. It
rules out the concern that the outperformances of the identified managers are entirely

driven by their loadings on some uncontrolled momentum factors.
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Quintile  Sample Share o’ (in %) mkt smb hml  umd

1 1.83% 0.74%* 0.02 0.03 —0.01 0.02
[2.31] [2.31] [1.73] [—1.30] (3.08]

2 1.94% .77k 0.02 002 —0.01 0.01
[3.94] [4.26] [1.61] [0.91] [2.83]

3 1.95% 0.91 %% 0.03 0.01 —0.00 0.01
[3.64] [4.76] [0.67] [—0.23] [2.54]

4 1.94% 0.85%** 0.02 001 —0.01 0.01
[3.29] [3.26] [0.99] [~0.50] [2.01]

5 1.88% 1.60%** 0.02 —0.02 —0.03 0.02
[3.04] [1.47)  [-0.63]  [-1.42] [2.43]

1st Stage 9.55% 0.97%%* 0.02 0.01 -0.01 0.01
[5.19] [4.10] [1.07] [-1.11] [3.49]

All Funds 100% 0.21 0.00  0.02 0.00  0.02
[1.26] [0.70] [1.46] [0.14] (3.60]

Table 6: The Return Gaps

This table documents the return gaps of the selected mutual funds. The return gap is
defined as the difference between a mutual fund’s actual return versus the hypothetical
return generated by keeping the holdings within the mutual fund’s portfolio by the
end of the proceeding quarter. The time-series of the return gaps of different funds are
then averaged within the corresponding quintiles and regressed against the Carhart four
factors. The portfolios are rebalanced every three months. The post-ranking annualized
alphas and factor loadings are documented along with their heteroscedasticity-robust t-
statistics. The alphas with statistical significance are marked with “*”. “Sample Share”
is the number of funds in the portfolio as a percentage of the cross section. The sample
period is from January 1991 to December 2015.

7.5 The Copycat Strategy

The return gap analysis suggests that the identified fund managers are able to generate
profits from their unobserved within-quarter actions. Therefore, it should also suggest
that it would be difficult for an out-sider to free-ride on those managers stock-picking
endeavors. Indeed, Table 7 documents the performance of the trading strategy that
aims to mimic the performances of the selected outperforming mutual fund managers.
To ensure implementability, by the end of each quarter, the stock holdings from the

end of the previous quarter are retrieved for the managers who have been identified by
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the FSD filter. The trading strategy then invests in the stocks that the managers were
holding as of the end of the previous quarter. The portfolios are rebalanced every three
months. The post-ranking annualized alphas and factor loadings are documented along
with their heteroscedasticity-robust t-statistics.

Consistent with the analysis on the return gap, the copycat strategy loses about
half of the profitability compare to the managers’ total before-fees performances. Inter-
estingly, the profitability of the copycat strategy is comparable to that of the after-fees
returns that investors are able to earn by investing in the funds. The finding suggests
that the fees of the identified funds might be set rationally in equilibrium. This re-
sult verifies the findings documented by Frank et al. (2004) for a limited sample of

high-expense funds.
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Quintile  Sample Share « (in %) IR SR mkt smb  hml  umd

1 1.83% 0.08 0.02 0.52 1.06 0.27 0.06 —0.05
[0.07] [38.95] [6.39]  [1.47]  [-2.11]
2 1.94% 1.50%* 0.32 0.60 1.07 0.15 0.05 —0.04
[1.68] [54.40] [3.10]  [L.74]  [-2.4§|
3 1.95% 1.65 0.32 0.64 1.06 0.23 0.13 —0.00
[1.60] [38.82] [5.30]  [2.48]  [-0.13]
4 1.94% 1.52 0.29 0.61 1.09 0.28 0.01 0.01
[1.46] [45.45] [6.00] [0.21]  [0.32]
) 1.88% 2.02* 0.36 0.60 1.15 043 —-0.10 -0.00
[1.77] [37.36]  [9.76] [-2.74]  [—0.05]
1st Stage 9.55% 1.30 0.32 0.60 1.09 0.27 0.03 —0.02
[1.62] [53.87] [6.74]  [0.93]  [-1.01]
All Funds 100% 0.20 0.07 0.51 1.09 0.18 0.00 —0.08
[0.34] [66.63] [5.32]  [0.05]  [-6.70]

