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We present international evidence demonstrating that 

behavioural finance (specifically, loss aversion and impa-

tience) is very important in understanding how mutual 

fund flows react to returns.  The results are obtained by 

aggregating data – from individual equity funds and 

answers to a large international survey on behavioural 

finance – to country levels.  In particular, we show that in 

those countries with a high level of loss aversion, investors 

are more prone to sell mutual funds when they incur losses 

and more prone to buy them when they experience gains.  

Moreover, in countries with a high degree of impatience 

and high level of loss aversion, we find higher volatility 

of flows, which hints at impulsive trading in and out of 

mutual funds.

In addition to determining how investors respond to 

returns, we also considered their ability to predict future 

returns.  We show that by and large investors are able to 

guess correctly the next period’s mutual fund returns.

Just as investor behaviour exhibits country-specific 

characteristics, so does fund behaviour.  We aggregated 

fund data by classifying funds with respect to region of sale 

and domicile, and find that mutual fund returns and mar-

ket returns show strong association by country, implying 

that a large portion of the mutual fund industry is investing 

mostly domestically.

Finally, we find that after the financial crisis the results are 

not as significant as before.  This could be due to many 

other factors that have been playing a role since the finan-

cial crisis, such as increased investor anxiety, continuing 

economic uncertainty, and possible cash constraints.

To summarise, we demonstrate that the relation between 

fund flows and stock returns can be explained further by 

taking international differences in loss aversion and impa-

tience into account.

Keywords: Behavioural Finance, Mutual Fund Flows, 

International Finance.

JEL classification: D90, F40, G15, G18, G23.
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The Mutual Fund Industry

Over the past few decades, mutual funds have become one 

of the primary investment vehicles for households worldwide.  

By June 30, 2010, there existed $21.4 trillion in assets under 

management in 68,820 funds, of which 7,604 (with $10.5 tril-

lion under management) were domiciled in the United States.  

While the U.S. numbers are impressive, more than 88% of 

funds and over 50% of assets are domiciled outside of the U.S.  

The mutual fund industry is one of the most successful finan-

cial innovations worldwide.

Khonar, Servais, and Tufano (2005) studied the mutual fund 

industry in 56 countries and examine where this financial 

innovation has flourished.  The fund industry is larger in coun-

tries with stronger rules, laws, and regulations and specifically 

where mutual fund investors’ rights are better protected.  The 

industry is also larger in countries with wealthier and more 

educated populations, where the industry is older, trading 

costs are lower, and in which defined contribution pension 

plans are more prevalent.  The industry is smaller in countries 

where barriers to entry are higher.  And if a country attracts 

mutual funds with special rights, as Luxembourg does, then 

the industry might even be a dominating factor of the coun-

try’s GDP.  Thus laws and regulations, supply-side factors, and 

demand-side factors simultaneously affect the size of the fund 

industry.  However, these factors are not able to explain the 

month-to-month inflow and outflow of mutual funds.  As we 

will show in this paper, those movements can be related to 

behavioural factors.

Table A from Khrohana, Servais, and Tufano (2005) summarises 

their findings for the countries we study in this paper.  The 

table is based on data from 2001.

Global Financial Institute

Table A: International comparison of the importance of the mutual fund industry. 

Table A: International comparison of the importance of the mutual fund industry.

       Equity Bond 
  Equity Bond Industry/  Sector Sector 
 Industry  Sector Sector Primary Industry/ /Stock /Stock
Country Size Size Size Securities GDP Market Market Starting Year
        
Argentina 3751 258 698 0.01 0.014 0.001 0.004 1960
Australia 334016 25230 11102 0.378 0.934 0.673 0.218 1965
Austria 55211 19369 43692 0.142 0.293 0.768 0.12 1956
Belgium 70313 61106 12112 0.099 0.306 0.336 0.023 1947
Brazil 148198 8499 11320 0.213 0.295 0.046 0.223 1957
Canada 267863 19071 63720 0.167 0.383 0.31 0.064 1932
Chile 5090 344 5949 0.042 0.077 0.006 0.094 1965
China 7300 N/A N/A 0.003 0.006 N/A N/A 2001
Croatia 384 N/A N/A 0.024 0.019 N/A N/A 1997
Czech Repub. 1778 1101 1720 0.041 0.031 0.12 0.051 1994
Denmark 33831 16688 21845 0.075 0.209 0.196 0.06 1962
Finland 12933 8845 6805 0.043 0.106 0.047 0.061 1987
France 721973 39413 43539 0.212 0.55 0.272 0.223 1964
Germany 213662 11740 98407 0.035 0.116 0.11 0.02 1949
Greece 23888 9264 13696 0.108 0.205 0.11 0.1 1969
Hungary 2260 314 3070 N/A 0.044 0.03 N/A 1992
Ireland 191840 N/A N/A 0.823 1.856 N/A N/A 1973
Israel 14200 N/A N/A 0.071 0.126 N/A N/A 1936
Italy 359879 16492 21040 0.128 0.33 0.245 0.098 1983
Japan 343907 13272 19540 0.026 0.083 0.034 0.021 1965
Luxembourg 758720 33318 42499 4.845 39.914 14.668 3.174 1959
Malaysia 10180 N/A N/A 0.04 0.115 N/A N/A 1959
Mexico 31723 2775 29068 0.09 0.051 0.022 0.13 1956
Netherlands 93580 57955 23042 0.059 0.246 0.091 0.025 1929
New Zealand 6564 4577 1415 0.071 0.132 0.257 0.019 1960
Norway 14752 8620 7629 0.06 0.09 0.125 0.043 1993
Poland 2936 623 2863 0.023 0.017 0.024 0.029 1992
Portugal 16618 3471 15715 0.065 0.151 0.057 0.081 1986
Romania 10 0 21 0.001 0 0 0.004 1994
Russia 297 N/A N/A 0.002 0.001 N/A N/A 1996
Spain 159899 71179 10229 0.101 0.275 0.119 0.103 1958
Sweden 65538 53776 7563 0.129 0.313 0.231 0.027 1958
Switzerland 75973 59899 27331 0.065 0.307 0.115 0.042 1938
Taiwan 49742 9434 51904 N/A 0.176 0.032 N/A 1984
Thailand 8430 N/A N/A 0.052 0.071 N/A N/A 1995
Turkey 3000 N/A N/A 0.023 0.02 N/A N/A 1986
United Kingdom 316702 28820 44347 0.061 0.222 0.134 0.014 1934
United States 697496 3E+06 3E+06 0.193 0.683 0.245 0.144 1924
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Given the importance of mutual funds for the financial indus-

try one should also ask whether mutual funds are beneficial 

for mutual fund investors.  What is the value created by mutual 

funds – or in the words of the industry, “Is there alpha in mutual 

funds?” Practitioners and academics have long debated these 

societal benefits of the active asset management industry.  

