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Abstract

This study constitutes the first comprehensive examination of Canadian mutual fund per-

formance using a dataset free of all conditioning biases. The goal is to test many of the same

hypotheses which have been previously addressed using US data. The sample is carefully con-

structed so as to avoid not only survivorship bias but also a form of backfilling bias that exists

because funds have a timing option as to when to first provide results to information vendors.

The deleterious impact of both forms of bias is documented. Not unlike what has been found

in the US, on average fund managers net-of-expenses underperform benchmarks, but it also

seems clear that their analysis and trading contribute to portfolio performance. I also present

evidence that, at least on a short-term basis, success breeds success. Investors seem aware of

this since money flows to successful funds. The strategy of chasing returns looks to be a viable

one. One useful byproduct of this work is that an independent dataset has allowed for the cor-

roboration of many of the same stylized facts that have been previously observed in the US.
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1. Introduction

While in the US mutual fund assets have spiraled vertiginously, comparable

growth in these Canadian intermediaries has been almost as impressive. In the last

20 years north of the 49th parallel net assets invested in mutual funds have grown
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from below $2 billion (Canadian) to $400 billion. Academic research interest in the

US has been rekindled not only by this market growth, but also because the view

(after Jensen, 1968) that managers have no ability to outperform the market, even

on a gross return basis, has been subjected to increasing scrutiny. Ippolito (1989)

and Grinblatt and Titman (1989) marshaled in a change in thinking, suggesting that
managers were in fact making a contribution, and were able to recoup for investors

the expenses charged. Criticism centered on two fronts. First, the choice of bench-

mark was questioned. Elton et al. (1993) found the results of Ippolito evaporated

once a benchmark was utilized that was more representative of the actual universe

available to fund managers. More damning was the recognition that survivorship

bias tainted many of the early studies. After correcting for this bias, Malkiel

(1995), Elton et al. (1996a) and Gruber (1996) once again concluded that on average

managers were not able to surpass passive risk-equivalent competitors net of (and
sometimes even gross of) all expenses.

Another chink in the efficient markets armor however appeared around the same

time. Even though the typical manager was not able to justify his costs, studies by

Grinblatt and Titman (1992), Hendricks et al. (1993), Goetzmann and Ibbotson

(1994), Gruber (1996) and Elton et al. (1996b) found convincing evidence that suc-

cessful performance was not purely random. Managers who in a given period were

able to outperform risk-adjusted benchmarks were more likely than not to repeat

their success. The impact of survivorship bias and benchmark on persistence tests
is more subtle. Brown et al. (1992) demonstrated via simulation that persistence

can be overstated under certain circumstances. If fund volatility is constant over time

but varies cross-sectionally, given that high volatility funds will tend to be toward the

top if they survive the cut, their high volatility will also tend to put them toward the

top in greater numbers in the evaluation period, thus overstating persistence. Never-

theless others (e.g., Grinblatt and Titman, 1992; Hendricks et al., 1993) have pointed

out that a reversal effect can easily push the bias in the opposite direction. If fund

survival depends on average performance over several periods, initial losers must im-
prove in order to survive. The likely dominance of this latter effect is evidenced by

the fact that persistence is typically weaker when using a sample of survivors rather

than a full sample (see Hendricks et al., 1993). Moreover, Carpenter and Lynch

(1999) simulate out an attrition effect: Poorly performing funds disappear so differ-

ences between top funds and bottom funds are understated. 1 As for the appropriate

choice of benchmark, Carhart (1997) finds that when a factor model that includes a

‘‘momentum effect’’ is included, virtually all evidence in favor of persistence disap-
1 Managerial game-playing may also skew persistence tests. At the time of writing, one of the major

news stories in Canada�s financial press (The Globe and Mail, 2000) was the revelation of ‘‘high-closing’’
manipulation undertaken by some money managers. To ‘‘juice’’ their numbers at year-end they sometimes

pushed up the prices (by buying high) of their securities – thus inflating returns. Since prices can only

temporarily be pushed up in this fashion, one might expect future returns to be lower as a result of such

behavior. The end result is likely a bias towards detecting negative persistence. Also see Brown et al. (1996)

for a volatility-seeking managerial stratagem.
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pears – save for ill-performing funds. 2 Similarly, Daniel et al. (1997) conclude that a

portfolio characteristic-based benchmark eliminates most persistence. Nevertheless

some have remained convinced. Gruber (1996) argues that the choice made by some

investors to entrust their money to successful active managers (also demonstrated by

Sirri and Tufano (1998)) – once thought irrational – in fact is a rational one given
that such ‘‘new money’’ has in the past been able to outperform the market. It

was ‘‘old money,’’ held by a ‘‘disadvantaged clientele’’ (either due to naivete or

institutional constraints) that fell short, thus pulling down the overall average.

While these issues have been intensively investigated using US data, little research

has been done on an international basis. 3 This may be because, as The Economist

(1999) has recently said, while ‘‘Americans have a wealth of data about fund perfor-

mance and costs at their fingertips . . . , old-worlders have to prostrate themselves be-
fore fund managers and beg for such information’’. In Canada however the range of
data available and reporting requirements are not dissimilar to those in the US. This

being so, it is puzzling that little research investigating Canadian mutual fund perfor-

mance (and related issues) has been conducted. Most notably, Berkowitz and Kot-

owitz (1993), Kryzanowski et al. (1994, 1997) and Athanassakos et al. (1999), all

using datasets subject to survivorship bias to varying degrees, generate conflicting re-

sults on performance. While Berkowitz and Kotowitz conclude that Canadian equity

fund managers were able to earn excess returns after accounting for all expenses and

loads, the other researchers found no evidence of significant managerial contribution
or persistence. Given this incomplete and conflicting evidence, a comprehensive

study investigating Canadian mutual fund performance (and related issues), and em-

ploying a dataset free of all conditioning biases, seems called for. Aside from the fact

that Canadian researchers and consumers of mutual fund services should find such

work of interest, US researchers will find it instructive as well. This is because it has

the salient advantage of revisiting many of the same issues addressed in the US – but

with a fresh data set. Though work in the US market often employs (somewhat) dif-

ferent data sources and looks at (somewhat) different time periods, much of it surely
is taking different cuts at the same body of data. Moreover, though survivorship bias

has been extensively documented in the US, to my knowledge no previous research

has carefully quantified the impact of backfilling, another source of bias contaminat-

ing mutual fund databases.