Table 7: Performance of the Copycat Strategy

This table documents the performance of the trading strategy that aims to mimic the
performances of the selected outperforming mutual funds. To ensure implementability,
by the end of each quarter, the stock holdings from the end of the previous quarter are
retrieved for the managers who have been identified as skilled. The trading strategy then
invests in the stocks that the managers were holding as of the end of the previous quar-
ter. The portfolios are rebalanced every three months. The post-ranking annualized
alphas and factor loadings are documented along with their heteroscedasticity-robust t-
statistics. The alphas with statistical significance are marked with “*”. “Sample Share”
is the number of funds in the portfolio as a percentage of the cross section. The sample
period is from January 1991 to December 2015.

7.6 Fund Flow Responses

According to Berk and van Binsbergen (2015) and Barber, Huang, and Odean (2016),
fund flows contain information about fund investors’ evaluations of managers’ invest-
ment skills. In order to understand whether fund investors infer managers’ skills using

signals correlated with the FSD condition, I run the following Fama-Macbeth regression:

Flow;, = Const + 0g x FSD; 4+ (8 + 6 x FSD;,) x &l " 4 X, + ¢,
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where X; represents control variables including fund age, log fund size, fees, and the
number of stocks in the portfolio; ézz[t_l_T’t_l] is the trailing in-sample realized Carhart
four-factor alpha; F'SD;; is a dummy variable that equals to one for funds with a FSD
test statistic 0 higher than 0.90, and zero otherwise.

The parameters of interest are g and ;. A positive dy indicates that controlling
for realized in-sample alphas, the funds that satisfy the FSD condition attract more
flows than other funds. A positive 9, indicates that flows are more sensitive to realized
in-sample alphas for funds that satisfy the FSD condition.

Table 8 presents the regression results. Both &y and d; are highly significantly
positive. The finding suggests that fund investors reveal preferences towards fund return
distribution properties beyond the first moment(mean/alpha). They appreciate funds
with return distributions satisfying the FSD condition more than other funds controlling
for realized alpha. On the other hand, the still positive out-of-sample alphas of the
FSD identified funds suggest the presence of certain informational frictions in the fund
market so that the fund outperformances are not fully arbitraged away according to

the logic of Berk and Green (2004).

Flow;, Flow;, Flow;, Flow;,

a1l QTHRRE 9 RFFE 9 GERRE 9 GARRE
[41.26] [40.59] [40.58] [40.45)
FSD;, 0.0063%+* 0.0031 %%+
[11.42] [5.22]
FSD;,; x al~t=h1 1.20%%% () 84%H
[10.06] [5.74]

Table 8: Flow Responses

This table documents the Fama-Macbeth regression results of Flow,;; = Const + ¢ X
FSD;; + (B+ 61 x FSD;4) x ) X; + €. The dependent variable is the

flow of each fund in every month, and the independent variables include the trailing
in-sample alpha, the dummy variable corresponding to the FSD condition, and the
interaction between the two. The control variables include fund age, log fund size, fees,
and the number of stocks in the portfolio. The sample period is from January 1991 to

December 2015, with 399,631 observations.
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8 Conclusion

Due to the strong influence of luck in fund managers’ performances, the search for skilled
managers with predictable outperformances is a challenging task. Existing alpha based
evaluation methods have poor out-of-sample performances because alpha is related to
the mean of the return distribution and mean is difficult to estimate in short samples.
I show that, by limiting the search scope to a specific subset of skilled managers — the
skilled stock-pickers, a new first-order stochastic dominance condition can be imposed
to improve the effectiveness of the search. The new FSD filter complements the conven-
tional & sort because it is robust to finite-sample problems such as heteroscedasticity
and benchmark mis-specification. The empirical part of this project demonstrates the
superior performance of the combination of the new FSD filter and the standard & sort
in identifying outperforming stock-pickers. My findings confirm various theoretical and
empirical results discussed earlier in the literature and are also able to shed new light

on our understanding about the active mutual fund industry.
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Appendix

A. Proposition Proofs
Proposition 1.

Proof. According to Assumption 3, Vk, 7 i, = Bfw" Therefore, f; j+ = > ;e Wikt—1Pk; =
D ok Wiki—1 51%, ;= Bmt, i.e. the original portfolio and the replica portfolio have the same

loadings on observable factors. O]

Proposition 2.

