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Abstract

This paper explores the relationship between active mutual fund performance and market
dispersion from January 1990 to December 2018. It expands on previous analysis of dispersion
and mutual fund performance by incorporating more recent data, utilizing 4-factor alpha rather
than net return as the performance metric, and allowing the relationship to vary by decade. I find
a significant positive relationship between dispersion and 4-factor alpha overall, providing some
evidence of managerial skill. There are large differences in this relationship by decade and fund
selectivity. The results suggest active mutual funds were able to take advantage of stock-picking
opportunities during the 1990s and 2000s, particularly the most active subset of funds. However,
I find a significant negative relationship between dispersion and alpha for funds in the 2010s,
indicating this relationship has changed over time. I discuss several possible explanations for this
reversal, which could present interesting avenues for further research.

JEL classification: C30, G12, G23
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1. Introduction
In 2008, Warren Buffett famously made a $1 million bet against asset manager Ted Seides that
the S&P 500 would outperform actively managed funds over a period of 10 years. By early 2017,
it was clear Buffett had won; the S&P had returned 7.1% compounded annually, compared to a
mere 2.2% achieved by a basket of active funds hand-picked by Seides®. While that contest was
squarely settled, the larger debate over active versus passive management remains. Actively
managed mutual funds, run by managers who try to outperform the broader market by picking
stocks, have long been one of the most popular ways for retail investors to invest. In recent years,
however, passive mutual funds, and other passive instruments, such as ETFs, have risen
dramatically in popularity. These funds aim to mirror the returns of specific market indices and
charge much lower fees than charged by active funds. A visualization of these trends is shown in
figure 1. Some proponents of passive investing argue that active managers’ performance is a
function of luck rather than skill. In his popular 1973 book, 4 Random Walk Down Wall Street,
Princeton economist Burton Malkiel claimed, “a blindfolded monkey throwing darts at a
newspaper's financial pages could select a portfolio that would do just as well as one carefully
selected by experts.” Since then, a large body of research has explored whether active managers
add value. In this paper, I evaluate whether active mutual fund managers demonstrate skill by
examining whether actively managed mutual funds are able to outperform when their

opportunity set is larger—periods which could be referred to as “stock-pickers’ markets”.

*https://fortune.com/2017/12/30/warren-buffett-million-dollar-bet/



20 i 40%
mmm Passive ETFs (left scale)

Passive MFs (left scale) 35%
16 v 't g
. Acm.e MFs (let.t scale) 30%
= 14 == Passive share (right scale) g
e - 25% &
%5 12 : 5
S = o)
§ g 10 - 20% S
52 8 - 15% 2
£S ¢ Z
5 .= <
2= - 10% ~
g 4
<, - 5%
0 PR ) ) ) ) ) ) ) L 0%
e o~ o — o ) o~ o — N Vo) ~
S o & o o 9o o & @ = = = =
(o)) [e)} [o)} (=} (=] (=] (=] (=] [ (=] S S
— — — (@] (@] (9] (o] (@] (o] (o] (o] o

Source: Morningstar, Inc.

Figure 1: Trends in active and passive management

I use dispersion, the cross-sectional volatility of the market, as a proxy for the extent to which
there are stock picking opportunities. At high levels of dispersion, stock returns are very different
from each other, providing ample opportunity for a stock picker to identify winners and losers.
At the other extreme, when dispersion is low, all stocks perform similarly, so there is limited
opportunity for stock pickers to outperform. If active managers are skilled at stock picking, one
would expect to see a positive relationship between fund performance and dispersion. I first
examine whether there is evidence of such a relationship. I then examine whether this
relationship has changed over time. Finally, I evaluate whether a fund’s performance during
periods of high dispersion provides meaningful insights from the perspective of an individual

considering an investment in that fund.