This paper seeks to address these gaps. A sample of Canadian equity mutual

funds for 1988–1998, which has been carefully constructed so as to avoid several

data-conditioning biases, is used for this purpose. Other than the standard strain

of survivorship bias which exists because information vendors usually drop defunct
2 Grinblatt et al. (1995) find that successful funds utilize a momentum strategy, while funds that do not

condition on this factor are not successful.
3 Recent papers by Blake and Timmerman (1998), Dahlquist et al. (2000) and Otten and Bams (2000)

have explored mutual fund managerial performance in a European context.
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funds from their database, another strain – whose importance is here documented –

is controlled for, namely a kind of self-selection cum backfilling bias that may be pre-

sent when information is provided by companies to data vendors on a voluntary

basis. 4 Given the lack of unanimity on appropriate benchmarks, several procedures

are employed. First, a five-factor model that is designed to span the various sectors
that Canadian equity fund managers invest in is used. As well as the three domestic

sectors used in Elton et al. (1993, 1996a), the use of two offshore indexes is necessi-

tated by the fact that most Canadian mutual funds are partly invested in non-Cana-

dian assets. Second, a conditional CAPM technique (similar to Ferson and Schadt,

1996) is used. Finally, as a point of reference, a single-factor model is estimated.

Consistent with the US literature, three principal questions are asked. How does

the typical mutual fund�s performance compare to risk-adjusted benchmarks? In
particular, net-of-expenses, can the average fund at least keep up to the market
thus justifying the fees paid? Also, does a ‘‘hot hand’’ phenomenon exist? Are man-

agers who rank high in the table more likely to do so in the future more than mere

randomness would imply? Finally, what factors induce fund growth? How impor-

tant is past performance? Do other factors, such as expenses and fund age, matter?

Section 2 discusses both the assembly of the sample of mutual funds and the choice

and operationalization of asset pricing benchmarks. In the next section I turn to

typical performance. Section 4 investigates the existence of performance persis-

tence. After considering in Section 5 the determinants of fund flows, Section 6 con-
cludes.
2. Data and benchmarks

2.1. Constructing a bias-free sample

The mutual fund data used here were obtained from the Financial Post Datagroup

in two forms. First, their main computer database was provided to the author. 5

Among other variables, total net assets and unit values were available on a monthly

basis for virtually all mutual funds in existence in Canada. 6 In addition, certain sca-

lars or one-time descriptive variables, such as the date of inception, fund type (e.g.,
4 For somewhat related biases in the context of hedge funds, see Ackermann et al. (1999) and Liang

(2000).
5 I thank Frank Musselman and Mike Leung of the Financial Post Datagroup for help in obtaining and

interpreting these data.
6 These unit values, which are net of all management fees and other expenses (such as transaction costs),

are calculated assuming that all cash flows are immediately reinvested. In some cases, the funds split their

units necessitating an adjustment in the unit values. This was easily handled since the Financial Post

Database also provided the split dates and ratios. Based on these unit values, returns were easily

calculated.
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equity, money market, balanced, etc.), countries/regions invested, load type (if any)

and the latest management expense ratio (MER) were obtainable from this source.

Second, the (hardcopy) Financial Post Mutual Fund Survey was available on a quar-

terly basis from 1987 to the end of 1998. In addition to containing most of the same

information as the database, this source also provided, among other things, time se-
ries for MERs and, in a qualitative sense, sales charges (loads). One convenient fea-

ture of the Financial Post Database is that it does not discard information on defunct

funds once they have first appeared. This means that it is straightforward to avoid

standard survivorship bias by tracking all funds for as long as they exist. My proce-

dure was to designate a fund as ‘‘alive’’ in a given year if it existed for the entire year

under consideration. 7

Given the voluntary nature of data provision, 8 it was suspected that a backfilling

problem might exist. 9 Let us review the issue at hand. Suppose a company launches
two funds at year-end 19xx; call them A and B. Over 19xx+1, A performs better than
its risk-adjusted benchmark; B worse. The company decides to let B ‘‘die’’ by merg-
ing it with A. This is all done before either fund�s records have been sent to the Fi-
nancial Post Datagroup. Self-selection exists in that, when the company finally sends

its data in, the full record for A is sent (19xx to the present), while B is omitted. The
problem of course with using funds such as A is that we know that they are likely
to have outperformed their defunct brethren up to the point when a choice is made

to let B die and to send A�s (backdated) records in. An obvious potential for upward
performance bias therefore exists.

The solution is to fall back on the hardcopy Survey, which signals the date of

information release. A is included in the sample but only after it has appeared in

the Survey. 10 More specifically, my procedure for deciding on the first observation

of a fund in the sample was as follows. I began with all funds in the ‘‘Canadian

equity funds’’ section of the Survey at the end of each calendar year (beginning with

the December 1987 Survey) and, if they still existed at the end of the next year (ac-

cording to the Survey), I included them in my sample for that year. 11 Once this
7 Admittedly this procedure (as opposed to more problematic monthly sampling) will retain some slight

survivorship bias.
8 Conversations with the individual entrusted with organizing the database made it clear that all data

were provided by the fund companies themselves to the Financial Post on a voluntary basis.
9 One procedure would be to arbitrarily discard the first x observations (see Ackermann et al., 1999).

Though certainly a less painstaking approach than that used here, it is clearly also less satisfactory.
10 From this point on there is no a priori reason to believe that its performance will be either better or

worse than other funds. As examples of the importance of this hardcopy screen, ignoring it would have led

me to include the following funds in my full 1988–1998 sample instead of just the years indicated: Green

Line Blue Chip Equity (1994–1998), Marathon Equity (1994–1998) and Spectrum United Canadian Equity

(1993–1998).
11 I dropped from the sample funds index funds, resource funds and narrow sectoral funds – plus

several that were clearly misplaced. In addition, those that ‘‘wandered’’ to another category at some point

(e.g., to the ‘‘balanced funds’’ category) I dropped believing there was a high probability that even when

they were in the ‘‘Canadian equity’’ category, they perhaps did not really belong there in terms of portfolio

composition and fund goals.



