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ABSTRACT
We introduce a conditional measure of skill, the correlation between a funds’ residual trades,
net of common trading motives, and future news about the stocks traded. Using this measure,
we show that the average mutual fund manager in the cross-section has stock-picking skill.
This result is robust to different benchmarks and is mainly driven by the manager’s ability
to predict a firm’s cash-flow news. This skill has short-term persistence and is distinctly
related to traditional measures of performance. Importantly, consistent with the Berk and
Green (2004), fund flows are increasing with respect to managerial skill after controlling for

fund performance.
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With approximately $18 trillion invested with U.S. registered investment companies in
2017, the question of whether managers possess skill that guides their trades remains as
salient as ever. Numerous researchers, starting with |Jensen| (1968)), have examined the skill
of a fund manager and have used a variety of empirical methodologies to do so[l] Traditional
tests use fund performance (e.g., a) to judge the skill of the manager. Berk and Green| (2004))
point out the fallacy of this approach. The question of whether mutual fund managers possess
a scarce skill, stock picking, is different than the question of whether they add value to the
individual investor. The primary objective of our paper is to take a new look at managerial
skill that does not involve the return of a fund. When a portfolio manager generates private
information about an asset, she trades based upon that informationE] Knowing the manager’s
actions, when she has a private signal, and having the ability to observe those actions
(portfolio changes) affords us an opportunity to ex-post assess the quality of her information.
If skillful portfolio managers identify profitable investment opportunities and trade based on
them, then changes in portfolio holdings and the innovation in the returns of the stocks they
trade should be highly correlated.

A change in asset value has to do either with the discounted value of changes in expec-
tation regarding future cash flows (cash-flow news) or with the discounted value of changes
in expectation regarding the future expected return (discount-rate news). In this paper, we
define managerial skill as the ability to generate private information about these unexpected
changes in prices. The precision of the manager’s information can be judged by studying how
the changes in her portfolio covary with future changes in expectations about the value of the

individual assets. In order to estimate the innovation in stock returns, we follow [Vuolteenaho

1Jensen| (1968), |Carhart| (1997), and |[Fama and French| (2010) find little to no evidence to support the
existence of skilled or informed managers. However, |Daniel, Grinblatt, Titman and Wermers| (1997)), |Chen,
Jegadeesh and Wermers| (2000), [Kosowski et al.| (2006), |[Kacperczyk, Sialm and Zheng (2008])), [Kacperczyk,
Nieuwerburgh and Veldkamp| (2014), and Pastor, Stambaugh and Taylor| (2017) show evidence to support
that there exist fund managers who make value-enhancing decisions.

2Using a rational expectations model of Grossman and Stiglitz| (1980), Kacperczyk and Seru (2007) solve
for the demand function (for risk assets) of an informed investor. They show that, on the arrival of a good
(bad) private signal, the informed investor increases (decreases) her holdings relative to the uninformed
investor. The key result of their model is the sensitivity of the demand function to changes in private
information.



(2002) and |Campbell and Vuolteenaho| (2004)) and fit a vector autoregression (VAR) model.
Ferson and Schadt| (1996) stress the importance of conditional performance evaluation in
which the future expectations are conditioned on public information variables. The VAR
methodology leads to a conditional expectation; using only publicly available information at
time ¢ to form an opinion on what the return should be at time (¢t+1). This approach ensures
that only innovation in returns is attributed to the manager’s skill and not ex-post returns.
Finally, we compute managerial skill by estimating the correlation between the unexpected
changes in portfolio holdings and the future news about the firms|] As [Kothari and Warner
(2001)) suggest, using fund trades to identify managerial skill mitigates criticism regarding
the power of the statistical tests, which exists ubiquitously in return-based tests. The si-
multaneous use of innovation in returns and fund trades distinguishes our measure from
other measures of managerial skill proposed in the recent literature and further enhances the
inference on the extent of skill.

We use a large panel of 3,858 actively managed U.S. equity funds over the period from
1994 to 2017 and evaluate the skill at the fund-quarter level. The null hypothesis is that the
average fund manager does not have any stock-picking skill, implying that the correlation
between unexplained portfolio changes and future return innovation is zero. Aggregating
skill at the fund level, we find evidence to reject the null hypothesis. The average fund
manager in the cross-section has a positive and statistically significant stock-picking ability.
For a robust examination of the null hypothesis, we benchmark our skill measure against a
bootstraped “no skill” distribution. This test is in spirit similar to the distributional tests
presented in Kosowski et al.| (2006) and Fama and French| (2010). The comparison against the
simulated null helps us to clearly establish that there is considerable stock picking skill among
mutual fund managers. (Crane and Crotty| (2018), somewhat surprisingly, show that index

funds also exhibit skill and that this skill is persistent. Therefore, we use the distribution of

3We control for trades driven by reasons other than having private information (i.e., revisions in analyst
recommendations (Brown, Wei and Wermers| (2009)) or fund flows (Edelen| (1999), |Alexander, Cici and
Gibson| (2007) and Pastor, Stambaugh and Taylor| (2017))).



skill exhibited by index fund managers as an additional benchmark and contrast our results
against it. This comparison further highlights the ample evidence on the skill of active fund
managers.

Next, we run regressions of traditional measures of future fund performance on both our
skill measure and other skill proxies. The relationship between our skill measure and future
performance is far from trivial, since the value of stocks traded accounts for less than 22%
of the overall portfolio value in our sample. In our tests, we find a positive and significant
relationship between skill and fund performance. One standard deviation increase in skill
increases the quarterly risk-adjusted excess return by 0.35% per quarter when we use four-
factor model. This finding clarifies that the traditional measures of performance actually
capture some aspect of managerial skill. Importantly, the effect of our skill measure is not
subsumed when we control for the return gap of [Kacperczyk, Sialm and Zheng (2008) or
reliance on public information (RPI) of Kacperczyk and Seru| (2007)) in the regression model.
Thus, our measure captures a distinct aspect of the skill. A closer look at the manager’s
predictive ability suggests that the skill lies primarily in predicting the cash-flow news, as
opposed to the discount-rate news, of the ﬁrmE]

Furthermore, we test for persistence in this skill and find evidence to support it. Accord-
ing to Berk and Green| (2004), a fund manager’s skill is implicitly assumed to be constant
and the investors infer it over time. This implies that there should be some persistence in
skill, at least in the short run. Over the long run, as investors update their beliefs about
the manager’s skill and invest more in the fund, it is hard to detect skill empirically. Our
result suggests that although funds do not show nearly the same level of skills in consecutive
periods, portfolio managers maintain their ordering; i.e., fund managers who are the most
skilled in the current period continue to be the most skilled in the following periods and vice
versa. This persistence in skill cannot be attributed to the momentum effect because the

conditional measure of skill already accounts for the auto-correlation in returns in forming

4This is consistent with [Vuolteenaho (2002) which shows that cash-flow component drives majority of the
firm-level return variation.



expectations about future returns. Importantly, given the manner in which the skill measure
is constructed, this persistence is based on the trades made by the fund manager.

Finally, and importantly, we also test whether investors respond to the observed skill.
Berk and Green| (2004), among others, assert that new money follows skill due to rational
learning about the skill of managers. Therefore, the prediction is that, controlling for other
factors, the market perceives skill differences among active fund managers and rewards more
skilled managers with higher flows. We find empirical evidence to support this claim. When
we perform quantile regression analysis that estimates the conditional distribution of quar-
terly flows given the skill and other variables, we observe a positive relationship between
managerial skill and fund flows. In higher quantiles, this result is more pronounced, which
indicates a convex flow-skill relationship.

In summary, through this paper, we contribute to the existing literature in three ways.
First, prior research has been ambivalent about the extent of managerial skill because of
serious concerns regarding a lack of power (Kothari and Warner| (2001)), the inability to
distinguish skill from luck (Fama and French| (2010))), the appropriateness of a benchmark
(Sensoy| (2009)), and model misspecification (Pastor and Stambaugh| (2002) and Kosowski
et al. (2006)). We propose a new measure that relates changes in portfolio holdings to inno-
vation in stock returns. A similar concept was proposed by (Grinblatt and Titman (1993)E]
However, examining the ability of predicting a package of cash-flow news and discount-rate
news (or equivalently just a return itself) provides only a blurry view on managerial skill as
a high-volatility discount-rate component can unduly influence the inference. For instance,
the estimation of discount rate news can be influenced by noise such as sentiment (Baker
and Wurgler (2006)). Using the proposed measure of skill, we test a hypothesis that is
central to mutual fund literature and demonstrate that even the average fund manager has

stock-picking ability. This is in sharp contrast to the results in [Fama and French (2010), who

®In a closely related setup, [Pastor, Stambaugh and Taylor| (2017) examine an idea that a fund trades
more when it identifies great profit opportunities. They document a positive time-series relation between
fund turnover and future fund performance. [Kacperczyk, Nieuwerburgh and Veldkamp| (2014) also find that
funds with superior stock-picking skills have significantly higher average turnover.



find that only a small fraction, approximately 5%, of fund managers have the skill. Since
our results are robust to multiple benchmarks such as bootstrapped no-skill distribution
and index fund skill distribution, we attribute the difference to the drawback in using fund
returns to assess managerial skill. The predictability of return innovation by mutual fund
trades also asserts that fund managers are important agents in making markets efficient and
challenges the notion that a majority of their trades are noise trades (see Dow and Gorton
(1997)).ﬂ Thus, the results in this paper have implications for a long-running debate over
whether managerial skill exists.

Second, Berk and Van Binsbergen| (2016) and |Barber, Huang and Odean|(2016) examine
which benchmark risk models investors use to evaluate fund performance and make their
investment decisions. Our results establish a relationship between the skill of managers and
fund flows even after controlling for the documented performance metrics that investors care
about. Importantly, this relationship confirms the key premise of Berk and Green| (2004): in-
vestors can identify skilled managers and compensate them by allocating capital accordingly.
Furthermore, our results broaden understanding about investor sophistication by supporting
the “smart money” hypothesis of [Zheng| (1999), and Keswani and Stolin| (2008) and con-
tradicting the “dumb money” effect suggested by Frazzini and Lamont (2008]). Aggregate
investors are not completely unsophisticated because they recognize managerial skill and
channel their fund flows accordingly.

