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1 Introduction

Style is perhaps the most salient attribute of a mutual fund. Morningstar’s ubiquitous style
box is a prominent reflection of potential investors’ attention to style. However, as we show
in this paper, managers do not always adhere to a constant style but alter the fund’s style
tilt at different times. While some managers may change styles for agency or behavioral
reasons, a subset of high-skill managers may flexibly choose to alter the style in order to
increase future returns.

The purported ability to anticipate future developments is a selling point used by actively
managed funds to distinguish themselves from passive index funds. For example, a March §,
2023 Morgan Stanley Insights article states that “active management is forward-looking” and,
in comparison, passively managed funds fail to make “tactical adjustments based on market
conditions.” It also claims: “we are, in fact, trying to forecast the future.’ﬂ These statements
echo a long-standing sentiment of active fund managers that passive investment management
is “mediocre” and active management has the capacity to do better. For example, the tagline
of the December 8, 2013 New York Times interview, fund manager Robert Olstein said: “If
you rely on index funds, you're celebrating mediocrity. ] Obviously omitted in the marketing
materials is a discussion of incentive problems associated with active management.

Fund returns and fund flows are two of the most prominent and easily observable metrics
of performance of an actively managed fund. Fund managers wish to maximize fund flows and
returns and, consequently, the fund’s total net assets, on which fund fees are charged. Fund
managers care about return not only because return helps grow assets under management,
but also because return matters for their reputation and career development (Chevalier and
Ellison (1999))). As is well-documented, fund flows respond to returns since fund investors
view prior returns as a proxy of fund managers’ skill and a predictor of future returns (see,
e.g., Ippolito| (1992)), Chevalier and Ellison| (1997)), |Sirri and Tufano (1998)), Lynch and Musto
(2003))).

https://www.morganstanley.com/im/en-pt/institutional-investor/insights/articles/
case-for-stable-risk-adjusted-returns-why-now.html.

“In the interview, Robert Olstein also said of index investing: “The professors don’t advise their students
to settle for mediocrity at school ... why do it in investing?”


https://www.morganstanley.com/im/en-pt/institutional-investor/insights/articles/case-for-stable-risk-adjusted-returns-why-now.html
https://www.morganstanley.com/im/en-pt/institutional-investor/insights/articles/case-for-stable-risk-adjusted-returns-why-now.html

One way to improve returns and fund flows is by flexibly making stock selections, in
particular without a constraint to keep the style constant. Strategically altering weights
in certain stocks may increase exposure to style areas where the fund manager sees good
prospects. In addition to selecting stocks that may cross style categories, managers may also
be engaging in factor timing (see, e.g. [Daniel, Grinblatt, Titman, and Wermers (1997))@
More starkly, style changes may affect flows directly because investors may develop pref-
erences for specific styles (Cooper, Gulen, and Rau (2005))) or because investors may be
watching closely whether or not managers make active changes to the investment strategy
in order to optimize the style of the fund and increase future returns (Lynch and Musto
(2003))). Managers may also increase and decrease portfolio allocations to specific styles for
behavioral reasons, such as feedback trading (e.g., [Frijns, Gilbert, and Zwinkels (2016) and
Busse, Ding, Jiang, and Tang| (2022)). Finally, underperforming managers may shift port-
folios to riskier stocks later in the year for incentive reasons due to the convex flow-return
relation (e.g., |Chevalier and Ellison| (1997)). To sum up, managers may alter fund styles as
an outcome of an unconstrained bottom-up stock selection process, because they engage in
factor timing, because they cater to investor style preferences, as a result of factor feedback
trading, or for incentive reasons.

Two questions naturally arise: First, do fund managers react to prior fund flows and
returns by changing styles? Second, do such style changes have an effect on fund returns?
Specifically, can we identify which funds have the skill to deliver future outperformance
through style changes and which other funds’ style changes may result in lower returns?

We begin by exploring if managers react to returns and flows by changing investment
styles, which we measure by the fund’s factor loadings on market, size, value and momentum
factors of [Fama and French| (1993) and |Carhart| (1997) [] For all active domestic diversified
equity funds, we estimate quarterly loadings on the four factors using daily data of fund
returns and adjust these loadings for the loadings of the factor-neutral portfolios (Lettau,

Ludvigson, and Manoel (2018)). If fund managers react to past returns and flows by un-

3Changing factor exposures can also affect Jensen’s alpha, which is the performance measure used most
by mutual fund investors (e.g., Berk and Van Binsbergen| (2016) and Barber, Huang, and Odean| (2016)),
which would, in turn, affect flows.

4Throughout the paper, we use the terms “style” and “factor loadings” interchangeably.



constrained stock selection that results in changing styles, there should be evidence that
factor loadings change in response to flows and returns. Since the direction of loadings
changes varies with market conditions, we focus on the magnitude of the absolute value of
the loadings changes.

We identify a U-shaped relationship between both flows and returns (alphas) and next
period style changes. The pattern suggests a highly non-linear response to flows and returns.
Returns and flows that are large in terms of magnitude result in style changes, and more
extreme flows or returns result in larger style changes, controlling for the loadings levels,
volatility, fund fixed effects, and time effects. Funds may react to prior outflows and poor
returns by changing the investment strategy, hoping to increase returns and reduce outflows.
Funds with high returns may be rebalancing their portfolios if the previously underpriced
stocks have moved to more reasonable valuations, and funds with large inflows may be
distributing these inflows unevenly across style areas. We also find that the reaction of fund
managers to extreme past returns is stronger than the reaction to extreme past fund flows.
A same-size rank shift in return as in fund flow results in a four to five times larger style
shift.

We check that large loadings changes are the result of deliberate trading decisions rather
than individual stock holdings mechanically shifting their factor loadings. Specifically, we
show that funds with larger loadings changes have a significantly higher portfolio turnover
than funds with lower changes in factor loadings.

Having documented that funds deliberately change their styles, we next ask if such style
changes can be beneficial. As discussed above, if style changes are implemented in response
to incentives, investor preferences or behavioral reasons, they are unlikely to improve future
returns. But if skilled managers engage in the bottom-up stock selection unconstrained by
style or even in deliberate factor timing, they may be able to increase future returns with
the help of style shifts.

We want to capture the variation in the ability of active fund managers to adjust their
factor exposures in anticipation of future factor movements. To this end, we propose a new

measure of manager skill based on a manager’s demonstrated track record of achieving higher



future returns by changing factor loadings. We use rolling five-year windows of quarterly
data and regress the fund’s excess return on the last quarter’s style change. The regression
coefficient from these regressions captures a manager’s ability to benefit from the changing
market conditions, and we call it a “tactical investment skill.” A manager who was able to
increase future returns by changing the fund style will have a positive skill measure, and a
manager who has in the past destroyed investor value by changing the fund style would have
a negative skill measure.

We find that managers who have a track record of successfully using style changes to
increase future returns, i.e. managers with high “tactical investment skill,” outperform their
peers. The portfolio containing funds in the top quintile of this skill measure outperforms
the lowest skill quintile portfolio by 1.58% per year; the ¢-statistic is 2.75. The corresponding
four-factor alpha is also quite high, 1.09%, and statistically significant, and these magnitudes
exceed a typical fee charged by actively managed funds. We furthermore show that the
outperformance of high-skill managers as compared to their low-skill colleagues is most
pronounced following quarters in which both groups have large loadings changes. Among
the funds in the top quintile of loadings changes, managers in the top quintile of tactical
skill outperform managers in the bottom quintile of skill by a statistically significant 1.90%
per year (four-factor alpha of 1.31%).

To summarize, our results indicate that managers react to extreme flows and returns
by changing factor loadings. For a subset of managers this flexibility to change styles is
beneficial, while it is less helpful for others. Managers who are skilled to take advantage of
the style flexibility earn higher future returns than their low-skill counterparts, in particular
following large changes in fund’s factor loadings. Being unencumbered when it comes to

style can thus be useful.

1.1 Related literature

This paper adds to the literature that explores mutual funds’ time-varying styles. As men-
tioned above, funds may change their styles for several reasons, such as catering to investor

preferences, incentive reasons, behavioral biases, factor timing, or unconstrained stock selec-



tion that spans style categories. While the first three reasons are not expected to increase
returns, the latter two may result in higher future performance for skilled managers.

While the literature on mutual funds’ catering to investor style preferences is relatively
recent, (Cooper, Gulen, and Rau| (2005) make a notable contribution. This paper shows that
a lower mean fund flow in the past six months is associated with a higher probability of
the fund changing its name, for example to reflect current hot styles that have earned high
recent returns. However, some funds’ actual styles could be different from what the new
name indicates as funds have not actually changed the style to be consistent with the new
names. Our paper instead focuses on actual style changes, as measured by changes in factor
loadings.

The literature on managers changing the riskiness of a fund’s portfolio in response to
incentives is more established. Due to a convex flow-performance relation, the literature has
shown that funds that underperform their peers increase the riskiness of their portfolios later
in the year (e.g., Brown, Harlow, and Starks| (1996) and [Chevalier and Ellison| (1997)) ] Han,
Roussanov, and Ruan| (2022) further show that risk-shifting funds that increase portfolio risk
later in the year do so by allocating higher portfolio weights to stocks with the largest co-
movement (betas) with the funds’ respective benchmarks, while also reducing the exposure
to the low-beta stocks. Therefore, such behavior would result in fluctuating fund betas. We
check that our results are not driven by the later quarters.

Another incentive-based explanation for changes in fund styles is that mutual funds
change styles after experiencing poor performance to signal a change in investment strategy.
Chan, Chen, and Lakonishok| (2002)) show that funds in the bottom quintile of compounded
returns over the past two years have a larger change in HML and SMB loadings in the next
year than other funds. Lynch and Musto| (2003) find that funds with returns in the bottom
quartile change factor loadings more or are more likely to change managers than funds in
other quartiles. Funds use loadings changes or new managers to signal a new investment

strategy to stop investors from leaving after poor returns. Moreover, [Vidal-Garcia and Vidal

9Huang, Sialm, and Zhang| (2011) use a holdings-based measure of risk-shifting and show that funds
with fluctuating portfolio risk subsequently underperform funds with stable risk levels. [Brown, Harlow, and
Zhang| (2009) show that the most style-consistent funds outperform less consistent funds.



(2022) show that, when experiencing relatively low returns within its category (based on
self-declared investment policy), a fund is more likely to change its category.

In contrast to these papers, we examine factor loadings changes motivated by both prior
flows and returns. We find that both independently cause loadings changes. Fund managers
appear to change styles both because they are trying to increase flows, as the above papers
suggest, but also in order to increase future returns. As such, our results are not simply
a manifestation of the well-known flow-return relationship. Second, extending from the
method of mean comparison used in (Chan, Chen, and Lakonishok| (2002) and Lynch and
Musto| (2003), we treat return as a continuous variable by using percentile rank or including
return in the model directly. This is in contrast to using return to define a categorical
variable. Using our approach we find important non-linear effects by identifying marginal
effects for different groups of both flow and return. Adding to previous findings, we observe
that large positive returns are also associated with future loadings changes.

There are also behavioral explanations for shifting styles, for example style feedback
trading as modeled by Barberis and Shleifer| (2003). Consistent with the model’s predictions,
Frijns, Gilbert, and Zwinkels| (2016)) find evidence of both positive and negative style feedback
trading for 77% of U.S. domestic equity funds. Similarly, Busse, Ding, Jiang, and Tang] (2022)
show that mutual funds engage in feedback trading with respect to past aggregate market
returns, reducing portfolios’ market beta following poor market returns and increasing it
following high market returns. However, there is little evidence that such trading results in
elevated returns.

Fund styles may also change as a result of factor timing. The literature has investi-
gated fund managers’ ability to time the market as well as other priced factors. While
some papers do not find that fund managers are able to time the market (e.g., [Henriksson
and Merton| (1981), Daniel, Grinblatt, Titman, and Wermers| (1997)), |Chang and Lewellen
(1984)), Henriksson| (1984), Chan, Chen, and Lakonishok| (2002), Elton, Gruber, and Blake
(2012))) others, using different samples and specifications, do find evidence in favor of the
market-timing ability. Examples include Bollen and Busse (2001), when they use daily but

not monthly data, |[Busse, Ding, Jiang, and Wul (2023), who use daily return data to estimate



daily-frequency betas with a dynamic conditional correlation approach, Mamaysky, Spiegel,
and Zhang] (2008), who use Kalman filter on monthly betas, and |[Kacperczyk, Nieuwerburgh,
and Veldkamp (2014), who document the market timing ability for a subset of skilled man-
agers, and Jiang, Yao, and Yu (2007), who estimate the timing ability from the holdings
data. Moreover, [Swinkels and Tjong-A-Tjoe (2007) show some evidence of funds’ ability to
time other priced factors.

Furthermore, managers may change factor loadings by not constraining themselves to a
particular category when selecting stocks. If a manager identifies investment opportunities
that are disproportionately in a different category than the existing portfolio holdings, the
fund’s factor loadings will change. Wermers| (2012) identifies style drift from portfolio hold-
ings rather than from the regression of returns on factors and finds that managers who have
a good stock-picking track record have higher style drifts than other managers. After decom-
posing style drift into active (deliberate) and passive style drift, he finds that managers with
greater active style drift, on average, outperform other managers. This result is in contrast
to Brown, Harlow, and Zhang (2009)), who use both portfolio holdings and return regressions
to estimate style consistency, and find that more style-consistent funds tend to outperform
the less style-consistent funds. Our evidence supports both sets of results. We are able to
identify funds that consistently improve future performance through style changes, perhaps
due to their factor timing abilities as well as unconstrained stock picking, but we also identify
managers whose style changes lead them to consistently underperform, possibly due to low
skill or incentive problems.