Table 1

Fund statistics: size of sample over time and mortality rates

Year No. of funds

in sample

No. surviving

till end

Cumulative mor-

tality rate (%)

Average mortality

rate (%)

1988 110 70 36.36 4.42

1989 126 83 34.13 4.53

1990 134 97 27.61 3.96

1991 142 107 24.65 3.96

1992 148 116 21.62 3.98

1993 158 133 15.82 3.39

1994 174 154 11.49 3.01

1995 198 175 11.62 4.03

1996 207 192 7.25 3.69

1997 241 234 2.90 2.90

1998 300 – – –

Notes: The cumulative mortality rate is the percentage of funds that do not survive to the end of 1998; the

average mortality rate is the compounded average of the latter figure.
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control had been accomplished, the actual extraction of data was done using the

database.

Using this approach for sample construction, as Table 1 shows, the number of

funds in the sample begins at a low of 110, gradually rises to 207 by 1996 and then

takes off to reach 300 by the end of the sample. Since the typical annual mortality

rate of funds was on the order of 3.5–4.0% per year, this should alert us to the po-

tential importance of survivorship bias. 12 I document below that this is indeed an

important factor to correct for. In addition, I illustrate that uncorrected backfilling
bias will also do damage.
2.2. Benchmarks

Given the lack of unanimity in the literature on what constitutes the appropriate

asset pricing model, it was decided to employ several techniques for generating

ex ante returns. First, a standard single-factor model was estimated as follows:
12 T

Goetzm
13 T

compa
ER
ð1Þ
i;t ¼ Ri;t � bM ;iRM ;t; ð1Þ
where ERi;t is the estimated excess return for fund i at t; Ri;t is fund i�s return at t net
of the T -bill rate; RM ;t is the market�s return at t net of the T -bill rate; and bM ;i is fund

i�s beta versus Canada�s standard market index, the TSE 300. 13 Averaging these

excess returns over the estimation period yields (an estimate of) alpha.
he overall average of these compounded average mortality rates is 3.8% per year. See Brown and

ann (1995) for a probit analysis of the determinants of fund disappearance.

he Toronto Stock Exchange 300 is a value-weighted index of 300 medium- to large-sized Canadian

nies. Betas were re-estimated each year, as were the other benchmark models presented here.
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Using this single-index model, mean beta ranges from 0.75 to 0.91, with an overall

average of 0.82. To obtain some perspective, Gruber (1996) finds that the average US

equity fund beta in his sample is 0.96. First, it is not surprising that beta is below one

since managers generally must keep some ‘‘cash’’ on hand to be prepared for unex-

pected redemptions. There is another factor at work in the Canadian context. The
typical Canadian equity fund did not invest exclusively in Canada. It seems that

the policy of the Financial Post Datagroup was to include funds in the Canadian eq-

uity category provided the offshore percentage did not reach a certain threshold. Be-

tween 1988 (at year end) and 1991 the average offshore investment percentage was

4.6%. With the phasing in of a new foreign investment RRSP-eligible percentage

after this time (completed by 1994), this average increased (during 1992–1998) to

7.7%. 14 This serves to partly explain the rather low-mean betas. At the same time,

it reinforces the appropriateness of using a model that takes into consideration
offshore investment.

Given these considerations it was deemed appropriate to investigate a multi-factor

approach with some foreign asset exposure. Moreover, even in a purely domestic

context, the single-index model is increasingly viewed as inadequate. One reason

for this is that, unless stock returns are generated by a single factor, it is unlikely that

any arbitrarily chosen well-diversified portfolio will be mean–variance efficient. In-

creasing the number of indexes improves the probability of obtaining a benchmark

on the efficient frontier (Grinblatt and Titman, 1987). Factor analysis can be em-
ployed here (e.g., Lehmann and Modest, 1987); or one can a priori identify a set

of likely indexes (e.g., Carhart, 1997; Elton et al., 1993; Gruber, 1996); or some com-

bination can be attempted (Elton et al., 1999).

I use here an extension of the Elton et al. (1993) sectoral approach. In addition to

using the mid- to large-cap TSE 300, on the domestic front I also utilize a proxy for a

Canadian small-cap index and a Canadian bond market index. Moreover, as men-

tioned above, the nature of the Canadian mutual fund market place necessitates

the use of several offshore factors. This is because many managers of so-called Ca-
nadian equity funds actually invest a small percentage of their assets abroad, both

in the United States and elsewhere. Therefore in addition I also employ as sectoral

factors the S&P 500 and the Morgan Stanley World total return indices. Thus my

second methodology for generating excess returns is based on
14 T

foreign

strive t
ER
ð2Þ
i;t ¼ Ri;t � bM ;iRM ;t � bS;iRS;t � bB;iRB;t � bUS;iRUS;t � bW ;iRW ;t; ð2Þ
where RS;t is the small-cap net return at t; RB;t is the Canadian bond market�s net
return at t; RUS;t is the Canadian dollar-converted S&P 500�s net return at t; RW ;t is the
he Registered Retirement Savings Plan (RRSP), a tax-sheltered investment program, is subject to

investment upper limits. These changed from 10% to 20% mid-sample. Many Canadian funds

o be ‘‘RRSP-eligible’’.
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Canadian dollar-converted Morgan Stanley World index�s net return at t; and bS;i,
bB;i, bUS;i, and bW ;i are the associated sensitivities.