In terms of actively managed mutual funds, beginning with 

Sharpe (1966) and Jensen (1968), academic research has 

found evidence for both sides of the debate.  A recent paper 

by Cremers et al. (2011) provides, at least for the time being, 

the last word on this debate.  It finds that most actively man-

aged funds outperform their benchmarks after expenses.   The 

debate on actively managed funds, however, ignores a crucial 

factor: the behaviour of the mutual fund investor.  The typi-

cal comparison is done between a consistent investment in an 

active fund and a consistent investment in a passive ETF.  As 

we show below, due to behavioural biases of investors, there is 

quite some gap between the return of a mutual fund and that 

of a mutual fund investor.

A Primer on Behavioural Finance

While traditional finance is based on the hypothesis that 

investors are totally rational, starting with the seminal paper 

of Kahneman and Tversky (1979), behavioural finance has 

amassed evidence that real investors are prone to behavioural 

biases.  As De Bondt (1998, page 831) has put it, “reason – for 

now, de¬fined by the principles that underlie expected util-

ity theory, Bayesian learning, and rational expectations – is 

not an adequate basis for a descriptive theory of decision 

making.”  There have now been many surveys on behavioural 

biases (see for example De Bondt (1998), Barberis and Thaler 

(2003) or Hens and Bachmann (2008, Chapter 3).  In Figure 1, 

we illustrate those biases that are important to mutual fund 

flows using the famous roller coaster analogy.  This story has 

been documented, for example by Barber and Odean (2011), 

who research the trading behaviour of more than 60,000 self-

directed investors of a large U.S.  internet broker.

Figure 1 illustrates the importance of a consistent investment 

strategy.  Had the investor remained invested throughout the 

whole cycle, he could have gained a higher return.  And given 

that the investor first buys when the prices fall he would even 

have made an excess return if he had used a countercyclical 

strategy.  But since the downturn was too severe for the inves-

tor, he jumped out of the boat when the sea was rough.  This 

shows that an investor who could bear the short-term losses 

staying focused on his long-term investment goals mostly 

ends up with a better performance in the long term.

From the example given in Figure 1 we see that two factors 

are decisive in gaining an excess return: patience and loss 

tolerance.3  Supposing that this result describes the typical 

investor’s behaviour, we should expect that wealth flows are 

determined by a combination of the funds’ returns and the 

degree of patience and loss aversion of the average inves-

tor.  We should expect that cross-country differences in fund 

flows can be explained further by differences in average loss 

aversion and patience across countries.  Moreover, particularly 

fund flows’ sensitivity to financial returns could also be related 

to behavioural factors such as loss aversion and impatience.

This basic intuition can be deepened by the prospect theory 

of Kahneman and Tversky (1979), which has the same domi-

nant role in behavioural finance as the mean-variance theory 

of Markowitz (1952) has in traditional finance.  Prospect theory 

describes individual investors’ behaviour from the combina-

tion of two factors: beliefs and utility.  Figure 2 illustrates the 

prospect theory utility.  It shows the utility (satisfaction-frus-

tration) from investment returns (gains-losses).

 3 Loss tolerance is the opposite of loss aversion.

Global Financial Institute

Figure 1: A typical behavioural investor on the roller coaster.
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The more the investor gains, the higher his satisfaction with 

the investment.  Following the green curve, this increase is at 

a decreasing rate, which means he has a decreasing marginal 

utility from gains.  The first gain increases the satisfaction the 

most.  Later, equally sized gains still increase the utility, but 

by an ever smaller amount.  The investor gets used to having 

gained.  The reaction towards losses is more dramatic.  As the 

red curve shows, the first loss is the deepest cut in the utility; 

the very fact that the investor loses hurts him so much that the 

size of the loss is a secondary consideration.  Comparing the 

disutility from the first loss with the utility from the first gain, 

the typical finding is a “loss aversion” of 2, which means that a 

loss of, say, $1000 needs to be compensated by a gain of $2000 

so that the investor is just fine with the investment.  Similar 

to the decreasing marginal utility from gains is the investor’s 

decreasing marginal suffering from losses.  Equally sized losses 

decrease the utility at a decreasing rate.  Eventually, however, 

the investor has lost so much that he goes beyond the point 

of frustration.  His utility decreases steeply when he crosses 

this point.4 

The second ingredient of prospect theory is the investor’s 

expectations, which depend on the recent history of returns 

of the asset.  Figure 3 illustrates the typical expectations as 

a function of cumulative gains.  After an asset has gained or 

lost, investors believe that this performance will continue for a 

while.  This adaptive belief can be explained by the represen-

tativeness bias, which is also called the “law of small numbers.”  

It asserts that investors believe in a trend even though statis-

tically the observed returns could still be pure randomness.  

However, after a very long period of cumulative gains or 

losses, investors believe that it is time for a reversal.  The latter 

effect is called the “gambler’s fallacy,” since it is also observed 

when gamblers play the roulette wheel.  After a long sequence 

of one colour (red or black), the gamblers in the casino believe 

that it is then more likely that the other colour will occur.

With these two ingredients, the prospect theory utility func-

tion and the typical belief formation behaviour, we can now 

explain the behaviour from the roller coaster by prospect 

theory.  Before we do so, we should, however, highlight that 

prospect utility is realised only if the investor is invested in 

the asset, while the changes in the investor’s beliefs depend 

on the asset’s movements regardless of whether he is actu-

ally invested.  After having observed that the price has gone 

up the investor gets optimistic and at some point he buys 

it.  Once the price falls below the price at which the investor 

bought, he experiences a loss, which reduces his willingness 

to hold the asset.  If, however, his expectations are still positive 

he might even increase his position.  When prices decline fur-

ther, the utility from the investment and the optimism on that 

investment decline and the investor sells.  When the negative 

momentum decreases and prices find a bottom, the expecta-

tions turn neutral and might slightly increase again, so that 

once the experience of the loss has been digested, the inves-

tor buys again.

4  This addition to the prospect theory utility function was first suggested by Bosch-Domènech et al.  (2010).  

Global Financial Institute

Figure 2: The utility function of prospect theory.

Figure 3: Typical asset price expectations as a func-

tion of cumulative gains/losses of the asset.
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Thus the buying and selling decision of a behavioural inves-

tor is a complicated interaction of the experienced gains and 

losses, and the expected future development of the prices.  

Referring to the scientific literature, there is no academic study 

that models this view, which commonly holds in practice.  The 

closest studies that relate to this view are the paper of Barberis 

and Xiong (2012), which describes the behaviour of an inves-

tor who maximises his realised utility, and that of Hommes et 

al. (2005), which extracts the typical belief formation of inves-

tors by a series of laboratory experiments.