Proof. Denote

=]
E

(=% —E (7’5-l| {6’”}>
=71 — E (vl {Brs})

=Yg — Ykl

05, is the deviation of stock ks loading on factor [ from the average loading on factor

[ of the stocks in the same bucket as k. Since stock k is chosen randomly within the

bucket, E (5,;J| {/3k,j}) 14,

4 Here, the expectation is taken before the fund is constructed.
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The second line comes from the fact that 5 ; = B

%,l,t = E Wi kt—17k
k
= E Wi o t—1 (’71@,1 + 5;;;)
k
= E Wi t—1Vk, + E Wi k,t—10j,
k k
LLN

R Wi ke t—1Vk,l
k

The last line is given by Law of Large Number. It holds when the portfolio is

sufficiently diversified. O

Proposition 3.

Proof. According to Central Limit Theorem,

eitl {wigt—1} ~ N (ai,ta Var <Z Wi o t—1€kt] {wi,k,t—l})>
%
éi,t| {wi,k,tfl} ~ N (0, Var (Z wi,k,tflﬁig,t| {wi,k,t_1}>>
A

All we need to show is that Viar (3, w; g i—1€xs| {wig—1}) = Var (Zk wi’k,t_1€,;7t| {wi,k,t—1}>'
Notice that the real fund and the replica fund are picking stocks from the same stock

volatility buckets, so that

Var (7)) = Var (ﬁ%,t)

= Var (Z Vea S + Gk,t) = Var (Z Veufi + 6’“)
z I
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On the other hand 74; = 4%, + dx,; and Yier = Vet T 5,;71, so that the difference between

Yk, and g, could be diversified away. Therefore,

Var (Z Wi o t—1 €k {wi,k,t—1})
k
- Z wiz,k,tflvc”" (€k,t)
%

= Z wiQ,k,t—l <Va7’ (Z Ve fre + sz,t> — Var (Z 'Yk,lfl,t))
k l l

= Z w?,k,tq (Var <Z ViaJue + 6,;7t> — Var (Z 71%,lfl,t>>
k l l

+ (Var (Z ’Yx%,zfl,t) — Var (Z ’Yk,lfl,t))
] !

=Var (Z Wi k16, 4] {wi,k,t_1}> + Zw?,k,tq (VW’ (Z 'Y]};Jfl,t) — Var (Z %,zfz,t>>
K K . I

Z wz'z,k,t—l Var (Z %;,lfl,t> —Var (Z '7k,lfl,t> )
k 1 ]
=> wiha | D (71%,5 - 713,1) Var (fz,t)>
k !
~ Z w?’k,t—l Z 2'7k,l (5,% — 6k,l> Var (fl,t))
k 1
=2) <Z Wik -1 Tk <51;,z - 5k,l)> Var (fir)
! k
2 —
%E ZZ: (2}; Wi ke t—17Vk,l (5,;71 — 5;971)) Var (fie)

LLN

~ 0
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Proposition 6.

Proof. Since all replica funds are constructed randomly in the bootstrap procedure,
Pct (T34, (Tir)) ~ Unif (0,1) is obvious.

The equivalence condition is immediate from Pct (-, (7;;)) being monotonically in-
creasing.

Denote Ft}iclt(”’t’m’t» (x)(FtIicf(m’t’m’t» (x)) as the conditional CDF of the ranking

rit(7it); (Fie) 2] as the value at the  percentile of (7).