Finally, our skill measure can help in understanding managerial actions. Pastor, Stam-
baugh and Taylor (2017) show that a fund’s turnover predicts the fund’s subsequent perfor-
mance positively. Our measure can explain this result because managers can predict inno-
vation in returns of the stocks they trade. More generally, researchers are often interested
in understanding why mutual funds would concentrate their holdings as opposed to holding

a well-diversified portfolio (see Kacperczyk, Sialm and Zheng (2005))) or why would they

%Dow and Gorton| (1997) argue that fund managers, due to their contracts, have an incentive to trade
even when, despite their best efforts, they fail to discover profitable trading opportunities. As the principal
cannot distinguish “actively doing nothing” from “simply doing nothing,” managers trade to show that they
have exerted effort.



deviate from their benchmarks (see |Cremers and Petajisto (2009)). The information-based
measure of skill introduced in this paper suggests that the managers have an informational

advantage about certain stocks and seeks to exploit it/

I. Related Literature

The literature pertaining to performance evaluation is vast and dates back to |Jensen
(1968). After controlling for risk, |Jensen| (1968) finds that mutual fund managers, on average,
are unable to outperform the market and hence concludes that they are not skillful. [Carhart
(1997) also measures the performance of mutual fund managers and specifically focuses on
the persistence of their performance. After controlling for the momentum factor, (Carhart
(1997) finds no persistence in the returns of mutual funds. Kosowski et al. (2006) point
to the non-normality of an individual fund’s return distribution and, hence, that of the
cross-sectional distribution of the mutual fund alpha. Kosowski et al.| (2006)) introduce
a new bootstrapping methodology to correct the empirical distribution and test whether
there are any skilled managers in the entire cross-section. [Fama and French (2010) use a
similar methodology. They incorporate the cross-sectional covariance of fund returns in their
bootstrap. These two studies reach different conclusions on the extent to which managerial
skills exist and how they vary in the cross-section. Importantly, the methodology used in
these two papers is designed only to test whether any manager in the cross-section is skilled.
It cannot distinguish those who are skilled from those who are unskilled. (Crane and Crotty
(2018) apply distributional tests of skill versus luck to passive funds and find, somewhat
surprisingly, that index fund have skill and that it is persistent.

Despite the widespread belief that managers do not possess skill, there exists some liter-
ature that finds evidence of skill. (Grinblatt and Titman| (1993)) and Daniel et al.| (1997) use

a holdings-based measure of performance to examine evidence of managerial skill. |Chen, Je-

" Alternatively, funds could deviate from their benchmarks due to agency issues such as the convex flow-
performance relationship or the asymmetric compensation contracts awarded to portfolio managers.



gadeesh and Wermers| (2000) find evidence that stocks that are purchased by mutual funds,
overall, have higher returns than stocks that they sell.ﬂ Kacperczyk, Sialm and Zheng (2008)
compare the reported fund performance with the performance of a hypothetical portfolio
that invests in the previously disclosed holdings. This return gap predicts fund performance,
which suggests that fund managers add value. Kacperczyk and Seru| (2007) introduce a mea-
sure of managerial skill called RPI Instead of looking at the ex-post effects of having private
information, they argue that the extent to which mutual fund managers rely on public infor-
mation determines the level of skill and that those managers who use lower amount of public
information are better skilled. |Cremers and Petajisto| (2009) document that deviation from
the prospectus benchmark is positively associated with better performance. [Kacperczyk,
Nieuwerburgh and Veldkamp| (2014) show that managers display stock-picking ability dur-
ing good economic conditions and time the market during bad economic conditions. Finally,
instead of merely relying on the return measure, Berk and Van Binsbergen| (2015) use the
product of fund return and fund size to measure the value added by mutual fund managers

and document the existence and persistence of managerial skill.

II. Data and Summary Statistics

We start with a sample of all mutual funds in the CRSP Survivorship Bias Free Mutual
Fund Database. This database provides monthly information about all the fund-level vari-
ables that include return, total net assets, expenses, and turnover. In the empirical analysis,
we focus exclusively on domestic equity mutual funds because the data on the holdings of
these funds are most complete. To do so, we follow Kacperczyk, Sialm and Zheng) (2008)) and
select funds based on their objective codes. Also, for a fund to be included in the sample,
it must hold at least 80% of its wealth in stocks. Index funds are identified by their name

using the CRSP mutual fund data set and are excluded from the sample. We then merge

8The focus of their paper is the overall mutual fund industry level, and it does not address whether the
average mutual fund manager is skilled.



the holdings information with this file.

Although CRSP has data on holdings of mutual funds, this information is not reliable,
and it does not go back in time. We use the Thompson Reuters CDA /Spectrum holdings
database, which collects data from reports filed with the SEC and from voluntary reports
by the funds. We exclude balanced, bond, money market, sector, and international funds.
We also drop funds that hold fewer than 10 stocks in the portfolio and those that do not
report their holdings on a calendar quarter basis. Following [Evans| (2010), we exclude funds
that have less than $5 million under their management. We also exclude observations that
pertain to a period prior to the fund’s starting date. Quarterly holdings are not available
for all the funds throughout the sample period. After 2004, the SEC mandated that all
funds report their holdings on a quarterly basis. Prior to that, only semi-annual reporting
was required. However, during those times, a large fraction of the funds voluntarily reported
their holdings on a quarterly basis. For the missing quarters, we assume that the funds follow
a buy-and-hold strategy, so we fill the holdings with the previous quarter’s information.

Data regarding the price and returns of the individual firms in the portfolio are obtained
from CRSP. We restrict our focus to ordinary common shares of firms incorporated in the
United States (share codes 10 and 11). Since mutual funds have multiple share classes,
we consolidate the data at the fund level. To consolidate the variables, we take the value-
weighted average of individual classes, where the weight is determined by the proportionate
share of TNA. We use the quarterly COMPUSTAT file for all the firm-level characteristics.
In computing the skill of the fund manager, we use data regarding the analyst’s past recom-
mendations. For this purpose, we use the IBES stock analyst recommendation data. This
database provides the consensus recommendations for different stocks over time using a scale
of 1 to 5, where 1 represents a "strong buy" and 5 represents a "strong sell." We discuss
the construction of consensus recommendations in greater detail below. The IBES database
begins 1993, so a majority of the analysis presented here pertains to the period between

January 1994 and December 2017.



Table [I| reports summary statistics about the fund characteristics in the sample. The
sample has 3,858 unique active mutual funds and 110,567 fund-quarter observations. Statis-
tics on expense ratio, turnover ratio, and age are also reported. Because there are no index
funds in the sample, the expense ratio might be a little higher than that found in previ-
ous literature. The average fund in the sample trades close to 80% of their portfolio each
year. Finally, consistent with prior research, the average mutual fund alpha in the sample is

negative.

III. Skill Measure

As mentioned before, skill is measured by the correlation between changes in individual
stocks in the manager’s portfolio and the ex-post "news" regarding those stocks that were
traded. Here, we discuss in detail how news is estimated and, subsequently, how the skill of

the manager is calculated.

A. FEstimating news
A.1. Components of stock return

The first step in computing the skill is to calculate the return innovation of all the stocks
held in the manager’s portfolio. (Campbell| (1996) extends the linear approximation of the
present value relationship between current price and future dividends to a decomposition of

returns and shows

o0 o0

T — Eirepn = (B — Ey) Z ,OjAdt+1+j — (Bt — ) Z ,Ojrt+1+j
j=0 j=1
= NCF,t+1 - NDR,t-ﬁ-la (1)

where p is parameter of linearization, Ad represents the log dividend growth, r is the log

10



return, Ngop is the cash-flow news or changes in expectations about the future cash flows
of the firm, and Npg represents the news about the future discount rates or expected re-
turns. Equation highlights that any unexpected return has only two sources; changes
in expectations about future cash flows of the firm or changes in the expected returns. In
other words, unexpected returns is the discounted effect of a current shock out to the infinite
future. Although this shock is latent, its economic effects are captured by the cash-flow
news and the discount-rate news. If a manager has private information about these shocks,
then she should increase the holdings in the stock if it is a positive shock and decrease the

holdings if it is a negative shock (Kacperczyk and Seru| (2007)).

A.2. VAR methodology

The standard procedure to estimate the innovation in returns is to fit a vector autoregres-
sion (VAR). This approach was first adopted by (Campbell (1991), which we closely follow.
Return innovation can be further decomposed into cash-flow news and discount-rate news.
It is common practice to first estimate the discount-rate news, (Ey1 — E}) Z;’il P,
and then use the realized return, 7,1, and equation to back out the cash-flow news as

the residual. We assume that the data is generated by a first-order VAR model:

21 = D'z + ey, (2)

where z;,,1 is an mx 1 vector of state variables with 7, as its first element, I' is an mxm
matrix of the parameters or the transition matrix, m is the number of state variables, and
U4 18 an 1.i.d. vector of residuals or shocks. Then, following Campbell (1991)), the cash-flow

news and the discount-rate news are nothing but linear transformations of the shock vector

(uer1) given by

Nprus1 = el'duyy,
NCFJH—l = (61/ + 61/>\)Ut+1. (3)
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In the above formulation, el is an mx 1 vector that has one as the first element and zero
for all remaining elements. A is a mxm matrix that maps the VAR shocks to the news.
It is given by A = pI'(I — pI')~!, where I is an mxm identity matrix. In equation ,
el’\ captures the long-run significance of the individual VAR shock to the expected discount
rate. This formulation also suggests that the greater the value of the variable’s coefficient
in the return prediction equation of the VAR system, the greater the weight it receives in
the discount-rate formula.ﬂ Campbell| (1991)) also points out that persistent variables receive

more weight; this is captured by the term (I — pI')~!.

A.3. State variables and firm-level VAR

Generally, the above decomposition is applied at the overall market level. However,
Vuolteenaho| (2002) presents a simple way to compute this at the firm level. A similar
methodology is followed in Campbell, Polk and Vuolteenaho| (2009). We follow the specifi-
cation prescribed in Vuolteenaho| (2002) and estimate a vector autoregression (VAR). Since
the holdings data are in quarterly terms, the VAR is also estimated using quarterly data.
We now present the state variables used in the VAR and discuss the estimation procedure.

The first state variable of the model is the firm’s log stock returns (r;). The common
stock’s quarterly returns are computed by compounding the monthly returns. If the returns
are missing, we substitute a value of zero. Whenever there is delisiting, we substitute the
delisting returns where available.m Vuolteenaho| (2002) points out that log transformation
of a firm’s return may turn extreme values into influential observations and suggests that we
can avoid this problem by unlevering the stocks by 10%. We implement this suggestion and
treat the stock’s returns as a portfolio with 90% invested in the stock and the remaining 10%
invested in Treasury bills. Having past returns in the specification ensures that the effect of

momentum in stock returns is captured.

%Given the above return generation process, it is easy to see that the two-period innovation in return,
(Tt—>t+2 — Et (rt—>t+2))7 is given by (Tt—>t+2 — eszt — 81/F22t). Further, it can be shown that the tWO—periOd
discount-rate news, (Ej 1o — E}) Z(;Ozl P riso4j, will then be el’pl'(1 — pI') ™! (ug2 + Tuggr).