Finally, styles may also drift naturally if a manager does not rebalance the portfolio to
maintain a constant style (what Wermers| (2012)) refers to as passive style drift). However,
Wermers| (2012)) finds that active managers exhibit larger style changes and that the active
style drift represents a substantial contribution to the total style drift. We show that the
changes in factor betas are accompanied by high portfolio turnover, indicating that it is
largely deliberate trading decisions that result in fund style changes.

By showing frequent and widespread changes in funds’ factor loadings, this paper also

adds to the literature on non-constant fund betas that advocates estimating funds’ factor



loadings using daily returns over shorter estimation windows rather than monthly returns.
Annaert and Van Campenhout| (2007 use daily returns for European equity funds distributed
in Belgium and show that the returns exhibit frequent structural breaks in their style expo-
sures. Other papers point out that assessing managers’ market timing ability from monthly
returns may be problematic. (Goetzmann, Ingersoll, and Ivkovi¢| (2000) and Bollen and Busse
(2001)) point out the pitfalls of using monthly returns to measure managers’ market timing
ability, which may be occurring at a higher frequency. Busse, Ding, Jiang, and Tang] (2022)
furthermore show that monthly-frequency regressions may give a researcher the wrong im-
pression that fund managers are skilled at market timing, while they may be instead engaged
in higher-frequency feedback trading in response to recent market returns.

In documenting that some managers exhibit skill in achieving future outperformance
through style shifts, we contribute to the literature on managerial skill. Generally, this
literature shows a positive relation between the level of activity of a mutual fund manager
and subsequent returns. For example, |(Cremers and Petajisto| (2009) define active share as
the share of holdings deviating from benchmarks and find that funds with high active share
outperform benchmarks. |Amihud and Goyenko| (2013) identify a manager’s activeness from
the return history rather than holdings. They regress past returns on benchmark factors
and show that the more active funds, those with the lowest regression R?’s, outperform the
relatively passive funds with high R*s. Pastor, Stambaugh, and Taylor (2017) document a
positive relation between fund portfolio turnover and subsequent benchmark-adjusted return.
Wermers| (2012) finds that funds with large active style drift exhibit positive four-factor
alphas. Busse, Ding, Jiang, and Wu| (2023)) show that managers who have demonstrated
a high ability to time the market in a given month continue to outperform the low-ability
managers in the future. Kacperczyk and Zheng (2005) show that funds whose portfolios
are concentrated in a few industries, in which managers are likely to have informational
advantage, exhibit better future performance. Our paper introduces a new measure, “tactical
investment skill,” based on the demonstrated ability to increase future returns through style
changes and shows that this measure is related to performance.

The rest of the paper is organized as follows. Section [2| describes data construction



and summary statistics. Section [3| discusses U-shaped patterns between past flow or return
and style changes and our main results using a piecewise linear regression model to capture
the nonlinear relationship between flow, return and style changes. Section {4 evaluates the
impact of fund loadings changes, introduces our new measure of skill and shows that high-

skill managers deliver higher returns. Section [5| concludes.

2 Data description

2.1 Data and variable construction

We use data from the Center for Research in Security Prices (CRSP) Survivor-Bias-Free US
Mutual Fund Database. We use the mutual fund link variable from the MFLINKS database,
and data on factor portfolio returns and one-month Treasury bill rates comes from Ken
French’s website.

To examine funds’ factor loadings changes, we select the universe of active domestic
diversified equity funds as the sample. We exclude fixed income funds, mixed equity and
fixed income funds, international funds, sector funds, hedge or short style funds, index funds
and ETFs. We also restrict attention to funds that have at least a certain minimum size.
Following [Elton, Gruber, and Blake| (2001) and [Pastor, Stambaugh, and Taylor (2015), we
use data on fund asset size to drop small funds which have total net assets smaller than 15
million and thus have more noisy information.

All the data are aggregated to the fund level. Different share classes of one fund differ only
in terms of the fee structure and minimum investment requirements. They share the same
portfolio and so portfolio construction and style adjustments happen at the fund level. We
therefore link funds using MFLINKS and calculate fund-level return as the asset-weighted
return of all share classes of a fund.E] We use fund name, index fund flag, ET (Exchange
Traded) flag, and CRSP objective code from the oldest currently available share class of the
fund in each period.

For each fund in our sample, we estimate quarterly four-factor (Carhart| (1997))) loadings

6We use MFLINKS to aggregate up to the fund level, and we drop unmatched share classes.



of funds to measure fund style and its change. Self-declared styles are not suited to capturing
small style shifts, and are often inconsistent with actual styles because of misclassification
(DiBartolomeo and Witkowski (1997), Bams, Otten, and Ramezanifar (2017), Cremers,
Fulkerson, and Riley| (2022)). To estimate factor loadings we assemble daily data on fund
net return|’] factor portfolio returns, and one-month Treasury bill rates. Using daily return
data allows us to estimate factor loadings at the quarterly frequency. We regress fund daily
excess net returns over daily one-month Treasury bill rates on daily market excess returns,
SMB, HML, and MOM. Since the daily fund net return data is available from September
1998, estimated loadings start from the last quarter of 1998.

When we compute the quarter-to-quarter changes in factor loadings, we subtract the
respective loadings of the factor-neutral portfolios. [Lettau, Ludvigson, and Manoel (2018)
show that factor-neutral long-short portfolios do not have a factor loading of zero since the
loading tends to tilt towards the more volatile side of the portfolio. For SMB, HML and MOM
factors, we construct factor-neutral portfolios as long stocks above the median characteristic
for each factor and short stocks below the median characteristic. Therefore, what defines a
fund’s style in one period and makes styles comparable across periods is not the distance
from a fund’s loading to zero but the distance from a fund’s loading to the factor-neutral
portfolio’s loading. We make this adjustment for all loadings except the market loading.
Market loadings are compared to one in all periods and thus used to calculate changes
without adjustment.

It is useful to consider a specific example for illustration. The SMB loading of the Fidelity
Equity Income Fund is -0.14 in the third quarter of 2002 and -0.15 in the fourth quarter of
2002, while the SMB-neutral portfolio’s SMB loading decreases from 0.47 to 0.42 during the
same period. The loading of the fund is below that of the neutral portfolio and thus tilts to
the large style in both periods. However, in the second period, it moves closer to the neutral
portfolio and invests less in the large style. This is true even though the fund’s loading
becomes slightly more negative.

Since specific directions in which fund managers might choose to change styles vary with

"We use the terms “net return” and “after-fee return” interchangeably. Likewise, we use the term “before-
fee return” interchangeably with “gross return.”

10



market conditions, loadings changes in this study focus on magnitudes and do not account
for directions or signs of changes. So, the final measure is the absolute value of the change.

We calculate fund flows in accordance with prior literature, and this calculation requires
total net assets and monthly net return of a fund. Flow is defined as the change in total net
assets not explained by the return: flow; = (TNA;, — TNA,_1 x (14+ R;))/TNA;_1, where
TNA; and TN A,_; are respectively total net assets at the end of quarter ¢ and quarter ¢t —1,
R; is compounded net return in quarter ¢ based on three monthly net returns in the quarter.

We compute four-factor alphas. In the regression, we include prior quarter alpha to
control for the possible influence of return on fund flow (through the return-flow relation);
in addition, prior alpha may also have a direct impact on style changes. The positive return-
flow relation is found using raw return rank (Sirri and Tufano| (1998)), (style-adjusted)
four-factor alpha (Lynch and Musto (2003)), and one-factor alpha (Berk and Binsbergen
(2015)). However, raw returns and one-factor alphas include SMB, HML and MOM loadings.
Moreover, when investigating the relation between return and loadings changes, |Chan, Chen,
and Lakonishok (2002) use three-factor alpha, and |Lynch and Musto| (2003) use four-factor
alpha; we also use four-factor alphasf]

In order to reduce the effect of outliers, each quarter we winsorize factor loadings, flows
and alphas at the 1% and 99% levels. Finally, we use monthly total net returns in the past

12 months to measure return volatility.

2.2 Summary statistics

In order to be included in the analysis we require non-missing data for the fund flow, alpha,
lagged alpha, next period absolute loadings change, and return volatility calculated as the
standard deviation of monthly fund returns over the previous 12 months. Daily fund return
data in CRSP is available starting in September 1998. The first quarter with estimates of

factor loadings and alphas is the fourth quarter of 1998, and the first quarter in our sample

8Given the results in Berk and Van Binsbergen| (2016) and [Barber, Huang, and Odean| (2016) that fund
flows respond to Jensen’s alpha rather than four-factor alphas and thus these are the alphas that managers
may care about more, we have replicated our analysis with the CAPM alphas and found that the results are
robust to this change.

11



is the second quarter of 1999, by which two quarter lagged alpha becomes available. The
final sample includes 3,874 funds from the second quarter of 1999 to the fourth quarter of
2021. Table[ljreports summary statistics for our main sample of diversified domestic equity
active funds.

Average and median market beta are equal to 0.94 and 0.97 respectively. Funds have an
average tilt toward small cap stocks, reflected in more extreme positive loadings on SMB; the
median is equal to 0.05, while the mean is 0.19. Funds are neutral relative to the momentum
and value/growth styles, reflected in average and median loadings that are close to zero.
These values are consistent with the distribution of mutual fund factor loadings reported in
Lettau, Ludvigson, and Manoel (2018). As for the time dimension, we observe that there
is substantial variation in factor loadings quarter to quarter. We have checked the average
factor loadings through time (unreported) and find that SMB and HML loadings decline,
though adjusted loadings do not have a trend since the loadings on the factor-neutral SMB
and HML portfolios also decline.

Absolute changes in factor loadings, which we measure as the absolute value of the
difference in the adjusted factor loading from one quarter to the next, are largest for HML
and smallest for MKT. Mean absolute changes lie between 0.08 to 0.15 and the median
changes lie between 0.05 and 0.11. Since the absolute values are right-skewed, the 75th
percentile values are much larger, and lie between 0.10 for market loadings and 0.20 for
HML loadings. There is significant time variation in average absolute loadings changes.
Figure 1| reports magnitudes of loadings changes for all four loadings over time. The average
absolute loadings change decreases for all loadings. Throughout the sample, HML, SMB and
MOM loadings changes are generally larger than MKT loadings changes (Wermers| (2012)
shows a similar result estimated from the portfolio holdings data). In our regression analysis
on the determinants of loadings changes we therefore include time fixed effects to account
for this variation.

The statistics for fund flows show that there are more occurrences of outflows than
inflows, but in terms of magnitudes, outflows are, on average, smaller in magnitude than

inflows. Outflows are also less variable than inflows. On average, the fund flow declines

12



during the sample period, as shown in Figure [2] which plots average quarterly flows. For
both outflows and inflows, the mean flows are larger in absolute value than the median flows,
suggesting that the distribution of the absolute fund flows is right-skewed.

The median quarterly fund alpha is equal to -0.25%, which indicates that the value added
by active fund management, to the extent that it is present, is smaller than the fees charged
for more than half of the observations. The alpha distribution appears somewhat left-skewed.
The distribution of fund size is very right-skewed. Median TNA is $316 million, while the
mean is equal to almost $1.7 billion. Finally, the median fund in the sample has almost nine

years of data, which amounts to a little less than half our total sample period.

3 Effect of prior flows and returns on style changes

In this section, we establish that funds change styles following extreme returns and fund

flows.

3.1 Unconditional patterns: Graphical analysis

We start by analyzing the unconditional relationship between style changes and past fund
flows and returns. We begin by sorting funds into 100 equal-sized groups by their fund flow
in each quarter. For each group we then measure the average absolute value of the loadings
change for each of the four factors over the following quarter. Figure [3| Panels A to D plots
the average absolute loadings changes by fund flow percentile. The relation between loadings
changes and past flows is U-shaped or V-shaped, with both larger outflows and larger inflows
followed by larger changes in loading. We also note that the effects are comparable across
factors, with the effect being slightly weaker for the market factor and not as strong for
inflows for the momentum factor.

In our regression analysis we will capture the non-linear effect in three different ways,
first, by assuming a U-shaped pattern with downward and upward sloping segments for
more extreme flows and a flat segment for smaller absolute flows; second, by assuming a

V-shaped pattern, where we assume a downward and an upward sloping segment; and third,
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assuming that both large outflows and large inflows are associated with larger style changes
and estimating the average effect by including two dummy variables capturing large absolute
flows.

We next repeat the same procedure but for alphas. Each quarter we sort funds into
percentiles by their four-factor alphas in that quarter and then measure the average absolute
loadings change over the next quarter. Figure 4| shows the plots. The pattern is very similar
to the relationship between flows and style changes, though less noisy. As with flows, we
note that the relationship is similar across factors, suggesting that it will be possible to
examine factor loadings changes together. Figure [ reports the results for the two-quarter-
ahead loadings changes, and the pattern is again very similar. The results so far suggest

that managers react to large past flows and returns by changing factor loadings.

3.2 Piecewise linear regressions

To capture the nonlinear relationship between loadings changes and past returns and fund
flows shown in the figures, we run piecewise linear regressions. Specifically, fund flows and
returns are each divided into large negative, intermediate and large positive segments. Each
quarter, the bottom 25% of the distribution is classified as large outflow, the 25th to the
75th percentile is classified as intermediate level flow, and the top quartile is large inflow. We
then choose a piecewise linear specification that connects the three linear parts of the model.
We construct the same three segments for fund returns measured by four-factor alphas. In
this way, fund flow, alpha and lagged alpha are each broken up into three segments: bottom
quartile, middle 50%, and top quartile.

