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Abstract

We re-examine performance persistence amongst UK mutual funds. Specifically, we investigate performance persistence
amongst small portfolios of past high-performing funds. In contrast to the more common analysis of decile portfolios of
funds, we focus on persistence in the more extreme positive tail of the cross section of fund performance. This paper con-
tributes to the smaller literature on UK rather than US mutual fund performance. We investigate fund persistence based on
practitioner index models as well as academic factor models, focusing on small portfolios of funds using inference based on
nonparametric persistence test statistics as well as conventional t tests. We provide strong evidence of positive persistence
amongst small-size portfolios of (past) high-performing funds that is robust to alternative formation and holding periods
and alternative performance models. We also document some sensitivity in inferences on positive persistence when using

nonparametric versus conventional tests.

Keywords Mutual fund performance persistence - Factor models - Portfolio size

JEL Classification G11-Gl12-G14-Cl15

Introduction

In this paper, we re-examine UK mutual fund performance
persistence (1990-2017) in the context of alternative fac-
tor models, concentrating on small portfolios of funds
in the extreme tail of the cross-sectional distribution of
fund performance (e.g. top-performing portfolios of size
2,3,5,7,10,20,35,50 mutual funds). We conjecture that there
may be stronger positive persistence in small-size portfo-
lios relative to the more commonly studied larger decile
portfolios.

A number of studies have highlighted the need to consider
fund performance persistence using both “academic factor”
models (e.g. Fama and French 2015, 2016, 2017) and “prac-
titioner index” models (e.g. the 4-factor IDX4 and 7-factor
IDX7 index-based models of Cremers et al. 2013). Unlike
the Fama—French academic factors, these index models
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generally have zero alphas with respect to a wide range of
passive indices and style-sorted stock portfolios. Academic
factor models use “risk factors” which have explanatory
power for the cross section of average stock returns, whereas
practitioner factors are chosen to more closely represent low-
cost investible passive indices (which do not necessarily
price stock portfolios).

Non-normality in fund returns (and factor model residu-
als) can arise in the tails of the cross-sectional distribution
of funds, particularly for small-size portfolios formed on
the basis of short backward-looking formation periods. We
therefore implement a nonparametric bootstrap procedure
that adjusts for non-normality and contrast these bootstrap
statistical inferences with those from using conventional t
tests. We consider fund performance persistence based on
both net-of-fee fund returns (net alphas) and gross returns
(gross alphas,) thus separating manager performance from
investor abnormal performance persistence.

We examine the robustness of mutual fund performance
persistence over alternative portfolio formation and hold-
ing periods (f, h). Past “winner” portfolios are sorted on
past t-alphas for f = 36 or 60 months and 4= 1,3,6 and 12
months, either into decile-size portfolios or into portfolios
of a small number of funds s;, (i =2,3,5,7, 10, 20, 35, 50).
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There has not been an extensive recent UK study assessing
the robustness of positive persistence in mutual fund port-
folios, with respect to small versus large portfolios, different
formation and holding periods, different factor models and
with respect to standard t test versus bootstrap t values.

Our key result is that UK funds sorted on past t-alphas
result in positive net-alpha persistence for small portfolios
of past winner funds. In addition we find larger post-sort
positive net alphas for formation periods based on 60 rather
than 36 observations and for relatively short holding periods
of up to 6 months. When using our bootstrap procedure,
these inferences are robust to non-normality in funds’ idi-
osyncratic risks. Hence, a fairly simple investment strategy
of sorting UK funds into small portfolios based on past per-
formance delivers positive net alphas for investors. This can
be contrasted with previous studies that use many alternative
sorting rules, including multiple sorts, which may be prone
to data mining and false discoveries.

Repeating the analysis for gross (i.e. before fee) returns,
the above results apply a fortiori. The implication here is that
positive net-alpha performance depends crucially on compe-
tition amongst funds which could lead to lower mutual fund
fees for investors in active funds. This is the focus of the UK
Financial Conduct Authority’s Asset Management Markets
investigation (FCA 2017) which recommended greater trans-
parency of fund performance measures, investigation into
(internet) platform providers for funds and a submission to
the Competition and Markets Authority (CMA) to investi-
gate the role of advisers in recommending mutual funds to
pension trustees.

The rest of the article is structured as follows. Section
"Previous studies" provides a review of recent issues and
empirical findings from the literature. In section "data", we
discuss our data and sources while our empirical findings
on performance persistence for UK funds are presented in
Section "Empirical Results". Conclusions are presented in
Section 5.

Previous studies

Factor models applied to mutual funds (MFs) are either
based on “academic risk factors” which have been shown
to explain the cross section of average stock returns or
on “practitioner factors” which aim to represent low-cost
investible passive indices. The problem in using academic
factor models is the large number of potential alternative fac-
tors and the lack of a preferred model that price alternative
stock portfolios (see for example, Harvey et al. 2015; Fama
and French 2018).

The most frequently used academic factor model in the
MF performance literature is the Fama—French—Carhart
four-factor model (FFC4, Carhart 1997), with more recent

work using bootstrap techniques to take account of non-nor-
mality in fund returns (Kosowski et al. 2006, Cuthbertson
et al. 2008, Fama—French 2010, Blake et al. 2017, Huang
et al. 2019,).

The evidence for both the UK and USA based on the
FFC4 model is that the average MF underperforms in terms
of (after-fee) net alpha. The evidence on individual fund
performance is that positive net-alpha performance is rela-
tively small but negative-alpha funds are much more preva-
lent, especially after adjusting for the false discovery rate
or applying bootstrap p values'. Other studies for the USA
and UK reinforce the above conclusions (e.g. For the USA,
see inter alia, Kosowski et al. 2006, Fama and French 2010,
Cai et al. 2018, Huang et al. 2019 and for the UK see Blake
and Timmermann 1998, Quigley and Sinquefield 2000,
Fletcher and Forbes 2002, Tonks 2005, Keswani and Stolin
2008, Cuthbertson et al. 2008, 2010, Mateus et al. 2019a,
b)%. However, in a wide-ranging survey of US fund perfor-
mance, Cremers (2017) and Cremers et al. (2019) describe
the finding of few positive US alpha funds as the “conven-
tional wisdom”—but they argue that recent studies suggest
that the conventional wisdom is “too negative”.

Testing for performance persistence

In testing for performance persistence, funds are typically
sorted into fractiles (e.g. deciles) based on an attribute under
examination (e.g. past performance) and periodically rebal-
anced over a specific holding period (e.g. monthly). Post-sort
returns are then used to assess future performance. Alphas
can be measured using gross fund returns® while investors
earn net returns (i.e. gross returns after deduction of fund
management fees)*. This provides a direct test of whether a
particular ex-ante strategy could have been successful (on
past data), for investors switching between funds’.

! Andrikogiannopoulou and Papakonstantinou (2019) using simula-
tion, show that for US mutual fund returns, which have a low signal-
to-noise ratio, relatively limited observations per fund and possible
cross-sectional correlation across funds, estimates of the false discov-
ery rate may be heavily biased and produce estimates of zero-alphas
(non-zero-alphas) that are upward (downward) biased. Giglio et al
(2018) propose an alternative FDR approach.