Pct
o

riolfen) (1) = Prob,_; (Pet (rig, (Fiz)) < @)
= Probi_y (riz < (Fit) [x])
= F; "1 ((Fiy) [2])
< F[ ((75) [2)
= Prob,_y (754 < (Fi) [2])

= Prob,_y (Pct (74, (Tir)) < )

— Ftlicf(ﬁ,u(ﬁ,d) (x)

O
Proposition 9.
fsd ~ fsd

Proof. 1y = Tiy <= fir+eir = €iy.

Since fi,t L oeig, ]ELt +eig~N (#fv UJ% + 01‘2)-

2
Denote the PDF of f;, + e; = =Ll _Le=m) | nd the PDF
enote the of fit+eir as ¢ (x) oo Py exp { 2107 | and the

of &4 as ¢ () = ;WU? exp [—%]
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Define

2

2 ()

201-2_ (af—l—a)

_(a?—l—ai)xz—af

(z — py)

20 (af + O'~)

afa: + 202 upx — o Wy

2]

20 (af—i-a)

]

If oy > 0, then lim, ,  L(x) = +o0o0. Therefore, f;vt + e+ has a larger left tail

compared to é;,, and the first-order stochastic dominance condition is violated.

B. Additional Sorts

[]

I document the results of several additional sorts in this section. The following tables

report the out-of-sample performances of the double sort with the FSD test statistic 6

as the first variable, and &, t — stat of &, information ratio, historical average of fund

rankings (Pct (r;+,(7i+))) as the second variable, respectively.
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Quintile(2nd) 1 2 3 4 5
Decile(1st)
1 Q —2.30%*  0.02 0.08 0.14 0.50
1 t—stat  [-220] [0.03] [0.10]  [0.19]  [0.64]
1 IR —0.48 0.01 0.02 0.04 0.13
2 o) —1.65* 0.65 —-0.86  —0.16 0.17
2 t—stat  [-1.84] [0.94] [-1.26] [-0.22] [0.21]
2 IR —0.37 0.20 -0.26 —0.04 0.04
3 o) —0.43 —0.51  —0.56 0.06 0.15
3 t—stat  [-0.54] [-0.65] [~0.84] [0.09]  [0.20]
3 IR —0.11 -0.14 —-0.17 0.02 0.04
4 Q —-1.39 —0.54 0.08 0.00 0.06
4 t—stat  [-1.64] [-0.87] [0.12] [-0.01]  [0.08]
4 IR —0.35 —0.17 0.03 0.00 0.02
) o} —-1.97% —-1.09 -0.50 —-0.70 —0.06
5 t—stat  [-2.23] [-L161] [-0.76] [~1.18] [-0.07]
) IR —0.50 -032 -0.17 -024 -0.01
6 Q —1.26 0.68  —1.14* 0.67 —0.47
6 t—stat  [-1.41] [1.05] [-1.83] [1.04] [-0.62]
6 IR —0.32 0.22 —0.38 0.23 —0.12
7 a 0.07 —0.08 —0.95*  0.04 0.64
7 t — stat 0.09] [-0.11] [-1.71] [0.06]  [0.75]
7 IR 0.02 -0.02  —-0.35 0.01 0.15
8 Q 0.60 —-0.48 —0.18 0.60 0.15
8 t — stat 0.69] [-0.63] [-0.28] [0.80]  [0.16]
8 IR 0.14 -0.13  —0.06 0.17 0.03
9 Q 0.21 0.18 —0.23 1.10 0.80
9 t — stat 0.26]  [0.24] [-0.31] [L59]  [0.83]
9 IR 0.06 0.05 —0.07 0.32 0.17
10 Q 0.68 1.98%*  2.17%F  3.44%H% 2 g7k
10 t — stat 074  [2.34]  [241]  [3.64]  [2.84]
10 IR 0.15 0.48 0.50 0.71 0.59