Table [2] presents the results of regressing the mean absolute loadings changes on past
fund flows and returns as well as other controls. In all regression specifications, we include
lagged average absolute loadings as a control variable because it is possible that loadings

changes are at least partly driven by mean reversionﬂ We indeed find that in four out of the

9A factor-neutral fund will have adjusted HML, SMB, and MOM loadings of zero and a MKT loading of
one; hence, large absolute loadings measured in the previous quarter may result in large loadings changes in
the next quarter due to mean reversion. Such mean reversion could partly be driven by noisy measurement
of loadings changes.
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five specifications there is a significant positive coefficient on the average absolute loadings
in the prior quarter.

Consistent with the pattern observed in Figure (3, Table [2] shows a large negative coef-
ficient for larger outflows and a large positive coefficient for large inflows, this means that
both large outflows and large inflows in the current quarter are followed by a larger style
change in the next quarter. The effect of lagged intermediate flow is much smaller and
indistinguishable from zero when all controls are included['Y]

In specifications (2)—(5), we add more explanatory variables: fund’s four-factor alphas,
the alphas lagged by one quarter, and return volatility. Lagged alphas may have a direct
incremental effect on the change in loadings two quarters later. Additionally, lagged alphas
may affect future loadings changes through their effect on fund flows in the following quarter.
If this is the case, the unconditional effect of flows on style changes identified in the figures
and in the first regression specification may partly be driven by the well-documented return-
flow relationship. Return volatility is measured as the standard deviation of a fund’s monthly
returns over the previous 12 months. Similar to the specification for flows, we include three
linear segments for alphas and lagged alphas: large negative, large positive and intermediate
segments.

The results show that large negative alphas are followed by large loadings changes (con-
sistent with (Chan, Chen, and Lakonishok| (2002) and [Lynch and Musto (2003)), and the
magnitude of the loadings change increases with the magnitude of the underperformance
(the coefficient on large negative alpha percentile is negative and highly statistically signif-
icant). However, well-performing funds change styles as well, and more so the higher the
alpha. To the best of our knowledge, we are the first to document style changes for outper-
forming funds. It can be explained by either factor timing or unconstrained stock selection,
which involves replacing stocks whose prices already adjusted to their fair values with any
undervalued stocks, irrespective of their characteristics.

The additional control variables are all highly significant. With the inclusion of alphas

0Since fund flows are autocorrelated, and the change in style may be instead responding to the current
quarter’s flows, we have also including the current quarter’s fund flow as an additional control for robustness
and obtained very similar results, though the coefficient on past fund flows is slightly smaller.
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and lagged alphas, the effect of fund flows is cut almost in half, though it remains highly
statistically and economically significant. The effect of fund flow on style change, therefore,
appears to be partly driven by the return-flow relationship, but an important effect remains
once we control for returns, indicating that funds react both to returns and flows. Return
volatility is a large and highly significant predictor of future loadings changes. The effect
may work through two channels: more volatile returns may lead to higher loadings changes,
and volatility may increase noise of measured fund loadings and therefore loadings changes.

The pattern in the coefficients on fund alphas is similar to the unconditional results
shown in Figures [] and 5] Coefficients for large negative alpha and lagged large negative
alpha indicate that a negative return of larger magnitude leads to a larger style change; the
same is true for large positive alpha and lagged large positive alpha. Intermediate percentiles
of alpha do not result in any change in style[’T| Coefficients for lagged alpha show that funds
also consider performance two quarters ago when changing styles.

The economic magnitudes of the estimated coefficients on alphas are large. Taken to-
gether, the magnitude of the loadings changes in response to the returns in the prior two
quarters are consequential: all else equal, compared to a fund in the 75th percentile of the
alpha distribution, a fund whose alpha is in the 100th percentile of the distribution will shift
its factor loadings by 0.063 two quarters out ([13.4bp+11.8bp] x 25, based on the estimates in
the regression specification (2)). If a particular factor risk premium is, say, 10% per year, then
the shift of this magnitude would alter the annual expected return by 0.063 x 10% = 0.63%,
which is on the order of magnitude of fees charged by actively managed funds. The result
that managers change styles following good performance, to the best of our knowledge, is
new to the literature, and the change in fund styles that follows good performance is difficult

to attribute to agency reasons.

HTn a previous version of the paper we included four segments — all quartiles of flow and return. The
(unreported) results confirm that coefficients for intermediate percentiles of fund flow and return are not
associated with statistical significance when explaining style changes.
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3.2.1 Additional controls: Time and fund fixed effects

Investors’ style preferences and common investment strategies may change over time. For
example, there could be large outflows as investors change from active to index funds. There
may be important aggregate changes in styles (Figure|l]) that can be related to time variation
in flows resulting from a general growth or decline of all active funds in the sample (Figure .
The aggregate relation between returns, flows, and style changes may be particularly strong
in periods when actively managed funds experience low returns. Moreover, fund flows may
have seasonal patterns, and may conicide with the times when funds rebalance and change
styles. We control for the possibility of such effects by adding quarterly-frequency time fixed
effects; the fixed effects control for an overall trend in aggregate flows and shifts in styles, as
well as seasonality in flows and fund rebalancing activities, and other time patterns of returns,
fund flows and investment styles. The specification with time fixed effects is presented in
column (3). The results show that the effects of flows and returns on style changes remain
unchanged and statistically significant compared with column (2).

It is also possible that some funds are more active than others, and the more active funds
(relative to the index) may both exhibit large style changes and experience more extreme
returns and fund flows. These effects are already controlled for by including both prior
absolute style level and volatility. However, since funds’ being close to or deviating from the
index is a relatively stable strategy over time for each fund, an additional way to control for
it is to include fund fixed effects.

Results with fund fixed effects are reported in column (4). Effects are estimated of
within-fund variation in style changes, returns and flows. The results indicate that there
is indeed important variation across funds in our three main variables not captured by the
other controls. Including fund fixed effects results in much smaller coefficients on returns,
which are cut by more than half; coefficients on fund flows are also reduced, especially on
outflows. Nevertheless, the effects of fund flows and returns on subsequent style changes
remain significant. Finally, in column (5) we include both fund fixed effects and time fixed
effects. The results are slightly smaller than those with fund fixed effects only in column (4)

but remain significant.
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We note that the strong relation between positive returns and style changes documented
here is different from Wermers (2012)), who shows a contemporaneous positive relation be-
tween fund manager career-average stock-picking return and style change. The panel re-
gression in this paper relates past returns to future style changes, and also controls for fund
and time fixed effects. While the return in |Wermers| (2012) is the average level for a fund
manager, in the specifications with fund fixed effects, the return in this panel regression is
the deviation from the average. The interpretation is that after fund managers experience
unexpected large return deviations from the average return, they react by changing the fund

style.

3.3 Robustness tests

In this subsection, we consider a number of alternative specifications and variable definitions
used in Table [2| and find that the results are robust to these changes. We begin by inves-
tigating loadings changes separately on each of the four factors. We obtain largely similar
results to those in the main table that predicts the average absolute loadings change in the
next quarter: Extreme returns and fund flows lead to large loadings changes across all four
factors. The results are discussed in the Appendix section[A.Il]and reported in the Appendix
tables [AT] through [A4]

We next choose different specifications to uncover the non-linear effects of returns and
fund flows on the next quarter’s style change. So far, we have used percentile ranks instead
of actual returns and fund flows to reduce noise; very large flows and returns can be quite
extreme, even after winsorization. Using the percentile rank reduces that variability to
ensure that results are not driven by it. However, it is useful to check whether or not the
results shown in Table [2] are robust to using actual values of fund flow and return instead.
We additionally move from a three-segment to a two-segment piecewise linear specification
for returns and fund flows: We estimate a V-shaped specification with only two linear pieces
for returns and fund flows. These results are discussed in the Appendix section [A.IT]l The
main regression results are presented in the Appendix Table [A5] and the results for each

of the four factors are presented in the Appendix Tables [A6| through [A9 Consistent with
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the previous results, this specification shows V-shaped effects—both negative and positive
alphas and negative and positive fund flows result in a large change in absolute loadings.
Moreover, these results hold for the absolute loadings changes in each of the four factors.

Yet another way to identify the non-linear effects of fund flows and returns on future
style changes is to include dummies for large outflows and large inflows (top and bottom
fund flow quartiles) and for large negative and large positive alphas and lagged alphas (top
and bottom alpha quartiles). This specification also uncovers positive significant effects of
these dummies on future absolute loadings changes/"]

One may be concerned that our results are related to the liquidity of the stocks held
in the portfolio. For example, managers may be responding to negative flows by selling off
the more liquid stocks, and the factor loadings may be altered if these stocks have different
characteristics than the rest of the portfolio holdings. To check this, we exclude funds that
hold small stocks (identified as funds in the top 30% of the SMB betas). The coefficients
on the lagged flows become somewhat lower, but the coefficients on past alphas remain very
similar in magnitude "]

Since there may be mean-reversion in factor loadings, we also consider a specification
with the lagged absolute mean loadings change as an additional explanatory variable. Since
the lagged dependent variable cannot be included in the specification with fund fixed effects
(see, e.g., Angrist and Pischke| (2009)), we include it in the specifications with and without
time fixed effects but no fund fixed effects. The coefficient on the lagged loadings change is
positive and significant, but the coefficients on past extreme fund flows and alphas remain
significant. These results are reported in the Appendix Table [AT0]

Finally, we analyze separately fund style changes earlier and later in the year. If factor
loadings changes are driven primarily by agency issues, the effect should be stronger later in
the year: |Brown, Harlow, and Starks| (1996]) show that underperformance by July already
leads managers to increase the riskiness of their portfolios for the rest of the year, and
Chevalier and Ellison| (1997) show that underperforming managers increase the riskiness of

their portfolios in the fourth quarter. When we focus separately on loadings changes in

12To save space these results are not reported but are available upon request.
B These results are available upon request.
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quarters 1 & 2 and quarters 3 & 4, or quarters 1 through 3 and quarter 4, we obtain very

similar coefficients on past flows and returns for all subsamples. The results are reported in

the Appendix Tables and [AT2] respectively.

4 Loadings Changes, Trading, and Skill

Having documented that managers change fund style as a consequence not only of bad but
also of good performance, we next show that style changes are the result of deliberate trading
decisions and not passive style drifts. We then investigate whether or not style changes can

influence future fund performance.

4.1 Changes in factor loadings and trading activity

A concern with our analysis of loadings changes might be that a fund’s factor loadings can
change mechanically as a result of individual assets held in the portfolio changing their factor
loadings over time. While this mechanism is unlikely to result in significant loadings changes
when aggregated to the fund level, we nevertheless perform a test to ensure that factor
loadings changes ensue from deliberate trading decisions of the fund manager. For this test,
we use the annual turnover measure provided in the CRSP Mutual Fund database, which
is calculated at the end of each year ¢ for each fund i, as the minimum of the fund’s total

purchases and sales over year t scaled by the fund’s average TNA in year t:

man(buys; , sells; )

1
AvgT'NA;, (1)

FundTurnover;; =

As pointed out by Pastor, Stambaugh, and Taylor (2017, this definition of turnover, used by
the Securities and Exchange Commission, largely excludes turnover arising from persistent
inflows and outflows to and from the fund and rather reflects the fund’s active decisions to
change portfolio holdings.

To check whether larger factor loadings changes are associated with a higher portfolio

turnover, we perform the following test. At the end of each year t, we calculate average
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portfolio loadings change over the past four quarters. We then sort funds into quintile
portfolios based on this average loadings change measure and calculate the average fund
turnover for each portfolio, as well as the difference between the high- and low-loadings-
change portfolios.

The results are presented in Table |3 The table shows that the average fund turnover
increases monotonically with the average loadings change, from 0.63 for the lowest loadings-
change fund quintile to 0.97 in the highest loadings-change fund quintile, and the difference
in turnover of 0.34 between the extreme quintiles is highly statistically significant, with a
t-statistic of 9.69. This result suggests that loadings changes reflect managers deliberately
replacing some of their portfolio holdings with others that have systematically different factor
loadings. This result is consistent with Wermers (2012), who also finds that style drift largely

results from managers’ trading decisions.

4.2 Changes in factor loadings and future performance

The evidence so far shows that some managers respond to extreme conditions by changing
factor loadings of their portfolios. We now ask if these changes can help funds improve future

performance, or perhaps destroy value.

4.2.1 New measure: ‘Tactical investment skill’

In principle, some flexibility with fund loadings can help improve performance. Some recent
studies show that the factor premia are not constant through time and may be forecastable["]
and that factor timing strategies are possible (e.g., |Levis and Tessaromatis| (2004), Had-
dad, Kozak, and Santosh| (2020), and [lmanen, Israel, Moskowitz, Thapar, and Lee| (2021))).
Hence, skilled managers may improve fund performance by changing factor loadings in re-
sponse to market conditions. Managers may also not engage in an outright factor timing
strategy but rather achieve favorable loadings changes through unconstrained stock picking

decisions, i.e., buying stocks with good prospects and selling stocks with poor prospects

14Gee, e.g., |Daniel and Moskowitz (2016)), |Cohen, Polk, and Vuolteenaho (2003), [Polk, Thompson, and
Vuolteenaho| (2006]), Pettenuzzo and Timmermann| (2011)), and |Polk, Haghbin, and De Longis| (2019).
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while not restricting the trades to maintain constant portfolio factor loadings. In contrast,
style changes implemented for agency or behavioral reasons may be detrimental to fund per-
formance because these changes will not increase expected returns but surely destroy value
through trading costs.