2 Another major strand in the literature is to use some form of shrink-
age to adjust individual fund alphas. This may involve using Bayesian
priors (Jones and Shanken 2005) or fund characteristics (Pastor and
Stambaugh 2002) or information on the cross-section of performance
(Chen et al 2017, Harvey and Liu 2018, 2019).

3 After transactions costs of buying and selling securities but before
deduction of management fees.

4 Net returns exclude any load fees and any income or capital gains
taxes applicable to the individual investor.

3 We do not include switching costs in our analysis, which potentially
include front and back-end load fees and time and effort of investors
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Measuring persistence in MF performance has used a
wide variety of sorting rules. For example, fund sorts based
on measures of past performance such as fund returns,
benchmark-adjusted returns, alphas and t-alphas are often
used®. But other sorting rules include fund size (Cremers
and Pareek 2016), active share (Cremers and Petajisto 2009;
Frazzini et al. 2016; Petajisto 2016), industrial concentra-
tion (Kacperczyk et al. 2005), turnover (Pastor et al. 2017),
“unobserved actions” (Kacperczyk et al. 2008), R-squared
(Amihud and Goyenko 2013), “word of mouth” (Hong et al.
2005), “commonality in holdings” (Cohen et al. 2005), pub-
lic information (Kacperczyk and Seru 2007), patient capital,
(Cremers and Pareek 2016), gross profitability (Kenchington
et al. 2019), efficiency of trading desks (Cici et al. 2018),
herding behaviour (Jiang and Verardo 2018) and past cash
inflows (i.e. the smart money effect, Zheng 1999, Sapp and
Tiwari 2004, Keswani and Stolin 2008, Akbas et al. 2015)7.
These are usually single sorts but sometimes double sorts on
two attributes are used®. As the number of possible rules for
predicting fund returns is very large, issues of data mining
and data snooping come to the fore.

Using the FFC4 model on US data, Kosowski et al.
(2006), for example, demonstrate that the top decile exhibits
persistence with annual rebalancing to give a net alpha of 1%
p.a. (bootstrap p value = 0.05). At the bottom of the perfor-
mance distribution, deciles 6-10 have significantly negative
abnormal performance (of about —1% p.a. for deciles 6-9
and —3.5% for decile 10).

More recent US studies (Jordan and Riley 2015, 2016)
have added the Fama and French (2015, 2016, 2017) pric-
ing factors for profitability (RMW, “robust minus weak™)
and investment (CMA, “conservative minus aggressive”)
to the FFC4 four-factor model, giving a six-factor model
(FFC6). Jordan and Riley (2015) find that sorting MFs on
their previous year’s return volatility (and rebalancing each
year) gives a positive (net of fees) alpha when using the
FFC4 model, but the alpha “disappears” when using the
FFC6 model. Hence, the FFC6 model negates the so-called

Footnote 5 (continued)

and advisers. For switches within fund families or for large investors
such as pension funds actual load fees paid will be less than adver-
tised load fees. Not all funds have load fees.

S Past returns, alphas or t-alphas are perhaps the most widely used
sorting rules in early work (e.g. Carhart 1997, Blitz and Huij 2012)
and their use continues to today. Blake and Morey (2000) sort on
Morningstar 5-star ratings.

7 In some of these studies only results for the future alphas (or
returns) of the long-short sorted portfolios (i.e. top fractile funds
minus bottom fractile funds) are reported. As mutual funds cannot be
shorted, it is not clear if such results are exploitable by investors.

8 For example, Bessler et al. (2018) sort on the size of fund inflows
(“external governance”) and change in fund manager (“internal gov-
ernance”’) while Cremers and Petajisto (2009) sort on active share and
fund size.
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volatility anomaly found in the US asset pricing literature
(Frazzini and Pederson 2013, Novy-Marx 2014; Fama and
French 2015, 2016).

Benchmark-adjusted alphas

Mateus et al. (2019a, b) suggest two methods to adjust aca-
demic factor models for the presence of nonzero alphas,
when a passive benchmark (e.g. FTSE100, S&P500) is the
dependent variable. The first approach looks for “new” fac-
tors that explain the cross section of stock returns but they
argue that there is no consensus set of factors that emerges
and any “new” factors added to the FFC4 model do not
make a substantive difference to our views on MF alpha
performance. A second method is to use as the dependent
variable the fund’s return minus the return on the fund’s
self-declared benchmark return. Then, the fund’s true alpha
is given by a = a,., — a,. Clearly, if the MF benchmark-
alpha is positive (negative), then the true alpha is smaller
(larger) than the MFs standard FFC4 alpha. Mateus et al.
(2016) find that for UK funds (1992-2013) adjustment for
a benchmark return (i.e. FTSE100) tends to increase his-
torical (Morningstar) style-alphas, compared with the FFC4
model. Applying a similar procedure, Mateus et al. (2019a,
b) add a “peer group style-benchmark” to the FFC4 model
and find that UK (Morningstar) peer group alphas increase
the probability that these funds will be in the top-performing
quartile, one year later. Of course, the choice of a specific
benchmark may not adequately represent a mutual fund’s
risk exposure (Sensoy 2009).

Index models

As we have seen above, a potential problem in using the
FFC4 academic factors is that mainstream passive portfo-
lios (e.g. S&P500, Russell 2000, FTSE100) give nonzero
alphas (see Mateus et al. 2016 for the UK and Cremers et al.
2013 for the US). Investment practitioners interpret alpha
primarily in terms of “outperformance” relative to passive
“index style-factors” that can either easily be replicated by
individual investors themselves or by purchasing index funds
directly (Sharpe 1992). Unlike the Fama—French academic
factors, these index factors (IDX4, IDX7) generally have
zero alphas with respect to a wide range of passive indices
and style-sorted stock portfolios (e.g. stocks sorted on size
or BMV) and also have higher R-squared and lower tracking
errors than the FFC4 model (Cremers et al. 2013).
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DATA

The UK data set contains 779 UK equity mutual funds taken
from Morningstar. Funds are categorised as small-cap, mid-
cap and large-cap and as value, income, growth and blend
funds. Index tracking funds are excluded. There are 334
non-surviving funds in the sample. Of the total 779 UK
funds, 159 are domiciled offshore. Returns are total monthly
returns net of management fees. We include the oldest share
class of each fund.

Our sample period is from January 1990 to February
2017. In January 1990 there is a low of 157 funds, while in
March 2009 there is a high of 600 funds. The average month
has 391 funds in the sample. The cross-sectional average
fund return ranges from a low of -15.28% in October 2008
to a high of 12.35% in April 2009°. The time series average
of the monthly cross-sectional average fund return is 0.42%.
At the end of the sample period, the average fund size was
£510m.