15

Of course one reason that researchers see the need to move to multiple factors is

the rejection of unconditional CAPM by Fama and french (1992). Another approach

is to allow CAPM�s parameters to be time-varying. Jagannathan and Wang (1996)
estimated a conditional version, and, by using an aggregate portfolio that incorpo-

rated human capital, succeeded in reversing Fama and French�s rejection of CAPM.
As an additional risk-adjustment procedure I use (after Ferson and Schadt, 1996) a

linear operationalization of conditional CAPM, as follows:
15 T

Melan

made

althou

index,

(which

compa

Index.

my sm

shown

regress

surpris

variab

and ne

return

this pr

were w

sense t

World
16 F

tests.
17 T

the inc
ER
ð3Þ
i;t ¼ Ri;t � bM ;iRM ;t � g0iztRM ;t; ð3Þ
where gi is a vector of sensitivities to zt, a vector of instruments. To choose ap-
propriate instruments, for all funds in the sample with data going as far back as the
beginning of 1983, I estimated for 1983–87 a conditional CAPM model with Ferson

and Schadt�s (1996) five instruments (lagged T -bill rate, lagged market dividend
yield, lagged term structure slope, lagged quality spread and a January dummy)

plus two other likely candidates (lagged market volatility, proxied as a 12-month

moving standard deviation of market returns, and lagged exponentially smoothed

real market movements (as in Ilmanen, 1995)). 16 This group was pruned down to

three (January dummy, dividend yield and quality spread) for performance

assessment. 17
he Canadian bond index used was the Scotia Mcleod Canadian universe bond index (provided by

ie Moore). This is a broad index including both governments and corporates. A number of inquiries

clear to the author that no small-cap Canadian index existed for the relevant sample period –

gh S&P has recently launched the ‘‘S&P/TSE Canadian Small Cap Index’’. In place of a small cap

I used the very broad Canadian Financial Markets Research Centre (CFMRC) value-weighted index

comprises several thousand companies and includes small- as well as large- and medium-cap

nies). My two international indexes were the well-known S&P 500 and the Morgan Stanley World

After Elton et al. (1993), I employed the procedure of sequential orthogonalization. Beginning with

all cap proxy, I first regressed returns of the latter (net of T -bills) on net TSE 300 returns. (It can be
that the surprises so generated are proportional to the surprises generated by a comparable

ion of a hypothetical small-cap index on the TSE.) In estimating (2), I used these orthogonal

es plus the regression intercept in place of the small-cap raw net returns. The third right-hand-side

le, the bond returns, was constructed by regressing the raw net bond returns on net TSE 300 returns

t small-cap returns, and the surprises plus the intercept were used in place of the raw net bond

s. The two international indexes were treated in the same sequential fashion. It can be shown that

ocess of sequential orthogonalization will generate the same alpha as would be obtained from (2)

e to use the unorthogonalized indexes. This remains true even if our indexes are overlapping in the

hat the CFMRC includes medium- and large-cap as well as small-cap, and the Morgan Stanley

Index encompasses both North America as well as the rest of the world.

or 40% of the funds, joint significance of the instruments could be concluded at 5% using Wald

he other instruments had fewer significant t-statistics in the individual fund regressions and often
orrect sign. Nevertheless, results were quite robust to the use of alternative instrument sets.
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3. Average performance

3.1. All funds

Were Canadian equity fund managers able to surpass or at least keep pace with
market benchmarks during 1988–1998 net of all expenses? The focus here is purely

on the mean manager, so I do not consider, as in Chevalier and Ellison (1999),

cross-sectional differences in behavior and performance. Performance was gauged

using a single-index model, a five-factor model, and a version of conditional CAPM.

Table 2 presents information on the performance of a typical fund both for each year

in the sample, and for the entire 1988–1998 sample period. For individual years,

mean performance is measured both using a simple average of all fund alphas and

a net asset value-weighted average. It is important to account properly for the
cross-sectional correlation in the fund alphas. 18 For individual years, since a com-

mon sample exists, I use a covariance matrix that controls for this cross-sectional

correlation (see Elton et al., 1993). For the overall results, given that there exists a

shifting sample–but one with sufficient monthly observations, I simply average out

over the full sample the cross-sectional average monthly alphas, thus by construction

eliminating the cross-sectional correlation problem. 19

For individual years, the performance metrics using the five-factor, single-factor

and conditional CAPM approaches are broadly consistent. For each proxy, seven
out of the 11 mean alphas are negative. All cases of statistical significance are for

negative alphas – though, given the high degree of cross-sectional dependence and

the fact that each estimate is based on only 12 time series observations, most of these

cases are only at the 10% level. Turning our attention to the last two rows of the

table, it is apparent that on average Canadian equity funds fell short of the market

on a risk-adjusted basis. Depending on our benchmark and whether we look at

unweighted or weighted alpha, the monthly shortfall ranged from 7.3 to 13.3 basis

points, or, annualized, 0.88–1.61%. 20 In four out of six cases this was significantly
different from zero at 5%.

For a subsample of funds I constructed a time series of MERs using the Financial

Post Survey. 21 The mean MER (for this group of funds) increased from a low of

1.59% (in 1988) to a high of 2.00% (for the last 2 years). Thus, while on a net-of-

expenses basis the funds collectively fell short of their benchmarks, it is apparent that

managers did provide some value. That is to say, managers were able to make a
18 It has been suggested that the cross-sectional dependence of fund returns occurs as managers tend to

adhere to a limited number of styles (see, for example, Grinblatt and Titman, 1992).
19 This procedure allows us to calculate the significance for the weighted average alpha as well. Note

that this approach would not work well for the individual year results since the average would be based on

only 12 observations.
20 Given the recent evidence of Edelen (1999) that managers are forced to engage in performance-

reducing liquidity trading, these shortfalls are likely overstated.
21 These were 64 of the 70 funds that existed throughout the entire 1988–1998 period. Six were dropped

because of frequent missing MER data.



Table 2

Fund performance: average fund alphas using five-factor, single-factor and conditional approaches

Five-factor alpha One-factor alpha Conditional CAPM alpha

Mean

(% per month)

P -val Mean

(% per month)

P -val Mean

(% per month)