2. Literature Review
2.1) Performance Evaluation Framework
While there exist many frameworks for evaluating mutual fund performance, one of the most
commonly used and empirically tested frameworks is the four-factor model developed by
Carhart (1997) and Fama and French (1992, 1993). This approach estimates a portfolio’s excess
returns using the market’s excess returns, as well as size, value and momentum factors. I use this
framework to evaluate the performance of mutual funds in this paper.
2.2) Active vs. Passive Management
Graham and Dodd’s Security Analysis (1934) makes a strong case for active management,
arguing that rigorous security-level analysis allows investors to outperform the market. That said,
many studies suggest that active managers tend to underperform passive managers. In one of the
first studies on the topic, Jensen (1968) examined mutual fund returns from 1945-1964 and
found little evidence of any individual fund outperforming the market more often than what
would be expected from random chance alone. Similarly, Davis (2001) used a Fama-French
three-factor model to analyze the returns of around five thousand actively managed mutual funds
from 1968 — 1998 and found no evidence of positive abnormal returns. These results held when
grouping by fund style and evaluating each style individually. Jones and Wermer (2011)
surveyed literature on the value of active management and concluded that the average active
manager does not outperform but a significant minority do add value. They also argue that
comparing active funds to a particular index directly is not a fair comparison, as one cannot
invest in the index directly. Instead, an investor would have to invest in a passive fund or ETF
which tracks the corresponding index and charges a small fee to do so. After taking this fee into
account, Jones and Wermer find that active and passively managed funds perform approximately
the same.
Cremers and Petajisto (2009) propose a new measure to quantify the extent to which a mutual
fund is actively managed and argue that this measure positively predicts fund performance. The
new metric, “active share”, is calculated as the sum of absolute differences between weightings
of stocks in a portfolio with stock weightings in the corresponding benchmark index. Frazzini,
Friedman and Pomorski (2016) replicate this study but report their results separately for each
benchmark index and find that this metric is as likely to correlate positively with returns as it is

to correlate negatively when grouping by benchmark. Regardless, the authors note that this



metric is commonly used by institutional money managers in determining fund allocations. This
metric is difficult to calculate systematically because it requires knowledge of a fund’s target
benchmark and weighting of each stock within that benchmark. Amihud and Govenko (2013)
propose a different proxy for fund activity, 1-R?: the percentage variability in fund return not
explained by market returns. This metric identifies fund variance due to idiosyncratic factors;
funds that are more active will inherently have more idiosyncratic variance. Since this metric is
easily systematically applied to many funds, I use this 1-R? metric, which I refer to as selectivity,
as a proxy for fund activity.

2.3) Dispersion

Several papers have explored cross-sectional volatility of stock returns, or dispersion,
particularly in the context of comparison to cross-sectional volatility of fund returns. This
measure is calculated as either the value-weighted or equal-weighted standard deviation of
security returns in the market in a given period and quantifies the variability of security returns
within a given portfolio. Ankrim and Ding (2002) and de Silva, Sapra and Thorley (2001) both
comment on dispersion of securities as a driver of large variation in mutual fund returns during
late 1990s and early 2000s. Petajisto (2013) explores another aspect of dispersion, using it as a
proxy for attractiveness of a stock picker’s opportunity set. He argues that periods of high
dispersion represent “stock-pickers’ markets,” where large differences in returns between the
best and worst-performing stocks provide ample opportunity for active managers to identify
winners and losers. He then finds a modest positive relationship between dispersion and excess
return on a benchmark for the most active subset of funds between 1990 and 2009, supporting
the idea of a stock-picker’s market. When including all funds, not just the most active subset, this
relationship was not significant. This paper expands on Petajisto’s analysis by incorporating
more funds into the analysis as well as more recent data on these funds, using a four-factor alpha
instead of simple outperformance, and allowing differences in this relationship over time.

2.4) Survivorship Bias

As with any study of mutual funds, survivorship bias is an important topic to address before
conducting analysis. Carhart, Carpenter, Lynch and Musto (2002) discuss at length sources of
bias in studies of mutual funds. In particular, they demonstrate that mutual funds tend to
disappear following poor multi-period performance, resulting in a positive bias of approximately

1% of average annual returns for studies of 15 years or more. This form of bias is unavoidable,



as one cannot prevent poorly-performing mutual fund from shutting down. A more explicit form
of bias is introduced when “dead” funds, or funds which are not present the end of the sample,
are excluded from a sample. Many papers, such as Petajisto (2013), remark that samples which
include all dead funds are essentially survivorship-bias free, as they avoid introducing this form
of bias. As such, I use a sample that includes both live and dead funds in order to minimize

survivorship bias.