In our factor model estimation, we source the
Fama-French—Carhart market, size, value and momentum
factors for the UK from the Xfi Centre for Finance and
Investment data library at the University of Exeter Business
School!®. The factor construction methodology is outlined
in Gregory et al. (2013). In the UK four-factor index model
(UK-IDX4), the factor returns are the FTSE All Share (FA),
FTSE Small (FS) minus FTSE 100 (F100), FTSE Value
(FV) minus FTSE Growth (FG) indices and the momentum
factor. The indices are sourced from Datastream. Due to
reduced data availability, these data cover the period Janu-
ary 1994-February 2017. Statistical significance (based on
bootstrap p values) is reported at the 5% significance level.

We implement a nonparametric bootstrap procedure to
take account of non-normality in the residuals of the fac-
tor model used, which is particularly acute for funds in the
tails of the performance distribution that we are particu-
larly interested in. Bootstrapped p values of the t-statistic
are generated as follows. For each fund, i = 1,2..N, over the
period T,, we bootstrap fund excess returns under the null
hypothesis of zero true alpha. Amongst this set of N simu-
lated returns, there is no persistence by construction as all
funds have the same zero true alpha. Using these bootstrap
simulated returns, we sort funds into “past winners and los-
ers” and track the forward looking (holding period) “persis-
tence” returns as we rebalance each month. We then estimate
the t-statistic on the “persistence-alpha” for the top decile

% In April 2009 the UK stock market (e.g. FTSE All Share index)
rose by 10% following a London G20 summit where an agreement
was reached to tackle the global financial crisis with measures worth
$1.1 trillion (£681bn).

10 Available at http://business-school.exeter.ac.uk/research/centres/
xfi/famafrench.

(or smaller size portfolios), under the null of a zero alpha.
We repeat the above over a thousand bootstrap iterations to
generate a distribution of this “persistence” t-statistic under
the null of a zero “persistence-alpha”.

Bootstrap p values are then calculated by comparing the
empirical (actual) t-statistic on alpha from the historical
data, with the null distribution for t-alpha from the simulated
returns data under the null. For example, if the 95% cut-off
amongst the 1000 simulated t-alphas (under the null of zero
alpha) is 2.5 and the empirical t-alpha from the historical
data is 2.2, then we do not reject the null of a zero alpha
when using the bootstrap procedure (whereas we would
reject the null under the assumption of normality) A key ele-
ment of the bootstrap procedure is that we do not assume the
estimated alpha for each fund is normally distributed. Each
fund’s empirical alpha can follow any distribution (depend-
ing on the fund’s residuals) and this distribution can be dif-
ferent for each fund.

Empirical results

Based on the above analysis, for our UK funds we use the
FFC4 model as our “academic factor” model and the IDX4
model as our “practitioner index” model. In this section, we
present the empirical results on persistence in performance
for both types of model. For the most part, we focus on net
returns and net alphas (unless otherwise stated).

Decile-sorted portfolios: (f, h)= (60,1)

We begin by considering decile portfolios for (f, #)= (60,1)
and net (after fees) returns in Table 1. First, the factor load-
ings on both the market risk factor and size risk factor are
statistically significant for all deciles as well as for a portfo-
lio of decile 1 minus decile 10, denoted “Decile 1-10”. The
value factor (HML) is also significant for decile 1, while
the momentum risk factor (UMD) is significant for the top
three deciles at the 5% significance level. Value and momen-
tum are also significant for decile 1-10. In order to avoid
presenting an overly large volume of tables and results, we
concentrate throughout this section on the FFC4 model and
the IDX4 index model. The FFC4 model statistically domi-
nates the FF3 factor model (because of the statistical signifi-
cance of the momentum factor, UMD) and results for IDX4
and IDX7 are qualitatively similar'!. As with previous UK
studies, for the FFC4 factor model there is some evidence
of top-decile positive net-alpha persistence (a=2.12%pa,
t=2.86) and bottom-decile negative net-alpha persistence
(= —1.37%pa, t = —2.93, Table 1).

' The full set of results are available on request.
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Table1 UK Performance Persistence: Decile Portfolios—Fama—
French—Carhart Four-Factor (FFC4) Model, (f,h = 60,1) This table
presents the performance persistence results of decile-sorted mutual
funds. Each month funds are sorted into equally weighted decile port-
folios based on the t-statistic of alpha from a Fama—French—Carhart
four-factor (FFC4) model estimated over the previous 60 months for-
mation period. Each decile portfolio is held for a one-month holding
period and the process is repeated on a one-month rolling basis. A
time series of holding period returns is generated for each decile and
the FFC4 model is estimated in each case over the holding period
returns. The table shows the alpha (annualised) and factor loadings
(betas) for each of these decile regressions. Also shown are the alpha

and betas of (i) an equally weighted portfolio of all funds, denoted
“All Funds” and (ii) a portfolio of the top decile minus the bottom
decile of funds, denoted “Decile 1 — 10”. t-statistics are shown in
parentheses. Newey—West adjusted t-statistics are calculated through-
out. Rm, SMB, HML and UMD refer to the market, size, value and
momentum risk factors, respectively. Rm is measured in excess of the
risk free rate. Also shown are the R? values as well as the Jarque—
Bera (JB) test statistic of the null hypothesis that the regression resid-
uals follow a normal distribution (p values in brackets). Results relate
to the sample period January 1990-February 2017. Funds with a min-
imum of 60 observations are used leaving 660 funds

Portfolio All Funds Decile Decile Decile Decile Decile Decile Decile Decile Decile Decile Decile
1 2 3 4 5 6 7 8 9 10 1-10
Alpha 0.009 2.124 0.696 0.756 0.600 -0.078  0.504 -0.624 —-0.624 -0.732 —1.368 3.492
(0.020) (2.860) (1.046) (1.302) (0.864) (—0.134) (0.678) (—1.038) (—1.031) (—1.210) (-2.928) (6.509)
Rm 0.932  0.901 0917 0919 0.931 0.945 0.935 0.937 0.931 0.948 0.957 —-0.056
(86.712)  (57.088) (50.854) (64.376) (60.521) (57.420) (54.343) (55.381) (51.649) (55.794) (68.900) (—4.957)
SMB 0.282  0.399 0.352 0.335 0.272 0.272 0.245 0.229 0.206 0.190 0.146 0.252
(16.446) (15.342) (16.229) (18.910) (12.382) (11.688) (11.000) (7.546) (7.456)  (7.898) (7.963)  (19.410)
HML 0.022  0.067 0.023 -0.017  0.017 0.036 0.034 0.016 0.018 0.004 0.005 0.062
(1.473) (2.738) (0.907) (-0.929) (0.839) (1.816) (1.850) (0.676)  (0.806)  (0.197) (0.338) (4.211)
UMD 0.021  0.029 0.035 0.027 0.015 0.020 0.015 0.018 0.015 0.011 0.006 0.023
(1.573) (1.655) (1.897) (1.703) (0.916) (1.426) (0.991) (1.079) (0.958) (0.647) (0.514) (2.258)
R? 0971 0944 0.950 0.961 0.954 0.958 0.946 0.950 0.951 0.955 0.966 0.599
JB 24.7 51.3 70.5 333 28.2 20.0 937.1 57.6 34.7 349 11.0 26.1
(0.000) (0.000)  (0.000) (0.000)  (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000) (0.003) (0.000)

In the case of 69% of the 660 funds, we reject the null hypothesis of normally distributed residuals in the FFC4 model

When using the IDX4 index model, the above persistence
results are broadly similar (Table 2), i.e. ®=2.22%pa, t =
2.04 for the top decile and a statistically significant negative
alpha for the bottom decile a=—2.06% p.a. t = —1.99.