Since the full-fledged prospect theory with the highly non-

linear utility leads to a quite realistic but also very complex 

behaviour, in many studies it is simplified by assuming the 

utility function is piecewise linear as the blue line in Figure 

2 depicts it.  That is, it has a constant rate of marginal utility 

in the area of gains and also in the losses, where the latter 

typically is set twice as high as the former.  Moreover, one can 

simplify the beliefs model by assuming that the asset price 

movements are not extreme, so that a reversal of beliefs does 

not occur.  Again a blue line, this time in Figure 3, depicts this 

simplification.  The data we use in our study will not be suf-

ficient to explore the full-fledged version of prospect theory, 

even though we are convinced that the behaviour that has 

generated the data resulted from it.  Our findings are there-

fore based on the simple linear versions of the utility and the 

belief functions.  Indeed, since we study data at the country 

level, there are good reasons to believe that the average pros-

pect theory utility function is not as complex as the non-linear 

function.  In a sense, the highly non-linear shape gets “aver-

aged out on the country level” when aggregating the indi-

vidual utility functions to a representative utility function, as 

Caliskan and Hens (2013b) have shown.

In general, more patient investors and more loss-tolerant 

investors react less to the ups and downs of the markets.  They 

are less likely to exhibit rapid changes in beliefs and in util-

ity.  If the investor is more patient, then his return expectations 

may depend on a longer history of price observations so that 

recent fluctuations do not change his beliefs as much as if he 

were myopically only taking the recent history into consider-

ation.  And a more loss-tolerant investor can swallow more 

losses before he shies out of the investment.

Literature on Mutual Fund Flows

While the previous section analyzed the buying and selling 

decision of individual self-directed investors, investing in 

mutual funds also has to do with delegation and trust.  So it 

is interesting to check whether our main hypothesis based on 

loss aversion and patience carries over to this more compli-

cated setting.  Unfortunately, while mutual fund flows have 

been researched many times before, there is no study relating 

loss aversion and patience to mutual fund flows.

Flows between individual funds are studied in the classical 

papers of Ippolito (1992), Sirri and Tufano (1993), and Hen-

driks, Patel, and Zeckhauser (1990).  The main finding of this 

literature is that investors switch to last-period winners.  This 

behaviour is modeled by Huang, Wei, and Yan (2007).  A typi-

cal explanation of such behaviour is search costs, as Sirri and 

Tufano (1998) show.  Frazzini and Lamont (2008) offer an 

explanation based on behavioural biases, concluding that 

mutual fund investors are “dumb money”.

Concerning aggregate fund flows, Warther (1995) provides the 

classical results.  He finds that fund flows react to contempo-

rary market returns more than the previous period’s market 

returns.  Moreover, he finds that markets react to the previous 

period’s fund flows and that there is no connection to senti-

ment indices.  Using daily data instead of monthly data, Edelen 

and Warner (2001) have later also found a co-movement 

between contemporary returns and fund flows.  In a more 

recent study based on monthly data, Meyer et al. (2006) find 

that there is inertia in fund flows.  That is to say the probability 

that funds continue to flow in the same direction is higher than 

the probability of a reversal in the opposite direction.  More-

over, Meyer et al. (2006) find that returns react to flows and 

flows to returns, indicating a common driver which they call 

“liquidity,” but which they cannot measure.  Last but not least, 

Jaiprakash and Kumar (2009) find that the flow-return relation-

ship cannot be explained by macroeconomic variables.

The most recent study of mutual fund flows was performed by 

Dalbar (2011).  Looking at the pattern of inflow and outflow of 

money in U.S. mutual funds, we see in Figure 4 from the Dal-

bar (2011) study that mutual fund flows follow market returns.  

After the market gains, investors buy, and when the market

Global Financial Institute
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loses, they sell.

Moreover, Figure 5, taken from Dalbar (2011), compares the 

annual returns of two types of investors.  One is a passive 

investor in the S&P 500 and the other is an observed average 

equity fund investor.

Observing inflow and outflows of equity funds in the U.S., Dal-

bar (2011) shows that the trading in and out of mutual funds 

causes investors to waste a lot of money.  That is, the realised 

returns of the average equity fund investor are consistently 

much lower than the returns of the standard benchmark port-

folio of equity, the S&P 500.

To conclude, the academic literature on whether mutual funds 

can generate alpha is mixed.  However, empirical studies like 

that of Dalbar (2011) show that since most investors do not 

stay committed to their investment in mutual funds, they 

underperform their mutual funds by 4.3% p.a.  This behav-

ioural underperformance of mutual fund investors is much 

more important than the hotly debated alpha of mutual 

funds.  The underperformance stems from the trading in and 

out of the mutual funds, i.e., from the mutual fund flows.  Our 

paper supports the common finding that mutual fund flows 

are mainly driven by mutual fund returns, that is, that inves-

tors chase last period returns.  In combining an international 

study on time and risk preferences with mutual fund data 

from Morningstar, we deepen the understanding of this phe-

nomenon by demonstrating that two behavioural factors, loss 

aversion and impatience, explain the international differences 

in fund flows.   In countries with a high degree of loss aver-

sion investors engage more in return chasing and in impatient 

countries mutual fund flows are more volatile. 

Global Financial Institute

Figure 4: U.S. mutual fund flows and market returns, Dalbar (2011).

Figure 5: Annual returns of an average investor in U.S. mutual funds after taking in to account sell in 

and out decisions compared to returns of the U.S. benchmark portfolio, the S&P 500.
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Time and Risk Preferences Data

The data on time preferences and risk attitudes we use is from 

the International test of risk attitudes (INTRA) conducted by 

the University of Zurich.  The survey was carried out among 

economics students in 53 countries.5  More than 6,000 univer-

sity students participated in the survey.  The study provides 

data on time preferences, loss aversion, and uncertainty 

aversion.

In all INTRA countries, each participant was asked to fill in a 

questionnaire that included several questions on decision 

making, cultural attitudes, and some information about his or 

her personal background (Wang et al., 2009).  The questions 

were made comparable by translating them to the local lan-

guage and also by adjusting the numbers involved to the local 

currency and income levels.  The questions were asked only 

once in each country and no monetary incentives were given.  

However, in Switzerland, Wang and Rieger repeated the ques-

tions over many years and paid the participants according to 

their choices.  They did not find significant differences over 

time and also not between the paid and the unpaid surveys.

To measure the degree of patience, we asked the following 

question:

Which offer would you prefer?

 A .a payment of $3,000 now

 B. a payment of $3,300 one month from   

  now

To measure the degree of loss aversion, we asked the follow-

ing question:

 You have a 50% chance to lose $100 or gain $X.

 X should be at least ____ to make the lottery   

 acceptable.