3. Data and Methodology
3.1) Mutual Fund Data

Data on mutual fund returns come from The Center for Research in Security Prices (CRSP)
Mutual Funds database. Excluding index funds, his database includes monthly data on returns
and net asset values for 61,979 funds in existence for at least one month between January 1990
and December 2018. The average fund life was 103 months, resulting in a data set of 6.4 million
fund-month observations. As per CRSP’s methodology, different classes of the same mutual
fund are associated with different unique identifiers, and thus are treated as separated funds in
this paper. In order to exclude funds not benchmarked to equity indices, I then calculated Carhart
four-factor betas for each fund over their entire lives and excluded all funds with market betas
lower than 0.8 or above 1.2. I also limited the analysis to funds with lifespans of three years or
greater, because at least that much data is necessary in order to calculate three-year rolling
metrics. Subsetting criteria are discussed further in section 3.3. With these criteria, the final
dataset includes data on 19,433 funds, with an average life of 132 months, resulting in 2.6

million fund-month observations.
3.2) Supplementary Data

Dispersion data was generated as described in section 3.4 using S&P 500 constituent data from
Compustat - Capital 1Q’s Index Constituents database and stock returns from CRSP’s Stock /
Security Files database. It includes data on the cross-sectional volatility of the S&P 500,
calculated monthly for a total of 348 months. Other volatility data, including monthly VIX,
comes from the Wharton Research and Data Services’s (WRDS) CBOE Indexes database. Fama-
French factor data comes from the WRDS Fama-French Portfolio and Factors database, which in
turn draws from Kenneth French’s website. These data include monthly values for the risk-free
rate and excess return of the market, as well as size, momentum and value factors. These are as

defined by Carhart (1997) and Fama and French (1993) and reproduced below:
Risk free rate (rr) — one month U.S. Treasury bill rate

Market return (rmk) — value-weighted returns of all NYSE, AMEX, and NASDAQ stocks



Size (rsmb) — difference in returns between small-cap and large-cap stocks. Calculated as
the average return of three small-cap portfolios minus the average return of three large-

cap portfolios.

Momentum (rumd) — difference in return between high prior-period-return stocks and low

prior-period-return stocks.

Value (rnm1) — difference in return of value stocks and growth stocks. Calculated as the
average return of two value portfolios minus the average return of two growth portfolios.

3.3) Sample Identification

First, I created a subset of relevant funds using the market beta cutoffs mentioned in section 3.1.
In order to estimate betas for each fund, I used a Carhart four-factor model over each fund’s
entire life. Its formulation shown below, where 1j; represents the return of fund j in period t, and

T'mkt,t, Tsmb.t, Thmlt, and rumd, are as described in the section 3.2:

Tit = Tfe = G+ Bkt (Tmkt,t — Tf.6) + Bhmi jThmie + Bsmb,jTsmb,t TBumd,jTumd,t + €
After estimating betas for each fund, I included only funds whose betas were between 0.8 and
1.2, since it is reasonable to assume these funds are benchmarked to U.S. equity indices. While
this approach is somewhat arbitrary, it provides an intuitive way to exclude funds uncorrelated
with U.S. equity markets, is and is easy to apply systematically as it does not require knowledge
of each fund’s holdings. Furthermore, the results of this paper are not sensitive to small changes
in cutoff values, as can be seen in Appendix 1. A distribution of market betas for each fund is
shown in figure 2. I also filtered out any funds designated as ETFs by the CRSP database, and
any funds with less than 36 months of data, because it would be impossible to calculate three-
year rolling metrics for these funds. By including all funds that were extant for at least three

years, [ avoid introducing survivorship bias.
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Figure 2: Distribution of market betas for all funds
3.4) Dispersion Calculation

Concurrently, I used data on S&P 500 constituents and returns to generate values for dispersion,
or cross-sectional volatility of the S&P 500, equal weighted. I used S&P 500 components to
calculate market dispersion rather than, say, all publicly listed equities because historical data is
more readily available on these securities and these are the most commonly held stocks by
mutual funds. Though Petajisto (2013) calculated dispersion on a value-weighted basis, |
calculated dispersion on an equally weighted basis as it is more intuitively compatible with the
idea of stock picker’s markets. Large variance in stock returns present opportunities for active
stock pickers regardless of the size of the stocks. Dispersion is calculated as follows, where n; is
the number of stocks in the S&P 500 in period i, 1j; is the return of stock j in period t and 7t is the

average return of S&P 500 stocks in period i:

Dispersion; = \/ntl_l E?Ll(rj,t —7)?