Small portfolios: (f, h)= (60,1)

Next, we zoom in on the top decile of fund performance and
examine alternative small-size portfolios of UK past win-
ner funds within the more extreme tail of the cross section
of fund performance, i.e. small-size portfolios s; i = 2, 3,
5, 7,10,20, 35, 50). For now, we present results for (f, h) =
(60,1) in Table 3 and Table 4. We find strong evidence of
positive (net) alpha persistence for all s; for the FFC4 model
(Table 3). For s; < 10, the alphas are larger than the decile-1
alpha in Table 1 (i.e. for the same model). In Table 3, in the
case of alpha we also report the bootstrap p value of the
t-statistic of alpha in square brackets. Significance findings
are consistent between the conventional t-statistic and the
nonparametric bootstrap p value. Similarly, for the IDX4
index model results (Table 4), for small-size winner portfo-
lios (with s; <20), statistically significant (net) alphas are in
the range 2.8%—4.8% pa and are all larger than the decile-1
alpha in Table 2 (for the same model). There is a monotonic

¥

decline in alphas as the size of the winner portfolio increases
from 2 to 50 funds (Table 4). Amongst the significant alphas
for s; <20, significance findings are consistent between the
conventional t-statistic and the nonparametric bootstrap p
value. However, for s; > 20 significance tests are sensitive to
the choice between conventional t-statistic versus bootstrap
p value where the t-statistic indicates significance at the 5%
significance level but the bootstrap p value does not. Also, in
contrast to US results (Cuthbertson et al. 2022), these small
UK winner portfolios hold momentum stocks (see the UMD
coefficients in Table 3 and Table 4).

Formation/holding periods: top-decile
and top-small portfolios

When examining decile portfolios sorted on past t-alphas,
out of the 8 possible combinations of (f, &), we find positive
persistence for six fop-decile UK funds for the FFC4 factor
model but only for two top-decile funds for the IDX4 index
model (Table 5, Panel A).

After sorting UK funds into small portfolios, there are 8
size portfolios x 8 combinations of (f, 4). For these small-
size winner portfolios, the FFC4 factor model indicates
quite consistent findings across (f, h) where 53 (out of 64)
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Table2 UK Performance Persistence: Decile Portfolios—Four-
Factor Index (IDX4) Model, (fh = 60,1) This table presents the
performance persistence results of decile-sorted mutual funds. Each
month funds are sorted into equally weighted decile portfolios based
on the t-statistic of alpha from the four-factor index (IDX4) model
estimated over the previous 60 months formation period. Each
decile portfolio is held for a one-month holding period and the pro-
cess is repeated on a one-month rolling basis. A time series of hold-
ing period returns is generated for each decile and the IDX4 model
is estimated in each case over the holding period returns. The table
shows the alpha (annualised) and factor loadings (betas) for each of
these decile regressions. Also shown are the alpha and betas of (i) an

equally weighted portfolio of all funds, denoted “All Funds” and (ii) a
portfolio of the top decile minus the bottom decile of funds, denoted
“Decile 1 — 10”. t-statistics are shown in parentheses. Newey—West
adjusted t-statistics are calculated throughout. FA, FS, F100, FV and
FG refer to the returns on the FTSE All Share, FTSE Small, FTSE
100, FTSE Value and FTSE Growth indices, respectively. FA is
measured in excess of the risk free rate. UMD refers to the momen-
tum risk factor. Also shown are the R? values as well as the Jarque—
Bera (JB) test statistic of the null hypothesis that the regression
residuals follow a normal distribution (p values in brackets). Results
relate to the sample period January 1994—February 2017. Funds with
a minimum of 60 observations are used leaving 660 funds

Portfolio All Funds Decile Decile Decile Decile Decile Decile Decile Decile Decile Decile Decile
1 2 3 4 5 6 7 8 9 10 1-10
Alpha 0.360  2.220 1.032 0.756 0.003 -0.768 —-0.396 -0.708 —-1.272 —-1.896 —2.064 4.284
(0.456) (2.037) (1.018) (0.735) (0.004) (—0.771) (—0.381) (—0.694) (—1.258) (—1.905) (—1.986) (5.589)
FA 0.851 0.836 0.854 0.841 0.844 0.849 0.842 0.845 0.856 0.859 0.851 -0.015
(31.651) (26.577) (27.763) (25.814) (27.814) (25.427) (23.628) (24.400) (25.743) (24.862) (24.568) (—1.030)
FS-F100 0.375 0.556 0.470 0418 0.370 0.368 0.327 0.309 0.318 0.343 0.329 0.226
(10.726)  (12.529) (11.688) (10.183) (8.877) (8.480) (6.248) (6.212) (6.864) (7.916) (6.845)  (11.980)
FV-FG 0.035  0.064 0.074 0.038 0.051 0.022 0.026 0.010 0.034 0.017 0.023 0.041
(0.730) (1.441) (1.612) (0.751) (0.976) (0.443) (0.459) (0.175) (0.573) (0.303) (0.403) (1.761)
UMD 0.048  0.074 0.073 0.048 0.036 0.031 0.026 0.019 0.027 0.044 0.022 0.052
(1.807) (2.225) (2.267) (1.512) (1.293) (1.105) (0.676) (0.610) (0.982) (1.747) (0.654) (4.182)
R? 0.872  0.875 0.878 0.868 0.861 0.862 0.841 0.841 0.848 0.847 0.846 0.426
JB 115.6 373 69.0 94.2 90.3 474 76.2 56.9 422 86.9 54.9 0.606
(0.000) (0.000)  (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000) (0.000) (0.738)

In the case of 80% of the 660 funds, we reject the null hypothesis of normally distributed residuals in the UK-IDX4 index model

combinations exhibit positive statistically significant alphas
(Table 6, Panel A). Statistically significant inferences are
also highly consistent whether we apply the conventional
t-statistic or the nonparametric bootstrap p value where in
all bar just 2 cases (ss,f,h = 36,12 and 55, f, h = 60, 6) the
findings with respect to statistical significance at the 5% sig-
nificance level are qualitatively the same by both criteria.
The IDX4 model (Table 7, Panel A) indicates widespread
alpha persistence at the 5% significance level amongst most
of the various small-size portfolios for f = 60, over all hold-
ing periods. However, there is considerably less evidence of
persistence at the 5% significance level for shorter formation
periods (f = 36) based on the bootstrap p value. Further-
more, over this shorter formation period, statistical signifi-
cance is highly sensitive to the choice of standard t-statistic
versus bootstrap p value, where the former supports signifi-
cant persistence but the latter does not.

The statistically significant net alphas for small portfo-
lios of funds in Table 6 (Panel B) and Table 7 (Panel B) are
also economically significant ranging from 1.18% p.a. to
4.8% p.a. These net alphas tend to be larger for (i) relatively
smaller portfolios (move down each column) and for (ii)
shorter holding periods (move across each row). Also, alphas

are generally larger when sorting using a longer formation
period (i.e. f=60 rather than f =36).