We propose a new measure of a manager’s skill based on their track record of achieving
higher returns through loadings changes. We hypothesize that some fund managers may
be more skilled than others at unconstrained stock selection that alters portfolio loadings
or factor timing while other managers may have negative “skill” if they trade for agency or
behavioral reasons. We measure what we refer to as a manager’s “tactical investment skill”
by running the following rolling regression. For each fund ¢ in each quarter 7, we use a 5-year
quarterly-frequency trailing window |7 — 19, 7| to regress the fund’s excess return in current

quarter ¢ on the absolute loadings change, |ALoadings|, in the previous quarter, ¢t — 1:
ExcessRet], = o] + B |ALoadings], |+ €], (2)

The estimated regression coefficient B{ is our measure of fund 7’s manager’s “tactical invest-
ment skill” in quarter 7. A high estimate of B[ would thus indicate high skill and a low
estimate low skill.

Summary statistics for tactical investment skill, winsorized at the 1% level, are reported
in Table ] Note that, ex ante, it is possible that all managers have positive or negative
tactical investment skill, implying that loadings changes could always be harmful or helpful.
Instead, we find a split, consistent with the idea that loadings changes have many reasons,
some resulting in higher returns, some in lower returns. The table shows that the mean skill
is slightly negative, while the median skill is equal to zero. Managers at the 25% percentile
of the skill distribution destroy value with their loadings changes (their skill measure is
negative), while managers at the 75th percentile of the skill distribution add value (their
skill measure is positive).

To get a sense of economic magnitude, we consider a manager with high skill who also

engages in high loadings changes. A one standard deviation increase in skill, 0.49, multiplied
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by the average standard deviation of quarterly loadings changes, 5%, results in an estimated
in-sample outperformance of 2.5% per quarter. Moreover, skill is slightly left skewed. We
have thus established that loadings changes can be beneficial and increase returns, but they
can also lead to lower returns. However, if this measure of skill is to be useful as a predictor

of future returns, we need to establish a relationship with future fund performance.

4.2.2 Do skilled managers earn higher returns? Predicting fund performance

To check whether managers who have exhibited tactical investment skill outperform their
low-skill peers in the future, we perform the following test. In each month, we sort all
funds into quintiles based on the manager’s tactical investment skill measured as of the most
recent quarter-end: bottom 20% (low-skill funds) up to top 20% (high-skilled funds). We
then calculate the average before-fee monthly fund portfolio return and the average return
differential between the high- and low-skill funds['’] The average annualized fund returns,
return differentials, and their four-factor alphas are reported in Table

The table shows that the average excess returns and the corresponding four-factor alphas
indeed monotonically increase in our skill measure. The average annualized excess return
earned by the funds in the bottom tactical skill quintile is 9.33%, and is equal to 10.91% for
the funds in the top quintile. The high-skill minus low-skill raw return differential is 1.58% (-
statistic= 2.75). This magnitude of outperformance is economically meaningful, it is higher
than a typical expense ratio for an actively managed fund. Based on the four-factor alpha, the
table shows that low-skill managers appear to destroy investor value (the four-factor alpha
is —0.83%, with a corresponding t-stat of —1.62), either due to agency reasons or manager
irrationality, and should be avoided. The four-factor alpha of the return differential is 1.09%
(t-statistic= 2.08). The positive and significant four-factor alpha suggests that the high-skill
managers’ ability to outperform their low-skill peers through factor loadings changes is not
entirely explained by factor timing, which would have resulted in a low level of alpha.

The results are robust to various other choices for the skill sorting breakpoints. When

using after-fee alphas (see Appendix table|A13)), remarkably, none of the alphas are positive,

15We calculate before-fee fund returns by adding the expense ratio to the post-fee return.
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and the low-skilled funds earn significantly negative alphas. However, the outperformance
of the high-skill relative to the low-skill managers is similar in magnitude, implying that
high-skill managers do not systematically charge higher fees than low-skill managers. As the
before-fee results indicate, some managers tend to create some value before fees; however, net
of fees, alphas are negative. This pattern becomes more pronounced when, following Cremers,
Petajisto, and Zitzewitz (2012), we use tradable commercial benchmark indicesE] composed
only of U.S. based stocks, and used by active mutual funds as benchmarks in place of the
Fama-French factors (See appendix Table . With this adjustment, high-skill funds earn
a before-fee alpha of 0.69%, though the point estimate is not quite statistically significant at
conventional levels (¢-stat of 1.37), while low-skilled managers earn a statistically insignificant

but negative alpha of -0.40.

4.2.3 Conditioning on the change in factor loadings

Having shown that skilled managers can increase future returns by changing factor loadings,
we further investigate whether the magnitude of future outperformance is related to the
magnitude of loadings changes. That is, do managers skilled in using loadings changes to
increase returns do better at times when they are changing loadings by more?

For this analysis, we perform an independent double sort. In each month, we form
portfolios of mutual funds sorting on loadings changes and skill. We sort funds into high-
medium- and low-skill groups, using our tactical skill measure, estimated as of the most
recent quarter. We use a 20-60-20 split, so that results are comparable to Table [5} We also
sort funds into bottom, middle, and top groups based on the average of the absolute four
loadings changes in the most recent quarter. We then calculate average monthly returns for
each fund portfolio, monthly return differentials between the high- and low-skill portfolios
for the extreme loadings-change groups, as well as the corresponding four-factor alphas.

The results are reported in Table[6] There is a clear split between low and high loadings

16We recalculate the alphas in Table using S&P500 index for the market factor, the return on the
Russell 2000 index minus the return on the S&P 500 index for the size factor, the return on the Russell 3000
value index minus the return on the Russell 3000 growth index for the value factors, and the |Carhart| (1997)
momentum factor.
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changes, indicating that higher-skill matters more when loadings changes are higher. For the
high loadings change group, fund returns and alphas increase monotonically with skill. The
return differentials, between the high- and low-skill fund portfolios, and the corresponding
four-factor alphas, are positive and statistically significant. Notably both are also higher
than the single-sort return and alpha differentials reported in Table 5] though there is also
slightly higher noise reflected in similar ¢-statistics. In contrast, the relationship between skill
and return is much weaker for funds with low loadings changes—the pattern is no longer
monotonic. High-skill funds still outperform low-skill funds but the difference is small and
not statistically significant. These results are also present in the robustness checks, in which
we consider net returns instead of gross returns (reported in Appendix Table and when
we compute gross return alphas using tradable commercial benchmark indices proposed by
Cremers, Petajisto, and Zitzewitz] (2012) (reported in Appendix Table [A16]).

We perform a number of additional robustness checks. First, we perform a conditional
double sort, where we first sort on loadings changes and then skill. We find similar results
(Table [AT7). We also perform a conditional double sort with more extreme bins. Instead
of a 20-60-20 split we use a 10-80-10 split. This results in much smaller portfolios of funds
in the extreme groups. However, we do find that the effect of skill is stronger there—when
both the skill level is higher and the loadings changes are larger. Specifically, for the high-
loadings-change group, the magnitude of the skill-induced excess return differential is 4.13%
per year, with a corresponding ¢-statistic of 3.65. The annualized four factor alpha is equal
to 3.26% with a t-statistic of 3.01. These magnitudes of outperformance are roughly twice
as large compared to those found in the single sort on skill. This is most likely driven by the
more extreme sort performed. Using index fund benchmarks following |Cremers, Petajisto,
and Zitzewitz (2012)) (Table patterns are similar. One notable difference is that high-
skill funds now outperform the benchmark during high-loadings change quarters. The alpha
is equal to 2.15% and has a t-stat of 1.85.

We also perform a less extreme (independent) sort using 30-40-30 breakpoints (unre-
ported) and find that our results continue to be robust. Most likely because of lower lev-

els of return volatility, we find slightly higher significance of the return differentials. The
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high-minus-low skill return differential for the high-loadings-change group is 1.68% per year
(t-statistic= 3.18), and its four-factor alpha is 1.27% (t-statistic= 2.62); results using index
benchmark alphas are similar.

In sum, the results in this section show that the tactical investment skill, which captures
a manager’s track record of increasing returns through style changes, has a predictive ability
for future performance differences between the high- and low-skilled managers. Supporting
this interpretation, the effect of skill on future returns is stronger following periods of large
loadings changes. Differences in performance are economically large and exceed a typical
expense ratio charged by actively managed funds.

Our estimates of the return magnitudes and the corresponding statistical significance
levels are similar to those reported in other papers that predict mutual fund returns based
on the papers’ respective measures of manager skill by sorting funds into portfolios based on
the skill measure. Because funds are already well diversified, even small return differentials
tend to be highly statistically significant. For example,|Cremers and Petajisto| (2009)) develop
a measure of a manager’s “activeness” based on the deviation of a fund’s holdings from its
benchmark portfolio, which the authors label “active share,” and then sort funds into quintiles
based on this measure. They show that over the 1990-2003 sample period the annualized
four-factor alpha of the return differential between the high- and low-active-share quintiles
is 1.14% (t-statistic= 2.53). |Amihud and Goyenko (2013 argue that funds with a low R?
obtained from regressing past fund returns on benchmark factors may be more skilled at
individual stock selection and then show that over the 1990—2010 period, when sorted into
quintiles based on the return regression R?, funds in the low quintile outperform funds in the
high quintile by 2.05% per year (t-statistic= 2.68). Finally, |Jiang and Verardo| (2018) argue
that mutual fund herding in trades reveals low skill and form decile portfolios of mutual
funds based on their herding measure calculated in the past quarter. They find that over
the 1990 to 2009 sample period the annualized four-factor alpha of the return differential
between the bottom and top herding deciles is 1.92% (t-statistic= 2.93).
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5 Conclusion

This study shows that both prior returns and prior fund flows motivate fund managers to
change styles. We measure style changes as the average absolute value of loadings changes
across the four Fama and French| (1993) and |Carhart| (1997) factors. We find that both low
and high past returns and fund flows lead managers to change fund styles in the future.
Changes in fund styles result from active trading decisions rather than from a passive style
drift. One potential explanation of this behavior could be agency problems, whereby man-
agers change fund styles as a result of poor past performance, in order to catch up with other
managers and to attract fund flows. We hypothesise that, in addition, a subset of managers
may be trying to achieve higher returns through an unconstrained stock selection or factor
timing.

We explore if and to what extent managers can indeed improve future performance by
changing fund styles. The answer depends on whether a manager has demonstrated a prior
track record of achieving higher returns by altering factor loadings. We first show that some
managers have a track record of achieving higher returns after higher factor loadings changes,
while others have lower returns following factor loadings changes. This implies that loadings
changes can have quite different effects on performance. We then show that managers who
were able to improve fund returns through factor loadings changes—those with what we call
a “tactical investment skill’—continue to outperform managers who reduced returns when
engaging in style changes. In a quintile sort, the skilled managers outperform unskilled
managers by 1.58% per year, on average, and this magnitude is highly statistically significant
and exceeds most active funds’ expense ratios. The outperformance cannot be attributed
purely to the factor timing ability since it is associated with a positive and significant four-
factor alpha. The results, which are based on before-fee returns, indicate that there is a
clear spread in returns between high-skill and low-skill managers, and a return spread of a
similar magnitude is present for after-fee returns. Consistent with the idea of unencumbered
managers being better able to generate value, we find that the outperformance of high-skill
managers is particularly pronounced following quarters with large loadings changes. We

leave it to future work to identify the origins of the “tactical investment skill.”
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Figure 1: Average absolute changes in loadings over time

In each quarter and for each factor loading, all funds’ loadings are averaged. MKT is the market loading.
SMB, HML and MOM loadings are benchmark adjusted. Specifically, benchmark-adjusted SMB is the SMB
loading of a fund minus that of the portfolio (S + B)/2 in each quarter. Benchmark-adjusted HML is the
HML loading of a fund minus that of the portfolio (H + L)/2 in each quarter. Benchmark-adjusted MOM
is the MOM loading of a fund minus that of the portfolio (HiPrior + LoPrior)/2 in each quarter.
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Figure 2: Average fund flow over time

This figure plots quarterly average fund flows from 1999 Q2 to 2021 Q4.
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Figure 3: Absolute loadings change and past fund flow.