For context, a time series of dispersion, compared to VIX is shown below. The two are relatively

strongly correlated (p = 0.59). Dispersion measures a different angle of market volatility than

11



VIX; dispersion corresponds to cross-sectional variance of returns whereas VIX corresponds to

time-series volatility. Historical data for both metrics are shown in figure 3.
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Figure 3: Historical data for VIX and Dispersion.

3.5) Fund Alpha

I then calculated Carhart four-factor alphas for each of the funds on a three-year rolling basis.
For each month a fund was in the sample, I calculated its three-year rolling alpha, market beta,

size beta, value beta and momentum beta using the following model:

Tit = Tfe = G + Bkt (Tmkt,t — Tf.¢) + Bhmi,jThmit + Bsmb,jTsmbt TBumd,jTumd,t + €

where MKT, HML, SMB and UMD are defined in section 3.2. I then calculated monthly alpha,

o, for each fund (not to be confused with three-year rolling alpha, o), defined as:
Q¢ = Tj,t—Tf,t—Bmkt,j (rmkt,t_Tﬂt)_mal,jrhml,t_Bsmb,jrsmb,t_ﬁumd,jrumd,t
Or equivalently:
Qi =y + €

In other words, a fund’s monthly alpha is its outperformance in a given month relative to the

fund’s expected return given market return, risk free rates, size, value and momentum.

12



3.6) Selectivity

Following Amihud and Goyenko (2013), I estimated 1-R? using the S&P 500 as the market
benchmark. This 1-R? measure can be interpreted as the percentage variability in fund return that
is not explained by market returns; thus, we use this measure as a proxy for fund selectivity.

First, I estimate each fund’s selectivity proxy as follows:

2 Cov(R;,Rsgp)>
1 - R] - 1 - Var(Rs&p)Var(Rj)

I then categorize fund as high, middle or low selectivity based on this metric, both aggregated as
well as for each decade. The 1990s decade is defined as January 1990-December 1999, and
2000s and 2010s are defined similarly. The motivation behind having two different selectivity
labels is to allow for fund selectivity to vary over time, as one could imagine would happen as a
fund shifts management or style. Low selectivity funds are defined as those in the bottom
quintile of 1-R?, high selectivity funds are those in the top quintile, and middle selectivity as
those in the middle 3 quintiles. Cutoff values for each group are shown below in table 1. Percent
of fund-month observations in each category are shown in table 2. 85% of observations had the
same selectivity designation whether calculated overall or by decade, indicating that funds

generally tend to maintain similar levels of selectivity over time.

Low Middle High
Overall (0, 0.08) (0.08, 0.35) (0.35, 0.99)
1990s (0, 0.14) (0.14, 0.54)  (0.54, 0.99)
2000s (0, 0.08) (0.08, 0.34) (0.35, 0.94)
2010s (0, 0.07) (0.07, 0.31) (0.31, 0.99)

Table 1: Selectivity cutoffs by decade

Decade: High Decade: Middle Decade: Low

Overall: High 16% 5% 0%
Overall: Middle 4% 54% 4%
Overall: Low 0% 2% 15%

Table 2: Percent of fund-month observations in each selectivity category
3.7) Model

I then estimated three different models to understand the relationship between fund alpha and

dispersion. First, I estimate the model across the entire time period, allowing for interaction with

13



overall selectivity. VIX is also included as a covariate because, as Low (2000) points out, it

represents a proxy for investor fear in the market. This model is explicitly defined below:

a1 = Bo+51VIX+ G2 Dispersion,+ps(Middle Selectivity)+p4(High Selectivity)+
Bs(Dispersiony : Middle Selectivity)+ g (Dispersion; : High Selectivity)+ €,

More simply: %t ~ VIX,; + Selectivity; + Dispersion; + Selectivity; x Dispersion;