Overall, the UK results show larger statistically signifi-
cant net alphas for relatively small-size portfolios over long
formation periods and short holding periods. Both the aca-
demic factor model and practitioner index model exhibit
performance persistence although this finding is less robust
(over all formation periods) in the case of the latter model,
where statistically significant inferences are also sensitive to
non-normality in fund returns. The UK results demonstrate
robustness in alpha-performance persistence. when form-
ing small past winner portfolios of funds. This is because
even small portfolios of mutual funds are well diversified but
comprise fewer funds with relatively low t-statistics com-
pared to the larger decile portfolios.

Recursive estimates: FFC4 model'?

Figure 1 shows recursive estimates of (net) alpha (brown
line) and t-alpha (blue line) for the FFC4 model for a

12 In the interests of brevity we report these robustness variants only
for the FFC4 model but results using the IDX4 model are qualita-
tively similar and are available on request.
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Table3 UK Performance Persistence: Small Portfolios—Fama—
French—Carhart Four-Factor (FFC4) Model, (f,h = 60,1) This table
presents the performance persistence results of portfolios of mutual
funds sorted by various size portfolios. Each month funds are sorted
into equally weighted portfolios of size 2,3,5,7,10,20,35 and 50 based
on the t-statistic of alpha from a Fama—French—Carhart four-factor
(FFC4) model estimated over the previous 60 months formation
period. Each size portfolio is held for a one-month holding period and
the process is repeated on a one-month rolling basis. A time series
of holding period returns is generated for each size portfolios and the
FFC4 model is estimated in each case over the holding period returns.
The table shows the alpha (annualised) and factor loadings (betas)

for each of these size portfolios regressions. t-statistics are shown in
parentheses. Newey—West adjusted t-statistics are calculated through-
out. In the case of alpha, we also report the bootstrap p value of the
t-statistic of alpha in square brackets. Rm, SMB, HML and UMD
refer to the market, size, value and momentum risk factors, respec-
tively. Rm is measured in excess of the risk free rate. Also shown are
the R? values as well as the Jarque—Bera (JB) test statistic of the null
hypothesis that the regression residuals follow a normal distribution
(p values in brackets). Results relate to the sample period January
1990-February 2017. Funds with a minimum of 60 observations are
used leaving 660 funds

Portfolio Size Size Size Size Size Size Size Size
2 3 5 7 10 20 35 50
Alpha (t-stat) [p 4.152 4.572 3.864 2.844 2.436 2.100 2.040 1.752
value]
(2.972) (3.693) (3.676) (3.032) (2.804) (2.686) (2.803) (2.670)
[0.003] [0.000] [0.000] [0.001] [0.005] [0.006] [0.001] [0.004]
Rm 0.867 0.878 0.893 0.907 0.891 0.904 0911 0.910
(22.839) (28.611) (33.080) (39.574) (45.787) (52.231) (52.700) (57.692)
SMB 0.457 0.476 0.468 0.439 0.423 0.404 0.403 0.394
(11.103) (12.863) (16.457) (15.390) (16.056) (15.521) (15.521) (18.097)
HML 0.221 0.173 0.127 0.111 0.097 0.076 0.049 0.042
(5.491) (5.278) (4.529) (4.442) (4.525) (3.135) (1.794) (1.880)
UMD 0.048 0.050 0.043 0.038 0.041 0.034 0.029 0.037
(1.648) (2.071) (1.896) (1.779) (2.105) (1.874) (1.638) (2.251)
R? 0.828 0.867 0.902 0.914 0.926 0.940 0.944 0.951
IB 1.247 5.767 3.342 153 19.9 35.1 86.6 86.2
(0.536) (0.055) (0.179) (0.000) (0.000) (0.000) (0.000) (0.000)

portfolio comprising the fop-5 UK funds, for various com-
binations of formation and holding periods (f,h). Over time,
alphas are more statistically significant for longer (f=60)
versus shorter formation periods (f=36) and for shorter ver-
sus longer holding periods, h. Alphas are also more constant
over time using longer formation periods (i.e. f=60 versus
f=30).

We now take (f,h) = (60,1) for the FFC4 model and
examine its performance as we alter the number of funds
in the portfolio. Figure 2 shows that smaller size portfolios
(s < 5 funds) yield larger and more statistically significant
persistence-alphas over time. These recursive estimates sup-
port the use of relatively small-size portfolios, formed using
relatively long formation periods and held over relatively
short holding periods.

Net versus gross alphas

In moving from UK investors’ net alphas to gross alphas
(which measure persistence before deduction of fees),

¥

there is little qualitative change in the results. In the
case of both the FFC4 academic factor model and the
IDX4 practitioner index model, the decile gross alphas
(Table 8) are larger than the corresponding decile net
alphas (Table 5) over all values of (f, h). In addition, in
the case of both models, there are also more statistically
significant decile gross alphas than decile net alphas in
total, over the alternative values of (f, k).

Similarly, in the case of size portfolios s; 1 = 2, 3, 5,
7,10,20, 35, 50), for both the FFC4 model (Table 9) and
IDX4 model (Table 10), the gross alphas are larger than
the corresponding net alphas (Table 6 and Table 7) in
almost all cases over the alternative values of (f, #). Indeed,
when sorting into 8 small-size fund portfolios s; (i = 2, 3,
5, 7,10,20, 35, 50) and examining the 8 alternative com-
binations of (f, i), we find that nearly all 64 combinations
have statistically and economically significant gross alphas
for both the FFC4 (Table 9) and IDX4 (Table 10) mod-
els. Again, this reinforces the point that using small-size
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Table 4 UK Performance Persistence: Small Portfolios—Four-Factor
Index (IDX4) Model, (f,h = 60,1) This table presents the performance
persistence results of portfolios of mutual funds sorted by various
size portfolios. Each month funds are sorted into equally weighted
portfolios of size 2,3,5,7,10,20,35 and 50 based on the t-statistic of
alpha from the four-factor index (IDX4) model estimated over the
previous 60 months formation period. Each size portfolio is held for
a one-month holding period and the process is repeated on a one-
month rolling basis. A time series of holding period returns is gen-
erated for each size portfolios and the IDX4 model is estimated in
each case over the holding period returns. The table shows the alpha
(annualised) and factor loadings (betas) for each of these size port-

folios regressions. t-statistics are shown in parentheses. Newey—West
adjusted t-statistics are calculated throughout. In the case of alpha, we
also report the bootstrap p value of the t-statistic of alpha in square
brackets. FA, FS, F100, FV and FG refer to the returns on the FTSE
All Share, FTSE Small, FTSE 100, FTSE Value and FTSE Growth
indices, respectively. FA is measured in excess of the risk free rate.
UMD refers to the momentum risk factor. Also shown are the R? val-
ues as well as the Jarque—Bera (JB) test statistic of the null hypothesis
that the regression residuals follow a normal distribution (p values in
brackets). Results relate to the sample period January 1994-February
2017. Funds with a minimum of 60 observations are used leaving 660
funds