Table 9: Double Sort: 6 and &

This table documents the out-of-sample before-fees performance of the double sort by
the FSD test statistic 6 and the historical in-sample &. Active funds in the cross
section are first sorted into 10 deciles by the FSD test statistic 6 constructed from
the 24 monthly observations prior to portfolio formation. The funds in each decile are
then further sorted into 5 quintiles by the realized Carhart four-factor alpha during the
proceeding 24 months. The portfolios of funds are rebalanced every 3 months. Out-
of-sample alphas of the portfolios along with the t-statistics and information ratios are
reported. Out-of-sample alphas with statistical significance are marked with “*”. The
sample period is from January 1991 to December 2015.
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Quintile(2nd) 1 2 3 4 5
Decile(1st)
1 Q —1.61** —0.23 —0.18 —0.06 0.44
1 t—stat  [-1.98] [-0.28] [-0.22] [-0.07] [0.54]
1 IR —-040 —-0.06 —0.06  —0.02 0.11
2 o} —1.54%  0.11 -0.03  —-0.79 0.47
2 t—stat  [-2.03] [0.14] [-0.04] [-1.01] [0.65]
2 IR —0.40 0.03 —0.01 —0.21 0.14
3 Q —0.75 —0.87 —0.09 —0.41 0.78
3 t—stat  [-1.08] [-117] [-0.12] [-0.53] [1.12]
3 IR —0.22 —0.25 —0.03 —0.12 0.23
4 Q —0.95 —0.70 —0.62 0.13 0.42
4 t—stat  [-138] [-0.99] [-0.92] [0.16]  [0.61]
4 IR —0.29 —0.21 —0.20 0.04 0.12
D Q —1.41*%  —1.33% —1.27**  0.16 —0.30
5 t—stat  [-1.89] [-L77] [-1.97] [0.27] [-0.42]
d IR —0.40 —0.37 —0.41 0.06 —0.09
6 Q —-1.19 0.26 —1.08 0.29 0.12
6 t—stat  [~1.41] [0.38] [~146] [0.45]  [0.18]
6 IR —0.31 0.08 —0.32 0.10 0.04
7 & —-0.34 —-0.22  —0.88 0.84 0.13
7 t—stat  [-048] [-0.26] [-113] [1.25]  [0.18]
7 IR —-0.10 —0.06 —0.23 0.26 0.04
8 Q —0.21 —0.44 —0.12 0.93 0.52
8 t—stat  [-0.26] [-0.58] [-0.16] [1.29]  [0.67]
8 IR —0.05 —0.12 —0.03 0.26 0.13
9 o} 0.37 —0.27 0.24 0.53 L.17*
9 t — stat 0.44]  [-0.34] [0.29]  [0.67]  [1.66]
9 IR 0.09 —0.07 0.06 0.14 0.33
10 Q 1.12 1.74%% 2. 81%*F  2.24%% 3 4]%**
10 t — stat 1.17]  [2.00]  [3.04]  [2.54]  [4.37]
10 IR 0.25 0.41 0.60 0.51 0.87