Low selectivity is the default selectivity designation in this formulation and dispersion is mean
centered to allow for easier interpretation of Bo. I then allowed for variation over time by adding
in interaction terms for decade and used decade-by-decade measures for selectivity. The time-

varying model is defined below:

ajr = Bo+L1VIXi+P2(VIX, : 2000s)+53(VIX, : 2010s)+ B4 Dispersions+
B52000s4 3620105+ (Middle Selectivity)+Bs(High Selectivity)+[Be(Dispersion; :
2000s) + Bio(Dispersion, : 2010s) + P11 (Dispersion, : Middle Selectivity) +
B12(Dispersion; : High Selectivity)+13(Middle Selectivity : 2000s)+514(Middle Selectivity :
2010s) + pis(High Selectivity : 2000s) + [i6(High Selectivity : 2010s) +
B17(Dispersion, : Middle Selectivity : 2000s)+S1s(Dispersion; : Middle Selectivity :
2010s) + pPro(Dispersion; : High Selectivity : 2000s) + [oo(Dispersion; :
High Selectivity : 2010s) + €

Again, more simply:

aj i ~ VIX, +VIX,x Dispersion, + Selectivity; + Dispersion; + Decade; +
Selectivity; * Dispersion; + Selectivity; * Decade; + Decade; * Dispersion; +
Dispersion; x Selectivity; * Decadey
I then explored dispersion in fund alpha as a function of market dispersion, comparing a simple
linear relationship to a log-log relationship. Fund dispersion is defined similarly to market
dispersion. Its formulation is shown below, where n; is total number of funds in a given month,

and 9t is average alpha of all funds in a given month:

FundDispersion; = \/ﬁ Z?'z’l(aj,t — )2
The linear model is defined as:

FundDispersion, = B + B1Dispersion; + €
And the log-log model is defined as:

log(FundDispersion;) = By + B1log(Dispersion;) + €;

14



4. Results
4.1) Initial Model

The initial model is shown below, and its corresponding output is shown in table 3:

oy ~ VIXy + Selectivity; + Dispersion, + Selectivity; x Dispersion,

where VIX and dispersion are both mean-centered.

N R-Squared F  P-Value
1,865,799 0.002 674.9 0.000
Estimate Standard Error T P-Value

Intercept (0.27) 0.04 (7.09)  0.00
VIX (0.17) 0.00 (62.64) 0.00
Dipsersion 34.06 1.45 23.54 0.00
High Selectivity (0.35) 0.05 (6.76)  0.00
Middle Selectivity (0.23) 0.04 (5.32)  0.00
Dispersion x High Selectivity 3.76 1.81 2.08 0.04
Dispersion x Middle Selectivity —1.52 1.55 0.98 0.33

Table 3: Initial model coefficients

The R-squared of this regression indicates that about 0.2% of the variability in alpha can be

explained by variability in the predictors. The low R-squared is likely due to the noisy nature of

alphas, since these alphas represent the components of returns not already explained by general
market movement, size, value and momentum. Despite this low R-squared, many of the

predictors are highly significant in explaining alpha. Given the statistical significance of

coefficients, we can conclude that this model provides useful information about the mean alphas

for funds given selectivity and dispersion; however, the low explanatory power of this model
indicates it is not particularly informative for each specific fund. A visualization of the model

output is shown in figure 4, with the vertical gray bar representing mean dispersion levels.
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Figure 4: Initial model visualization

Low, middle and high selectivity funds had average alphas of -0.27%, -0.50% and -0.62%, all
significantly different from 0 and from each other. The coefficient for VIX indicates that a 1-
point increase in VIX is associate with a 17 basis point decrease in alpha. Low and middle
selectivity funds had a significantly positive relationship with dispersion; a 1 percentage point
increase in dispersion is associated with a 34 basis point increase in alpha for these funds. Highly
selective funds have an even larger positive relationship between alpha and dispersion (38 basis
points of alpha per percentage point of dispersion), suggesting that highly selective funds, are
able to take advantage of high dispersion environments slightly more effectively than their less
selective peers. This result is consistent with Petajisto (2013). The lower overall alpha for these
funds may indicate the increased transaction costs associated with being highly active are not
offset by their advantage in periods of high dispersion. This analysis implicitly assumes that fund
alpha, and the relationship between dispersion and outperformance does not change over time.
This assumption is likely flawed, as the investment environment has changed significantly over
the past three decades. In order to account for changes in investment environment over time, the
next iteration of the model allows for variation by decade.