P -val

1988 U )0.202 0.414 )0.255 0.603 )0.293 0.423

W 0.188 0.135 0.000 0.053

1989 U )0.284 0.062 )0.344 0.135 )0.361 0.073

W )0.366 )0.364 0.000 )0.317
1990 U )0.368 0.057 )0.341 0.278 )0.357 0.237

W )0.328 )0.347 0.000 )0.364
1991 U )0.155 0.649 )0.016 0.968 )0.104 0.751

W )0.063 )0.184 0.000 )0.327
1992 U 0.190 0.495 0.185 0.809 )0.001 0.998

W )0.064 0.099 0.000 )0.007
1993 U 0.564 0.422 0.450 0.618 0.250 0.723

W 0.548 0.391 0.000 0.146

1994 U )0.447 0.000 )0.369 0.266 )0.436 0.094

W )0.417 )0.284 0.000 )0.302
1995 U )0.059 0.905 0.012 0.984 0.107 0.800

W )0.241 )0.159 0.000 )0.080
1996 U 0.216 0.598 0.271 0.772 0.402 0.577

W 0.017 0.017 0.000 0.089

1997 U 0.194 0.722 )0.098 0.916 )0.156 0.848

W 0.144 )0.173 0.000 )0.202
1998 U )0.917 0.232 )0.476 0.638 0.146 0.832

W )0.876 )0.369 0.000 0.093

1988–

1998

U )0.115 0.020 )0.089 0.154 )0.073 0.142

W )0.133 0.004 )0.113 0.046 )0.111 0.015

Notes: U is unweighted and W is weighted; P -vals are levels of significance where the maintained
hypothesis is that the average alpha is zero.
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positive contribution to their portfolios via their use of informed analysis and trad-

ing activity, but it was not one-for-one with resources expended.
3.2. Impact of data-conditioning biases

Table 3 illustrates the impact of data-conditioning biases in distorting perfor-

mance. Both standard survivorship bias and backfilling bias are investigated. Begin-

ning with the former, for each year the sample is split into funds that survive to the

end of the sample and those that do not. 22 For the full sample, the average difference

between alphas of surviving funds and those that cease existence by the end is highly

significant using unweighted average alphas for all three risk-adjustment techniques.

The annualized impact ranges from 2.32% to 2.71%.
22 The last year is omitted since by construction all funds in the sample for 1998 must survive till the end

of the sample.



Table 3

Impact of data-conditioning biases: Performance differences between unbiased samples and samples sub-

ject to 1/standard survivorship bias and 2/backfilling bias

Surviving vs. non-surviving fund

alphas

Not-in-sample vs. in-sample

fund alphas

Mean difference

(% per month)

P -val Mean difference

(% per month)

P -val

Five-factor model

1988–1997 U 0.223 0.000 0.239 0.000

W )0.039 0.398 0.163 0.001

One-factor model

1988–1997 U 0.202 0.000 0.224 0.000

W 0.177 0.025 0.179 0.001

Conditional CAPM

1988–1997 U 0.191 0.000 0.203 0.000

W 0.129 0.076 0.171 0.001

Notes: U corresponds to unweighted averages and W to weighted averages; P -vals are levels of significance
where the maintained hypothesis is that the mean differences are zero.
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Backfilling bias also matters. To review, information was voluntarily sent to the

Financial Post Datagroup by the funds, and in a given fund�s early years, it was likely
that companies sometimes exercised a kind of timing option. In the second column

from the right in Table 3, I calculate the mean difference between the average alpha

of all funds for which data are available (but which are excluded from the sample at a

given point in time because of my screening procedure) and the average alpha of all

funds making it into the sample. 23 All differences are positive and highly significant.

On an annualized basis, these differences range from 1.92% to 2.91%. As expected,
the excluded funds – having already passed a kind of survival screen – outperform

funds included in the sample. Clearly, on the basis of this evidence, there is strong

evidence that the method of using the hardcopy Financial Post Survey as a screen

was justified on the grounds of eliminating this form of bias.

The nature of these two biases is different in an important sense. Since funds drop

out over time, the impact of survivorship bias for the 1988 results would be much

more severe than for the 1997 results. This is due to the fact that 36.36% of funds

that were in the 1988 sample did not survive to the end, whereas only 2.90% that
were in the 1997 sample did not make it to the end. On the other hand the backfilling

bias need not operate in this declining fashion. 24 To get a feel for the overall bias

imparted by these two sources, let us consider results for 1988–1997 so that both

sources of bias are present for all included years. The overall mean monthly five-fac-

tor alpha using all funds included in the sample was )42.21 basis points (annualized).
23 More specifically, for each month averaging is done over all funds in the two groups, differences

between the means of the two groups are calculated for each month, and then averaging is done over all

the months in the sample.
24 The number of excluded funds in a given year ranges from 12 to 45.
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Dropping all defunct funds increases this value by 45.70 basis points, moving perfor-

mance slightly positive. Finally, the difference between mean performance for all

funds (including those excluded because of backfilling) and only those actually

included in the sample was 32.45 basis points. Thus the cumulative bias was on

the order of 75–80 basis points. Though not an enormous figure, it is far from incon-
sequential when so many inferences are border line.
4. Persistence

Probably the issue that has attracted the most attention in the latest research

thrust has been persistence. There is much at stake at here, since if the average fund

cannot even earn back its management expenses and transaction costs, given the
availability of low-cost index funds, it seems to be an irrational investment strategy

to entrust one�s savings to actively managed funds. Tests here are conducted in two
ways. First, similar to Goetzmann and Ibbotson (1994) and Malkiel (1995), funds

are designated as winners/losers based on whether their alphas are above or below

the mean for all funds. Table 4 provides evidence on the ability of alpha-success-

ful/unsuccessful funds to continue to perform well/badly. Shown are the percentages

of funds continuing in their categories and the associated P -values (with the main-
tained hypothesis being no ability to repeat performance). 25 We look 1 to 5 years
ahead. There is very solid evidence of very short-term persistence for successful man-

agers. Looking ahead 1 year, between 57% and 65% (depending on our benchmark)

of the time successful funds repeat. In all cases the results are statistically significant

in the 5% neighborhood. As for medium-term persistence, though the percentages

are generally above 50%, nothing is close to significant. In the case of subpar per-

formers, the evidence is again strong in favor of short-term persistence and very

weak for medium-term. For 1 year in the future the repeat percentages ranged from

57% to 63%.
Table 5 reports on another test methodology (similar to Gruber, 1996). In the

ranking year, funds are sorted into deciles on the basis of alpha-performance, and

then differences between subsequent average decile returns are calculated. Given

no managerial skill one would expect zero differences. I also report on the differences

in alphas between the top half and the bottom half of funds. 26 Once again, the ev-

idence is strong that short-term persistence exists for both successful and unsuccess-

ful funds. For five-factor alpha the difference in the alpha-performance of the top

10% and the bottom 10% is a statistically and economically significant 13.70%.
The top vs. bottom t-tests also yield weak evidence of medium-term persistence

(namely for 3 and 4 years out). Oddly though, by 5 years out all differences have
25 More precisely, I present time series averages of cross-sectional average percentages for individual

year results, and the P -values are based on these time series. This procedure eliminates by construction the
cross-sectional dependence problem.
26 Carpenter and Lynch (1999) argue that t-tests of these differences are well-specified and powerful

relative to alternative persistence-detection methodologies.