Each quarter, funds are classified into 100 equal-sized groups based on flow in the last quarter. For each of
the 100 groups, average absolute loading changes are calculated.
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One-quarter lagged alpha groups

Panel B: Benchmark-adjusted SMB
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Figure 4: Absolute loadings change and one-quarter lagged alpha

Each quarter, funds are classified into 100 equal-sized groups based on alpha in the last quarter. For each
of the 100 groups, average absolute loading changes are calculated.
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Each quarter, funds are classified into 100 equal-sized groups based on two-quarter lagged alpha. For each
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Figure 5: Absolute loadings change and two-quarter lagged alpha

of the 100 groups, average absolute loading changes are calculated.
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Figure 6: Fund outflow and inflow over time

2019

In each quarter, the average outflow and inflow are calculated and shown.
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Table 1: Summary statistics

Count Mean Std. 25% 50% 75%

MKT loading 155,624 0.94 0.17 0.88 0.97 1.04
SMB loading 155,624 0.19 0.35  -0.07 0.05 0.43
HML loading 155,624 0.04 028  -0.12 0.04 0.22
MOM loading 155,624 0.02 0.19  -0.08 0.01 0.11

|A adj. MKT loading| 155,624 0.08 0.08 0.02 0.05 0.10
|A adj. SMB loading| 155,624 0.10 0.10 0.03 0.07 0.13
|A adj. HML loading| 155,624 0.15 0.14 0.05 0.11 0.20
|A adj. MOM loading| 155,624 0.12 0.11 0.04 0.09 0.17

Fund Flow 155,624  0.05% 10.57% -4.21% -1.49% 2.18%
Outflow 98,075 -4.91% 5.20% -6.02% -3.35% -1.76%
Inflow 57,549  8.49% 11.95% 1.54% 4.22% 10.12%
Alpha 155,624 -0.29% 2.72% -1.59% -0.25%  1.03%
Negative alpha 86,226 -1.98% 1.97% -2.62% -1.41% -0.65%
Positive alpha 69,398 1.80% 1.97% 0.54% 1.22% 2.36%
Total net assets ($ mil.) 155,624 1,741 6,553 97 316 1,127
# quarter per fund 3,874 40 29 16 34 63

This table reports summary statistics of quarterly factor loadings, loadings changes between two quarters,
flow, alpha, asset size, and number of quarters since a fund entering the sample. The sample includes 3,874
funds from 1999 Q2 to 2021 Q4. Factor loadings and alpha are estimated from Carhart 4-factor model using
daily fund return data in each quarter. Quarterly fund flow is defined as fund flow, = (TNA; — TNA;_1 X
(14 Rt))/TNA;_1, where TNA; and TNA;_, are total net assets at the end of quarter ¢ and quarter
t — 1, respectively, R; is the compounded net return in quarter ¢ based on the three monthly net returns
in the quarter. Absolute changes in factor loadings are calculated based on factor loadings adjusted for the
respective loading of factor-neutral portfolios. A fund enters the sample if it has data available in the prior
three quarters.
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Table 2: Regressions of average of absolute changes in four loadings on three segments of
percentiles of flows and returns

(1) (2) (3) (4) (5)
Large outflow percentile SHUTTHRRR . goXHk D g0 ] 40K _1.08%**
(-8.99)  (-5.93)  (-5.34)  (-3.22)  (-2.98)
Intermediate flow percentile -0.90%%*  _0.56***  -0.50%* 0.81%**  _0.22
(-3.80)  (-2.83)  (-259)  (3.19)  (-1.15)
Large inflow percentile H.TIFIK 361K 3.49%H* PRSISON W Bloo
(8.20)  (7.20)  (8.08) (5.40)  (3.06)
Large neg. alpha percentile -15.88%FFF 1434 _6.64%FF  _6.85%H*
(-15.26)  (-14.66)  (-8.51)  (-8.40)
Intermediate alpha percentile 0.00 0.12 0.15 0.08
(-0.00)  (0.42) (0.55)  (0.31)
Large pos. alpha percentile 13.36%**  11.53***  5.23%F* 5 Q7***
(15.25)  (14.92)  (7.44)  (7.52)
Lagged large neg. alpha percentile -12.10%F% 10510 3,247 3. 29%%*
(-12.80)  (-12.14)  (-4.44)  (-4.62)
Lagged intermediate alpha percentile 0.00 0.10 0.14 0.06
(-0.01)  (0.37) (0.56)  (0.25)
Lagged large pos. alpha percentile 11.81%** 9. g1*** 3.41HFF  3.36%**
(13.94)  (1537)  (5.29)  (5.71)
Average abs. loading 8.49%** 3. 81** 0.40 5.62%H% 5 15
4.07)  (272)  (0.39) (3.01)  (3.44)
Return volatility 65.23%**  129.35%**  30.88**  91.27%F*
(4.02)  (12.18)  (2.20)  (8.30)
Intercept T.62°FF*F  12.11%0F  10.46%*F  8.41%HFK  6.39%F*
(7.12)  (10.65)  (11.05)  (6.83)  (5.44)
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES
Obs. 155,624 155,624 155,624 155,624 155,624
R2 0.02 0.12 0.31 0.29 0.42

The dependent variable is the average absolute change in adjusted factor loadings between quarter
t + 1 and quarter t that is averaged across the four factors. The loadings are estimated every quar-
ter and the SMB/HML/MOM loadings are adjusted for the loadings of the respective factor-neutral
portfolios. Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Each quarter, the percentiles of alpha and
lagged alpha are similarly split into three segments connected at 0.25 and 0.75. Return volatility is the
standard deviation of monthly fund returns in the past 12 months. Abs. loading is the average of absolute
value of adjusted loadings on MKT, SMB, HML and MOM factors. All independent variables are calculated
in quarter ¢, and lagged alpha is calculated in quarter ¢ — 1. The sample contains 3,874 funds from 1999Q3
to 2021Q4. t-statistics are clustered in two dimensions: fund and time. *, ** and *** indicate significance
levels at 10%, 5% and 1%, respectively.
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Table 3: Loadings change and turnover

Loadings change  Turnover
1 (low) 0.63

2 0.64

3 0.68

4 0.73

5 (high) 0.97

5 (high) - 1 (low) 0.34**
t-statistic (9.69)

Mutual funds are sorted into quintile groups based on the average of loadings changes in the four quarters
ending at each fiscal year end. Loading change is measured by average absolute loading changes across MKT,
SMB, HML and MOM. For each of the five quintiles in each year, mutual funds’ annual turnovers in the
same year are averaged.

Table 4: Summary statistics on the tactical investment skill measure

Mean -0.05
Median 0.00
25th percentile -0.31
75th percentile 0.25
St. Dev. 0.49
Skewness -0.43

This table presents summary statistics on the tactical investment skill measure. Tactical investment skill is
estimated in every quarter for each actively managed mutual fund by regressing the excess return earned
by the fund in quarter ¢ on the average absolute loadings change over MKT, SMB, HML and MOM factor
loadings in quarter ¢ — 1 over a 5-year rolling regression window, as described in equation [2|in the text. The
skill measure is winsorized at the 1% level.

39



Table 5: Before-fee returns of portfolios sorted on skill

Skill quintile

Average skill measure

Excess return  4-factor alpha

1 (low) -0.65 9.33%* -0.83
(2.54) (-1.62)
2 -0.25 10.01%%* -0.13
(2.73) (-0.21)
3 -0.04 10.13%% -0.09
(2.78) (-0.19)
4 0.15 10644 0.21
(2.86) (0.37)
5 (high) 0.49 10.91%%* 0.25
(2.87) (0.51)
5 (high) - 1 (low) 1.14 1.58%% 1.09%*
(2.75) (2.08)

Every month, all actively managed equity mutual funds are sorted into quintiles based on their tactical
investment skill, which is estimated as of the most recent quarter-end with rolling 5-year regressions of
quarterly excess return on the average absolute change in factor loadings across MKT, SMB, HML and
MOM factors. Before-fee monthly returns are then averaged across funds in each quintile, and the average
annualized excess returns, their four-factor alphas are reported in the table in per cent, and the corresponding
t-statistics are reported in parentheses.

respectively.

*’ >k>|<7 and kok >k
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Table 6: Portfolios independently sorted on loading change activity and skill, before-fee

| | Skill
Loadings change | | Low  Middle High | High - Low
low Ex. Ret. | 9.66%%* 9.56***  10.34*** | 0.69
(270)  (2.70)  (2.82) | (0.70)
Alpha | -0.11  -0.38 0.17 0.28
(-0.12)  (-0.81)  (0.30) | (0.29)
# funds | 59 134 45
high Ex. Ret. | 9.62%%  10.84%**% 11.52%%* | 1.90%*
(242)  (2.76)  (2.86) | (2.51)
Alpha | -095  -0.03 0.36 1.31*
(-1.18)  (-0.04)  (0.44) | (1.91)
# funds | 37 149 51

Mutual funds are sorted into three groups (20-60-20) based on loadings change activity, which is measured
by average absolute loading changes across MKT, SMB, HML and MOM. Independently, mutual funds are
also sorted into three groups (20-60-20) based on tactical investment skill, which is estimated by rolling
5-year regressions of quarterly excess return on prior quarter loading change activity. For each of the total
nine groups in each month, mutual funds’ monthly before-fee excess returns over risk-free rate are averaged.
Then for each group, the time series of monthly excess return is used to calculate the average excess return
and to run a four-factor Carhart model to obtain an alpha. Both excess return and alpha are annualized
and reported in percentage, with t-statistics in parentheses. Significance levels are at 10%, 5% and 1%
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Appendix

A.I Data construction

We use the objective code to pick domestic diversified equity funds and use index fund flag,
ET (Exchange Traded) flag and fund name to further filter out passive funds. Specifically,
to select domestic diversified equity funds, we use data on the CRSP objective code to pick
funds with codes starting with ‘ED’ (equity domestic) and to drop funds with codes starting
with ‘EDS’ (equity domestic sector), ‘EDYH’ (equity domestic yield hedge), and ‘EDYS’
(equity domestic yield short). To further filter out passive funds, we use data on index fund
flag and ET flag, which are available from June 2003, to exclude funds with any index fund
flag or with ET flag being ‘F.” For funds before June 2003, we rely on fund name to drop
funds with names including ‘Index’ or ‘Idx.” One problem is that some funds do not have
names in some periods and some index funds may not manifest in their names. We may
have accidentally included some index funds. However, index funds by construction should
consistently have a high market exposure and very low factor loadings, and index funds

should have very small changes in loadings.

A.Il Results by each factor loading

Tables through present similar regressions as in Table [2} but the dependent variable
is the absolute loadings change in each of the four factors rather than the average across all
factors. Because we are not averaging the changes in these tables, the dependent variable
tends to be more noisy. Overall the results are similar to the results in the main specification,

but the significance levels are somewhat lower.



A.IIl Alternative specification: the effect of positive and

negative returns and fund flows

The results in the main text show the relationship between flow or return rank and style
changes. The reason we use rank instead of actual flow and return is to decrease noise. Large
flows and returns can be quite extreme, even after winsorization. Using the rank reduces
that variability to ensure that results are not driven by it.

However, it is useful to check whether or not the results shown in Table 2| are robust
to using actual fund flows and returns instead. In the main tables, we used percentile
ranks in order to mitigate the influence of outliers. Now, we use raw returns and fund flows
winsorized at 1% and 99% in each quarter. Additionally, instead of a three-segment piecewise
linear model, we estimate a two-piece, V-shaped, linear specification containing positive and
negative linear segments for fund flows, alphas and lagged alphas.

Table reports the results. As previously, the first specification (column 1) includes
only fund flow—outflow and inflow—and controls only for the lagged absolute value of the
loadings. Even though the noise is larger than in the main specification, we find large and
highly statistically significant coefficients on both outflow and inflow. Controlling for returns
and lagged returns as well as volatility (column 2) cuts the coefficient magnitude on both
outflows (inflows) in less (more) than half and shows that there are large effects of returns
on style changes. Including fund fixed effects (column 3) cuts the effect of return in less than
half, though all the effects remain significant or close to significant. Including time fixed
effects (column 4) cuts the effects of flows less than half and the effects of returns a little
compared with column 2. Effects of outflows, negative and positive returns, lagged returns,
are all statistically significant in the final, most restrictive, specification with both fund and
time fixed effects. The effect of outflows and the effects of returns are significant at the 1%
level.

We note that, when measuring style changes in response to actual flows and returns
(instead of flow and return percentile rank) the effect of inflows is smaller as compared to

outflows. The coefficient is smaller in four specifications, and about one quarter the size of
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the outflow effect in our preferred specification including fund and time fixed effects (column
5). Moreover, including time fixed effects (column 4 and column 5) cuts inflows’ effects much
more than it cuts outflows’ effects. This could be that inflow has a downward sloping trend
(Figure @, and style changes also go down over time. (Figure . It could be that inflows’
effects on style changes are partly driven by trends.