The following charts compare – across the INTRA countries 

– the degree of patience (measured as the percentage of 

respondents willing to wait) and the degree of loss aversion 

(measured by the ratio of the required gain X relative to the 

loss of 100).

5 The countries included in INTRA are Angola, Argentina, Australia, Austria, Azerbaijan, Bosnia and Herzegovina, Canada, Chile, China, 
Colombia, Croatia, Czech Republic, Denmark, Estonia, Finland, France, Georgia, Germany, Greece, Hong Kong, Hungary, India, Ireland, 
Israel, Italy, Japan, Lebanon, Lithuania, Luxembourg, Malaysia, Mexico, Moldova, Netherlands, New Zealand, Nigeria, Norway, Poland, 
Portugal, Romania, Russia, Slovenia, South Korea, Spain, Sweden, Switzerland, Taiwan, Tanzania, Thailand, Turkey, United Kingdom, the 
United States, and Vietnam.

Global Financial Institute

Figure 6: Patience across the INTRA countries measured as the percentage of respondents willing to 

wait for one month to realize a higher financial outcome.



11 Behavioural Finance and Mutual Fund Flows

We see from Figure 6 that Russia, Chile, and more Southern 

countries are the least patient while countries in Northern 

Europe and those close to Germany are the most patient 

according to this measure.

We see from Figure 7 that the Anglo-Saxon countries are the 

least loss-averse while some Eastern European and Asian 

countries are quite loss-averse.  The following table gives the 

numbers that underlie Figures 6 and 7.  It shows that patience 

and loss aversion are two different behavioural aspects of 

investors.  Focusing on the country sample of our analysis, the 

correlation between loss aversion and patience is not statisti-

cally significant and is found to be around 20%.  This shows 

that the association between the two variables is not strong; 

hence they cannot be concluded to be interrelated.

Global Financial Institute

Table B: Patience and average loss aversion values for all countries.

Table B: Patience and average loss aversion values for all countries. 

     Loss        Loss 
Country Patience    Aversion  Country Patience Aversion 

Australia 0.51    1.51  Luxembourg    0.55 1.64
Austria 0.78    2.14  Malaysia    0.61 1.61
Belgium 0.87    1.82  Mexico    0.58 1.97
Canada 0.79    4.33  Netherlands    0.85 1.76
Chile 0.37    2.98  New Zealand    0.46 1.53
Denmark 0.84    2.60  Norway    0.85 2.24
Finland 0.86    2.56  Poland    0.78 5.08
France 0.65    2.14  Portugal    0.60 1.81
Germany 0.89    3.11  Russia    0.33 2.70
Greece 0.47    2.18  South Korea    0.72 3.81
Hong Kong 0.79    4.44  Spain    0.46 2.57
Hungary 0.77    2.94  Sweden    0.90 1.80
India 0.59    2.55  Switzerland    0.86 2.93
Ireland 0.68    2.19  Taiwan    0.69 2.88
Israel 0.78    3.31  Thailand    0.58 4.34
Italy 0.44    2.18  United 
    Kingdom    0.71 3.18
Japan 0.74    2.17  USA    0.66 2.12

Figure 7: Degree of loss aversion measured by the ratio of the least gain X needed to compensate for a 

$100 loss.
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Mutual Fund Data 

In this study, we employ the mutual fund data that is provided 

by Morningstar.  The data consists of fund flows, total net 

asset values, and returns of individual mutual funds and funds 

of funds that are classified as equity funds globally over the 

period from the beginning of 1991 to the end of 2011.  Each 

fund has domicile and region of sale information that helps us 

to classify the funds into different countries.

Morningstar groups the funds as equity funds according to 

the portion that they allocate to stocks.  A fund classified as an 

equity fund must have at least 75% allocated to stocks.  Addi-

tionally, in the case of funds of funds, Morningstar aggregates 

the data such that the funds in which they are invested have 

at least 75% allocated to stocks in the Morningstar database.  

Around 98% of fund companies send their data to Morning-

star regularly.  This gives us good coverage for many countries’ 

equity funds.  For quite some countries, we have time series 

data of flows, returns, and total values of funds, as well as data 

on such features as equity returns and time and risk prefer-

ences.  Unfortunately, we do not have sufficiently long time 

series data of funds for some countries, and we do not have 

time and risk preferences data for some of the countries for 

which we have time series data of funds.  Hence, we could only 

perform the analysis on a smaller sample that is provided by 

the intersection Morningstar and INTRA.

The data time period is 1991 January to 2011 December with 

monthly frequency at varying periods of time for every coun-

try depending on the data available from Morningstar and 

fund industry development levels.

The first issue to consider is grouping the funds for every 

country.  There could be three criteria for this classification: the 

domicile, which is a specific country for every fund; the region 

of sale, which can be one or more countries; and the invest-

ment region for the fund.  The first two characteristics of the 

funds are provided by Morningstar.  However, we could not 

obtain investment allocation data for individual funds.  Hence 

we performed the classification in two ways: according to the 

domicile and according to the region of sale when it contains 

only a single country.  When we classified according to region 

of sale we did not consider funds with multiple countries in 

their region of sale since we want to relate the fund flows to 

the behavioural characteristics of the countries.  This classifica-

tion enabled us to form the aggregate equity fund behaviour 

for each country as a time series.  Surprisingly, these two clas-

sifications yield strongly correlated results.

The monthly inflows and outflows to funds in Morningstar are 

calculated as the change in the total net assets of the fund that 

cannot be explained by the returns of the fund.

CF(t) = TNA(t) – TNA(t-1) (1+r(t)) ,

where CF(t) denotes the cash inflow and outflow at time t, 

TNA(t) shows the total net asset value of the fund at time t and 

(1+r(t)) represents the gross return of the fund at time t.  This 

leads the fund flow data to be 

FF(t) = (TNA(t) /TNA(t-1)) – (1+r(t)).

In this study, the fund flows are referred to as the normalised 

value of fund flow with the total net asset values at the aggre-

gate level for every country.  The aggregation is done by taking 

the ratio of the sum of the flows and the sum of the total net 

asset values from the previous month for all funds within each 

country, according to domicile and region of sale separately.  

Furthermore, fund returns for every country are calculated as 

equally weighted portfolio returns for each country according 

to the same country classifications.

The existing literature on mutual funds mostly employs Invest-

ment Company Institute (ICI) data with a focus on U.S.  mutual 

funds (Warther 1995, Jank 2011).  There are a few other sources 

for U.S mutual fund data: Wiesenberger’s Investment Com-

panies (Jensen 1968); Flow of Funds Accounts of the United 

States (Jaiprakash and Kumar 2009), which has the advantage 

of having longer time series data; and Thomson Financials 

(Cremers and Petajisto 2009).  However, none of these data 

providers presents worldwide mutual fund data.