OFollowing |[Shumway| (1997) we substitute a value of -30% as the delisting returns when they are missing.
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The next state variable used in the model is the log book-to-market (BM) ratio. This
is included in the state vector to capture the value effect in the stock’s return. To com-
pute the book value of equity (BE), we follow the method described in |(Campbell, Polk and
Vuolteenaho| (2009)). The market value (ME) is the product of the number of shares outstand-
ing and the price. Again, to avoid influential observations created by log transformations,
the log book-to-market ratio is computed as BM = log[(0.9BE + 0.1ME)/ME].

The final state variable is the long-run profitability of the firm, (ROE). Empirically, firms
with higher profitability have earned higher returns, even after controlling for book-to-market
ratio. The inclusion of firm profitability is also consistent with production-based models of
asset pricing. This data is generated using the accounting clean-surplus relationship. The
clean-surplus earnings (X;) are computed after adjusting for equity offerings in the following

manner:
(1+ R)ME,_, — D,
ME,

Xt = [ ] . BEt — BEt,1 + Dt7 (4)

where R; is the firm rate of return and D; is the dividend, computed as the difference
between returns including dividends (CRSP variable ret) and returns without dividends
(CRSP variable retx). The above relationship defines any change in the book value of a
firm after adjusting for new stock issuance and dividends as profitability. We compute this
measure for every quarter. The long-term profitability is then computed as the trailing
twenty-quarter (or five-year) average of clean-surplus earnings divided by a similar trailing
average of (0.9 BE 4+ 0.1 ME).

Before estimating the firm-level VAR, we subtract the log value-weight CRSP index re-
turns from r;;. We also remove cross-sectional means from BM,, and RO—EM. Further,
Vuolteenaho| (2002) points out that relatively few firms will be in the sample for the en-
tire time period and that conditioning on survival will bias the parameters. Therefore,
Vuolteenaho| (2002) suggests that the VAR parameters be estimated in a pooled regression,
i.e., with all the firms at the same time. Under this specification, all the firms will share the

same coefficient matrix. Adhering to these suggestions, we fit a panel VAR using a quarterly
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firm-level sample. The coefficients are estimated using the weighted least squares method.
Because there are differences in the number of firms in each cross-section, we weight every
cross-section by the inverse of the number of firms in that cross-section. Subsequently, the
individual news terms (cash flow and discount rate) are calculated using the residuals in the
manner described in equation . The above VAR specification and the news term computed

are fairly robust["] An additional test to confirm the robustness is performed below.

B. FEstimating Skill

We now discuss in detail the steps involved in computing the skill of the manager. Above,
we propose that the manager’s skill should be the correlation between the changes she makes
to her portfolio and future news about the firms. Change in the holdings of an asset, 7, at
a time, t, is computed as the ratio of change in the number of shares of the stock held
between the two quarters to the number of stocks held at the beginning of the quarter. The
percentage change in the holdings is computed after adjusting for stock splits and stock
dividends. Observing a change in the portfolio holdings does not necessarily imply that the
manager has information. She could change her portfolio for reasons other than information.

Brown, Wei and Wermers| (2009) show that mutual fund managers strongly follow con-
sensus revisions in analyst recommendations and that they change their holdings based on
these revisions. Therefore, we control for changes in consensus recommendations. Details
about the consensus recommendations are provided in the IBES database. Multiple analysts
report their recommendations on stocks. Analysts’ recommendations are standardized to a
five-point scale between 1 (strong buy) and 5 (strong sell). Using these recommendations,
IBES reports a consensus recommendation number for each stock, which represents the col-
lective opinion. As analysts update their reports or when new analysts submit their reports,

it is obvious that there will be revisions to the consensus. Brown, Wei and Wermers| (2009)

HCampbell, Polk and Vuolteenaho| (2009) perform a variety of tests to confirm the robustness of this
specification. Also see|[Vuolteenahol (2002)) to note that the cash-flow news and discount-rate news estimated
using only accounting variables are very similar to those estimated using the VAR.
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show that a significant part of herding behavior is exhibited in the quarter after a recom-
mendation change. Therefore, before the beginning of the current quarter, for each stock,
we collect the previous two consensus recommendations (7ec;;—; and Te€c;;—5). We then re-
fer to the difference between the last two consensus recommendations as “herding,” which
represents the change in the consensus about a stock. Note that this variable is measured
before the beginning of the quarter of trade. This avoids any endogeneity that might arise
from an analyst changing his recommendations based on the changes in the holdings of the
mutual fund manager.

Another reason that funds might change their holdings is flows to the funds. New money
is an important aspect of the mutual fund industry and is in fact the core area of competi-
tion. Even fund managers who have no private information and want to maintain the same
portfolio weights would have to change their holdings because of the inflows and outflows
to the fund. [Pastor, Stambaugh and Taylor| (2017)), who show that fund turnover is related
to fund performance, modify the turnover measure in order to account for nondiscretionary
fund flow-driven trades. In addition, Edelen (1999)) and |Alexander, Cici and Gibson| (2007)
highlight the level of liquidity-motivated trades and its implications for fund performance.
To purge these flow-driven trades, we control for the net flows to the fund, j, for each quarter,

t, computed as

TNA;; —TNA;,_1(1+ Rj;) )
TNA;, !

Netflow;, =

where T'NA is the total net assets of the fund and R;; is the cumulative net returns of the
fund for the quarter, accumulated from the monthly returns.
Following the above discussion, we estimate the skill in two steps. We first fit the following

regression:

%change in holdings; ;1 = Boj + 1 * herding; ;1 + B2 *x Net flow;; + € ;4 (6)
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where 7 represents the firm and j represents the fund. For the stocks that are newly added to
the portfolio, we set the the value of percentage change (dependent variable) at 100% because
it would be infinite otherwise. In the above specification, the intercept term is fund-specific
and hence we control for any time invariant fund characteristics that influences changes in
holdings.

We collect residuals, €, from @ These ¢; j; represent the unexplained changes in

holdings. In the second step, we compute the skill of the manager j at time ¢ as

skill;y = corr(€; jt, news; 41). (7)

Correlation is computed using all the traded assets in the portfolio.m news; 41 is the
innovation in returns estimated earlier. In spirit, this approach is similar to the econometric
approach used in Christoffersen, Evans and Musto| (2013)). In another specification, we also
compute the correlation between unexplained changes in holdings and the news for two
periods after the end of the quarter of trade.ﬁ

The issue of distinguishing between skill and luck is another challenge. An uninformed
manager who is purely trading on noise could change her portfolio holdings and by sheer
chance have her trades positively correlated to future news. To address this concern, we
further require that, after the trade is made in a particular quarter, there are no trades in
the opposite direction in the next period. For example, if the manager purchases a stock
between ¢t — 1 and ¢, we include this particular stock in computing skill only if the holdings of
this stock do not decrease in time ¢ to t+1 (t+2 if two-period news is used). This filter helps
in improving the identification of information-driven trades and reduces the probability of the

results being driven by pure chance. In our subsequent analysis, to further differentiate skill

2Note that skill estimated using equations (6) and is in spirit a partial correlation coefficient. This
procedure nets out the effect of herding and net flows to the fund. As long as changes in consensus rec-
ommendations between quarter (¢ — 2) and (¢ — 1) and flows to the funds between (¢ — 1) and ¢ do not
affect the news in a stock for the period ¢ to (¢t + 1), a reasonable assumption, skill is well identified (see the
Frisch-Waugh-Lovell theorem).

13 As a robustnesss check, we also value-weight the change in holdings when we compute the skill measure.
See section [V.A]for the relevant result.
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from luck, we also benchmark our skill measure against a bootstrapped “no skill” distribution.
The speed of information gathering and processing is also an important aspect of managerial
skill. However, given the limitation on data, the current design to evaluate skill does not
the capture this dimension. Finally, fund managers are concerned about both the risk and
return of the overall portfolio. Some managers might have private information but do not
change their holdings because it might increase the overall portfolio risk. In this paper, we
focus on the precision of a manager’s private information. Because one cannot observe the
private information the manager receives, one must rely on her actions from having private
information. Therefore, we rely on observation of portfolio changes. However, this inaction

(despite having information) will only impart a downward bias on the measure of skill.

IV. Empirical Analysis

A.  Firm-level VAR Estimation

We start the estimation of skill by fitting a firm-level VAR. Log returns of the firm,
log book-to-market ratio, and log profitability are the three state variables in the model.
A detailed description regarding the construction of these variables is presented in section
MI.A.3] The results from the firm-level VAR are presented in Table [[Tl Two sets of relevant
standard errors are reported below the estimated coefficients. First, to account for any
correlation in the error terms across all the firms in a given time, the standard errors are
clustered cross-sectionally. Second, Shao and Rao| (1993)) show that their non-parametric
jackknife method produces a consistent standard error estimate for ordinary least square and
weighted least square models even in the presence of cross-sectional dependence amongst the
error terms. We follow their re-sampling method and report the resulting standard errors
also.

The parameter estimates imply that the expected returns are high when the past firm

returns are high. Also, as expected, returns are high when the book-to-market ratio and
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past profitability are high. The most significant predictor of future book-to-market ratio is
its own lagged value. The same is true of future firm profitability. The high persistence in
these measures is the main reason that the R?s of these regressions are so high. Since the
current paper uses quarterly data, as opposed to annual data, the reported R2s are a little
higher than those found in earlier studies.

We collect the residuals from the above estimation, which are the innovation in returns.
The parameters estimated in Table , along with equation , are used to estimate the cash-
flow news and the discount-rate news. It is also clear from comparing the magnitudes in the
variance-covariance matrix of the cash-flow and discount-rate news that most firm-level stock
returns are driven by cash-flow news. We then follow equations @ and above to estimate
the skill for each fund-quarter and test the fundamental hypothesis of the paper. The null
hypothesis here is that the average manager in the cross-section of U.S. equity mutual funds
is unskilled. Figure [1| provides the distribution of skill. By definition, it should be clear that
the values of skill lie strictly between -1 and 1. It is evident from the distribution that there
are managers on both tails of the distribution. However, looking at Figure [1] it is not clear
whether the average manager has any managerial skill.

Table presents the numerical results. Panel A reports the distributional properties of
the skill measure after aggregating it at the fund level across time. skill and skill 2 are the
skill measures computed using news from one and two quarters after the trade, respectively.
We find evidence to reject the null hypothesis and report that there is considerable stock-
picking ability among the fund managers. We use a standard t-test and a non-parametric
bootstrapped test to test the significance of the mean. Both tests suggest that the average
fund manager has a positive and statistically significant skill. These results support the
model presented in Berk and Green| (2004), who argue that a finding that an average manager
has a negative risk-adjusted return does not imply a lack of skill. Although the average alpha
in our sample is negative, consistent with the above argument, we find that the fund managers

have skill and make informed trades. These results are also in line with the recent findings
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of Chen, Jegadeesh and Wermers| (2000)), Alexander, Cici and Gibson| (2007), Baker et al.
(2010), Kacperczyk, Nieuwerburgh and Veldkamp| (2014) who also find evidence of stock
picking skill.