Table 10: Double Sort: 6 and t — stat

This table documents the out-of-sample before-fees performance of the double sort by
the FSD test statistic 8 and the t-statistic of historical in-sample &. Active funds in
the cross section are first sorted into 10 deciles by the FSD test statistic 0 constructed
from the 24 monthly observations prior to portfolio formation. The funds in each decile
are then further sorted into 5 quintiles by the t-statistic of the realized Carhart four-
factor alpha during the proceeding 24 months. The portfolios of funds are rebalanced
every 3 months. Out-of-sample alphas of the portfolios along with the t-statistics and
information ratios are reported. Out-of-sample alphas with statistical significance are
marked with “*”. The sample period is from January 1991 to December 2015.
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Quintile(2nd) 1 2 3 4 5
Decile(1st)
1 Q —1.64**  —0.11 —0.34 0.07 0.40
1 t—stat  [-1.98] [-0.13] [-0.41] [0.08]  [0.49]
1 IR -0.40  —0.03 —0.09 0.02 0.10
2 a —1.56**  0.10 —0.03 —0.78 0.44
2 t—stat  [-2.05] [0.13] [-0.04] [-1.01] [0.61]
2 IR —0.40 0.03 —0.01 —0.21 0.13
3 Q —0.76 —-083 —-0.05 —0.39 0.76
3 t—stat  [-1.08] [-1.12] [-0.08 [-0.51] [1.11]
3 IR —0.22 -024 -0.02 -0.11 0.23
4 Q —1.05 —0.60  —0.66 0.09 0.42
4 t—stat  [-154] [-0.85] [-0.98] [0.11]  [0.61]
4 IR —0.33 —-0.18 —0.21 0.03 0.13
) o} —1.35% —1.41% —1.22% 0.08 —0.30
5 t — stat [—1.81] [-1.88] [-1.91] [0.12] [-0.41]
) IR —0.39 -0.39  —0.40 0.03 —0.09
6 Q —1.14 0.24 —1.16 0.31 0.15
6 t—stat  [-1.36] [0.35] [~1.54] [0.49]  [0.22]
6 IR —0.30 0.07 —0.34 0.11 0.05
7 a -0.30 —0.27 0.1 0.87 0.14
7 t—stat  [-043] [-0.33] [~1.04 [1.29]  [0.20]
7 IR —0.09 -0.07  —-0.22 0.27 0.04
8 Q —0.19 —0.47 0.00 0.74 0.61
8 t—stat  [-0.23] [-0.64] [0.00] [1.05]  [0.77]
8 IR —0.06  —-0.13 0.00 0.22 0.15
9 o} 0.34 —0.20 0.19 0.56 1.08
9 t — stat 0.41] [-0.26] [0.23] [0.71]  [L.49]
9 IR 0.09 —0.06 0.05 0.15 0.29
10 Q 1.06 L7762 83%HK  225%Kk  3.38%H*
10 t — stat [1.12]  [2.04] [3.07] [253]  [4.33]
10 IR 0.23 0.41 0.61 0.51 0.86

Table 11: Double Sort: § and IR

This table documents the out-of-sample before-fees performance of the double sort by
the FSD test statistic § and the historical in-sample information ratio (the ratio between
& and idiosyncratic volatility). Active funds in the cross section are first sorted into
10 deciles by the FSD test statistic 6 constructed from the 24 monthly observations
prior to portfolio formation. The funds in each decile are then further sorted into 5
quintiles by the information ratio of the realized Carhart four-factor alpha during the
proceeding 24 months. The portfolios of funds are rebalanced every 3 months. Out-
of-sample alphas of the portfolios along with the t-statistics and information ratios are
reported. Out-of-sample alphas with statistical significance are marked with “*”. The
sample period is from January 1991 to December 2015.
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Quintile(2nd) 1 2 3 4 5

Decile(1st)
1 Q —0.20 —0.40 0.08 0.19 —1.06
1 t—stat  [-0.22] [-0.45] [0.10]  [0.26] [—1.49]
1 IR —0.05 —0.10 0.02 0.05 —0.32
2 o) —1.51* —0.36  —0.27 —0.02 0.41
2 t—stat  [-1.76] [-0.50] [-0.45] [-0.02] [0.48]
2 IR —0.37 —-0.10  —0.09 0.00 0.10
3 Q 0.23 —-0.54 —-0.18 —-0.14  —0.82
3 t — stat 0.27]  [-0.82] [-0.29] [-0.22] [-1.14]
3 IR 0.06 -0.17 =006 —-0.05 —0.25
4 Q —1.70%%  —0.22 0.03 —0.33 0.43
4 t—stat  [-2.00] [-0.33] [0.04] [-0.51] [0.61]
4 IR —0.44 —0.07 0.01 —0.10 0.12
) Q —-1.37% —-038 —0.73 —1.11*% —0.57
5 t — stat [-1.72] [-0.51] [-1.09] [-1.82] [—0.81]
) IR —0.35 -0.11  -0.23 —-0.36 —0.17
6 Q —0.56 0.41 0.19 —-0.93 —-0.64
6 t—stat  [-0.64 [0.63] [0.31] [~1.38] [-0.91]
6 IR —0.14 0.14 0.06 —-0.28 —0.20
7 o) 0.02 —-0.63 —0.14 1.21* —0.87
7 t — stat 0.02]  [-0.97] [-0.24] [1.89] [-1.10]
7 IR 0.00 —-0.20 —0.05 0.39 —0.21
8 Q 0.74 —0.07 0.06 0.37 —0.43
8 t — stat 0.86] [-0.10] [0.08]  [0.53] [~0.51]
8 IR 0.18 —0.02 0.02 0.11 —0.10
9 o) 1.16 —0.11 —0.26  1.41%* 0.01
9 t — stat [1.33]  [-0.13] [-0.36] [1.99]  [0.01]
9 IR 0.28 —-0.03  —-0.08 0.40 0.00
10 Q 2.16** 1.52%  3.03***  2.46***  1.94%*
10 t — stat 2.51]  [1.65]  [3.51]  [2.90]  [2.25]
10 IR 0.52 0.33 0.70 0.57 0.44