On the other hand, a comparable data set is provided by EPFR 

(Dalbar 2011).  The data is different in that the funds are clas-

sified into geographical asset classes irrespective of domicile.  

That is, the funds are classified into countries according to 

the third criterion: investment region.  A fund that is heav-

ily invested in one region is classified as that region’s fund.  

Although the authors believe that this data is more represen-

tative for countries worldwide, we think that results will not be 

strongly affected, as the studies show home bias is strong and 

strongly observed at the mutual fund level (Chan, Covrig, and 

Ng 2005).  This means that the domicile of the country or the 

region of sale (mutual fund client locations) is likely to affect 

the investment region of the funds.

Global Financial Institute
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Stock Market Data and Exchange Rate Data

We gathered stock market data from Thomson Reuters 

DataStream.  The stock market universe consists of all stocks’ 

common equity security type, traded in the country’s stock 

market(s), specified by country stock market exchange codes.  

To avoid the survivorship bias, we gathered all types of secu-

rity status except private companies (active, inactive, delisted, 

etc.) over the time period December 1979 to December 2011.  

To avoid double-listings, we included securities only primarily 

traded in the home country, so there is no overlap of securities 

across countries.  The return series’ time periods are adjusted 

according to the availability of fund flow data.  Stock market 

returns are calculated as the value-weighted market index 

return using all the stocks in each time period for every coun-

try’s stock markets.  This could be considered as the returns of 

the broad market index for every country excluding the sec-

ondary listings.  In most countries, stock markets do not neces-

sarily have broad market indices largely covering the country’s 

stock market, but instead have indices covering the best 30 or 

100 stocks.  Compared to the literature, we believe consider-

ing the large portion of the stock market to form stock market 

returns is more representative than considering the returns of 

a market index that is available.  Exchange rate data is acquired 

from the Global Financial Data database.

Methodology

In this study, we want to test the hypothesis that differences 

in time and risk preferences can explain the cross-sectional 

differences in equity fund flows.  For this, we formed country 

fund flow time series data for all the countries in the database 

and among them we focused on the countries for which we 

have time and risk preferences data.  

According to the literature, the home bias is a strong empirical 

finding on both the side of the investors (Bekaert and Harvey 

1995; French and Poterba 1991; Li, Sarkar and Wang 2003; 

Bekaert and Wang 2009) and on the side of the mutual funds 

(Chan, Covrig and Ng 2005).  This allows us to assume that a 

country’s fund flows’ classification according to domicile or 

region of sales will be a representative classification for every 

country’s fund data.

To test the common finding from the literature, we performed 

regressions for the fund flow return relationship for every 

country separately.  For this we also checked the lagged rela-

tionships for the returns and fund flows.  Further we employed 

Fama-MacBeth regressions to do the cross-country analysis 

with panel data testing the effects of behavioural variables for 

countries.  

To test the effects of patience and loss aversion, we performed 

the regressions on the fund flows as well as on the squared 

fund flows, capturing the volatility of the flows.  The latter 

allows us to test how abruptly flows move independent of the 

direction of the flow.  

We expect that loss aversion affects the relation between fund 

flows and market returns.  In other words, in more loss-averse 

countries, investors trade in and out more as a reaction to mar-

ket returns .

Furthermore, we expect larger inflows and outflows in impa-

tient and loss-averse countries.  Doing the cross-country anal-

ysis on the squared value of the flows helps us to see more 

clearly the effects of impulsive buying and selling decisions 

caused by behavioural factors.

As the returns and flows mostly have strong autocorrelation, 

we use heteroscedasticity adjusted Newey-West standard 

errors for t-statistics in the regressions.

Global Financial Institute
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A common finding in fund flow studies is that investors react 

to financial returns with positive association.  Positive returns 

are more likely to be accompanied by inflows whereas nega-

tive returns are more likely to be accompanied by outflows 

(Wachter 1995).  On top of this common finding, in this study, 

we show that there are cross-sectional differences in fund 

flows across countries and that those differences that are con-

sidered to be mainly explained by the financial returns of the 

market can be further explained by behavioural variables.

First, we analyze the relation between mutual fund flows and 

market returns in the region of sale of the funds.  This relation 

can then be compared across several countries.  In the latter 

analysis, the importance of behavioural factors such as loss 

aversion and patience becomes evident.  Analysis within a 

country is done on two time scales.  First, we look at the long-

term evolution of money invested in mutual funds compared 

to the market index in that country.  Then we analyze monthly 

inflows and outflows in the mutual funds of a country as a 

function of its market returns.  The first perspective is the one 

usually taken by economic historians, while the second per-

spective is the more standard one in finance.

Money Invested in Mutual Funds and Cumulative Market 

Returns

In the introduction, we discussed the study of Khonar, Ser-

vais, and Tufano (2005), which showed that the mutual fund 

industry was of particular importance in 2002.  While Khonar, 

Servais, and Tufano (2005) point out the importance of legal 

factors, we relate changes in the money invested in the mutual 

funds industry to cumulative market returns.  Our emphasis on 

market returns is justified because legal factors do not change 

as dynamically as the size of the mutual funds industry.  A fac-

tor like market returns is therefore a more likely driver of the 

dynamics of the mutual funds industry.  Our data spans 1991 

to 2011.  During this period, most of the countries we ana-

lyzed experienced a long bull market from 1995 to 2000 (the 

“dot-com bubble”) followed by a long bear market from 2000 

to 2003 (the “dot-com crash”), a recovery from 2003 to 2007, a 

sharp and deep crash from 2007 to 2008 (the financial crisis), 

and then a partial recovery from 2009 to 2011.  Interestingly, 

while some countries did not experience the dot-com bubble 

and crash, all countries were affected by the financial crisis.

For this analysis, we present mutual fund flows aggregated by 

region of sale and stock market returns.  We can classify the 

relation between money invested in equity funds and cumu-

lative market returns in four broad clusters.  Most countries 

show a “saturation pattern”: As the volatility of the stock mar-

ket increased following the dot-com crash and financial crisis, 

investment in mutual funds slowed.  This saturation pattern 

was found for Australia, Belgium, Canada, Chile, Denmark, 

France, Greece, and Switzerland.  Figure 8 shows this pattern 

for the U.S., Switzerland, Australia, and France.  

Global Financial Institute

Figure 8:  The saturation pattern in the U.S., Switzerland, Australia, 

and France.