Since the innovation in returns can be attributed to changes in expectation regarding
future cash flows and to changes in expectation of future returns, it is important to identify
which of these news the fund manager has private information about. In order to answer
this, we follow the same procedure as we do to estimate skill except for the final step. Instead
of using the total news term in equation , we use the cash-flow news estimated from VAR
and compute skill cash;; as corr(e; ;+, Noriy1), where € ;4 is the unexplained changes in
holdings. This measure captures the extent of skill that the manager has in predicting the
future cash-flow news of the firm(s). In a manner similar to that shown above, we compute
skill discount;; as corr(€; ji, Nprit1) to assess the manager’s ability to predict discount-
rate news. If the manager is skilled in predicting the changes in future cash flows, then one
should expect the stocks that she buys (sells) to be positively (negatively) correlated with
future cash-flow news. When a stock experiences a positive expected return shock, the price
of that stock drops. Therefore, a manager who is skilled in predicting future discount-rate
news should have his trades negatively correlated with discount-rate news. Panel B of Table
11| reports the mean of the empirical distribution for each of the two skill measures at the
fund level. The positive and statistically significant coefficients in the top row of the panel
suggest that the managers have the ability to predict future cash-flow news. Similarly, the
negative coefficients in the second row of Panel B of Table [[II| show that the managers also
have the ability to predict the changes to the firm’s future expected returns. Although these
results suggest that fund managers have the ability to predict both kinds of news, one needs
to be careful when interpreting this result. Cash-flow news and discount-rate news are not
orthogonal to each other. The correlation between them could also lead us to the above

conclusion[] We explore this idea a little further using a multivariate regression below.

14Table [l presents the correlation between the two shocks. Also see [Vuolteenaho) (2002) for an extensive
discussion on the correlation between cash-flow and discount-rate news.
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Kosowski et al.| (2006) documents that the skill of active fund managers has diminished
in the last decade. One potential explanation could be the explosive growth in the mutual
fund industry in last decade or so, leading to intense competition, and hence limiting the
chances of a manager having private information. One other possibility for such a finding
is the structural changes in the disclosure requirements in the last decade. Regulation Fair
Disclosure is an example of such change. Alternatively, on account of improved technology
and the advent of faster information systems, it could also be possible that a fund manager
is able to gather more information from variety of sources and trade faster and therefore is
able to mitigate the effects of increased competition. In Panel C of Table [LII] we test for
differences in mean skill in the two sub-periods of our sample. The average skill in the initial
half of the sample (between Jan 1994 - Dec 2002) is 0.022 compared to that of 0.003 in the
latter half of the sample. A first look at the mean skill in the two sub-periods does suggest
that the level of skill has dropped in recent times. Statistical tests of differences in the mean
confirm that the difference of 0.018 is statistically significant.

In Panel D of Table [[TI, we present the correlations between skill and the other fund
characteristics. A few interesting relations emerge. First, a negative relationship between
the size and turnover of the fund seems to support the view that larger funds do find it
harder to trade. Because of their size, it is often the case that their holdings are fairly big
and their trades are very transparent. Since the price impact of their trades is very high,
they refrain from trading too frequently. Second, Chen et al. (2004) document that fund
returns decline in the lagged fund size. We augment their result and show that this is the
case because their trades are less informed. Skill is negatively related to the size of the fund.
Third, |[Pastor, Stambaugh and Taylor (2017)) show that a fund’s turnover predicts the fund’s
subsequent performance positively. The positive correlation between skill and the turnover
of the fund complements the key idea of |Pastor, Stambaugh and Taylor| (2017) that if the
fund has the ability to identify and exploit profitable opportunities, the fund should trade

more heavily and therefore have a high turnover. Finally, consistent with the arguments in
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Berk and Green (2004), we find that more skilled funds charge more fees. To the extent that
investing skill is a scarce resource, one would expect higher-skilled managers to extract more

rent. Therefore, the positive relationship between skill and expenses is not surprising.

B. Distributional Tests of Skill

The previous analysis clearly displays that managers, on average, have a positive and
statistically significant skill. However, it is not immediately clear if the null hypothesis of
zero skill is the correct benchmark. As a next step, we conduct an alternative analysis to
test the statistical significance of our skill measure against the proverbial null of “monkey
throwing darts”. Much of this analysis is in the spirit of the distributional tests presented in
Kosowski et al. (2006) and Fama and French| (2010). For each cross-section, we start with
the actual funds trades. To this data, for each stock traded, we randomly assign a quarterly
news. The news terms are randomly drawn from the actual time-series of the relevant stock’s
news distribution. In each iteration, we execute this process for all the stocks and for all the
cross-sections and then use the aforementioned methodology to compute the hypothetical
skill exhibited by the fund. We perform this iteration 1000 times.

Table [ V| presents the results from comparing the actual empirical distribution of skill to
the bootstrapped null of managers having no skill and purely trading on noise. At selected
percentiles, columns (2) and (3) show the actual skill estimates whereas columns (4) and
(5) show the average values of the 1000 simulation runs. The simulated median manager
with no information about future innovations in stock returns displays a skill of 0.004 (or
0.008 for two-period skill). In contrast, manager at the the 50" percentile displays a skill
of 0.009 (or 0.019 for two-period skill), which is over twice the size of the simulated skill
coefficient. We also provide the confidence interval to test the statistical significance of our
point estimates. For each selected percentile, the variation in the point estimates, from
the 1000 iterations, of the bootstrapped skill distribution is presented. The point estimate

at the median is way above the 95% percentile, providing robust support in favor of its
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statistical significance. The left tail of the actual distribution is significantly lower than
that of the simulated distribution, which clearly indicates that some managers do destroy
value. However, the empirical distribution of our skill measure outperforms the simulated
distribution above the 50th percentile. Overall, there is considerable stock picking skill
exhibited by the portfolio managers.

As an additional benchmark, we compute the skill exhibited by index funds. These
funds mimic a passive index and produce a return that can be earned by investing in all
the index constituents. Given their investment strategy, they are generally considered as
unskilled, and provide a useful benchmark to compare our results. We identify index funds
using the CRSP flag and the fund names and estimate the skill measure analogously. The
distribution of skill for index funds is presented in the final two columns of Table The
results are in stark contrast to those presented in |Crane and Crotty| (2018) who apply the
bootstrap methodology of Fama and French| (2010) to index funds and show that even index
funds outperform the bootstrapped sample over a large part of the distribution. However,
Crane and Crotty| (2018) use fund returns to argue that some index funds are skilled. We
reconcile the differences by positing that a substantial portion of index fund return is earned
through security lending business and not by taking active long or short positions in stocks/”|
Regardless, when compared, the active funds show significantly more skill than the index
funds at the median and at the right tail of the distribution. The combination of these

results bolster our earlier claim.

C.  Skill and Performance

As mentioned above, the key aspect of the measure proposed here is that it does not rely
on the performance of the fund to infer the skill of the manager. However, it is economically
relevant to ask if skill gets translated to fund performance. According to Berk and Green

(2004), higher-skilled managers should earn a higher gross abnormal return. Considering the

I5For example, see Johnson and Weitzner| (2019).
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extent of unobserved activity in mutual funds (Kacperczyk, Sialm and Zheng (2008)) and
also that only a small fraction of the assets held in the portfolio are traded each quarter, it
is not obvious, in our set up, that higher skill should lead to a higher performance. Based

on this discussion, we state the null and alternative hypothesis as follows:

Hy: Managerial skill represented as the precision of private information is not related to

subsequent portfolio performance.

H ,: Managerial skill is related to subsequent portfolio performance.

To test this hypothesis, we estimate the following model:

ajr = Bo + P skill;,—y + v Controlsj_1 + €4, (8)

where j represents the fund. The «;; is the performance of the fund measured as the
abnormal returns using CAPM, three-factor and four-factor models for risk adjustments.
To estimate the alpha, we follow the methodology used in (Carhart| (1997). For each fund,
we first estimate a time-series regression of the excess fund returns on the returns of excess
market return (RM RF;), size (SM B;), value (HM L;), and momentum (M OM,) portfolios.
Similarly, for the three-factor and CAPM-based alpha, we use the relevant zero-investment
portfolio(s). From these regressions, we collect the factor loadings for each fund. We use
return data from the previous 36 months or 12 quarters to estimate these loadings. The

alpha of the fund for a particular quarter is then given by

~ ~

Oéj7t - Rj,t — RF7t — bjﬂg_lRMRFt — §j7t_1SMBt — hj,t—lHMLt — mj,t_lMOMt. (9)

Since the literature has identified a variety of fund characteristics that affect fund perfor-

mance, we control for these in our specification. We control for the log age of the fund, the
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log size of the fund represented by the amount of assets managed, the expense ratio at the
end of the previous year, and the turnover ratio at the end of previous year. To alleviate
the concern of return momentum associated with the flow-induced trades (i.e., Lou| (2012)),
we also control for the amount of flows to the fund in the previous quarter. Results from
the multivariate regression are reported in Table[V] All the specifications in Table [V]include
time and fund fixed effects, which control for time-invariant unobserved heterogeneity that
could cause the coefficients to be biased. The standard errors for the estimates have been
clustered in two dimensions: time and fund. The clustering accounts for correlation in errors
within the fund and over time. It also accounts for heteroskedasticity in the residuals.

In Table[V] columns (1), (2), and (3) have the CAPM, three-factor alpha, and four-factor
alpha, respectively, as the dependent variable. In all three cases, we find that the proposed
skill measure has a positive and significant relationship with the future fund performance.
A one standard deviation increase in skill results in an approximately 0.48% increase in the
quarterly three-factor alpha or 1.9% increase in the annual terms. For the four-factor alpha,
the quarterly increase is approximately 0.35% and the annual increase is approximately
1.4%. The mean four-factor net alpha in our sample is approximately -0.22%. In light of
this net alpha, the above relationship is economically very significant. Other variables like
the fund’s size and expenses also have explanatory power in a manner consistent with prior
literature. Furthermore, including RPI which guages the extent of pubic information used
by the manager (i.e., Kacperczyk and Seru (2007)) does not change the explanatory power
of skill.

Given the manner in which the skill measure is constructed, our skill measure might be
mechanically related to future alpha. However, note that the value of stocks traded is less
than 22% of the overall portfolio’s value (see Table[[). This leaves returns of over 78% of the
fund’s assets unaccounted for. Stocks that are not traded but merely held in the portfolio
could perform very poorly. Moreover, [Elton et al.| (2010) document that using quarterly

holding data misses close to 18.5% of the trades that can be observed by using monthly
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holdings datal"®| There is a substantial variation in the benefits and costs of these interim
trades, and this can severely affect investor return (see Kacperczyk, Sialm and Zheng| (2008)).
Therefore, the relationship between skill and a fund’s future abnormal performance is far
from trivial.