In Tables [A6] through [A9] we regress absolute value of the loadings changes in each of the
four factors on the two-segment specification for past fund flows, alphas and lagged alphas
and again obtain largely similar results to those when the explanatory variable is the average

absolute change factor loading across the four factors.
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Table Al: Regressions of the absolute change in MKT loading on three segments of per-
centiles of flows and returns

(1) (2) (3) (4) (5)
Large outflow percentile SH.34HK g gk 9 BRI ] RTRR ] 58X
(-8.14)  (-5.16)  (-4.45)  (-3.59)  (-3.26)
Intermediate flow percentile -0.64**  -0.41%* -0.45%* 0.65%* -0.06
(-2.35)  (-1.68)  (-1.89)  (212)  (-0.23)
Large inflow percentile 5.3THHFE 3407k 3 2%0F 2.38%H*k  1.56%*
(6.42)  (5.08)  (5.04) (3.10)  (2.07)
Large neg. alpha percentile -12.98%*F  _11.60%F* 5. 39%** 5 4R*HK
(-12.24)  (-11.05)  (-6.36)  (-6.40)
Intermediate alpha percentile -0.62 -0.67* -0.45 -0.48
(-1.66)  (-1.89)  (-1.33)  (-1.49)
Large pos. alpha percentile 11.44%*% g 57Hk* 49706k 4 5T
(10.84)  (9.86) (5.58)  (5.34)
Lagged large neg. alpha percentile -10.22FFF R TH¥HE 2 g 2 R2HH*
(-0.59)  (-7.92)  (-3.33)  (-3.24)
Lagged intermediate alpha percentile -0.32 -0.35 -0.14 -0.15
(-1.09)  (-1.21)  (-0.56)  (-0.62)
Lagged large pos. alpha percentile 9.49%F*  7.66*** 2.87HHK 9 gtk
(10.36)  (9.75) (3.88)  (3.87)
Abs. loading 2.24%* -1.60 -5.09%** -0.96 -2.62
(1.87)  (-141)  (-4.88)  (-046)  (-1.42)
Return std. 70.89%F**  142.99%F* 42 64***  88.58***
(441)  (8.41) (3.28)  (5.15)
Intercept 6.58%FF*  11.25%FF  10.81%**F  8.46%HFF 8. 21%F*
6.01)  (10.44)  (12.34)  (4.16)  (4.95)
Obs. 155,624 155,624 155,624 155,624 155,624
R2 0.01 0.08 0.20 0.20 0.29
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. The absolute change in MKT loading between
quarters is calculated as the dependent variable. The absolute value of MKT loading is used as Abs.
loading. The dependent variable is in quarter t+1, and flow and alpha are in quarter t except lagged alpha
in quarter t-1. The sample includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics are clustered in two
dimensions: fund and time. Significance levels are at 10%, 5% and 1%.
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Table A2: Regressions of the absolute change in SMB loading on three segments of percentiles
of flows and returns

(1) (2) (3) (4) (5)
Large outflow percentile S4.37FRE TgRRR ] 39%F -0.79 -0.45
(-6.15)  (-3.22)  (2.64)  (-1.31)  (-0.83)
Intermediate flow percentile S1L.31FHR L0.82%HF (0. 76%* 0.63 -0.22
(-4.22)  (2.82)  (274)  (1.34)  (-0.65)
Large inflow percentile D.ATHRE 3 RQHHkK 3 goHHk 2.87HHF 1 5R¥K
(7.01)  (5.91)  (6.18) (4.07)  (2.59)
Large neg. alpha percentile -13.067%FF  _11.647%HF 4. 94%FK 4 gE*HH
(-11.01)  (-9.53)  (4.17)  (-4.10)
Intermediate alpha percentile -0.10 0.00 0.04 0.01
(-0.23)  (0.00) 0.11)  (0.03)
Large pos. alpha percentile 12.34%%% 107788 4.96%** 4. 75¥K
(11.75)  (10.71)  (5.50)  (5.36)
Lagged large neg. alpha percentile S11.03%%% 29,62 F*  _3.21%** 3 07K
(-9.67) (-8.49) (-3.43) (-3.24)
Lagged intermediate alpha percentile 0.31 0.37 0.47 0.42
(0.80) (0.98) (1.39)  (1.27)
Lagged large pos. alpha percentile 10.72%** 9 O4*** 3.18%#* 3 (3%H*
(8.40) (8.85) (2.89)  (2.95)
Abs. loading S5ARFRE D gk g (02FKF 1.27 -0.75
(-5.30)  (-292)  (-5.16)  (0.70)  (-0.55)
Return std. 05.33%**  139.80***  65.63*** 109.69***
(5.10)  (7.71) (4.65)  (5.35)
Intercept 13.10%%F*  11.84%** 9 63*** T.84FFK 6 R8FHKH
(31.71)  (10.93)  (8.40) 6.73)  (5.08)
Obs. 155,624 155,624 155,624 155,624 155,624
R2 0.01 0.09 0.19 0.19 0.27
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. The SMB loading is adjusted by subtracting from
it the loading of the SMB neutral portfolio. The SMB neutral portfolio invests half on the smaller stocks
and the other half on the larger stocks. Based on the adjusted SMB loading, the absolute change in SMB
loading between quarters is calculated as the dependent variable, and the absolute value of SMB loading
is used as Abs. loading. The dependent variable is in quarter t+1, and flow and alpha are in quarter t
except lagged alpha in quarter t-1. The sample includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics
are clustered in two dimensions: fund and time. Significance levels are at 10%, 5% and 1%.
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Table A3: Regressions of the absolute change in HML loading on three segments of percentiles
of flows and returns

(1) (2) (3) (4) (5)
Large outflow percentile S7.06%FF 381k 3 10K J1.85%* _1.51%*
(46.65)  (-4.03)  (-3.76)  (-2.36)  (-2.16)
Intermediate flow percentile -0.99%*  -0.56 -0.36 1.92%%* (.02
(-2.36)  (-1.37)  (-0.91)  (4.02)  (0.04)
Large inflow percentile 6.48%FF  4.000FF 4267 5.16%**  1.58%*
(5.80)  (427)  (5.20) (4.87) (2.0
Large neg. alpha percentile -20.43%FFF 773K 7 61K R 19FHH
(1950)  (-9.49)  (-4.58)  (-4.95)
Intermediate alpha percentile 0.44 0.65 0.78 0.54
0.75)  (L.18) (1.34)  (0.97)
Large pos. alpha percentile 16.08%**  13.04%F* 5. 19%** 5 11%%*
(8.75)  (8.09) (3.44)  (3.42)
Lagged large neg. alpha percentile S16.17FFF _13.54%*F  _3.93%*F  _4.19%F
(-847)  (-8.18)  (-246)  (-2.75)
Lagged intermediate alpha percentile 0.20 0.34 0.55 0.25
(0.32) (0.57) (0.95)  (0.45)
Lagged large pos. alpha percentile 15.86***  12.59%F* 4 50%xk 4 7HHk
(10.03)  (8.92) (3.48)  (3.69)
Abs. loading 1.39 0.21 0.71 -1.42 1.56
(0.83)  (0.14)  (0.58) (-0.54)  (0.66)
Return std. 55.65%* 154.91%**  7.67 118.50%***
(212)  (7.31) (0.32)  (5.37)
Intercept 15.21%*%  19.75%** 13, 78%**  16.97*F*F  10.81%F*
(11.23)  (8.89)  (8.87) (7.00)  (5.01)
Obs. 155,624 155,624 155,624 155,624 155,624
R2 0.00 0.04 0.20 0.14 0.27
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. HML loading is adjusted by subtracting from
it the loading of the HML neutral portfolio. The HML neutral portfolio invests half on the smaller stocks
and the other half on the larger stocks. Based on the adjusted HML loading, the absolute change in HML
loading between quarters is calculated as the dependent variable, and the absolute value of HML loading
is used as Abs. loading. The dependent variable is in quarter t+1, and flow and alpha are in quarter t
except lagged alpha in quarter t-1. The sample includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics
are clustered in two dimensions: fund and time. Significance levels are at 10%, 5% and 1%.
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Table A4: Regressions of the absolute change in MOM loading on three segments of per-
centiles of flows and returns

(1) (2) (3) (4) (5)

Large outflow percentile S427FRE 9 R ] 82Kk -0.89 -0.56
(-5.64)  (-3.03)  (-273)  (-1.35)  (-0.88)
Intermediate flow percentile -1.50%FF  _1.04%F*  _1.00%FF  0.02 -0.83%*
(-4.91)  (-3.65)  (-345)  (0.06)  (-2.55)
Large inflow percentile 2,497k 1 32%* 1.34%% 0.49 -0.86
(3.50)  (2.07) (2.16) (0.51)  (-1.35)
Large neg. alpha percentile -15.56%FF  _14.49%HF 8 92%x* g gHHAk
(-9.76)  (-8.81)  (-5.75)  (-5.50)
Intermediate alpha percentile 0.05 0.13 0.16 0.07
0.09)  (0.22)  (0.26)  (0.12)
Large pos. alpha percentile 11.84%F*%  10.69***  5.73%k* 5 55¥**
(7.55)  (6.69)  (3.98)  (3.71)
Lagged large neg. alpha percentile -9.49%** g H1FKKX _3.04%F  _3.08%*
(-7.20)  (-7.21)  (-2.59)  (-2.71)
Lagged intermediate alpha percentile -0.40 -0.36 -0.24 -0.36
(-0.78)  (-0.72)  (-0.46)  (-0.69)
Lagged large pos. alpha percentile 9.26%**  7.96*** 3. 11FFF 2.809%*
(7.80) (7.11) (2.90) (2.68)
Abs. loading 12.31%%*%  9.01*** 9.91%** 6.61%**F  §.23%**
(6.34)  (441)  (5.90)  (2.93)  (4.43)
Return std. 49.84** 83.80%*F*  32.88 T8.81HH*
(2.44)  (5.23)  (147) (4.0
Intercept 11.176F%  14.01%%*  11.87FFF  12.17+%F  10.11%%*
(24.03)  (13.78)  (12.94)  (1275)  (9.81)
Obs. 155,624 155,624 155,624 155,624 155,624
R2 0.03 0.06 0.21 0.12 0.26
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. MOM loading is adjusted by subtracting from it
the loading of the MOM neutral portfolio. The MOM neutral portfolio invests half on the smaller stocks
and the other half on the larger stocks. Based on the adjusted MOM loading, the absolute change in MOM
loading between quarters is calculated as the dependent variable, and the absolute value of MOM loading
is used as Abs. loading. The dependent variable is in quarter t+1, and flow and alpha are in quarter t
except lagged alpha in quarter t-1. The sample includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics
are clustered in two dimensions: fund and time. Significance levels are at 10%, 5% and 1%.
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Table A5: Regressions of average of absolute changes in four loadings on two segments of

flows and returns

1 2 3 4 5!
Outflow SR.TOFKER 5. 07k 3. 82K -0.21 -2.04%**
(46.04)  (-4.85)  (-5.32)  (-0.20)  (-3.51)
Inflow 6.88***F 3. 10%** 1.79%%* 2.R4%HK 0.64*
(7.49)  (4.66) (4.91) (4.14) (1.94)
Neg. alpha STT79F _61.88%HK 42 15 3027
(-12.37)  (-14.44)  (-7.28)  (-7.92)
Pos. alpha 84.03***  60.76***  45.26*** 25 38%**
(11.41)  (10.16)  (7.06)  (5.49)
Lagged neg. alpha -49.04%*%  _43.81%**  -14.40* -13.19%**
(-5.83)  (-11.64)  (-1.80)  (-4.54)
Lagged pos. alpha 85.30%F*  54.07**FF  46.70%FF  19.36%F**
(10.92)  (11.90)  (5.85) (4.54)
Abs. loading ATH**  2.60** 0.46 4.51%* 5.14%%*
(4.11) (2.09) (0.46) (2.55) (3.53)
Return std. 27.83* 114.47**%% 12.79 84.82%H*
(1.93) (11.65)  (0.98) (7.91)
Intercept 5.&4FHK 5 43k 3.60*H* 6.55%** 3.59%H*
(5.37)  (6.27)  (4.73) (5.84)  (3.39)
Obs. 155,624 155,624 155,624 155,624 155,624
R2 0.02 0.16 0.31 0.30 0.42
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Out flow is min(Flow,0), Inflow is max(Flow,0). Similarly, alpha and lagged alpha are split into two seg-
ments connected at zero. Return std. is the standard deviation of monthly fund returns in the past 12 months.
SMB/HML/MOM loadings are adjusted by subtracting from them the loadings of SMB/HML/MOM neutral
portfolios. SMB/HML/MOM neutral portfolios invest half on the smaller/value/past winner stocks and the
other half on the larger/growth/past loser stocks. Based on these adjusted loadings, the absolute changes
in four loadings between quarters are averaged as the dependent variable. Abs. loading is the average of
absolute values of loadings on MKT, SMB, HML and MOM adjusted in the above way. The dependent
variable is in quarter t+1, and flow and alpha are in quarter t except lagged alpha in quarter t-1. The
sample includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics are clustered in two dimensions: fund and
time. Significance levels are at 10%, 5% and 1%.
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Table A6: Regressions of the absolute change in MKT loading on two segments of flows and

returns
1 2 3 4 )
Outflow SRR 4. 60%*F 372Kk 11,38 -1.97%*
(-5.33)  (-3.82)  (4.18)  (-1.07)  (-2.60)
Inflow 5.5k 9 TRk 1.69%%* 2.46%* 1.05%*
(5.20)  (3.19)  (3.30) (2.71)  (1.98)
Neg. alpha ST1.52%F%  _60.83*** 42 52¥Hk* 33 71FH*
(-10.84)  (-13.66)  (-6.93)  (-8.22)
Pos. alpha 76.96***  55.24%K* 45 HRFHK QT YA
(9.83) (7.95) (5.74) (4.23)
Lagged neg. alpha -52.95%F%  _43.90%HFK .24 32%F** 17 26%**
(-5.80)  (-8.13)  (-2.92)  (-3.89)
Lagged pos. alpha 64.87HFF  42.03%**  34.07FFF  16.227%**
(8.23) (8.43) (4.23) (3.44)
Abs. loading 2.22% -1.14 4. TO*H* -1.24 -2.81
(1.89)  (-1.08)  (-4.63)  (-0.60)  (-1.54)
Return std. 33.19%* 124.44*%*%  23.29* 81.50***
(2.24) (7.40) (1.84) (4.74)
Intercept 5.OTHFF* 4 44%** 4.45%** 6.207%F* 5.63%**
(4.79)  (4.97) (5.83) (3.27) (3.59)
Obs. 155,624 155,624 155,624 155,624 155,624
Entity 3,874 3,874 3,874 3,874 3,874
Period 91 91 91.00 91 91
R2 0.01 0.11 0.20 0.21 0.29
Fund fixed effect NO NO NO YES YES
Time fixed effect  NO NO YES NO YES