Portfolio Size Size Size Size Size Size Size Size
2 3 5 7 10 20 35 50
Alpha (t-stat) [p 4.836 4.476 4.320 3.804 3.732 2.868 2.004 1.860
value]
(2.779) (2.781) (2.926) (2.708) (2.864) (2.429) (1.846) (1.782)
[0.009] [0.006] [0.003] [0.010] [0.002] [0.014] [0.054] [0.074]
FA 0.785 0.795 0.813 0.819 0.824 0.834 0.848 0.850
(16.087) (19.276) (21.413) (21.999) (22.539) (24.568) (27.268) (27.603)
FS-F100 0.571 0.635 0.660 0.674 0.660 0.590 0.567 0.538
(7.235) (10.135) (12.565) (14.080) (15.746) (12.271) (13.028) (12.529)
FV-FG 0.123 0.104 0.092 0.066 0.070 0.067 0.073 0.063
(1.850) (1.763) (1.829) (1.430) (1.599) (1.451) (1.597) (1.328)
UMD 0.041 0.064 0.082 0.089 0.100 0.076 0.080 0.078
(0.755) (1.708) (2.404) (2.835) (3.607) (2.229) (2.639) (2.574)
R? 0.742 0.797 0.843 0.854 0.863 0.869 0.880 0.881
JB 59.3 9.92 25.4 26.4 15.6 14.7 18.8 37.2
(0.000) (0.006) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Table 5 UK Performance Persistence: Top Decile—various forma-
tion/holding periods. This table presents the performance persistence
results of mutual funds sorted by the top decile. Results relate to the
Fama-French—Carhart four-factor (FFC4) model and the four-fac-
tor index (IDX4) model. At time ¢, funds are sorted into an equally
weighted top-decile portfolio based on the t-statistic of alpha from the
performance model estimated over the previous f months formation
period. The top-decile portfolio is held for a 2 months holding period
and the process is repeated on a & months rolling basis. A time series
of holding period returns is generated for the top decile and the model

is then estimated over the holding period returns. In Panel A, in each
cell of the table we report the t-statistic of alpha and the bootstrap
p value of the t-statistic as “t-statlp value”. Newey—West adjusted
t-statistics are calculated throughout. Results are presented for alter-
native values of f~h as indicated. Panel B reports the corresponding
annualised alphas. In the case of the FFC4 model, the sample period
is January 1990-February 2017. In the case of the IDX4 model the
sample period is January 1994-February 2017. When funds with a
minimum of 36 (60) observations are used, there are 720 (660) funds
in the analysis.

PANEL A: t-alpha | p value f-h

36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
FFC4 2.75710.007 2.26010.020 1.43110.077 2.20210.018 2.86010.005 2.62610.003 1.52110.059 2.00810.028
IDX4 1.64910.132 1.57510.153 1.05510.327 1.21510.298 2.03710.035 2.06910.030 0.91410.276 1.64810.089
PANEL B: Alpha (% p.a.) f-h
36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
FFC4 1.836 1.524 1.02 1.488 2.124 1.92 1.164 1.536
IDX4 1.416 1.452 1.104 1.248 2.220 2.328 1.188 1.776

portfolios of past winner funds rather than decile portfolios
reveals more positive persistence (before deduction of fees).
Finally, the analysis of fund gross returns indicates more

widespread persistence compared to fund net returns over
the values of (f, h). This suggests that in some cases perfor-
mance persistence is achieved by, but is also absorbed by,

¥
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Fig. 1 Recursive Estimation of UK Top-5 Funds: Fama-French—
Carhart Four-Factor (FFC4) Model, alternative f,h periods. The figure
plots the recursive estimates of alpha and t-statistic of alpha of port-
folios of the top 5 funds. Each month funds are sorted into equally
weighted portfolios of size 5 funds based on the t-statistic of alpha
from a Fama-French—Carhart four-factor (FFC4) model estimated
over formation periods of 36 months and 60 months. Each portfolio
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Fig.2 Recursive Estimation of UK Size Portfolios : Fama—French—
Carhart Four-Factor (FFC4) Model, (f,h = 60,1) The figure plots
the recursive estimates of alpha and t-statistic of alpha of portfolios
of mutual funds sorted by various size portfolios. Each month funds
are sorted into equally weighted portfolios of size 2,3,5,7,10,20,35
and 50 based on the t-statistic of alpha from a Fama-French—Carhart
four-factor (FFC4) model estimated over the previous 60 months for-
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is held for holding periods of 1,3,6 and 12 months and the process is
repeated on a 1,3,6 and 12 month rolling basis, respectively. A time
series of holding period returns is generated in each case. We then
estimate the model recursively over the holding period returns. Each
panel plots the recursive estimates of alpha and t-statistic of alpha
for the formation and holding periods as indicated. Sample period
01/1990-02/2017
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mation period. Each size portfolio is held for a one-month holding
period and the process is repeated on a one-month rolling basis. A
time series of holding period returns is generated for each size portfo-
lio. We then estimate the model recursively over these holding period
returns. Each panel plots recursive estimates of alpha and t-alpha
for the various size portfolios as indicated. Sample period 01/1990-
02/2017
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Table 8 UK Performance Persistence (Gross Returns): Top Decile—
various performance models and formation/holding periods. This
table presents the performance persistence results of mutual funds
sorted by deciles based on fund gross returns. Results relate to alter-
native performance models as follows: Fama—French—Carhart four-
factor (FFC4) model and the four-factor index (IDX4) model. At time
t, funds are sorted into an equally weighted top-decile portfolio based
on the t-statistic of alpha from the performance model estimated
over the previous f months formation period. The top-decile portfo-
lio is held for a & months holding period and the process is repeated

on a h months rolling basis. A time series of holding period returns
is generated for the top decile and the model is then estimated over
the holding period returns. In Panel A, in each cell of the table we
report the t-statistic of alpha and the bootstrap p value of the t-sta-
tistic as “t-statlp value”. Newey—West adjusted t-statistics are calcu-
lated throughout. Results are presented for alternative values of f-h as
indicated. Panel B presents the corresponding annualised alphas. The
sample period is January 1990-February 2017. When funds with a
minimum of 36 (60) observations are used, there are 657 (607) funds
in the analysis.