4.2) Time-Varying Model

After adding decade as a predictor, the new model is shown below, and its output is in shown in

table 4.

oy ~ VIX, +VIX;* Dispersion, + Selectivity; + Dispersion; + Decade; +
Selectivity; * Dispersion; + Selectivity; x Decade; + Decadey * Dispersion; +
Dispersion; x Selectivity; * Decade

16



where VIX and dispersion are again both mean-centered.

N R-Squared F  P-Value
1,865,799 0.008 720.1 0.000

Estimate Standard Error T P - Value
Intercept 0.04 0.15 0.27 0.79
VIX (0.24) 0.01 (21.36) 0.00
VIX x 2000s 0.04 0.01 3.16 0.00
VIX x 2010s 0.10 0.01 8.27 0.00
Dispersion (25.40) 5.67  (4.48) 0.00
2000s (0.38) 0.17  (2.27) 0.02
2010s (1.20) 0.17  (6.93) 0.00
Highly Selective 1.62 0.22 7.32 0.00
Middle Selective 0.37 0.18 2.12 0.03
Dispersion x 2000s 80.57 6.02 13.38 0.00
Dispersion x 2010s 4.05 7.04 0.58 0.56
Dispersion x Highly Selective 294.67 7.75 38.03 0.00
Dispersion x Middle Selective 74.74 6.28 11.90 0.00
2000s x Highly Selective (1.91) 0.24  (7.92) 0.00
2010s x Highly Selective (6.48) 0.25 (25.56) 0.00
2000s x Middle Selective (0.92) 0.19  (4.75) 0.00
2010s x Middle Selective (1.60) 0.20  (8.01) 0.00
Dispersion x 2000s x Highly Selective  (306.49) 8.12 (37.77) 0.00
Dispersion x 2010s x Highly Selective  (527.92) 9.84 (53.68) 0.00
Dispersion x 2000s x Middle Selective (70.85) 6.62 (10.70) 0.00
Dispersion x 2010s x Middle Selective  (135.12) 7.86 (17.19) 0.00

Table 4: Time-varying model coefficients

The R-squared of this regression indicates that about 0.8% of the variability in alpha can be
explained by variability in the predictors. The model now explains about 3 times as much of the
variance in alpha as before. Again, this low R-squared is likely due to the noisy nature of
monthly alphas mentioned earlier. Given the interaction terms, this model is equivalent to
running regressions separately for each of the decades. For ease of interpretation, coefficients
and t-values for regressions run separately for each decade are shown in Table 5. Note that all
coefficients are identical in Tables 4 and 5 except for the intercept. This is due to mean-centering
of dispersion and VIX. In Table 4, the intercept can be interpreted as average alpha for a low
selectivity fund in the 1990s at mean levels of overall dispersion and VIX, whereas the intercepts
in Table 5 can be interpreted as average alpha for a low selectivity fund at mean levels of
dispersion and VIX for that particular decade. In order to draw conclusions from the model,
relationships are interpreted by decade. The model output is displayed graphically in Figures 5, 6

and 7, where the vertical gray bar on each graph corresponds to mean dispersion in that decade.
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1990s 2000s 2010s

Variable Coefficient T  Coefficient T  Coefficient T
Intercept (0.01)  (0.07) 0.14 2.00 (0.45) (10.20)
VIX (0.24)  (15.69) (0.20)  (52.20) (0.14)  (34.55)
Dispersion (25.40)  (3.29) 55.16 26.99 (21.35)  (5.46)
High Selectivity 341 11.99 0.47)  (5.35) (1.01) (15.35)
Middle Selectivity 0.82 3.6 (0.49)  (6.36) (0.23)  (4.52)
Dispersion x High Selectivity 294.67 27.95 (11.83)  (4.83) (233.26)  (40.93)
Dispersion x Middle Selectivity 74.74 8.75 3.89 1.82 (60.38) (13.57)

Table 5: Model coefficients for each decade
4.2.1) 1990s

Alpha as a Function of Dispersion and Selectivity, 1990s
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Figure 5: 1990s time-varying model visualization