In the current multivariate setting, we explore the nature of skill required to gener-
ate a positive alpha. As before, we split the current skill measure into two sub-measures
skill cashj,_1, the manager’s ability to predict future cash-flow news, and skill discount;;_,
the manager’s ability to predict a firm’s future discount-rate news. Columns (5), (6), and
(7) in Table V| report the role of these sub-measures in predicting abnormal returns. Most
of the variation in the abnormal returns (alpha) is attributed to the manager’s skill in pre-
dicting the future cash-flow shocks to the company. This finding is consistent with Baker
et al.| (2010), who find a relationship between a fund’s trades and returns around the earn-
ing announcement dates. Although the economic magnitude of the skill to predict future
discount-rate news (skill discount;;_1) is relatively small, the sign of coefficient estimates is
correct. Kacperczyk, Sialm and Zheng (2008)) estimate the impact of unobserved actions on
fund performance using the return gap. The return gap is defined as the difference between
the reported fund return and the return on a portfolio that invests in the previously dis-
closed fund holdings. We test whether the effect of our skill measure is subsumed when we
control for the return gap in the regression model. In Table [V], we observe that the results
are qualitatively similar even after we include another holdings-based skill measure. This
result suggests that our measure captures a distinct aspect of the skill.

We also test the relationship between our skill measure and other holdings-based perfor-
mance measures. We use the characteristic selectivity (CS) and characteristic timing (CT)
measures of Daniel et al] (1997) and present the relevant results in Table [VIl These results
are consistent with the idea that our skill measure is associated with stock selection but not

much with a timing story. Overall, based on the above evidence, we conclude that managers

16The monthly holdings data provided by Morningstar is not used for this study because it covers only a
subset of the entire mutual fund universe.
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having higher skill do earn higher risk-adjusted return.

D. Skill and Persistence

In the theoretical framework of Berk and Green| (2004), a fund manager’s skill is implicitly
assumed to be constant and the investors learn about this over time. This implies that there
should be some persistence in skill, at least in the short run. Over longer horizons, as investors
update their beliefs about the manager’s skill and direct their flows to the fund, it might be
harder to identify skill empirically because there might be fewer trades on the part of bigger
funds as they are worried about the price impact of their trades. Persistence of skill has also
been a subject of active debate. The evidence on persistence has been mixed. Hendricks,
Patel and Zeckhauser| (1993) are the first to report that mutual funds have “hot hands,” i.e.,
winning funds continue to win in the future period and the losing funds continue to lose.
Subsequently, (Carhart| (1997) concludes that most of the persistence in fund performance
can be explained by the common factors in stock returns. It is important to note that
the above studies focus on the persistence of a fund’s excess returns or performance. More
recently, [Berk and Van Binsbergen| (2015) argue that the managerial skill is better measured
by considering the fund’s gross return and assets under management jointly. By using the
value that a mutual fund extracts from capital markets as the measure of skill, Berk and
Van Binsbergen| (2015) document large cross-sectional differences in skill that persist for as
long as ten years.

Here, we examine whether skill is indeed persistent. For each period, we sort funds into
decile portfolios based on their level of skill. We then look at the subsequent levels of skill
for each of these portfolios. This procedure is repeated for every cross-section, and the time
series average of these cross-sections is reported in Table Contrary to the finding of Chen,
Jegadeesh and Wermers| (2000) and consistent with the finding of Berk and Van Binsbergen
(2015), we find evidence of persistence. The level of future skill decreases gradually over

the two-quarter horizon. However, Table suggests that the group of the most skilled
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managers in the current quarter continues to be so in the following time period, i.e., the
portfolio that shows the most skill in a given quarter ¢ is also the portfolio that will continue
to display the highest skill in the subsequent quarters (¢4 1) and (¢t +2). The same is true of
the portfolio of managers that have the least skill. We test for differences in the mean of the
top and the bottom decile portfolios. The results from using a t-test and a non-parametric
bootstrapped test are reported at the bottom of Table These tests confirm that there
is persistence in skill. It is important to note that this persistence is not on account of
momentum in the stocks of the portfolio. This persistence is based on the trades made by
the fund manager. The persistence of future return innovation predicted by a mutual fund’s

trades strengthens the argument that this is on account of ability and not due to luck.

E. Skill and Flows

Understanding how money flows to funds is central to mutual fund literature. Flow is
also one of the key drivers for the equilibrium derived in Berk and Green| (2004). In the
model of Berk and Green| (2004)), individual investors learn about the manager’s skill, based
on available public information, and direct their money to the fund according to their up-
dated beliefs. Information about the manager’s past performance is public and can be easily
accessed by the investors. The media also plays its part in disseminating this information.m
Previous studies have documented that investor capital follows past fund performance (see
Sirri and Tufano| (1998)). However, for the most part, managerial skill is latent and un-
observable, especially when compared with a fund’s performance. Therefore, an important
question is whether, conditional on past performance, past skill predicts future flows. Based

on the this discussion, we test the following hypothesis:

Hy: Investors do not identify skill and hence skill is unrelated to future flows.

17For example, |[Kaniel and Parham| (2017) examine the impact of media attention on consumer investment
decisions.
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H ,: Managerial skill is related to subsequent flows to the funds.

In testing the above hypothesis, it is important to consider the convexity in the flow-
performance relationship. |Sirri and Tufano| (1998) show that there is bias in the way flows
respond to performance. Poorly performing funds do not have nearly as much outflows as the
amount of inflows into well-performing funds. Using an ordinary least square (OLS) model in
this case would lead to biased and incorrect results. Instead, we perform a quantile regression
analysis that estimates the conditional distribution of quarterly flows given the skill and other

variables. To test the above hypothesis, we estimate the following specification:

Qq(Netflowsjy1|{Li—1,1;}) = Bo + P skill;,—1 +y Controls;, + €41, (10)

where (),(.|.) is the conditional quantile function, Net flows;, is given by equation , and
I;_y and I; are the information sets available at (t—1) and ¢, respectively. Note that skill;;_;
uses the trades made between quarter (t — 2) and (£ — 1) and correlates this to the news in
quarter (t — 1) to ¢. This skill measure cannot be observed earlier than time ¢. Therefore,
the above specification tests whether investors respond with flow between time ¢ and (£ +1),
conditional on observing the trades at (¢ — 1) and the related news at t. In the specification,
we control for the previous period’s (i.e., between (¢t — 1) to t) performance by including
the net returns as well as the four-factor alpha. Other controls in the regression include
the cross-sectionally demeaned age, the log of the size of the fund given by the amount of
money managed, the previous year’s turnover, and the previous year’s expenses. The results
from the multivariate analysis are reported in Table [VIIIl Columns (1), (2), (3), and (4)
of Table report the estimates for the 25", 50" (median), 75", and the 90" quantiles,
respectively. Each of these regressions include time-fixed effects. The bootstrapped standard
errors associated with the point estimates are also reported.

All the specifications in Table [VIII|show a positive relationship between managerial skill
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and mutual fund flows. For example, in the 90" percentile of flows distribution, a unit
change in the level of skill will increase the level of inflows by approximately 1% This
effect occurs after controlling for a fund’s past return and past alpha, which have been
shown to increase future fund inflows. Panel A of Figure [2] plots the marginal effect of skill
at different points of the flows distribution and suggests a convex relation between them.
Consistent with flow-performance literature, we find a positive relationship between future
flows and past performance. In most cases, funds that charge higher expense ratios receive
lower inflows. The parameters associated with turnover ratio show an interesting pattern.
The direction of the marginal effects changes based on the quantile of the flows variable. In
the lower quantiles of the net flows distribution, increasing the turnover ratio reduces the
amount of future inflows. However, in the higher quantile, there is a positive relationship
between turnover and net flows. One possible explanation is that fund managers with lower
inflows are really managers with lower skill and do not trade on information and hence are
penalized for having a high turnover. Overall, the evidence suggests that investors do learn
about the skill of the fund manager and adjust their flows accordingly. Managerial skill is
positively related to future fund flows. In a related context,|Berk and Van Binsbergen| (2016))
and [Barber, Huang and Odean| (2016) examine which performance metrics (or equivalently
risk models) investors attend to by analyzing capital flows into and out of funds. Our results
establish a relationship between the skill of managers and fund flows even after controlling for
the documented performance metrics that investors care about.ﬁ Moreover, this relationship
confirms the key premise of Berk and Green| (2004): investors can identify skilled managers
and compensate them by allocating capital accordingly.

Berk and Green| (2004, eqn (6)) also argue that the age of the fund has important impli-

cations for the relationship between skill and flows. They claim that flows to younger firms

8Qur one period skill has a standard deviation of 0.239 and average actively managed fund size in Table
is $1,540 million. Thus, a one standard deviation increase in skill, holding alpha and other explanatory
variables constant, implies an increase in annual flow of $14.66 million (0.239 * 0.996% x 4 % $1,540 million).

9Berk and Van Binsbergen| (2016) and Barber, Huang and Odean| (2016) show that investors attend most
to market risk. In an unreported result, we include CAPM alpha instead of four-factor alpha. The result is
qualitatively similar.
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respond much more dramatically to skill than flows to more mature funds. The role of the
age of the fund is motivated by the idea of learning. Intuitively, the younger funds are less
known, compared to older funds, since they have a shorter track record and hence there are
frictions in forming prior beliefs about them. Therefore, the degree to which investors have
to update their prior beliefs about the skill of the fund manager, when younger funds show
skill, is much more significant. This causes investors to respond more dramatically when
when younger funds show stock-picking skill. Following this discussion, we test the following

hypothesis:

Hy: The age of the fund is not related to the relationship between skill and future flows.

H,: The age of the fund significantly affects the relationship between skill and future

flows.

Columns (5), (6), (7), and (8) of Table present the relevant results based on a
quantile regression. The results are again reported for the 25, 50 (median), 75", and 90"
quantiles, respectively. In addition to the variables used earlier, the specifications have an
additional interaction term based on the age of the fund and the level of skill. Each of these
regressions also include time-fixed effects. The standard errors reported are bootstrapped
standard errors. The relationship between the skill of the fund and future flows continues
to be positive and significant. The coefficient on skill refers to the effect on flows of an
average-aged fund, since the crossectionally demeaned age is used in Table The age
of a fund in itself reduces the extent of flows to the fund. Interestingly, the coefficients on
the interaction term are negative for all quantiles. The negative coefficient implies that the
effect of skill on future flows decreases as the age of the fund increases. Furthermore, it is
not a surprise that we observe the monotonic results across the quantiles. Age should matter

the most at the highest quantile as investors learn more from a young fund showing positive
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skill. The negative relationship for different quantiles of the flows distribution is displayed in
Panel B of Figure 2] We find these results consistent with the prediction of Berk and Green

(2004) and therefore reject the null hypothesis.