Table 4

Persistence percentages for winners and losers: percentage of funds that were previously winners/losers

that continue to be winners/losers in subsequent years

Years ahead

1 2 3 4 5

Five-factor model

Winners Repeat percentage 0.590 0.506 0.513 0.515 0.420

P -val 0.040 0.759 0.431 0.688 0.157

Losers Repeat percentage 0.618 0.579 0.574 0.561 0.489

P -val 0.033 0.090 0.116 0.116 0.700

One-factor model

Winners Repeat percentage 0.574 0.478 0.533 0.534 0.434

P -val 0.054 0.503 0.301 0.593 0.292

Losers Repeat percentage 0.571 0.490 0.535 0.530 0.443

P -val 0.144 0.739 0.393 0.433 0.264

Conditional CAPM

Winners Repeat percentage 0.653 0.508 0.562 0.555 0.442

P -val 0.002 0.802 0.135 0.160 0.189

Losers Repeat percentage 0.627 0.520 0.563 0.582 0.443

P -val 0.014 0.532 0.162 0.016 0.133

Note: P -vals are levels of significance where maintained hypothesis is that repeat% is 0.5.
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turned negative. In sum, it seems likely that Canadian money managers have some

short-term and perhaps medium-term ability (or disability). This evidence is broadly

consistent with that produced in the US, one difference being the somewhat stronger

tendency reported here for medium-term persistence.

This evidence suggesting that it is wise to follow successful managers is stronger

than one might at first think. Take the result that, according to the one-factor model,

only half of all managers earning a positive alpha are able to do so in the following

year. Clearly though the expectation of a zero alpha next period is still better than
investing in index funds. 27 The reason is that even cheap index funds cost some-

thing. Moreover, for reasons that are not immediately clear, equity index funds in

Canada are very expensive. Whereas, according to Gruber (1996), it was possible

to find a good number of US index funds with MERs below 30 basis points (this

group averaged 21.9 basis points for 1990–1994), such generosity did not extend

to Canada. Referring to the Financial Post Survey for December 1998, and selecting

all Canadian equity funds with ‘‘index’’ as part of their name, after excluding three

dubious entries, the remaining 13 funds averaged a whopping MER of 1.51%. There
was only a single fund with an expense ratio as low as 0.5%. 28 Since the cost of
27 Given an approximately symmetric distribution for alpha and half of the funds above and the other

half below, one would expect to see an overall average alpha of zero for these previously successful funds.
28 This was the Royal Canadian Index Fund. It should be noted that Canada has SPIDER-like

instruments called Toronto index participation units (TIPs) which are much cheaper than Canadian index

funds. These follow a narrow index of 35 securities so they may not be for all indexers.



Table 5

Persistence using deciles/halves: Top decile vs. bottom decile or top half vs. bottom half performance dif-

ferences in subsequent years

Years ahead

1 2 3 4 5

Five-factor model

Decile 1 vs. decile 10

Mean difference (%/year) 13.70 6.11 5.76 1.89 )3.39
P -val 0.005 0.136 0.067 0.376 0.581

Top half vs. bottom half

Mean difference (%/year) 4.52 1.87 2.20 0.48 )1.73
P -val 0.005 0.116 0.049 0.471 0.247

One-factor model

Decile 1 vs. decile 10

Mean difference (%/year) 8.62 )0.96 0.21 )1.07 )5.03
P -val 0.007 0.629 0.850 0.694 0.316

Top half vs. bottom half

Mean difference (%/year) 3.30 )0.57 1.23 )0.25 )2.29
P -val 0.006 0.369 0.030 0.862 0.217

Conditional CAPM

Decile 1 vs. decile 10

Mean difference (%/year) 11.28 1.71 3.18 3.90 )6.93
P -val 0.003 0.228 0.137 0.047 0.144

Top half vs. bottom half

Mean difference (%/year) 4.92 0.60 1.77 1.60 )2.07
P -val 0.001 0.453 0.033 0.061 0.156

Note: P -vals are levels of significance where the maintained hypothesis is that the mean difference is zero.

686 R. Deaves / Journal of Banking & Finance 28 (2004) 673–694
indexing should not really differ markedly from its US equivalent, one can only won-

der how competitive the Canadian mutual fund marketplace is. 29
5. Fund flows

5.1. What determines fund flows?

The evidence of the last section suggests that it may be rational for investors to

‘‘chase’’ returns. The purpose of this section is to ascertain whether fund flows are

in fact induced by better than average performance. There is abundant evidence in

the US context that investors do indeed so behave (see for example Gruber, 1996;

Sirri and Tufano, 1998). Moreover, the response of investors appears to be asymmet-

ric: while investors pursue good returns, they do not flee bad returns. In addition,

some have argued that another logical determinant of fund flows should be fund
29 A casual look at the numbers also suggests that the mean MER for all Canadian equity funds is

substantially above the comparable US figure. Casual empiricism suggests that economies of scale are not

the answer.
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costs – in particular, expenses and/or loads (see Sirri and Tufano, 1998). It is not ob-

vious however that costs should matter since returns are always reported net of all

expenses so they already incorporate fund costs. High expenses without commensu-

rate ability will lead to low returns.