Luxembourg’s favorable banking and tax laws have contrib-

uted to Luxembourg’s transformation into a major center for 

offshore mutual funds.  Ireland’s successful development, on 

the other hand, has been mainly the result of the establish-

ment of the International Financial Services Center (IFSC) in 

Dublin.  The center provided significant tax incentives to fund 

operators.  Further, the improved regulations for allowing 

funds to be sold throughout Europe have led Luxembourg and 

Ireland’s fund industries to expand tremendously.  The steady 

growth of the other countries (Finland, Norway, Mexico, and 

the U.K.) can be attributed to other general country-specific 

developments.  
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The second pattern that can be found in the mutual fund data 

is the “frustration pattern”: After the first major crisis, money 

steadily flows out of mutual funds.  This pattern can be found 

in Germany, Austria, the Netherlands, Italy, and Portugal as 

illustrated in Figure 9.  Other examples of such patterns are 

Spain, Portugal, Russia, Taiwan, and Thailand.

Some countries, despite experiencing stock market plunges, 

show steady growth in the mutual funds industry, such as 

Chile, Finland, Ireland, Luxembourg, Mexico, Norway, and 

the U.K.  Among these countries, Luxembourg and Ireland’s 

enormous development of the fund industry is mainly caused 

by legal reasons, as reported by Khorana et al. (2005).  This is 

also the reason for the very large size of the industry in both 

countries.

Global Financial Institute

Figure 9: The frustration pattern in Germany, the Netherlands, Italy, Austria, and Portugal.
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Last, in some countries, fund flows follow no clear pattern, 

with no clear relation to market returns.  New Zealand, for 

example, showed a strong growth in the mutual funds indus-

try, which then cooled down as the market heated up.  In 

Sweden, money flowed rapidly into mutual funds in 2004 and 

then stabilised at a high level even though markets were quite 

volatile.  And in South Korea there was huge growth before the 

financial crisis, but mutual funds collapsed only once markets 

had already recovered from the crash.

In summary, in many countries the mutual fund industry has 

still not fully recovered from the most recent downturn.  In 

general, investors withdrew money during recessionary peri-

ods when the stock market performed poorly, such as 2000 

to 2003 and 2007 to 2008.  However, some countries have 

bucked this trend; Ireland and Luxembourg continue to expe-

rience strong growth for legal reasons, while countries like 

New Zealand and Chile display patterns that have yet to be 

fully explained.
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Figure 10: Steady growth in mutual funds in the U.K., Luxembourg, Norway, Finland, Ireland, and Mexico.
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Country-by-Country Regressions

The plots in figure 11 show the relation between monthly 

equity fund flows of time t, which are classified according to 

region of sale, and monthly market returns of time t for Ger-

many, the U.S., Switzerland, and Austria.  Visual inspection sug-

gests that there is a positive association between aggregate 

equity fund flows and market returns.  This observation carries 

through most countries.  

To test whether the relation of flows to market returns is statis-

tically significant, we performed time series regressions coun-

try by country and the results are reported in Table C.  

Table C presents the country-by country regression results 

with dependent variable as monthly equity fund flows 

regressed on flows of previous month, market returns of the 

current month, and the market returns of the previous month.  

The results depicted are expressed in local currencies.  Further 

robustness checks, including the regressions performed in 

dollar returns, can be found in Caliskan and Hens (2013a).

In only about 60% of the countries do we observe a lag depen-

dence on the previous period flows.  This shows that in some 

countries, inflows (outflows) are consistently followed by 

inflows (outflows), whereas in other countries this is not nec-

essarily the case.  The positive association of market return 

and flows is observed in most countries.  However, we observe 

quite some heterogeneity in the strength of the relationship 

between monthly market returns and the flows.  For example, 

the flows in Australia, Austria, and France exhibit stronger 

association with the previous month’s market returns, whereas 

Canada, the U.S., and Greece demonstrate stronger associa-

tion with the current market returns.  Moreover, some coun-

tries’ flows do not exhibit any significant association with mar-

ket returns and a few show a negative association with market 

returns without a clear reason.  Thus there are differences in 

aggregate equity fund flows across countries that go beyond 

the simple association with market returns.

The right section of Table C reports the correlations between 

the market returns and the aggregate equity fund return 
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Figure 11: Mutual fund flows in New Zealand, South Korea, and Sweden show no clear pattern, with no 

obvious relation to market returns.
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classified according to domicile and region of sales.  It illus-

trates that the heterogeneity in regressions across countries 

is not driven by a flawed selection of the benchmark equity 

returns.  And since fund returns are highly correlated with 

market returns, the results should not change substantially.  To 

see the difference, we performed the same regressions by con-

sidering fund returns, as well, but these are not reported here 

for the sake brevity.6  The latter findings support the hypoth-

esis of Sirri and Tufano (1998) that mutual fund investors chase 

returns.

Furthermore, consistent with Meyer, Anamootoo, and Schmitz 

(2006), we observe from Table C that there is quite a bit of iner-

tia in fund flows – at varying degree across countries.  Whether 

or not mutual fund investors are dumb, as Frazzini and Lamont 

(2008) claim, can be seen from the guess-right ratio, as Dal-

bar (2011) calls it.  That is, the percentage of cases in which 

mutual fund inflows in one period are followed by an increase 

in mutual fund returns in the following period.

6 For further details, see Caliskan and Hens (2013a) in the reference list.  
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Figure 12: Aggregate equity fund flows as percentage of the total value of the funds in comparison with 

stock market returns for Germany, U.S., Switzerland, and Austria. 
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Table C: Equity Funds classified by region of sale country.

 
   Flows on market returns     Correlations between aggregate fund returns and market  
        returns

           Market  
         Market. Returns vs. .
         Returns vs Fund    
         Fund Returns Fund Returns
      Explanatory   Returns (Region) Domicile vs
Country  Intercept F(t-1) R(t) R(t-1) Power   (Domicile) of Sales Region of  Sales

Australia Coef 0.00 0.30 0.01 0.03 RSqr 0.11 Corr 0.92 0.92 1.00
 t-stat 4.60 3.21 0.76 1.89 Adj. R-Sqr 0.10 p-val 0.00 0.00 0.00
              
Austria Coef 0.01 0.05 0.02 0.09 R-Sqr 0.03 Corr 0.68 0.67 0.99
 t-stat 2.84 0.73 0.57 1.99 Adj. R-Sqr 0.01 p-val 0.00 0.00 0.00
              
Belgium Coef 0.00 0.16 0.25 -0.03 R-Sqr 0.16 Corr 0.87 0.86 0.99
 t-stat -0.62 1.52 3.11 -0.51 Adj. R-Sqr 0.14 p-val 0.00 0.00 0.00
              
Canada Coef 0.00 0.75 0.05 -0.01 R-Sqr 0.58 Corr 0.91 0.90 1.00
 t-stat 2.55 15.10 3.66 -1.03 Adj. R-Sqr 0.58 p-val 0.00 0.00 0.00
              
Chile Coef 0.00 0.47 0.31 0.13 R-Sqr 0.50 Corr 0.67 0.66 0.99
 t-stat 0.55 7.01 3.79 2.73 Adj. R-Sqr 0.49 p-val 0.00 0.00 0.00
              