V. Robustness

In this section, we test the robustness of the main findings of the paper. Specifically, we
start by varying the manner in the which the correlation is computed. Later, we present

results computed using more robust VAR specifications.

A.  Value-weighted measure of skill

An important concern regarding the measure of skill is that the measure does not consider
the value or the size of the trade. It could be that the fund managers have private information
for only a subset of stocks in their portfolio. Equal-weighting all the trades could then distort
the skill measure and wrongly identify a manager as being skilled. To overcome this problem,

we compute a weighted-correlation where the weight is defined as follows:

(ShareAmount; ;; — Share Amount; j,—1) * SharePrice; |
TNA,, '

weight; ;¢ = |

ShareAmount; ;; is the number of shares of security ¢ in fund j at time ¢. Essentially, the
weight is the absolute value of the change in the amount of money invested in a particular
stock as a percentage of the fund’s asset at the end of the quarter. Panel A of Table
presents the distribution of the adjusted skill measure, and the results are similar to the
earlier findings. The average and the median fund manager continue to show a positive
and statistically significant skill. This result holds irrespective of the time horizon used to

compute the news.
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B.  Skill computed using all the assets

In the earlier section, we use the model presented in Kacperczyk and Seru| (2007) to
motivate the use of a fund’s trades to capture the extent and quality of private information
that a manager generates. In all the analyses thus far, in order for a stock to be included
in the skill computation, the split-adjusted holding of a particular stock in the portfolio
should have changed. Using data on the trades made by the manager, the measure correctly
attributes skill to the manager if her private information is precise and penalizes her in the
event that the trades are negatively correlated with future news. However, one can also
make an argument that the manager should be penalized for not being able to generate
information about a stock. In other words, if there is an upcoming negative news about a
particular stock and the manager did not preemptively reduce the holdings of this stocks,
then she should be categorized as less skilled.@ In order to address this point, we include
all the stocks in the portfolio for the computation of skill, i.e., both stocks that are traded
and stocks that are not!] A summary of the distribution of the skill measure using all the
stocks in the portfolio is reported in Panel B of Table Just like the earlier analysis, we
continue to find evidence to support the hypothesis that the average fund manager is skilled

in picking stocks.

C. Tax and window dressing

The literature has identified tax and window dressing as other motives for funds to
trade[”?] Ever since the 1986 Tax Reform Act, all mutual funds have the end of October as
their mandated tax year-end. Therefore, their tax-motivated sales should occur around that

point in time. Further, the literature on tournaments in mutual funds suggests that funds

20Tn order to differentiate skill from luck, we ignore the statically held stocks and their associated news in
our main results and do so only as robustness here.

21 The stocks that were not traded have 0% change in holdings.

22In order to minimize the taxable distributions, funds tend to trade a lot more as they get closer to the
tax year-end (see |Gibson, Safieddine and Titman| (2000)). Further, in order to attract more flows, funds
tend to engage in what is regarded as window dressing as they get closer to the fiscal year-end (see |O’Neal
(2001)).
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have the highest incentive to window-dress from October to December. In order to mitigate
the effects of these two motives for trading on the measure of skill, as they are not driven by
private information, we exclude the trades made in the fourth quarter of the calendar year.
The distribution of the skill measure computed using just the trades between January and
September is presented in Panel C of Table [[X] Overall, the result continues to be similar to
the main findings of the paper. The average fund manager continues to show stock-picking

ability.

D. Alternate two-period news

The return “news” or the innovation in return is essentially the deviation of the realized
return from the conditional expectation. In computing the skill (for trades made between
(t — 1) and t) using the two-period news between ¢ and (¢ + 2), only the publicly available
information at time ¢ is used to form the expectation. The total news, Npy 10, for the

period t to (t + 2), is expressed as the following:

NTN,Ht+2 = Et+2(7”t,t+2) - Et(Tt,tJrQ),

where 7,19 is the two-period return. An important prerequisite for a trade to be included
in the skill computation is that the fund manager does not trade in the opposite side in the
period after. However, the fund manager uses the information available at time (¢t + 1) and
makes a decision about whether to trade in the opposite direction of the previous period’s
trades. Therefore, it could be argued that the two-period news used to compute the skill
should incorporate this decision. In order to mitigate this concern, we compute the news for

the two-period horizon in the following way:

NTN,t—>t+2 = (Tt+1,t+2 - Et+1(7‘t+1,t+2)) + (Tt,t+1 - Et(Tt,t+1))-
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In the above equation, the two-period news is treated as the sum of two separate shocks at
(t + 1) and (¢t + 2) to the return process. We use the above-mentioned alternate two-period
news term and compute the cross-sectional distribution of the stock-picking skill. The results
reported in Panel D of Table are consistent with the earlier result of the average fund

manager being skilled.

E.  Skill and predictability

The positive correlation between the fund’s trades and future innovation in returns can
also be attributed to microstructural effects. The idea is that “copycat” investors follow the
fund’s trading strategies after the quarterly disclosure of holdings. This action puts pressure
on the price of the stock in the precise direction of trade and hence leads to predictability.
This argument is not tenable in an equilibrium where agents dynamically update their beliefs
about the fund manager’s ability. Investors will continue to copy the previous quarter’s
trades only if they perceive informational content in them. Further, mutual funds have 60
days after their quarter ends to file their holdings with the SEC. Very few mutual funds file
their disclosures early. Assuming that copycat investors mimic the fund’s trades no more
than a month after the disclosure, a reasonable assumption, then the trades made in the
previous quarter should not be correlated with news of only two quarters later under the
null of no skill. In order to test this, we compute the skill of the fund manager as the
correlation between the unexplained changes in holdings and the news of the stocks two

periods later. The two-quarter later total news, Npy 41542, is computed as follows:

NTN 415642 = Tegt1, 042 — Et(Tt+1,t+2)

where 741442 is the return of the stock between one and two quarters after the end of the
trading quarter . The report of the correlation using this measure is presented in Panel

E of Table Although it is impossible to completely rule out microstructural effects, the
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positive mean presented in Panel E of Table suggests that fund managers do generate

private information about stocks.

F.  Expected return and institutional holdings

Gompers and Metrick| (2001) find that the level of institutional ownership in a stock can
help forecast its future return. In order to incorporate this effect in forming the expectation
about future returns, we update the parsimonious VAR specification used earlier and intro-
duce the fraction of shares outstanding held by institutions as one of the state variables.
The data about the quarterly institutional holdings are obtained from Thompson Reuters’
institutional ownership database, which is collected from the 13f filings. The four-variable
VAR specification includes the quarterly log excess returns of the individual stocks, the cross-
sectionally demeaned log book-to-market ratio of the firm, the cross-sectionally demeaned
average of quarterly profits of the previous 20 quarters, and the cross-sectionally demeaned
fraction of total outstanding shares held by institutional investors. The first three variables
are included to capture the empirical return-predictability results mentioned above. The
reduced-form VAR is estimated by using a pooled weighted least square method. Fach cross-
section is weighted by the inverse of the number of firms in the cross-section. The parameter
estimates are reported in Panel A of Table [X] In order to account for any cross-sectional
correlation in errors, the standard errors are clustered by cross-section. Resampling-based
robust standard errors are also reported. As predicted, the level of institutional ownership
has a positive effect on the firm’s future returns. The magnitude of the remaining coefficients
is very similar to those found in Table [[I. Using these parameter estimates, we compute the
innovation in returns of the firm and also compute the skill of the manager. The estimates
of the mean level of skill along with other attributes of the distribution are reported in Panel
B of Table Skill using both one- and two-period news is still positive and statistically

significant.
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G. Long VAR

In order to further test the robustness of the results presented thus far, we estimate a
richer VAR specification. The predictive variables used here include four lags of past (quar-
terly) stock return, the book-to-market ratio of the firm, two lags of quarterly profitability,
two lags of leverage, and one lag of the size of the firm. This VAR specification is borrowed
from the “Long VAR” in |Vuolteenaho (2002)). Leverage is computed as book equity over the
sum of book equity and book debt. Book debt is the sum of debt in current liabilities, total
long-term debt, and preferred stock. Size is the market capitalization of equity. Size and
leverage are included in the specification because historically small firms have earned higher
average stock returns than large firms and highly leveraged firms have outperformed firms
with low leverage. Additional lags of returns are included to capture possible longer-horizon
return auto-correlation. The distributional properties of skill estimated using the specifica-
tion described above are reported in Panel C of Table [X] The evidence still suggests that
the average fund manager has positive stock-picking skill. Overall, we conclude that the

qualitative results of the paper are not sensitive to the alternate VAR specifications.

VI. Conclusion

Extensive literature is devoted to understanding the mutual fund industry and, more
specifically, its economic relevance. The central question of interest is whether fund managers
have superior information. It is often the case that, in an attempt to answer this, this question
is translated into whether the mutual fund can outperform the market or a benchmark.
Berk and Green| (2004)) provide convincing arguments about why these two questions are not
equivalent. So, it is still a matter of debate whether fund managers possess any skill.

In this paper, we propose a way to address this issue. Since the economic value of private
information is captured by the knowledge of future innovation in returns, we estimate the

skill of U.S. equity fund managers as the correlation between the current changes in mutual
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fund holdings and the future news in the stocks that they traded. This is a conditional
measure of skill that distinguishes skill from luck. Using this measure, we find evidence to
show that the average mutual fund manager is skilled in stock picking. This skill is more
common among smaller funds. Managers who have skill turn over their portfolio more often
and charge higher expenses (possibly due to higher management fees as a compensation
for skill). The skill is fairly persistent, and this persistence in skill is not explained by
the momentum effect. Importantly, we find a positive and significant relationship between
managerial skill and future fund performance. This suggests that the managers, through
their skill, do add economic value. Finally, we substantiate the view that investors learn
about managers’ skill. After controlling for past performance, new money does follow the
skilled manager. Overall, our findings corroborate the substance and the implications of the
theoretical model proposed by [Berk and Green (2004) and argue that fund managers are

important agents in keeping the market efficient.
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Table I: Summary statistics

This table reports the summary statistics regarding the different variables in Thompson Reuters mutual
fund holdings data as well as in the CRSP Survivorship bias free data. TNA is the dollar value of the
total net assets managed by the fund. Number of stocks represents the stocks in the manager’s portfolio.
Expenses are the annual expense ratio of the fund. Similarly, turnover is the reported annual turnover
of the fund. Age of the fund is the time in quarter-years from the date the fund became public. Carhart
« is the quarterly abnormal return earned by the fund in excess of the four Carhart factors. Factor
loadings were estimated from a time series regression using 36 previous monthly return.