Table 12: Double Sort: # and Average Ranking

This table documents the out-of-sample before-fees performance of the double sort by
the FSD test statistic 6 and the historical average ranking of the fund among replica
funds (Pct (14, (Ti4))). Active funds in the cross section are first sorted into 10 deciles
by the FSD test statistic 6 constructed from the 24 monthly observations prior to
portfolio formation. The funds in each decile are then further sorted into 5 quintiles
by the average of the rankings (Pct (754, (7;+))) during the proceeding 24 months. The
portfolios of funds are rebalanced every 3 months. Out-of-sample alphas of the portfolios
along with the t-statistics and information ratios are reported. Out-of-sample alphas
with statistical significance are marked with “*”. The sample period is from January
1991 to December 2015.
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Table 9 shows that out-of-sample alphas are only significant for funds in the top 6
decile. The result is consistent with the argument that funds failing the FSD test are
unskilled and are unable to generate either positive or negative out-of-sample alphas.
Table 10 and 11 show that using t-statistic or information ratio as the second variable
in the double sort produce similar patterns as using in-sample alpha. Table 12 shows
that using average historical fund rankings as a second variable does not generate
additional spread in funds out-of-sample alphas. The finding suggests the sort based
on in-sample alpha is more efficient at identifying skilled managers once problems such

as heteroscedasticity and benchmark mis-specification are alleviated by the FSD test.

C. FSD Persistence

If the FSD test is able to identify managers with persistent skills, then there should
also be persistence in managers’ FSD test statistics (é) The analysis so far is based
on monthly observations and uses 24 months of performances to predict the next 3
months. The overlap in the formation periods makes the construction of a transition
matrix difficult. In order to have non-overlapping formation periods with sufficient
observations, I turn to daily fund returns to construct the FSD test statistic 0. The
high frequency daily data enables me to construct non-overlapping quarterly FSD test
statistics, although the sample period is shorter due to data availability.

Table 13 replicates the double sort with the FSD test statistic 6 as the first variable
and the in-sample & as the second variable. & is still estimated using the proceeding 24
monthly observations as before, but the FSD test statistic f is constructed from daily
observations in the proceeding 3 month only. The table shows that the non-overlapping
quarterly FSD test statistic is still effective in identifying outperforming managers,

although the magnitudes of the out-of-sample alphas are smaller in this subsample.
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Quintile(2nd) 1 2 3 4 5

Decile(1st)
1 Q —0.22 0.53 0.63 0.45 0.54
1 t—stat  [-0.19] [0.49]  [0.69] [0.43] [0.50]
1 IR —0.05 0.12 0.17 0.12 0.12
2 o) —0.15 0.53 0.03 0.34 0.83
2 t—stat  [-0.15] [0.65]  [0.05] [0.42] [0.89]
2 IR —0.04 0.17 0.01 0.11 0.22
3 Q —0.93 0.33 0.34 0.53 —0.20
3 t—stat  [-0.93] [0.43]  [0.46] [0.56] [-0.21]
3 IR —0.25 0.11 0.12 0.14 —0.05
4 Q —1.40 0.37 0.07 0.99 —-0.05
4 t—stat  [-1.43] [0.46]  [0.08] [1.38] [-0.05]
4 IR —0.37 0.11 0.02 0.36 —0.01
5 Q —0.98 0.22 1.37%%  0.24 1.04
5 t—stat  [-1.02] [0.29] [2.20] [0.28]  [0.99]
5 IR —0.27 0.08 0.52 0.07 0.25
6 Q 0.25 -0.31 —-0.19 0.18 0.68
6 t — stat 0.27] [-0.40] [-0.28] [0.21] [0.67]
6 IR 0.06 —-0.10 —=0.07 0.05 0.16
7 o) 0.53 -037 =033 0.33 0.06
7 t — stat 0.55] [-0.43] [~0.51] [0.38] [0.05]
7 IR 0.14 -0.11 -0.12  0.10 0.01
8 Q 1.04 0.14 —-0.84 0.58 —0.72
8 t — stat [1.19]  [0.20] [-1.17] [0.77] [~0.60]
8 IR 0.29 0.05 -0.30 0.18 —0.14
9 o) 2.02* 1.03 1.39%  1.65* 1.19
9 t — stat [1.76]  [1.33]  [1.75] [1.94] [1.06]
9 IR 0.41 0.32 0.42 0.43 0.26
10 Qa 1.49 1.29 1.29%  1.42*% 2.65**
10 t—stat  [1.58] [1.53]  [1.65] [1.68] [2.39]
10 IR 0.37 0.36 0.38 0.39 0.51