Panel A: t-alpha | p value t f-h

36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12

FFC4 4.25810.000 3.59310.000 3.22810.000 4.10910.000 4.61110.000 4.42610.000 3.35610.000 3.61510.000
IDX4 3.38610.002 3.10110.008 2.36810.028 2.40210.035 3.25510.002 3.26610.002 2.10810.030 2.79510.008
Panel B: Alpha (% p.a.)
f-h

36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
FFC4 2.909 2.465 2.152 2.663 3.276 3.136 2.506 2.668
IDX4 3.056 2.994 2.520 2.429 3.539 3.481 2.534 2.923

Table 10 UK Performance Persistence (Gross Returns): Small Port-
folios—IDX4 index model—various formation/holding periods. This
table presents the performance persistence results of portfolios of
mutual funds sorted by various size portfolios based on fund gross
returns. At time 7, funds are sorted into equally weighted portfolios of
size 2,3,5,7,10,20,35 and 50 based on the t-statistic of alpha from the
four-factor index (IDX4) model estimated over the previous f months
formation period. Each size portfolio is held for a # months holding
period and the process is repeated on a 4 months rolling basis. A time

series of holding period returns is generated for each size portfolio
and the IDX4 model is then estimated over the holding period returns.
In Panel A, in each cell of the table we report the t-statistic of alpha
and the bootstrap p value of the t-statistic as “t-statlp value”. Newey—
West adjusted t-statistics are calculated throughout. Results are pre-
sented for alternative values of f-h as indicated. Panel B reports the
corresponding annualised alphas. Results relate to the sample period
January 1994-February 2017. When funds with a minimum of 36
(60) observations are used, there are 720 (660) funds in the analysis.

Panel A: t-alpha | p value f-h

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12

2 2.14110.027 2.92010.006 2.43110.018 2.07410.040 2.62710.007 2.11710.028 1.79010.043 2.32010.021
3 2.40210.015 2.75310.004 2.48810.016 1.97110.057 2.94410.002 3.39610.000 3.06810.001 2.79510.004
5 2.68010.006 2.67910.009 2.00010.052 2.40710.021 3.43010.002 3.45710.000 3.14910.002 3.30310.001
7 3.12510.003 2.82210.007 2.26810.027 2.18010.036 3.36510.000 3.70310.000 3.13710.003 3.17610.002
10 3.51410.002 3.30110.005 3.01210.006 2.29710.045 3.32210.001 3.32910.002 2.79510.008 2.79110.009
20 3.32710.003 3.12410.005 3.01510.006 2.86810.011 3.28010.000 3.35410.001 2.70110.010 3.09710.001
35 3.34110.004 3.21210.003 2.56010.020 2.57010.030 2.92010.004 3.06910.003 2.02810.039 2.64810.015
50 3.08510.010 2.99010.011 2.27010.054 2.62410.028 2.70910.008 2.51110.014 1.69110.083 2.20710.031
Panel B: Alpha (% p.a.) f-h

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
2 2.867 4.072 3.856 2.989 4.255 3.533 3.163 4.097
3 2.935 3.542 3.544 2.567 4.586 5.341 5.064 4.788
5 3.050 3.168 2.594 2.945 4.938 5.105 4.908 4.920
7 3.380 3.138 2.840 2.638 4.524 5.347 4.559 4.433
10 3.653 3.553 3.440 2.620 3.970 4.158 3.707 3.541
20 3.320 3.265 3.388 2.988 3.853 3.826 3314 3.392
35 2.933 3.050 2.642 2.548 3.251 3.330 2.383 2.860
50 2.678 2.746 2.240 2.372 2.818 2,711 2.021 2.334
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Table 6 UK Performance Persistence: Small Portfolios—FFC4 fac-
tor model-various formation/holding periods. This table presents the
performance persistence results of portfolios of mutual funds sorted
by various size portfolios. At time ¢, funds are sorted into equally
weighted portfolios of size 2,3,5,7,10,20,35 and 50 based on the
t-statistic of alpha from the Fama—French—Carhart four-factor (FFC4)
model estimated over the previous f months formation period. Each
size portfolio is held for a # months holding period and the process is
repeated on a 2 months rolling basis. A time series of holding period

returns is generated for each size portfolio and the FFC4 model is
then estimated over the holding period returns. In Panel A, in each
cell of the table we report the t-statistic of alpha and the bootstrap p
value of the t-statistic as “t-statlp value”. Newey—West adjusted t-sta-
tistics are calculated throughout. Results are presented for alternative
values of f~h as indicated. Panel B reports the corresponding annual-
ised alphas. Results relate to the sample period January 1990-Febru-
ary 2017. When funds with a minimum of 36 (60) observations are
used, there are 720 (660) funds in the analysis.

PANEL A: t-alphas | p values f-h

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12

2 2.08910.023 1.21210.123 1.50010.081 0.61310.286 2.97210.003 2.91310.001 2.29310.008 0.69610.316
3 2.72410.007 2.22610.022 2.02410.030 1.39710.088 3.69310.000 3.40510.000 2.23810.016 1.02210.193
5 3.06810.002 2.75110.007 2.15410.018 1.70310.055 3.67610.000 2.94410.001 2.39010.006 1.78310.043
7 2.88010.004 3.40910.000 3.47710.001 3.14610.000 3.03210.001 2.55110.009 1.83610.037 1.23910.131
10 2.73410.004 2.90510.002 2.93010.003 3.42110.000 2.80410.005 2.57810.009 1.72510.049 1.54610.074
20 2.18810.016 2.20910.014 1.90910.022 2.74610.005 2.68710.006 2.31110.011 0.97610.168 1.91510.045
35 2.80710.003 2.16710.015 1.72610.042 2.10410.023 2.80410.001 2.37610.015 1.49310.066 2.30510.013
50 2.81210.000 2.25010.009 2.11610.018 2.38610.013 2.67010.004 2.33110.010 1.61010.047 1.86510.026
PANEL B: Alphas (% p.a.)

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
2 2.436 1.548 1.872 0.768 4.164 4.152 3.288 1.14
3 2.808 2.472 2.388 1.584 4.572 4.344 2.844 1.344
5 3.036 2.724 2.208 1.716 3.864 3.108 2.604 1.992
7 2.568 2.964 3.192 2.844 2.844 2.436 2.016 1.404
10 2.4 2.532 2.616 2.856 2.436 2.364 1.68 1.536
20 1.644 1.728 1.524 2.016 2.112 1.872 0.84 1.5
35 1.992 1.572 1.26 1.428 2.04 1.74 1.14 1.704
50 1.74 1.404 1.356 1.44 1.752 1.548 1.188 1.38

fund management companies rather than being enjoyed by

13

investors ”.

avoid poor past performing funds. Hence, unless we can find

persistent positive net-alpha funds, investors cannot benefit

Conclusions

As with previous studies, we find a statistical difference in
the net alphas of top and bottom performing decile-sorted
UK funds. As MFs cannot be short-sold, a long-short strat-
egy cannot be implemented to exploit this difference in
alphas and often the rather weak inference is for investors to

13 We perform the fund sorting and holding analysis on net returns
and gross returns separately. Therefore, the composition of funds
in the holding period portfolios may not be the same in both cases.
This may explain the differences in net alpha performance persistence
compared to gross alpha performance persistence

¥

from a persistence strategy. In this paper, we therefore focus
on tests of persistence in superior performance.