To investigate these issues, I focus on all funds with a continuous history during
1988–1998. Of the 70 funds meeting this requirement, 64 remained after the removal

of six due to missing MER observations. 30 The average fund in this group grew from

an asset base at 1987 year-end of $119 million to $477million by 1998. Overall by the

end of 1998 there were $30.5 billion of net assets in these funds. These comprised about

a third of the overall universe of Canadian equity funds at my disposal in terms of net

assets. It is important to note that, for a given fund, asset growth occurs in two ways:

by positive fund returns and by positive fund net inflows. Both of these factors have

been quite important at times. Often growth has come in spurts, a tendency that is ac-
centuated by the fact that the natural asset accumulation coming from returns and net

inflows are positively correlated (with a correlation coefficient of 0.55). For example,

the best natural asset accumulation year was 1993 (35%). This year also witnessed

growth from net inflows of 16.6% (the second highest net inflow growth figure). 31

The focus here is on what induces net inflows. These inflows, for fund i from t � 1
to t, are calculated as
30 R
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31 F

of fund
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the Sur

front-e
NIFi;t ¼
NAi;t � ð1þ TRi;tÞNAi;t�1

NAi;t�1
; ð4Þ
where NAi;t is net assets of fund i at t, and TRi;t is fund i�s gross return at t. Notice
that fund growth by virtue of prior performance is excluded.

Since past returns are commonly reported in the business press and in fund liter-

ature, and it is taken as an article of faith among some mutual fund experts that past
performance is predictive of future performance, it is natural that investors would be

most influenced by this. In addition, I also consider as explanatory variables MERs,

loads, age, size, and total risk. 32 The latter is proxied by a moving 12-month stan-

dard deviation of returns. Loads are rendered qualitative by an indicator variable

where unity represents the existence of a potential load. 33 Therefore a functional

relationship for NIFi;t is likely along the following lines:
ecall that the MER data were obtained by hand from various issues of the Financial Post Survey of

l Funds. In some cases the MER was noted as ‘‘not available’’. My approach was as follows.

ver four or more MERs were not available I discarded the fund from this particular sample. On the

and, whenever fewer than four observations were missing I used ‘‘back-extrapolation’’, namely

he next available MER for the missing value.

or a macro perspective of fund flows (see Warther, 1995), and for a perspective from the standpoint

families (see Khorana and Servaes, 2000).

apon et al. (1996) present survey evidence that mutual fund investors consider many non-

ance related factors in choosing their funds.

here are several reasons for not using an exact load figure. First, loads may either be front-end or

d, and there is no meaningful way to compare the two types. Second, effective loads are often

nted by brokers from a maximum permissible value. Third, for the last several years of the sample,

vey did not provide a specific figure, only noting the existence (potentially optional or deferred) of a

nd and/or rear-end load.
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NIFi;t ¼
f ðPerformancei;t;Performancei;t�1;MERi;t�1;Loadi;t;NAi;t�1;Agei;t; SDi;t�1Þ;

ð5Þ
where Agei;t is the age of the fund in years, and SDi;t�1 is the lagged standard

deviation of fund returns (or alphas).

Next I run a series of annual-frequency regressions in order to explore the impor-

tance of these factors. The highlights are in Table 6. A pooled linear estimation tech-
nique where all funds share common coefficients is utilized. There is no attempt to

uncover any sort of ‘‘ideal’’ or predictive equation. Estimation was done both for

raw returns and alphas as performance proxies. It turns out that raw returns have

more explanatory power than alphas, which is not surprising since most investors

are unlikely to have the requisite knowledge base to calculate magnitudes such as al-

phas. Most variables are expressed in relative terms: new asset growth is net of that

of the mean for the year; all return variables are net of the (unweighted) average re-

turn (or alpha) for the year; the standard deviation for a fund is deflated by the av-
erage standard deviation; and MER is net of the mean fund MER. Since it is not

clear how long it takes investors to respond to past history, I use both lagged and

contemporaneous performance as possible explanatory variables. Nevertheless it is

important to realize that even much of a contemporaneous return (or alpha) is in

effect ‘‘lagged,’’ since it is accumulating over the full year during which fund in-

flows can occur.
6

flow regressions: Regressions of annual fund flows on performance and other possible explanatory

les

variables Eq. (1) Eq. (2) Eq. (3)

stant 0.783 0.443 )0.176
SD lagged $0.976 0.090

ha SD lagged

R lagged )0.027 )0.186
E )0.003 )0.003
NA) lagged $)0.174 )0.105
d dummy 0.184 0.045

rn *8.847 )0.032 0.544

rn-positive *15.279 )7.085
rn-high *17.506

rn-low 6.263

rn lagged $2.813 0.717

rn-pos lagged 3.913

rn-high lagged

rn-low lagged

0.088 0.104 0.105

2.23 2.23 2.23

4.409 4.019 4.000

Dependent variable is percentage net inflow relative to the mean; Statistically significant at 1%/5%/

denoted by */#/$.
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Looking at Eq. (1), it seems that contemporaneous fund returns are the key driv-

ers of fund inflows. On average a 1% return over and above that of a typical fund

induced an 8.8% greater than typical increase in fund size. This result was highly sig-

nificant. As might be expected, past positive returns, fund size and total risk were

also marginally significant. Past positive returns also induced fund growth. Fund size
entered with a negative coefficient since a given dollar infusion matters much more

(in percentage terms) for a small fund than a big fund. The positive impact of risk

is anomalous. One would of course expect high risk to be an attribute that investors

would prefer to avoid. With Eq. (2) I begin to investigate a possible asymmetric re-

sponse of fund inflows to fund returns. For both past and present returns piecewise

regression is utilized, where relative returns are categorized as being above or below

the mean for the year, and differentiated slopes in these ranges are accommodated.

To interpret, for funds with contemporaneous returns below par, no exceptional
fund growth (or contraction) occurred, but for funds with returns above the mean,

growth was 15.28% in excess of typical fund growth, 34 a pattern very much consis-

tent with what has been demonstrated using US data. 35 To a certain extent this may

be understandable because of the existence of such market frictions as rear-end loads

and automatic investment plans. Note that past returns (both superior and inferior),

risk and fund size have now ceased being significant determinants. With Eq. (3), I

restrict my focus to contemporaneous returns and now allow for four piecewise seg-

ments: more than one standard deviation below the mean; above the latter up to the
mean; above the mean but below the mean plus one standard deviation; and above

the latter. The evidence now points clearly in the direction of only truly outstanding

funds eliciting an above average fund inflow. Below the one standard deviation

above the mean level, the coefficients do not even necessarily have the right sign. 36