In the 1990s, low selectivity funds averaged an alpha of -0.01% at mean levels of dispersion and
VIX for the decade, compared to 0.81% and 3.40% for middle and high selectivity funds
respectively. These differences are statistically significant. Each of the selectivity groups had
significant and large differences in the relationship between dispersion and alpha. Highly
selective firms had the largest positive relationship between dispersion and alpha: a one
percentage point increase in dispersion is associated with an increase of 269 basis points in
monthly alpha. For middle and low selectivity funds, the expected change in alpha for a one
percentage point increase in dispersion is positive 49 basis points and negative 25 basis points
respectively. In other words, highly selective funds outperformed their peers in the 1990s,
especially during times of high dispersion. This evidence is consistent with the existence of
“stock pickers’ markets” in the 1990s, as the most active funds were able to outperform relative

to what was expected when there existed high variability in stock returns.
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4.2.2) 2000s

Alpha as a Function of Dispersion and Selectivity, 2000s
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Figure 6: 2000s time-varying model visualization

In the 2000s, low selectivity funds averaged an alpha of 0.14% at mean levels of dispersion and
VIX for the decade, compared to -0.35% and -0.33% for middle and high selectivity funds
respectively. For highly selective funds, a 1 percentage point increase in dispersion is associated
with a 43 basis point increase in alpha, compared to expected 59 and 55 basis point increases for
middle and low selectivity funds respectively. Low selectivity funds outperformed middle and
high selectivity funds at mean levels of dispersion and had a very similar relationship between
outperformance and dispersion during this period. This result seems surprising, given that
general intuition is that more active funds would outperform during periods of crisis, and this

period included the worst financial crisis of the last 75 years.
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4.2.3) 2010s

Alpha as a Function of Dispersion and Selectivity, 2010s
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Figure 7: 2010s time-varying model visualization

In the 2010s, low selectivity funds averaged an alpha of -0.45% at mean levels of dispersion and
VIX, compared to -0.69% and -1.46 % for middle and high selectivity funds respectively. These
differences are statistically significant. Each of the selectivity groups had large differences in the
relationship between dispersion and alpha. For highly selective funds, a 1 percentage point
increase in dispersion is associated with a 254 basis point decrease in alpha, compared to an 82
basis point decrease for middle selectivity funds and a 21 basis point decrease for low selectivity
funds. These differences are statistically significant. In other words, highly selective funds
underperformed relative to their peers during periods of high dispersion. This result may be
driven by the low-volatility bull market during this period which favored passive investing over
active investing.

4.3) Fund Dispersion vs Market Dispersion

I then tested whether dispersion in security returns is associated with dispersion in fund alpha. To
do so, I estimated dispersion of fund alphas as cross-sectional standard deviation of fund alphas
for every month in the data. I created two different models to explain fund dispersion with
market dispersion: a simple linear model, and a model with log transformations of both fund
dispersion and market dispersion. I chose to explore this log transformed model in addition to the
linear model because the data displayed a fanning pattern, and thus violated the
heteroskedasticity condition of linear regression. The two models are shown below, and their

outputs are shown in tables 6 and 7. Scatterplots for each model are shown in figure 8.
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Linear:

FundDispersion; = By + 1 Dispersion; + €;

N R-Squared F  P-Value
312 0.118 41.29 0.000

Estimate Standard Error T P-Value
Intercept 0.01 0.00 6.73 0.00
Dispersion  0.10 0.02 6.43 0.00

Table 6: Linear dispersion vs. dispersion model output

Log-Log:
log(FundDispersion;) = By + p1log(Dispersion:) + €;
N R-Squared F  P-Value
312 0.295 129.8 0.000
Estimate Standard Error T P-Value
Intercept (2.70) 0.13 (21.59) 0.00
Log(Dispersion)  0.56 0.05 11.39 0.00

Table 7: Log-log dispersion vs. dispersion model and output
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Figure 8: Scatterplots for linear and log-log models

The log-log model has an r-squared that is larger than that of the simple linear model (0.30 vs
0.12), and it better satisfies the condition of heteroskedasticity (as seen in the figure above. Since
there appear to be two outliers, I also considered using the robust regression technique of M-

estimation according to Maronna et al. (2019); however, the output of the robust regression,
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which can be found in Appendix 2, is not meaningfully different from the ordinary least squares
regression. Accordingly, I will report results for the log-log model using ordinary least squares
regression.