Mean Median Standard Deviation
Number of funds 3,858
Number of fund-quarter observation 110,567
Number of funds per quarter 1,164 1,270
Number of stock held 123 82 160
Value of trades relative to TN A;_; (in %) 22.13 11.89 377.52
TNA( in millions) 1,540.02 250.80 6,361.19
Expense ratio (in %) 1.21 1.18 0.47
Turnover ratio (in %) 83.41 60.00 109.61
Age (in quarter years) 60.60 45.00 56.56
Carharta - net (in %) -0.22 -0.23 9.27
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Table II: Firm level VAR parameter estimates

Estimates from the firm level vector autoregression (VAR) are reported here. The VAR has three
state variables. 7;:y1 is the quarterly log excess returns of the individual stocks. BM; ;1 is the
cross-sectionally demeaned log book-to-market of the firm at quarterly intervals. ROE; ;4 is the cross-
sectionally demeaned average of log quarterly profits of the previous 20 quarters. They are computed
using the accounting clean surplus identity. The VAR is a pooled analysis involving all the firms and
all time periods. All the firms share the same transition matrix. A weighted least square procedure
was used to estimate the parameters, where each cross-section is weighted by the inverse of the number
of firms in the cross-section. The sample involves observations from 1994-2017. Estimates of the VAR
are reported in bold. The second number (in parentheses) is the robust standard errors clustered along
each cross-section. The third number (in brackets) is a robust jackknife standard error computed using
the method outlined in [Shao and Rao| (1993). The table also shows the variance-covariance matrix of
the cash-flow news (Ngp) and the discount rate news (Npg) terms and the relevant robust jackknife
standard errors. Discount rate news is computed as el’Au; and cash-flow news as (el’ + el’A)u;. In this
function el is a vector with first element equal to one and the remaining elements equal to zero, u; is
the vector of residuals from the VAR, and A = pI'(I — pI') 1. T is point estimate of the VAR transition
matrix and p is the linearization parameter set equal to 0.95.

Tit BMZ}t ROEM R2

Titt1 0.0394 0.0212 0.0987 0.6%
(Log stock returns)  (0.0026) (0.0007) (0.0081)
0.0025]  [0.0007]  [0.0078]

BM; 41 0.0645 0.9494 0.1332 86.2%
(log book-to-market)  (0.0031) (0.0014) (0.0120)
0.0030]  [0.0014]  [0.0115]

ROE; 144 0.0136 -0.0022 0.6999 69%
(five-year profitability) (0.0004) (0.0001) (0.0123)
0.0004]  [0.0001]  [0.0118]

Variance-covariance matrix
-Npr Ncr
-Npr 0.0031 -0.0020
[0.0001] [0.0001]

Ncr 0.0529
[0.0002]
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Table III: Skill and relationship with fund characteristics

This table reports the summary of the skill measure and also presents its relationship with other fund
characteristics. Skill is computed as the correlation between the unexplained changes in manager’s
portfolio holdings and news about the firm in subsequent quarter. Skill 2 is computed as the correlation
between the unexplained changes in manager’s portfolio holdings and news about the firm in subsequent
two quarters. Change in portfolio holdings of an asset i is computed as the % change in the split-adjusted
holdings of the asset between the two quarters. In Panel A, we present the summary of the distribution
of skill across all fund managers. Significance of mean is tested under standard t-test as well as using a
non-parametric bootstrapped test. The correlation between changes in portfolio holdings and subsequent
cash-flow news and the correlation between changes in portfolio holdings and subsequent discount rate
news are reported in Panel B. They are reported for news of one and two quarter respectively. In
Panel C, we present the variation in skill across two sub-periods. Results of testing differences in mean
are reported. Panel D reports the contemporaneous correlation between skill and other relevant fund
characteristics. The significance levels are denoted by *, ** and *** and indicate whether the results
are statistically different from zero at the 10%, 5%, and 1% significance levels, respectively.

Panel A: Distribution Summary

Mean p-value of one-sided test 25 pct Median T7opct Std dev
bootstrapped t-test

Skill ~ 0.0080*** (<0.001) (<0.001) -0.1279 0.0092 0.1469 0.2390

Skill 2 0.0166*** (<0.001) (<0.001) -0.1363 0.0189 0.1748 0.2607

Panel B: Type of Skill

1 quarter horizon 2 Quarter horizon
Skill (Cash flow news) 0.0083*** 0.0173%**
Skill (Discount rate news) -0.0053*** -0.0066***

Panel C: Variation in Skill

Period Total News Discount News Cash Flow News

Jan 1994 - Dec 2002 0.0215%** -0.0178%** 0.0207%**

Jan 2003-Dec 2016 0.0032 -0.0010 0.0039
Difference 0.0183*** -0.0168 0.0168%**

Panel D: Correlation Structure

Variables Skill Tna Expenses (%) Turnover (%) Age
Skill 1

log(TNA) L0.0087%F 1

Expenses (%) 0.0106%%%  _0.1663*** 1

Turnover (%)  0.0271%**  -0.0726***  (0.2209*** 1

Age -0.0061**  0.3053***  -0.1877*** -0.0928*** 1
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Table V: Relationship between managerial skill and performance

This table reports the results from regressions relating performance to managerial skill. skill,_; is com-
puted as the correlation between the unexplained changes in manager’s portfolio holdings and subsequent
news about the firm. Change in portfolio holdings of an asset 7 is computed as % change in the split-
adjusted holdings of the asset between the two quarters. skill cash,_; is correlation between changes
in portfolio holdings and subsequent cash-flow news. Similarly, skill discount,_; is correlation between
changes in portfolio holdings and subsequent discount rate news. The dependent variable is the quarterly
factor-based o computed using CAPM, three factor, and the four factor model, respectively. Factor load-
ings are estimated from a time series regression using returns of previous 36 months. RP1I is the reliance
on public information measure calculated as described in Kacperczyk and Seru| (2007). Log(T'NA) is
the natural logarithm of total net assets lagged one quarter. Expenses represent the fund’s expense
ratio lagged one year. Log(age) is the age of the fund lagged one quarter. Turnover is the turnover
of the fund which is lagged one year. N MG represents the flows to the funds lagged one quarter. All
specifications account for time fixed and fund fixed effects. In order to correct for any cross-sectional
correlation or time-series correlation in errors, the standard errors are clustered in the both dimensions,
fund and time. This should also account for hetroskedasticity. Standard errors are reported below the
estimates in parentheses. The significance levels are denoted by *, ** and *** and indicate whether the

results are statistically different from zero at the 10%, 5%, and 1% significance levels, respectively.

CAPM 3-factor 4-factor 4-factor CAPM 3-factor 4-factor 4-factor 4-factor
(%) a(%) a(%) (%) a(%) a(%) (%) (%) a(%)
(1) 2) (3) (4) (5) (6) (7) (8) 9)
skilly—1 2.098*** 2.004*** 1.465%** 1.467*** 1.474%**
(0.102) (0.107) (0.126) (0.126) (0.133)
skill cashy—1 2.068%** 1.828%** 1.417%** 1.438%**
(0.114) (0.120) (0.141) (0.149)
skill discounty_1 —0.059 —0.323*** —0.108 —0.073
(0.115) (0.120) (0.141) (0.150)
RPI;_ 0.252
(0.262)
ReturnGaps—1 0.265*** 0.267***
(0.047) (0.047)
Log(TNA)¢—1 —0.012 0.031* —0.033* —0.032 —0.012 0.031* —0.033* —0.030 —0.030
(0.016) (0.017) (0.020) (0.020) (0.016) (0.017) (0.020) (0.021) (0.021)
NMGi_1 0.0005 —0.0001 —0.001 —0.001 0.0005 —0.0001 —0.001 —0.001 —0.001
(%) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Log(age)t—1 —0.051 —0.065* 0.018 0.017 —0.051 —0.066* 0.017 0.046 0.046
(0.034) (0.035) (0.042) (0.042) (0.034) (0.035) (0.042) (0.046) (0.046)
expensest_1 —0.207*** —0.032 —0.097 —0.102 —0.207*** —0.032 —0.097 —0.081 —0.081
(%) (0.059) (0.061) (0.072) (0.072) (0.059) (0.061) (0.072) (0.077) (0.077)
Turnover;_1 —0.0003 0.0004 —0.001** —0.001** —0.0003 0.0004 —0.001** —0.001** —0.001**
(%) (0.0002) (0.0002) (0.0003) (0.0003) (0.0002) (0.0002) (0.0003) (0.0003) (0.0003)
Observations 80,321 80,321 80,321 80,267 80,321 80,321 80,321 75,362 75,362
R2 (%) 0.5 0.4 0.2 0.2 0.5 0.4 0.2 0.2 0.2
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Table VI: Relationship between skill and holding based performance measures

This table reports the results from regressions relating holding based performance measures to manage-
rial skill. skill;_1 is computed as the correlation between the unexplained changes in manager’s portfolio
holdings and subsequent news about the firm. Change in portfolio holdings of an asset i is computed
as % change in the split-adjusted holdings of the asset between the two quarters. skill cash;_1 is corre-
lation between changes in portfolio holdings and subsequent cash-flow news. Similarly, skill discount;_1
is correlation between changes in portfolio holdings and subsequent discount rate news. CS is the
characteristic selectivity measure from [Daniel, Grinblatt, Titman and Wermers| (1997). It is defined as
CS =3 wi—1[Ri— Rf’t_l] where Rf’t_l is the return for time t of the benchmark portfolio to which 4
was allocated at time (-1). CT is the characteristic timing measure which measures the timing ability
of the manager. It is computed as CT = Z[wi,t,lR?’tfl — wi,t,lgR?’FlB] where w; ;—13 is weight of
the portfolio 13 months ago and R2*™'? is the return of the benchark portfolio to which the stock was
allocated 13 months ago. RPI is the reliance on public information measure calculated as described in
Kacperczyk and Seru| (2007). Log(T N A) is the natural logarithm of total net assets lagged one quarter.
Expenses represent the fund’s expense ratio lagged one year. Log(age) is the age of the fund lagged one
quarter. Turnover is the turnover of the fund which is lagged one year. NMG represents the flows to
the funds lagged one quarter. All specifications account for time fixed and fund fixed effects. In order
to correct for any cross-sectional correlation or time-series correlation in errors, the standard errors are
clustered in the both dimensions, fund and time. Standard errors are reported below the estimates in
parentheses. The significance levels are denoted by *, ** and *** and indicate whether the results are
statistically different from zero at the 10%, 5%, and 1% significance levels, respectively.