Out flow is min(Flow,0), Inflow is max(Flow,0). Similarly, alpha and lagged alpha are split into two
segments connected at zero. Return std. is the standard deviation of monthly fund returns in the past 12
months. The absolute change in MKT loading between quarters is calculated as the dependent variable.
The absolute value of MKT loading is used as Abs. loading. The dependent variable is in quarter t+1, and
flow and alpha are in quarter t except lagged alpha in quarter t-1. The sample includes 3,874 funds from
1999Q2 to 2021Q4. T-statistics are clustered in two dimensions: fund and time. Significance levels are at
10%, 5% and 1%.
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Table A7: Regressions of the absolute change in SMB loading on two segments of flows and

1 2 3 4 )
Outflow S9.70%k 5 5%k 3. 76 -1.67 -1.78
(6.67)  (-5.34)  (-3.50)  (-1.43)  (-1.65)
Inflow T.04%F*F  3.14%* 2.40%** 3.26%* 1.58%*
(4.49) (2.73) (3.53) (2.65) (2.36)
Neg. alpha -65.347FF% 54 42%FK 34 30*FK* 25, 72HH*
(-5.72)  (-7.69)  (-3.32)  (-3.82)
Pos. alpha 89.75%** 64,77k 5397 32 HEHK
(9.02)  (8.39) (5.36)  (4.06)
Lagged neg. alpha S48.76FF* _39.23%KF 18 21FF  -10.44%*
(-5.94) (-6.83) (-2.54) (-2.06)
Lagged pos. alpha 84.50%F*F  55.36***  49.86%FF  24.59%*
(7.17)  (5.69) (4.33)  (2.46)
Abs. loading ShATRRR B4R 3.82% K (.94 -0.76
(-5.22)  (-3.35)  (-4.83)  (0.55)  (-0.56)
Return std. 55.70%**  123.04%%*  44.95%**  100.95%**
(3.74) (7.94) (3.75) (5.42)
Intercept 11.44%%% 5. 75%*% 3 gOHH* 5.99¥*% 4 g]HHk*
(30.12)  (7.04)  (4.50) (6.44)  (4.24)
Obs. 155,624 155,624 155,624 155,624 155,624
Entity 3,874 3,874 3,874 3,874 3,874
Period 91 91 91.00 91 91
R2 0.02 0.11 0.19 0.20 0.27
Fund fixed effect NO NO NO YES YES
Time fixed effect ~ NO NO YES NO YES

Out flow is min(Flow,0), Inflow is max(Flow,0). Similarly, alpha and lagged alpha are split into two
segments connected at zero. Return std. is the standard deviation of monthly fund returns in the past 12
months. The SMB loading is adjusted by subtracting from it the loading of the SMB neutral portfolio. The
SMB neutral portfolio invests half on the smaller stocks and the other half on the larger stocks. Based on the
adjusted SMB loading, the absolute change in SMB loading between quarters is calculated as the dependent
variable, and the absolute value of SMB loading is used as Abs. loading. The dependent variable is in quarter
t+1, and flow and alpha are in quarter t except lagged alpha in quarter t-1. The sample includes 3,874 funds
from 1999Q2 to 2021Q4. T-statistics are clustered in two dimensions: fund and time. Significance levels are
at 10%, 5% and 1%.
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Table A8: Regressions of the absolute change in HML loading on two segments of flows and

returns
1 2 3 4 )
Outflow -0.42%HKk b HgIHK -3.90%* 3.00%* -1.4
(-4.92)  (-3.00) (275  (1.97) (-1.22)
Inflow 9.52%¥K 4 61K 2.04%** 4.83%H* 0.52
(7.66) (4.62) (3.39) (4.57) (0.78)
Neg. alpha -93.62***  _70.60%FF 42, 12%**  _3().82%**
(-7.10)  (-6.92)  (-342)  (-3.22)
Pos. alpha 104.97%F%  64.75%FF  51.87F**F  21.84%*
(8.27) (6.65) (4.66) (2.77)
Lagged neg. alpha -61.82%**  _50.98***  _11.21 -11.38%*
(-4.44) (-7.48) (-0.84) (-1.90)
Lagged pos. alpha 127.61%*%  69.48%**  74.94%FF 27 GR¥H*
(8.50) (8.80) (4.87) (3.73)
Abs. loading 1.39 -0.42 0.57 -1.52 1.58
(0.83) (-0.29) (0.47) (-0.59) (0.68)
Return std. 5.57 139.82%**  _15.62 112.13%%*
(0.24) (6.70) (-0.71) (5.14)
Intercept 13.02%%*  10.82%** 5 53%H* 14.77%%% 767K
(9.66) (6.46) (3.99) (6.63) (3.82)
Obs. 155,624 155,624 155,624 155,624 155,624
Entity 3,874 3,874 3,874 3,874 3,874
Period 91 91 91.00 91 91
R2 0.00 0.05 0.20 0.15 0.27
Fund fixed effect NO NO NO YES YES
Time fixed effect  NO NO YES NO YES

Out flow is min(Flow,0), Inflow is max(Flow,0). Similarly, alpha and lagged alpha are split into two
segments connected at zero. Return std. is the standard deviation of monthly fund returns in the past 12
months. HML loading is adjusted by subtracting from it the loading of the HML neutral portfolio. The
HML neutral portfolio invests half on the smaller stocks and the other half on the larger stocks. Based
on the adjusted HML loading, the absolute change in HML loading between quarters is calculated as the
dependent variable, and the absolute value of HML loading is used as Abs. loading. The dependent variable
is in quarter t+1, and flow and alpha are in quarter t except lagged alpha in quarter t-1. The sample
includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics are clustered in two dimensions: fund and time.
Significance levels are at 10%, 5% and 1%.
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Table A9: Regressions of the absolute change in MOM loading on two segments of flows and
returns

1 2 3 4 )
Outflow ST.647%FK 4,67 -5.25%**F _0.46 -3.36%**
(-3.90)  (-2.66)  (-4.17)  (-0.23)  (-3.05)
Inflow 2.64**% .66 -0.29 0.23 -1.49%*
(329)  (0.83)  (-0.50)  (0.23) (-2.41)
Neg. alpha STTA6RHE B4 27K 52 70K 32,83
(-8.01)  (-829)  (-5.17)  (-5.30)
Pos. alpha 58.14%*F*  46.56***F  30.80** 20.36*
(4.45)  (3.99)  (2.53) (1.90)
Lagged neg. alpha -29.30%*  -35.96%** -4.87 -14.22%*
(-2.69)  (-5.25)  (-0.44)  (-2.08)
Lagged pos. alpha 56.714F%  33.50%**  29.66**  8.46
(5.25) (5.63) (2.72) (1.51)
Abs. loading 12.21°%%*  8.36%** 10.12%**  §.23** 8.35%H*
(6.28)  (4.12) (5.95) (2.76) (4.49)
Return std. 23.36 76.61%*F%  17.96 75.16%**
(1.19) (4.88) (0.84) (3.87)
Intercept 0.63%** T ARMRR [ on¥HR g ook g 4Rk
(20.12)  (9.73) (7.39) (10.65) (7.74)
Obs. 155,624 155,624 155,624 155,624 155,624
Entity 3,874 3,874 3,874 3,874 3,874
Period 91 91 91.00 91 91
R2 0.03 0.06 0.21 0.12 0.26
Fund fixed effect NO NO NO YES YES
Time fixed effect ~ NO NO YES NO YES

Out flow is min(Flow,0), Inflow is max(Flow,0). Similarly, alpha and lagged alpha are split into two
segments connected at zero. Return std. is the standard deviation of monthly fund returns in the past 12
months. MOM loading is adjusted by subtracting from it the loading of the MOM neutral portfolio. The
MOM neutral portfolio invests half on the smaller stocks and the other half on the larger stocks. Based
on the adjusted MOM loading, the absolute change in MOM loading between quarters is calculated as the
dependent variable, and the absolute value of MOM loading is used as Abs. loading. The dependent variable
is in quarter t+1, and flow and alpha are in quarter t except lagged alpha in quarter t-1. The sample
includes 3,874 funds from 1999Q2 to 2021Q4. T-statistics are clustered in two dimensions: fund and time.
Significance levels are at 10%, 5% and 1%.
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Table A10: Regressions of average of absolute changes in four loadings on three segments of
percentiles of flows and returns, controlling lagged dependent variable

1 2 3
Large outflow percentile S2.86%HF 167K ] 4RMKK
(-7.30)  (-4.85)  (-4.47)
Intermediate flow percentile -0.43%%  -0.32%* -0.32%*
(-243)  (-1.92)  (-1.88)
Large inflow percentile 2.79%*K 1.92%K 2 20Nk
6.93)  (5.18)  (6.83)
Large neg. alpha percentile -9.81%** 9 8QHHH
(-9.79)  (-10.16)
Intermediate alpha percentile 0.02 0.1
(0.08)  (0.39)
Large pos. alpha percentile 8.28%** 7 9GH**
(10.96)  (11.77)
Lagged large neg. alpha percentile -5.81F*E 5 9
(-6.67) (-7.29)
Lagged intermediate alpha percentile 0.03 0.1
(0.13) (0.40)
Lagged large pos. alpha percentile 6.47**%  6.16%**
(8.98)  (9.99)
Abs. loading 4.23%F* 2 19% 0.45
(2.86)  (1.82)  (0.46)
Return std. 35.62%**  86.92%**
(3.01)  (9.33)
Lagged abs. loading change 0.47**%  0.41%F%  (.33%%*
(20.89)  (16.52)  (19.30)
Intercept 4.12%FF  7.06%FF  6.67FFF
-4.50 -6.85 -7.26
Obs. 155,624 155,624 155,624
R2 0.24 0.27 0.38
Fund fixed effect NO NO NO
Time fixed effect NO NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. SMB/HML/MOM loadings are adjusted by
subtracting from them the loadings of SMB/HML/MOM neutral portfolios. SMB/HML/MOM neutral
portfolios invest half on the smaller/value/past winner stocks and the other half on the larger/growth/past
loser stocks. Based on these adjusted loadings, the absolute changes in four loadings between quarters are
averaged as the dependent variable. Abs. loading is the average of absolute values of loadings on MKT,
SMB, HML and MOM adjusted in the above way. The dependent variable is in quarter t+1, and flow and
alpha are in quarter t except lagged alpha in quarter t-1. The sample includes 3,874 funds from 1999Q3 to
2021Q4. T-statistics are clustered in two dimensions: fund and time. Significance levels are at 10%, 5% and

1%.
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Table A11: Regressions of average of absolute changes in four loadings on three segments of
percentiles of flows and returns, Quarter 1 and 2 each year

(1) (2) (3) (4) (5)
Large outflow percentile S5.63FHE 2. 80%FF 2. 11%FF J1.37FF 0.99%*
(-6.91)  (-4.55)  (-3.88)  (-2.24)  (-1.99)
Intermediate flow percentile -1.06%F*  -0.61%* -0.53* 0.71% -0.21
(-3.44)  (-2.25)  (-1.91)  (1.89)  (-0.72)
Large inflow percentile 5.91¥¢¢ 3671k 3.50%H* 2.60%**  1.33%*
(5.93) (5.50) (6.16) (3.53) (2.44)
Large neg. alpha percentile S15.97HFFK _14.4TFK _6.22%FF 6,31
(-14.09)  (-13.14)  (-7.15)  (-6.86)
Intermediate alpha percentile 0.29 0.30 0.00 -0.02
(0.71) (0.80) (-0.01)  (-0.05)
Large pos. alpha percentile 13.14%FF  11.27*%FF  4.99%FF 4 64%*+*
(9.32) (9.52) (4.71)  (4.68)
Lagged large neg. alpha percentile S13.07*HF 1144 4 27K 4 (R
(-9.72) (-9.26) (-3.88)  (-3.93)
Lagged intermediate alpha percentile -0.06 -0.06 0.19 0.09
(-0.16) (-0.15) (0.57) (0.28)
Lagged large pos. alpha percentile 11.28%#% 9 17*** 2,97k D 4ghoRk
(9.36) (10.63) (3.27) (3.23)
Abs. loading 10.30***  5.02** 1.23 T.92%HK G TR
(3.06) (2.44) (0.92) (2.84) (3.41)
Return std. 71.22%* 136.88***  37.26 102.40%**
(2.75) (9.69) (1.59) (7.43)
Intercept 6.06***  10.82%** 9 .36*** 6.51%F* 4 H7HRHE
(3.62) (6.35) (6.89) (3.52) (2.86)
Obs. 76,984 76,984 76,984 76,984 76,984
R2 0.03 0.14 0.32 0.32 0.46
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. SMB/HML/MOM loadings are adjusted by
subtracting from them the loadings of SMB/HML/MOM neutral portfolios. SMB/HML/MOM neutral
portfolios invest half on the smaller/value/past winner stocks and the other half on the larger/growth/past
loser stocks. Based on these adjusted loadings, the absolute changes in four loadings between quarters are
averaged as the dependent variable. Abs. loading is the average of absolute values of loadings on MKT,
SMB, HML and MOM adjusted in the above way. The dependent variable is in quarter t+1, and flow and
alpha are in quarter t except lagged alpha in quarter t-1. The sample includes 3,874 funds from 1999Q3 to
2021Q4. T-statistics are clustered in two dimensions: fund and time. Significance levels are at 10%, 5% and

1%.
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Table A12: Regressions of average of absolute changes in four loadings on three segments of
percentiles of flows and returns, Quarter 3 and 4 each year