In contrast to studies of US equity mutual funds, we
find more widespread evidence of UK decile portfolio per-
sistence in net alphas across various formation and holding
periods. This may simply be a feature of the relative sizes
of the mutual fund industries where in the US case decile
portfolios contain significantly more funds. When there
are a large number of funds, the top decile may contain
many funds with relatively small t-alphas. For the UK,
there are fewer funds than for the USA so the top decile in
the UK comprises fewer funds. This becomes much less of
a problem if portfolios are formed from a smaller number
of (past) top-performing funds. We find that sorting UK
funds (by t-alpha) into relatively small portfolios (of up
to 50 funds) reveals substantial positive persistence with



UK mutual funds: performance persistence and portfolio size

295

Table7 UK Performance Persistence: Small Portfolios—Four-Fac-
tor Index (IDX4) Model—various formation/holding periods. This
table presents the performance persistence results of portfolios of
mutual funds sorted by various size portfolios. At time 7, funds are
sorted into equally weighted portfolios of size 2,3,5,7,10,20,35 and
50 based on the t-statistic of alpha from the four-factor index (IDX4)
model estimated over the previous f months formation period. Each
size portfolio is held for a # months holding period and the process is
repeated on a 2 months rolling basis. A time series of holding period

returns is generated for each size portfolio and the IDX4 model is
then estimated over the holding period returns. In Panel A, in each
cell of the table we report the t-statistic of alpha and the bootstrap p
value of the t-statistic as “t-statlp value”. Newey—West adjusted t-sta-
tistics are calculated throughout. Results are presented for alternative
values of f~h as indicated. Panel B reports the corresponding annual-
ised alphas. Results relate to the sample period January 1994-Febru-
ary 2017. When funds with a minimum of 36 (60) observations are
used, there are 720 (660) funds in the analysis.

PANEL A: t-alphas Ip values f-h

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12

2 1.68010.065 1.80310.063 1.79610.067 1.69310.082 2.77910.009 2.06610.041 1.67710.063 1.30010.114
3 1.94310.032 2.05810.052 1.97510.059 1.89110.056 2.78210.006 2.66910.007 2.33710.010 1.92110.034
5 2.18410.024 2.09110.048 1.84710.087 1.83210.081 2.92610.003 2.86710.002 2.36110.013 2.20110.021
7 2.57410.011 2.52810.020 1.95310.068 1.69510.101 2.70810.010 2.77110.007 2.11510.030 2.03110.031
10 2.45810.011 2.40310.026 1.82910.083 1.45910.169 2.86410.002 2.59810.009 2.06310.027 2.21810.020
20 1.67210.089 1.90110.094 1.72810.106 1.75410.122 2.42910.014 2.45910.012 1.73910.070 1.70010.084
35 2.05710.056 2.06910.065 1.48910.204 1.43110.229 1.84610.054 2.03710.034 0.97610.260 1.77910.066
50 1.87910.101 1.85610.117 1.09210.372 1.18710.322 1.78210.074 1.61110.107 0.81210.334 1.49310.128
PANEL B: Alphas (% p.a.)

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
2 2.34 2.664 2.736 2.64 4.836 3.78 3.036 2.472
3 2.508 2.82 3.012 2.928 4.488 4.416 4.056 3.504
5 2.64 2.628 2.4 2.304 4.32 4.356 3.384 3.252
7 2.88 2.844 2.472 2.088 3.816 4.032 2.796 2.592
10 2.652 2.64 2.172 1.74 3.732 3.456 2.688 2.688
20 1.656 1.944 1.944 1.884 2.88 2.976 2.256 2.028
35 1.788 1.932 1.488 1.416 2.004 2.148 1.152 1.908
50 1.656 1.692 1.08 1.044 1.86 1.752 0.984 1.596

large statistically significant positive net alphas for many
combinations (f, #).We have examined the robustness of
this persistence in MF performance for UK equity MFs
using monthly data (January 1990-February 2017) for
different factor models, different size portfolios, different
formation and holding periods (f, #) and using a cross-
sectional bootstrap for tests on alpha.

Overall, our UK results provide support for positive net-
alpha persistence for small portfolios of past winner funds

(sorted on their t-alphas), with larger post-sort positive net
alphas for formation periods based on 60 rather than 36
observations and for relatively short holding periods of up
to 6 months. Hence, forming persistence portfolios with a
small number of funds provides a relatively simple way for
investors to obtain positive net alphas rather than search-
ing over many alternative sorting rules or using multiple
sorting criteria.
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Table 9 UK Performance Persistence (Gross Returns): Small Portfo-
lios—FFC4 factor model—various formation/holding periods. This
table presents the performance persistence results of portfolios of
mutual funds sorted by various size portfolios based on fund gross
returns. At time ¢, funds are sorted into equally weighted portfolios
of size 2,3,5,7,10,20,35 and 50 based on the t-statistic of alpha from
the Fama—French—Carhart four-factor (FFC4) model estimated over
the previous f months formation period. Each size portfolio is held for
a h months holding period and the process is repeated on a # months
rolling basis. A time series of holding period returns is generated

for each size portfolio and the FFC4 model is then estimated over
the holding period returns. In Panel A, in each cell of the table we
report the t-statistic of alpha and the bootstrap p value of the t-statis-
tic as “t-statlp value”. Newey—West adjusted t-statistics are calculated
throughout. Results are presented for alternative values of f-h as indi-
cated. Panel B presents the corresponding annualised alphas. Results
relate to the sample period January 1990-February 2017. When funds
with a minimum of 36 (60) observations are used, there are 720 (660)
funds in the analysis.

Panel A: t-alpha | p value f-h

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12

2 2.60810.011 2.56510.005 2.67810.007 2.01010.032 2.67310.004 2.44410.009 2.37810.016 1.03410.171
3 3.45010.000 3.66710.000 3.82910.000 2.64110.013 3.48410.000 2.84610.005 2.66510.007 2.24710.020
5 3.66810.000 3.88810.000 4.13910.000 3.78810.001 4.15110.000 4.16210.000 3.30410.002 3.39610.001
7 3.12610.002 3.32710.000 4.16710.000 4.29210.000 3.43410.002 3.63510.000 2.77910.003 3.55910.000
10 3.28110.002 3.65110.000 3.91210.000 3.64410.000 4.10910.000 3.96410.000 2.79710.003 3.4410.000
20 3.56610.000 3.16310.000 3.45610.001 3.74010.000 4.65710.000 4.22610.000 2.81210.002 3.07110.000
35 4.24710.000 3.69210.000 3.22910.000 3.90610.000 4.61310.000 4.53710.000 3.39410.000 3.95810.000
50 4.32710.000 4.01810.000 3.70610.000 4.16210.000 4.57110.000 4.41110.000 3.52410.000 3.71210.000
Panel B: Alpha (% p.a.) f-h

Size 36-1 36-3 36-6 36-12 60-1 60-3 60-6 60-12
2 2.965 3.220 3.299 2.634 3472 3.235 3.199 1.627
3 4.002 4.230 4.417 3.056 4.260 3.612 3419 3.038
5 3.980 3.998 4.033 3.712 4.192 4.400 3.505 3.704
7 3.209 3.193 3.616 3.601 3.092 3.343 2.750 3.446
10 3.001 3.229 3.247 3.161 3.545 3.439 2.500 2.858
20 2.758 2454 2.598 2.749 3.490 3.305 2.404 2.401
35 2.933 2518 2.204 2.533 3.029 2.964 2.436 2.804
50 2.536 2.327 2.238 2.447 2.900 2.724 2.354 2.514
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