CS (%) CT (%) CS (%) CT (%)
skilly_4 1.140*** 0.006

(0.047) (0.047)
skill cashi_1 1.171** 0.023

(0.053) (0.052)
skill discount;_4 0.052 0.057
(0.053) (0.052)

RPI;_4 0.307*** —0.336%** 0.306*** —0.336***

(0.098) (0.097) (0.098) (0.097)
Log(TNA);_1 —0.011 —0.078*** —0.011 —0.078***

(0.007) (0.007) (0.007) (0.007)
NMGi_4 0.001*** —0.0001 0.001*** —0.0002
(%) (0.0004) (0.0003) (0.0004) (0.0003)
Log(age)i—1 0.022 —0.026* 0.022 —0.026*

(0.015) (0.015) (0.015) (0.015)
erpensess_1 0.004 0.010 0.004 0.010
(%) (0.027) (0.026) (0.027) (0.026)
Turnover;_ —0.0002* 0.001*** —0.0002* 0.001***
(%) (0.0001) (0.0001) (0.0001) (0.0001)
Observations 80,807 80,807 80,807 80,807
R%(%) 0.8 0.4 0.8 0.4
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Table VII: Persistence of skill

This table reports the persistence of the mutual fund manager’s stock picking skill. Skill is the correlation
between the unexplained changes in manager’s portfolio holdings and subsequent news about the firm.
Change in portfolio holdings of an asset is computed as the % change in split-adjusted holdings of the
asset between the two quarters. Each quarter funds are sorted into decile portfolios based on their level
of skill. Mean level of the skill, for each of these portfolios, for future quarters is reported. Skilly,
Skillyy1, and Skill;1o are the mean for the three consecutive quarters. Standard errors are reported
below the estimates in parentheses. The third number (in brackets) is standard error from a non-
parametric bootstrap test. Results of testing differences in mean are also reported. The significance
levels are denoted by *, ** and *** and indicate whether the results are statistically different from zero
at the 10%, 5%, and 1% significance levels, respectively.

Total News CF News
Decile Skilly Skilly11 Skilly1o Skill, Skillyq Skillyyo
1 -0.4170 -0.0059 -0.0067 -0.4149 -0.0044 -0.0035
(1.000) (0.989) (0.999) (1.000) (0.975) (0.991)
[1.000] [0.9735] [0.9874] [1.0000] [0.9272] [0.8792]
2 -0.2167 -0.0034 0.0009 -0.2160 0.0013 0.0018
(1.000) (0.986) (0.855) (1.000) (0.724) (0.781)
[1.0000] [0.9096] [0.3551] [1.000] [0.3045] [0.2383]
3 -0.1279 0.0003 0.0072%* -0.1269 0.0011 0.0072*
(1.000) (0.872) (0.082) (1.000) (0.789) (0.084)
[1.000] [0.4517] [0.0013] [1.000] [0.329] [0.0013]
4 -0.0655 0.0021 0.0045 -0.0649 0.0043 0.0057
(1.000) (0.701) (0.365) (0.999) (0.355) (0.223)
[1.0000] [0.1884] [0.0203] [1.0000] [0.0321] [0.0056]
5 -0.0142%** 0.0063 0.0025 -0.0140%** 0.0053 0.0070*
(0.008) (0.1270) (0.725) (0.006) (0.218) (0.076)
[1.0000] [0.0026] [0.1263] [1.0000] [0.0101] [0.0006]
6 0.0340*** 0.0095***  0.0092*** 0.0337*** 0.0089** 0.0106***
(<0.001) (0.010) (0.008) (<0.001) (0.0220) (<0.001)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
7 0.0856*** 0.0159***  0.0143*** 0.0854*** 0.0151%** 0.0091**
(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (0.011)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
8 0.1475%*** 0.0141%**  0.0130*** 0.1467%** 0.0129%**  (.0129%**
(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
9 0.2328*** 0.0187***  0.0169*** 0.2325%** 0.0166***  0.0175%**
(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
10 0.4237*** 0.0209***  0.0170*** 0.4241%** 0.0188%**  (,0144%**
(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
10-1 0.8407*** 0.0268***  0.0237*** 0.8390%** 0.0232%**  (0.0179%**
(<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)
[<0.01] [<0.01] [<0.01] [<0.01] [<0.01] [<0.01]
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Table IX: Robustness of skill measure

This table reports the summary of the skill of fund managers under different specifications. Skill is
computed as the correlation between the unexplained changes in manager’s portfolio holdings and news
about the firm in subsequent quarter. Skill 2 is computed as the correlation between the unexplained
changes in manager’s portfolio holdings and news about the firm in subsequent two quarters. In Panel

A, the skill is computed by weighting each trade differently. In computing the correlation, the following
ShareAmount; j :—ShareAmount; ; +—1)xSharePrice; j: P 1B al

TNAL |. Panel B also reports

summary of the skill distribution. Here, the skill is computed by including all stocks in the portfolio,

irrespective of whether they were traded. In Panel C, the skill is computed by ignoring the trades made
in the fourth quarter. In Panel D, Skill 2 is computed using an alternate two period news estimation.
Here the two period news is computed as the sum of two conditional expectations, [ri11 — E(ri41)] +
[rt42 — Eri1(re42)]. In Panel E, Skill is computed as the correlation between unexplained changes in
holdings and news from only two periods later. The news from only two periods later is computed as
[Pe41,042 — Er(r441,642)]. For all panels, significance of mean is tested under standard t-test as well as
using the Wilcox rank test, a non-parametric test. The significance levels are denoted by *, ** and ***
and indicate whether the results are statistically different from zero at the 10%, 5%, and 1% significance
levels, respectively.

weight was used: weight; j; = |(

Panel A: Skill Value
Mean 25 pct Median 75pct Std dev
Skill — 0.0030%*** -0.2008 0.0041 0.2035 0.3311

Skill 2 0.0087*** -0.1970 0.0179 0.2202 0.3405

Panel B: Skill - All Stocks
Mean 25 pct Median 75pct Std dev
Skill — 0.0065*** -0.1073 0.0068 0.1215 0.2002

Skill_2  0.0139%** -0.1153 0.0136 0.1446 0.2218

Panel C: Skill - No 4" quarter
Mean 25 pct Median 75pct Std dev
Skill 0.0074%** -0.1290 0.0093 0.1474 0.2399

Skill_2  0.0187*** -0.1342 0.0209 0.1772 0.2617

Panel D: Alternate Two Period News
Mean 25 pct Median 75pct Std dev
Skill 2 0.0164*** -0.1363 0.0187 0.1747 0.2608

Panel E: Skill and predictability
Mean 25 pct Median 75pct Std dev
Skill - 0.0058%** -0.1438 0.0090 0.1594 0.2574

ol



Table X: Alternate VAR specifications

Estimates from the firm level vector autoregression (VAR) and the resulting skill measure are reported here. Panel A
presents the parameter estimates of the VAR with the four state variables. r; ;11 is the quarterly log excess returns of
the individual stocks. BM; ¢41 is the cross-sectionally demeaned log book-to-market of the firm at quarterly intervals.
ROE; ;41 is the cross-sectionally demeaned average of quarterly log profits of the previous 20 quarters. They are computed
using the accounting clean surplus identity. IS7T; ¢41 is cross-sectionally demeaned fraction of total outstanding shares
held by institutional investors. The VAR is a pooled analysis involving all the firms and all time periods. All the firms
share the same transition matrix. A weighted least square procedure is used to estimate the parameters, where each
cross-section is weighted by the inverse of the number of firms in the cross-section. The sample involves observations from
1994-2017. Estimates of the VAR are reported in bold. The standard errors are clustered along each cross-section and are
reported in the parentheses below the estimates. The resulting R? is also presented. Panel B presents the summary of
the distribution of skill across all fund managers. Skill is computed as the correlation between the unexplained changes
in manager’s portfolio holdings and news about the firm in subsequent quarter. Skill 2 is computed as the correlation
between the unexplained changes in manager’s portfolio holdings and news about the firm in subsequent two quarters.
The news is computed using the VAR set up in Panel A. Significance of mean is tested under standard t-test as well as
using a non-parametric bootstrapped test. Panel C reports the skill computed using an alternate VAR specification (Long
VAR). The long VAR includes four lags of quarterly log excess returns, the cross-sectionally demeaned log book-to-market
ratio, two lags of the cross-sectionally demeaned log quarterly profits, two lags of cross-sectionally demeaned leverage, and
the size of the firm. The significance levels are denoted by *, ** and *** and indicate whether the results are statistically
different from zero at the 10%, 5%, and 1% significance levels, respectively.

Panel A: VAR parameter estimates

Tit BMiyt ROE@t ISTLt R2
T t+1 0.0385 0.0210 0.0812 0.0002 0.5%
(Log stock returns) (0.0026) (0.0007) (0.0079) (0.0000)
BM; ¢4+1 0.0642 0.9488 0.1322 0.0002 86.4%
(log book-to-market)  (0.0031) (0.0015) (0.0121)  (0.0001)
ROE; 111 0.0127 -0.0024 0.6989 0.0003 68.9%
(five-year profitability)  (0.0004) (0.0001) (0.0130)  (0.0003)
18T, 111 -0.0033 -0.0558 0.7128 0.0311 0.2%
(0.0124) (0.0034) (0.0307)  (0.0208)

Panel B: Skill - Alternate VAR specification

Mean p-value of one-sided test 25 pct Median 75pct Std dev
bootstrapped t-test

Skill 0.0082%*** <0.01 <0.01 -0.1278 0.0095 0.1471 0.2391

Skill_ 2 0.0166*** <0.001 <0.001 -0.1362 0.0189 0.1747 0.2608

Panel C: Skill - Long VAR specification

Mean 25 pct Median 75pct Std dev
Skill 0.0050%** -0.0330 0.0039 0.0448 0.0952
Skill_ 2 0.0177%** -0.0361 0.0138 0.0788 0.1223
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Figure 1. : Distribution of Skill
This figure plots the histogram of the skill measure. Summary of the distribution is provided in inset. Skill is
computed as the correlation between the unexplained changes in manager’s portfolio holdings and subsequent
news about the firm. Panel A reports the skill using news from one period in the future. Panel B uses the
news from two future periods.
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3.0000

2.0000
=
7]
[ =
[=]
=
z
[2)
=
a
o
5]

1.0000

0.0000

01 02 0.3 04 05 0.6 0.7 08 0.4
Quantile
0.0100

0.0000

-0.0100

Coefficient of interaction between skill and age

-0.0200
01 0.2 0.3 0.4 05 0.6 0.7 0.8 0.4
Quantile
Panel B

Figure 2. : Quantile Regression of Flows
This figure plots the paratmeter estimates and the related 95% confidence interval from the quantile regression
for each of the different quantiles. The solid line is the parameter estimate and the dashed lines are the lower
and upper confidence intervals. Panel A presents the marginal effects of the skill variable on flows at the
different quantiles. Similarly, Panel B presents the marginal effects of the interaction between age and skill
on the flows of the fund. Skill is computed as the correlation between the unexplained changes in manager’s
portfolio holdings and subsequent news about the firm.
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