Table 13: Double Sort: Daily 6 and &

This table documents the out-of-sample before-fees performance of the double sort by
the FSD test statistic f and the historical in-sample &. Active funds in the cross section
are first sorted into 10 deciles by the FSD test statistic 6 constructed from the daily
fund returns during the 3 months prior to portfolio formation. The funds in each decile
are then further sorted into 5 quintiles by the realized Carhart four-factor alpha during
the proceeding 24 months. The portfolios of funds are rebalanced every 3 months. Out-
of-sample alphas of the portfolios along with the t-statistics and information ratios are
reported. Out-of-sample alphas with statistical significance are marked with “*”. The
sample period is from January 1999 to December 2015.
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Table 15 presents the transition matrix of the quarterly non-overlapping FSD test
statistics 6. Active funds in the cross section are sorted into 10 deciles by the FSD
test statistic @ constructed from the daily returns in each quarter. The table reports
the estimated probabilities (in %) to transition from one decile (row decile) to another
decile (column decile) during the next quarter.'> Suppose there is no persistence in the
FSD test statistics, then each cell in the table should be close to 10%. The estimation
reveals persistence in both the low FSD decile (cell 1-1) and high FSD decile (cell 10-
10). Interestingly, funds in the low FSD decile are also more likely to enter the high
FSD decile in the subsequent quarter, i.e. cell 1-10 is high. The pattern might explain
the double sort’s failure to identify persistent underperforming funds in Table 13. I

leave further investigations on this issue to future research.

Decile (post) 1 2 3 4 5 6 7 8 9

(pre) in %
1 13.12 11.25 1032 &84 779 783 803 831 10.10 10.88
2 12.18 11.29 10.69 9.23 857 910 788 9.09 9.69 9.12
3 10.87 10.39 11.44 9.77 9.16 936 893 877 930 853
4 9.06 10.10 10.63 10.88 10.67 998 940 886 870 8.46
) 853 9.07 991 10.60 10.93 10.55 10.63 9.28 897 8.55
6 893 867 981 9.72 1155 10.53 10.52 10.13 9.17 8.22
7 736 899 9.09 10.59 10.57 10.76 10.63 1049 9.36 8.81
8 873 865 935 9.76 1036 9.79 11.04 10.16 9.77 10.04
9 846 949 871 802 890 896 10.74 11.35 11.08 11.05
10 9.10 9.01 879 849 883 899 10.34 10.10 11.15 12.26

Table 15: FSD Transition Matrix
The table documents the probability transition matrix of the fund deciles constructed
by the FSD test statistic g, By the end of each quarter, active funds in the cross section
are sorted into 10 deciles by the FSD test statistic 8 constructed from the daily fund
returns during the 3 months prior to portfolio formation. The estimated probabilities
(in %) to transition from one decile (row decile) to another decile (column decile) during

the next quarter are reported. The sample period is from January 1999 to December
2015.

15The sum of each row is slightly lower than 100% because some of the funds don’t have enough
daily observations in the subsequent quarter to construct the FSD test statistic.
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