(1) (2) (3) (4) (5)
Large outflow percentile S5.89FHK 3 .06%FF _2.46%HF _1.41FF _1.14%*
(-7.83)  (-5.04)  (-4.44)  (229)  (-2.03)
Intermediate flow percentile -0.75%%  -0.52** -0.49%* 0.92%**  _0.24
(-2.74)  (2.27)  (-2.09)  (2.98)  (-1.05)
Large inflow percentile 5.59%¥* 3 55*KK 3 4EHHK 3.12%FF  (0.93*
(7.40)  (6.27)  (6.62) (4.24)  (1.71)
Large neg. alpha percentile -15.80%F*  _14.24%F% g 94%Rx T 3kHK
(19.24)  (-9.03)  (-547)  (-5.54)
Intermediate alpha percentile -0.27 -0.07 0.28 0.15
(-0.67) (-0.17) (0.67) (0.38)
Large pos. alpha percentile 13.52%F*  11.72%¥FF 5 55%Fk* 5 5EHkHE
(13.80)  (13.02)  (6.24)  (6.37)
Lagged large neg. alpha percentile S11.10%%* _9.55%#k 9 7Rk LD g4k
(-8.86) (-8.39) (-2.77) (-2.98)
Lagged intermediate alpha percentile 0.05 0.23 0.1 0.04
012)  (0.62) (0.28)  (0.12)
Lagged large pos. alpha percentile 12.34%*%  10.66%**  4.01%**  4.48%%*
(10.93)  (12.10)  (4.30)  (5.26)
Abs. loading 6.81**%*  2.70 -0.60 3.92% 3.02
(3.24) (1.57) (-0.42) (1.83) (1.53)
Return std. 59.36***  121.99%** 23.98 80.62%**
(2.98) (9.15) (1.48)  (6.01)
Intercept 9.08%**  13.33***  11.64™**  10.05%** K.56***
(8.14)  (10.38)  (10.79)  (8.29)  (6.10)
Obs. 78,640 78,640 78,640 78,640 78,640
R2 0.01 0.11 0.29 0.29 0.41
Fund fixed effect NO NO NO YES YES
Time fixed effect NO NO YES NO YES

Large outflow percentile is min(Flow percentile,0.25), Intermediate flow percentile is
min(Flow percentile — Large outflow percentile,0.5), Large inflow percentile is (Flow percentile —
Large out flow percentile — Intermediate flow percentile). Similarly, each quarter, percentiles of alpha
and lagged alpha are split into three segments connected at 0.25, 0, and 0.75. Return std. is the standard
deviation of monthly fund returns in the past 12 months. SMB/HML/MOM loadings are adjusted by
subtracting from them the loadings of SMB/HML/MOM neutral portfolios. SMB/HML/MOM neutral
portfolios invest half on the smaller/value/past winner stocks and the other half on the larger/growth/past
loser stocks. Based on these adjusted loadings, the absolute changes in four loadings between quarters are
averaged as the dependent variable. Abs. loading is the average of absolute values of loadings on MKT,
SMB, HML and MOM adjusted in the above way. The dependent variable is in quarter t-+1, and flow and
alpha are in quarter t except lagged alpha in quarter t-1. The sample includes 3,874 funds from 1999Q3 to
2021Q4. T-statistics are clustered in two dimensions: fund and time. Significance levels are at 10%, 5% and

1%.
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Table A13: After-fee returns of portfolios sorted on skill

Average Excess  4-factor
Skill quintile skill measure return  alpha

1 (low) -0.65 8.23%*F  _1.91%**
(2.25) (-3.72)

2 -0.25 8.70**  -1.34%*
(2.39) (-2.17)

3 -0.04 8.94%*F  _1.18%**
(2.48) (-2.48)
4 0.15 9.41**  -0.95*
(2.54) (-1.65)
5 (high) 0.49 9.78*%*F*  _(.83*
(2.58) (-1.67)
5 (high) - 1 (low) 1.14 1.55%%%  1.08**
(2.69) (2.07)

Every month, all actively managed equity mutual funds are sorted into quintiles based on their tactical
investment skill, which is estimated as of the most recent quarter-end with rolling 5-year regressions of
quarterly excess return on the average absolute change in factor loadings across MKT, SMB, HML and
MOM factors. Monthly after-fee returns are then averaged across funds in each quintile, and the average
annualized excess returns, their four-factor alphas are reported in the table in per cent, and the corresponding
, and *** indicate significance levels are at 10%, 5% and 1%,

t-statistics are reported in parentheses.
respectively.

* o kk
’
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Table A14: Before-fee returns of portfolios sorted on skill, alpha relative to the model of
Cremers, Petajisto, and Zitzewitz (2010)

Skill quintile Average skill measure Excess return  Alpha
1 (low) -0.65 9.33%* -0.40
(2.54) (-0.77)
2 -0.25 10.01%** 0.28
(2.73) -0.44
3 -0.04 10.13%** 0.31
(2.78) -0.68
4 0.15 10.647%** 0.65
(2.86) (1.12)
5 (high) 0.49 10.917%4* 0.69
(2.87) (1.37)
5 (high) - 1 (low) 1.14 1.58%#% 1.09**
(2.75) (2.06)

Every month, all actively managed equity mutual funds are sorted into quintiles based on their tactical
investment skill, which is estimated as of the most recent quarter-end with rolling 5-year regressions of
quarterly excess return on the average absolute change in factor loadings across MKT, SMB, HML and
MOM factors. Then for each group, the time series of before-fee monthly excess return is used to calculate
the average excess return and to run a index-based model (Cremers, Petajisto, and Zitzewitz, 2010) to obtain
an alpha. The index-based model includes the excess return on the S&P 500 index and the returns on the
Russell 2000 index minus the return on the S&P 500 index, the Russell 3000 value index minus the return on
the Russell 3000 growth index, and the Carhart’s (1997) momentum factor. Both excess return and alpha are
annualized and reported in percentage, with t-statistics in parentheses. *, ** and *** indicate significance
levels are at 10%, 5% and 1%, respectively.
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Table A1b5: Portfolios independently sorted on loading change activity and tactical invest-

ment skill, after-fee return

| | Skill
Loadings change ‘ ‘ Low Middle  High ‘ High - Low
low Ex. Ret. | 8.56** 8.48%* 9.22*%% | 0.66
(2.40) (2.42) (2.52) (0.67)
Alpha -1.18 -1.32%%%  0.89 0.28
(-1.30) (-2.62) (-1.54) | (0.29)
# funds | 64 150 51
high Ex. Ret. | 8.44** 9.44%*% 10.34%*% | 1.90**
(2.12) (2.42) (2.57) (2.54)
Alpha S2.17FRR _1.34%  -0.86 1.31%*
(-2.67) (-1.99) (-1.06) | (1.96)
# funds | 41 166 58

Mutual funds are sorted into three groups (20-60-20) based on loadings change activity, which is measured
by average absolute loading changes across MKT, SMB, HML and MOM. Independently, mutual funds are
also sorted into three groups (20-60-20) based on tactical investment skill, which is estimated by rolling
5-year regressions of quarterly excess return on prior quarter loading change activity. For each of the total
nine groups in each month, mutual funds’ monthly excess returns over risk-free rate are averaged. Then for
each group, the time series of monthly after-fee excess return is used to calculate the average excess return
and to run a four-factor Carhart model to obtain an alpha. Both excess return and alpha are annualized
and reported in percentage, with t-statistics in parentheses. Significance levels are at 10%, 5% and 1%
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Table A16: Portfolios independently sorted on loading change activity and skill, before-fee
alpha relative to the model of Cremers, Petajisto, and Zitzewitz (2010)

| | Skill
Loadings change ‘ ‘ Low Middle  High ‘ High - Low
low Ex. Ret. | 9.66%** 9.56***  10.34*** | 0.69
(2.70) (2.70) (2.82) (0.70)
Alpha 0.19 -0.05 0.54 0.36
(0.20) (0.10) (1.01) (0.36)
# funds | 59 134 45
high Ex. Ret. | 9.62%*  10.84%** 11.52%%* | 1.90%*
(2.42) (2.76) (2.86) (2.51)
Alpha -0.33 0.51 0.91 1.24*
(0.40) (0.71) (1.05) (1.76)
# funds | 37 149 51

Mutual funds are sorted into three groups (20-60-20) based on loadings change activity, which is measured
by average absolute loading changes across MKT, SMB, HML and MOM. Independently, mutual funds are
also sorted into three groups (20-60-20) based on tactical investment skill, which is estimated by rolling
5-year regressions of quarterly excess return on prior quarter loading change activity. For each of the total
nine groups in each month, mutual funds’ monthly before-fee excess returns over risk-free rate are averaged.
Then for each group, the time series of before-fee monthly excess return is used to calculate the average
excess return and to run a index-based model (Cremers, Petajisto, and Zitzewitz, 2010) to obtain an alpha.
The index-based model includes the excess return on the S&P 500 index and the returns on the Russell
2000 index minus the return on the S&P 500 index, the Russell 3000 value index minus the return on the
Russell 3000 growth index, and the Carhart’s (1997) momentum factor. Both excess return and alpha are
annualized and reported in percentage, with t-statistics in parentheses. Significance levels are at 10%, 5%
and 1%
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Table A17: Portfolios conditionally sorted on loading change activity and skill (before-fee

returns)

Panel A: 10-80-10

Skill
Loadings change Low Middle  High ‘ High - Low
Low Ex. Ret. | 9.03**  9.45%**  10.93%** | 1.89%*
(2.54) (2.67) (2.94) (2.43)
Alpha -0.97%  -0.51 0.75 1.72%*
(-1.69)  (-0.99) (1.04) (2.30)
High Ex. Ret. | 9.00%%  11.02%*%* 13.13%** | 4.13%**
(2.25) (2.77) (3.13) (3.65)
Alpha -1.53*  0.10 1.73 3.26***
(-1.68)  (0.13) (1.51) (3.01)
# funds | 12 95 12
Panel B: 20-60-20
Skill
Loadings change ‘ Low Middle High ‘ High - Low
Low Ex. Ret. | 9.77%*% 947***  10.4*** | 0.63
(2.69) (2.69) (2.83) (0.53)
Alpha 0.08 -0.44 0.18 0.10
(0.07) (-0.96) (0.35) (0.08)
High Ex. Ret. | 9.64%*%  11.1%*%%  11.55%*%* | 1.90**
(2.42) (2.83) (2.87) (2.55)
Alpha -0.98 0.24 0.42 1.40%*
(-1.26)  (0.35) (0.51) (2.04)
# funds | 48 142 47

In Panel A, Mutual funds are first sorted into three groups (10-80-10) based on loading change activity,
which is measured by average absolute loading changes across MKT, SMB, HML and MOM. Within each
group, mutual funds are further sorted into three groups (10-80-10) based on skill, which is estimated by
rolling 5-year regressions of quarterly excess return on prior quarter loading change activity. For each of
the total nine groups in each month, mutual funds’ monthly before-fee excess returns over risk-free rate are
averaged. Then for each group, the time series of monthly before-fee excess return is used to calculate the
average excess return and to run Carhart 4-factor model to obtain an alpha. Both excess return and alpha
are annualized and reported in percentage, with t-statistics in parentheses. Panel B shows the 20-60-20
results of the above conditional double sorting process. Significance levels are at 10%, 5% and 1%
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Table A18: Portfolios conditionally sorted on loading change activity and skill, before-fee

alpha relative to the model of Cremers, Petajisto, and Zitzewitz (2010)

Panel A: 10-80-10

Skill
Loadings change ‘ Low Middle  High ‘ High - Low
Low Ex. Ret. | 9.03%%  9.45%**  10.93%#* | 1.89%*
(2.54) (2.67) (2.94) (2.43)
Alpha -0.64 -0.20 1.16* 1.80%*
(-1.12)  (-0.39) (1.65) (2.41)
High Ex. Ret. | 9.00%*  11.02%** 13.13%%* | 4, 13%**
(2.25) (2.77) (3.13) (3.65)
Alpha -0.86 0.65 2.15* 3.007%**
(-0.91)  (0.79) (1.85) (2.86)
# funds | 12 95 12
Panel B: 20-60-20
Skill
Loadings change ‘ Low Middle  High ‘ High - Low
Low Ex. Ret. | 9.77%8% 947+ 10.4%% | 0.63
(2.69) (2.69) (2.83) (0.53)
Alpha 0.39 -0.13 0.56 0.17
(0.33) (-0.28) (1.10) (0.14)
High Ex. Ret. | 9.64%%  11.1%**  11.55%%*% | 1.90%*
(2.42) (2.83) (2.87) (2.55)
Alpha -0.35 0.77 0.95 1.31%
(-0.45)  (1.09) (1.11) (1.88)
# funds | 48 142 47

In Panel A, Mutual funds are first sorted into three groups (10-80-10) based on loading change activity,
which is measured by average absolute loading changes across MKT, SMB, HML and MOM. Within each
group, mutual funds are further sorted into three groups (10-80-10) based on skill, which is estimated by
rolling 5-year regressions of quarterly excess return on prior quarter loading change activity. For each of
the total nine groups in each month, mutual funds’ monthly before-fee excess returns over risk-free rate are
averaged. Then for each group, the time series of monthly before-fee excess return is used to calculate the
average excess return and to run a index-based model (Cremers, Petajisto, and Zitzewitz, 2010) to obtain
an alpha. The index-based model includes the excess return on the S&P 500 index and the returns on the
Russell 2000 index minus the return on the S&P 500 index, the Russell 3000 value index minus the return on
the Russell 3000 growth index, and the Carhart’s (1997) momentum factor. Both excess return and alpha
are annualized and reported in percentage, with t-statistics in parentheses. Panel B shows the 20-60-20
results of the above conditional double sorting process. Significance levels are at 10%, 5% and 1%
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