Denmark Coef 0.00 0.55 0.07 0.02 R-Sqr 0.44 Corr 0.81 0.82 1.00
 t-stat 1.16 8.20 6.37 1.38 Adj. R-Sqr 0.43 p-val 0.00 0.00 0.00
              
USA Coef 0.00 0.81 0.04 -0.01 R-Sqr 0.72 Corr 0.98 0.98 1.00
 t-stat 3.52 23.18 6.31 -1.86 Adj. R-Sqr 0.72 p-val 0.00 0.00 0.00
              
France Coef 0.00 -0.14 0.02 0.05 R-Sqr 0.04 Corr 0.93 0.93 1.00
 t-stat 2.33 -1.24 1.02 2.03 Adj. R-Sqr 0.03 p-val 0.00 0.00 0.00
              
Germany Coef 0.00 0.14 0.04 -0.01 R-Sqr 0.08 Corr 0.92 0.90 0.99
 t-stat -0.77 1.32 2.87 -0.57 Adj. R-Sqr 0.06 p-val 0.00 0.00 0.00
              
Greece Coef 0.00 0.47 0.09 0.00 R-Sqr 0.26 Corr 0.81 0.83 0.98
 t-stat -0.46 4.32 2.17 -0.13 Adj. R-Sqr 0.25 p-val 0.00 0.00 0.00
              
Israel Coef 0.00 -0.34 0.44 0.26 R-Sqr 0.27 Corr 0.91 0.89 0.99
 t-stat -0.35 -4.71 4.90 3.23 Adj. R-Sqr 0.26 p-val 0.00 0.00 0.00
              
Italy Coef 0.00 0.57 0.02 0.05 R-Sqr 0.39 Corr 0.83 0.82 1.00
 t-stat 0.47 7.43 1.20 3.23 Adj. R-Sqr 0.38 p-val 0.00 0.00 0.00
              
Luxembourg Coef 0.00 0.35 -0.03 0.18 R-Sqr 0.20 Corr 0.67 0.68 0.95
 t-stat 0.06 2.58 -0.24 2.11 Adj. R-Sqr 0.12 p-val 0.00 0.00 0.00
              
Mexico Coef 0.01 0.25 0.08 0.00 R-Sqr 0.07 Corr 0.91 0.90 1.00
 t-stat 1.95 2.06 1.01 -0.01 Adj. R-Sqr 0.05 p-val 0.00 0.00 0.00
              
New Zealand Coef 0.00 0.37 0.03 0.01 R-Sqr 0.14 Corr 0.73 0.73 1.00
 t-stat 2.60 4.58 1.57 0.41 Adj. R-Sqr 0.13 p-val 0.00 0.00 0.00
              
Norway Coef 0.00 0.14 0.07 0.02 R-Sqr 0.09 Corr 0.93 0.93 0.99
 t-stat 3.24 1.97 3.83 0.83 Adj. R-Sqr 0.07 p-val 0.00 0.00 0.00
              
Poland Coef 0.01 0.61 0.21 -0.04 R-Sqr 0.48 Corr 0.93 0.92 0.99
 t-stat 2.27 8.20 2.95 -0.83 Adj. R-Sqr 0.47 p-val 0.00 0.00 0.00
              
Portugal Coef 0.00 0.41 0.09 -0.02 R-Sqr 0.20 Corr 0.90 0.89 1.00
 t-stat -1.64 5.29 1.89 -0.34 Adj. R-Sqr 0.18 p-val 0.00 0.00 0.00
              
Japan Coef 0.00 0.63 -0.08 0.06 R-Sqr 0.41 Corr 0.98 0.96 1.00
 t-stat 0.56 10.98 -4.67 2.74 Adj. R-Sqr 0.41 p-val 0.00 0.00 0.00
              



Table C: On the left section, country by country regression results are reported in which the dependent variable is flows as percenta-
ge of the total value of the funds.  Beta coefficients of the intercept, the previous period’s fund flows, and the current and previous 
period’s market returns with their t-statistics are reported.  t-statistics values exceeding -/+1.96 show 5% statistical significance 
(p<0.05).  Moreover the explanatory powers of the regressions’ R-squared and Adjusted R-squared values are shown.  The right section 
presents correlations between stock market returns, returns of the funds classified according to domicile, and returns of the funds 
classified according to region of sale with their significance levels. 

20 Behavioural Finance and Mutual Fund Flows

Table D shows that, by and large, investors get it right most of 

the time.  The reason is most likely that investors chase past 

months’ returns; since returns have a positive autocorrelation 

from one month to the other, this is a reasonably good predic-

tion of future returns in many countries.’

Regression across Countries

The main finding in previous fund flow studies is that investors 

react to financial returns with a positive association.  Positive 

returns are more likely to be accompanied by inflows, while 

negative returns are more likely to be accompanied by out-

flows (see, for example, Wachter 1995).

In this study, we also find this positive association, but in addi-

tion we examine international differences in the strength of 

the relationship between fund flows and fund returns.  We find 

that there are systematic differences in this relationship across 

countries.
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Russia Coef -0.01 -0.17 0.01 0.01 R-Sqr 0.03 Corr 0.89 0.91 1.00
 t-stat -4.43 -3.82 0.53 0.82 Adj. R-Sqr 0.01 p-val 0.00 0.00 0.00
              
South Korea Coef 0.00 0.58 -0.01 0.02 R-Sqr 0.34 Corr 0.92 0.92 1.00
 t-stat 1.21 5.06 -0.33 0.45 Adj. R-Sqr 0.32 p-val 0.00 0.00 0.00
              
Spain Coef 0.00 0.55 0.13 0.05 R-Sqr 0.39 Corr 0.93 0.93 1.00
 t-stat 0.92 9.02 3.48 2.17 Adj. R-Sqr 0.39 p-val 0.00 0.00 0.00
              
Sweden Coef 0.00 0.11 0.03 0.02 R-Sqr 0.10 Corr 0.94 0.95 0.99
 t-stat -0.96 0.71 1.80 1.26 Adj. R-Sqr 0.06 p-val 0.00 0.00 0.00
              
Switzerland Coef 0.01 0.44 0.01 0.00 R-Sqr 0.19 Corr 0.86 0.88 0.98
 t-stat 5.91 6.41 0.21 -0.08 Adj. R-Sqr 0.18 p-val 0.00 0.00 0.00
              
UK Coef 0.00 -0.22 -0.05 0.03 R-Sqr 0.08 Corr 0.89 0.92 0.99
 t-stat 3.62 -3.24 -2.09 1.35 Adj. R-Sqr 0.07 p-val 0.00 0.00 0.00
              
Taiwan Coef 0.00 0.39 0.03 -0.01 R-Sqr 0.17 Corr 0.94 0.94 0.99
 t-stat -4.21 5.14 1.62 -0.52 Adj. R-Sqr 0.15 p-val 0.00 0.00 0.00
              