This model indicates that market dispersion has a statistically significant positive relationship
with dispersion of mutual fund alpha. A 10% increase in market dispersion is associated with
about a 6% increase in dispersion of mutual fund alphas. This result is consistent with de Silva,
Sapra and Thorley (2001), who demonstrated that market dispersion is associated with dispersion
of mutual fund returns. This result also suggests that it is unwise for an investor to make
allocations to a particular fund based on that fund’s alpha during a period of high market
dispersion. Since times of high market dispersion are associated with high dispersion of fund
alphas, it is difficult to discern whether that alpha is the result of manager skill or random

chance.
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S. Conclusions and Further Research
This paper suggests that dispersion can be a significant predictor of mutual fund alpha, but there
are large differences in this relationship over time. During the 1990s, the most selective funds
had a very significant positive relationship between dispersion and alpha, more so than their less
selective peers. This result is intuitive and consistent with the idea of a stock picker’s market; the
most active stock pickers have the most to benefit from periods of high dispersion. In the 2000s,
this relationship was positive for all funds, providing more evidence in favor of the existence of
stock picker’s markets. Additionally, high selectivity funds performed roughly in line with their
peers at all levels of dispersion during this period. Since this period was dominated by two
financial crises: the dot-com bubble and the global financial crisis of 2008, this result seems to
contradict a popular selling point for active investing, that it is better to have money actively
managed during times of turmoil. The 2010s provided the most surprising results, as funds of all
selectivity levels demonstrated significant negative relationships between dispersion and alpha.
This result is even more surprising when considering the explosive rise in the market share of
passively managed investment vehicles. One might expect that a smaller pool of active managers
would result in more mis-pricings in the market, allowing the remaining active managers to
outperform, but this is not what the data have shown.
There are several possible explanations for these results. One possible explanation is that the
stock market has simply gotten more efficient over time. In the 1990s, managers could have
taken advantage of inefficient pricing in the market, and the most active managers would have
the most opportunity to generate alpha. By the 2010s, there could have been fewer inefficiencies
for active managers to exploit. Managers would incur transaction costs when picking stocks
during times of high dispersion, but not generate outsized returns, resulting in a negative
relationship between dispersion and alpha. This explanation relies on the assumption that funds
would transact more often during times of high dispersion. This question could be interesting to
explore in further research.
Another possible explanation for the results is that mutual fund managers have gotten less skilled
relative to the average market participant over the past few decades. That is not to say that active
managers have become less skilled overall, but the average market participant may have gotten
more sophisticated. It could be the case that in the 1990s, active mutual funds had a stock

picking advantage over less-sophisticated retail investors. Active funds in high dispersion
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markets would have the most opportunity to exploit this edge. As more sophisticated
participants, such as quantitative hedge funds, have entered the market and grown in size in
recent years®, active managers could now be at a disadvantage relative to the average market
participant. Funds which transact the most would therefore be expected to perform the worst,
explaining the near complete reversal in trends between the 1990s and 2010s. Further evidence is
needed to evaluate whether the average market participant has actually gotten more
sophisticated, so this could be an interesting topic for future research.

From a practical perspective, this analysis does not recommend using a fund’s performance
during times of high dispersion to determine whether to make allocations to a particular fund.
While the results are statistically significant, they apply to funds on average, and are difficult to
apply to a single fund. As seen by the particularly low R-squared values in the regressions, there
is a huge amount of noise in monthly alphas. Furthermore, dispersion in the market is strongly
correlated with dispersion of fund alphas, meaning it is very difficult to discern whether a
particular fund’s strong performance in a time of high dispersion is the product of managerial

skill or luck.

3 https://www.ft.com/content/ff7528bc-ec16-11e7-8713-513b1d7ca85a
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Appendix 1: Sensitivity of Model to Beta Cutoffs
Sensitivity of Aggregated Model to Cutoff Values (Wide View)
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Covariate

Covariate

Covariate

Sensitivity of Time-Varying Model to Cutoff Values (Wide View)
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Appendix 2: Robust Regression of Market Dispersion vs. Fund Dispersion

Estimate Standard Error T P-Value
Intercept (2.63) 0.10 (25.25)  0.00
Log(Dispersion)  0.59 0.04 14.44 0.00

The model output for robust regression of market dispersion vs fund dispersion is shown above.
The response variable in this regression is log-transformed dispersion of fund alphas, measured
in percentage points. This robust regression utilizes an M-estimator and is fitted using iterated re-
weighted least squares (IWLS). It is implemented using the MASS package in R.
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