One can argue that performance pursuit may well represent rational investor be-

havior. Since the evidence favors the ability of Canadian managers to maintain per-

formance to a certain extent, and since it appears that one can do (slightly) better by

chasing returns rather than indexing, Canadian investors who eschew personal active
management may have collectively come to a well-reasoned conclusion. 37
34 This numerical interpretation of course sets the coefficient on contemporaneous returns to zero.
35 The absence of negative flows for ill-performing funds may be partly due to the survivorship bias

inherent in using a group of funds with a continuous 1988–1998 history, since non-surviving poor

performers are likely to have witnessed greater outflows than surviving poor performers.
36 I repeated Eqs. (1)–(3) using five-factor alphas in place of raw returns. The results were broadly

similar though weaker. Moreover, as suggested by an anonymous referee, I also investigated the stability

of the performance-flow nexus over time. For reasons not immediately clear, there does exist intertemporal

coefficient variability. For example, focusing on Eq. (1), the impact on fund flows of (contemporaneous

and lagged) performance is significantly greater during 1989–1993 than during 1994–1998. I am able to

offer no compelling reason for this. That said, in a regression for 1994–1998 alone, contemporaneous

returns still have a significant impact on fund flows.
37 This is not the same as saying that investors successfully moved their money to funds that were about

to perform well, an issue requiring further investigation. See Zheng (1998) for a discussion of this issue.



Table 7

Payoff from pursuing winners: mean alphas for groups of funds screened by prior performance

All

funds

Screen: 0.00 SDs Screen: 0.25 SDs Screen: 0.50 SDs Screen: 0.75 SDs Screen: 1.00 SDs

Mean

alpha

(%/year)

Mean

alpha

(%/year)

No.

of

funds

P -val Mean

alpha

(%/year)

No.

of

funds

P -val Mean

alpha

(%/year)

No. of

funds

P -val Mean

alpha

(%/year)

No. of

funds

P -val Mean

alpha

(%/year)

No. of

funds

P -val

1989 )3.610 )2.067 67 0.000 )2.139 44 0.003 )2.535 27 0.009 )4.127 15 0.006 0.253 6 0.740

1990 )3.747 )2.014 75 0.000 )1.503 49 0.031 )0.373 26 0.742 0.231 12 0.914 3.374 5 0.428

1991 )0.007 1.221 71 0.119 2.256 54 0.019 3.932 37 0.002 6.142 23 0.001 8.064 16 0.001

1992 2.074 7.295 57 0.000 9.258 42 0.000 10.567 32 0.000 13.677 20 0.000 16.879 16 0.000

1993 6.761 17.440 51 0.000 23.689 32 0.000 26.530 27 0.000 35.548 18 0.000 43.616 13 0.001

1994 )4.006 )5.386 51 0.000 )5.171 36 0.000 )6.063 31 0.000 )7.693 21 0.000 )6.950 11 0.002

1995 )1.286 )0.646 99 0.296 )1.401 77 0.023 )1.095 58 0.139 )0.277 33 0.805 )0.163 20 0.913

1996 1.300 5.909 69 0.000 8.018 49 0.000 10.980 33 0.000 15.530 20 0.000 17.883 17 0.000

1997 2.148 5.417 83 0.000 5.704 62 0.000 6.519 40 0.001 5.152 27 0.048 6.978 23 0.009

1998 )3.396 )1.457 117 0.040 )0.224 85 0.794 0.419 64 0.701 2.143 46 0.098 2.457 36 0.099

Note: P -vals are based on maintained hypothesis that mean alpha is zero.
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Fig. 1. Cumulative alpha from performance pursuit. (Note: Path above is generated by compound-

ing average five-factor alpha for portfolios selected by the one standard deviation above the mean

strategy.)
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5.2. Is performance-chasing investment a viable strategy?

Clearly at least some investors chase performance. To ascertain whether this is a

viable investment strategy, I performed the following analysis. At the end of every

year, a portfolio of funds was selected on the basis of their alphas over the prior year.

A number of screens were employed: the most inclusive was all funds with alphas

above the mean alpha; in addition screens specified that a fund�s alpha had to be
0.25, 0.5, 0.75 or one standard deviation above the mean.
Table 7 and Fig. 1 tell the story. In the table, again focusing on five-factor alpha,

mean alphas for each year and the number of funds surviving the screen are pro-

vided. To interpret, if one focuses on 1998, based on performance history for

1997, 117, 85, 64, 46, or 36 funds were selected. The mean 1998 alphas were

)1.46%, )0.22%, 0.42%, 2.14% and 2.46% respectively versus an average alpha for

all funds of )3.40%. Overall, in the case of all screens, the strategy yielded an alpha
in excess of the mean alpha for all funds at least eight out of ten times. The results for

the finest screen are restated in the figure. Here I show the path of the cumulative
five-factor alpha. Starting at the end of 1988, the investor purchases an equal-

weighted portfolio of mutual funds. At year-end, all funds are redeemed, and an-

other portfolio of funds is assembled. The curve shows the extent to which the gains

or losses accrue over time. Using this screen throughout, one would have achieved an

average compounded alpha of over 7%. Despite the fact that I assume no loads,
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switching fees or tax implications, 38 the evidence seems compelling that investors

in Canadian mutual funds during 1988–1998 would have been able to profit from

the ability of at least some managers to perform successfully on a consistent basis.
6. Conclusions

In this first comprehensive study of Canadian mutual fund performance, I arrive

at a set of findings and conclusions reminiscent of Gruber�s (1996). On average fund
managers net-of-expenses underperform risk-adjusted benchmarks, but it also seems

clear that their analysis and trading makes a positive (though not one-for-one with

resources expended) contribution to portfolio performance. As earlier studies in the

US have done before this one, the impact of survivorship bias is documented. Where
my work departs from what has preceded it is in the identification of an additional

data-conditioning bias for mutual funds, namely a self-selection cum backfilling bias

that will be problematic whenever fund companies provide information on a volun-

tary basis to data vendors. It is likely that some commonly used US databases may

fall prey to this same problem. 39

While on average funds underperform, there is evidence that, at least on a short-

term basis, success breeds success. Investors seem aware of this since money flows to

successful funds. The latter relationship is not linear. While unsuccessful funds do
not seem to suffer inordinately, highly successful funds attract the lion�s share of
new money. Finally it is documented that the strategy of chasing returns is indeed

a viable one, and the best strategy of all may be to chase the funds that have per-

formed best over the very near term.
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