Thailand Coef 0.00 0.34 -0.03 0.01 R-Sqr 0.12 Corr 0.96 0.96 1.00
 t-stat -0.82 3.36 -1.90 0.73 Adj. R-Sqr 0.11 p-val 0.00 0.00 0.00
              
Ireland Coef -0.01 -0.21 -0.01 -0.02 R-Sqr 0.15 Corr 0.64 0.51 0.93
 t-stat -5.33 -2.46 -1.80 -1.48 Adj. R-Sqr 0.07 p-val 0.00 0.00 0.00
              
Netherlands Coef -0.01 0.55 0.03 0.04 R-Sqr 0.34 Corr 0.94 0.93 0.99
 t-stat -3.56 4.06 1.32 1.18 Adj. R-Sqr 0.33 p-val 0.00 0.00 0.00
              
Finland Coef 0.00 0.64 0.04 0.00 R-Sqr 0.46 Corr 0.83 0.84 0.97
  t-stat 2.01 5.01 1.89 -0.08 Adj. R-Sqr 0.45 p-val 0.00 0.00 0.00

We are now in a position to relate these systematic differences 

in mutual fund flows to behavioural finance, in particular to 

loss aversion and patience, from which we conjectured in the 

introduction that these two important features would add 

explanatory power for differences in mutual fund flows across 

countries.

Particularly, we conjecture that in a country with highly loss-

averse investors, outflows and inflows will be larger than in a 

country with fewer loss-averse investors.  That is, the return 

and flow association will be stronger in countries with a larger 

population of highly loss averse investors.  Moreover, impa-

tience is to be a driving factor of how volatile flows change 

over time across countries caused by impulsive trading behav-

iours.  Both behavioural variables can be nonlinearly affecting 

the flows and hence might not be captured in a standard lin-

ear regression model.



Table D: Average guess-right ratios and monthly autocorrelations in fund returns.
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Running Fama-MacBeth regressions on the plain fund flows 

we see the return and fund flows’ positive association very 

clearly as depicted in Table E.  Regression results confirm the 

main finding of the literature, although adding behavioural 

variables in a linear way results in a rather weak association. 

Comparing with the standard linear panel regression model 

given in Table E, we further test for nonlinear effects of the 

behavioural parameters on fund flows.  We test for two 

hypotheses. The first is that the fund flows to returns relation-

ship is stronger by taking into account the differences in the 

average loss aversion values across countries.  This implies that 

observing a return, a more loss-averse investor will react more 

by selling and buying more.  Hence, we performed the same 

regression given in Table E by adding an interacting term, the 

product of  Return and Loss Aversion.  The results are shown 

in Table F.

Indeed as we conjectured, we achieved a much higher explan-

atory power with the interaction term.  We see that the coef-

ficient is positive, pointing out the relation of returns to flows; 

inflows are associated with gains and outflows are associated 

with losses.  The interaction term then enhances this associa-

tion for highly loss-averse countries, whereas it lessens the 

relation for less loss-averse countries.

An interesting observation is that the return variable has 

become insignificant after adding the interacting behavioural 

term.  This provides evidence that this association is purely 

based on investors’ behaviour, as explained by their utility 

functions.  
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Table D: Average guess-right ratios and monthly autocorrelations in fund returns.

 Average    Average 
 Guess-Right    Guess-Right
Country Ratio Autocorrelation Country Ratios Autocorrelation

Australia 0.601 0.169  Mexico 0.481 0.142
Austria 0.595 0.206  Netherlands 0.522 0.250
Belgium 0.434 0.196  New Zealand 0.488 0.125
Canada 0.517 0.196  Norway 0.501 0.226
Chile 0.535 0.172  Poland 0.563 0.188
Denmark 0.572 0.229  Portugal 0.573 0.247
Finland 0.537 0.264  Russia 0.454 0.352
France 0.568 0.227  South Korea 0.520 0.194
Germany 0.548 0.177  Spain 0.562 0.179
Greece 0.514 0.277  Sweden 0.570 0.210
Ireland 0.574 0.157  Switzerland 0.520 0.181
Israel 0.510 0.198  Taiwan 0.484 0.141
Italy 0.493 0.151  Thailand 0.498 -0.008
Japan 0.504 0.153  UK 0.540 0.116
Luxembourg 0.534 0.151  USA 0.620 0.131

Regression on   Loss 
Flow(t) Intercept   Return(t) Aversion Patience

Coefficients -0.226   0.0999 0.177 0.209
t-statistics -0.605   4.898 1.992 0.365

Table E: Fama-MacBeth regressions on the aggregate equity fund 
flows with heteroscedasticity-adjusted Newey-West standard 
errors for t-statistics.  Flow and returns are both cross-sectional 
time series whereas loss aversion and patience are solely cross-
sectional observations.  t-statistics values exceeding -/+1.96 
show 5% statistical significance (p<0.05).  Moreover, the expla-
natory powers of the regressions’ R-squared and adjusted R-
squared values are found to be R-squared=0.1792 and Adjusted 
R-squared=0.0406.

    Return(t)*
Regression    Loss Loss 
on Flow(t) Intercept Return(t) Aversion Aversion Patience

Coefficients -0.16 0.055 0.150 6.724 0.212
t-stat -0.341 0.771 1.23 2.175 0.384

Table F: Fama-MacBeth regressions on the aggregate equity fund 
flows with heteroscedasticity-adjusted Newey-West standard 
errors for t-statistics.  Flow and returns are both cross-sectional 
time series whereas loss aversion and patience are solely cross-
sectional observations.  t-statistics values exceeding -/+1.96 
show 5% statistical significance (p<0.05).  Moreover, the expla-
natory powers of the regressions’ R-squared and adjusted R-
squared values are found to be R-squared=0.2537 and adjusted 
R-squared=0.0761.

Table E: Fama-MacBeth regressions on the 

aggregate equity fund flows with heterosceda-

sticity-adjusted Newey-West standard errors 

for t-statistics.

Table F: Fama-MacBeth regressions on the ag-

gregate equity fund flows with heteroscedasti-

city-adjusted Newey-West standard errors for 

t-statistics. 
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The second hypothesis is that patience as a behavioural vari-

able is a measure of how impulsive investors are trading.  This 

translates into the fact that patient countries execute fewer 

trades in and out in short-term periods.7 Thus we performed 

regressions on squared flows as a proxy of how volatile the 

flows are across countries by considering the squared return, 

including the loss aversion term as well.  Table G presents 

the results and shows that patience has a significantly nega-

tive coefficient.  This implies that in patient countries where 

a larger population is willing to wait to realise a financial out-

come, flows exhibit significantly less volatility.  The results sup-

port the hypothesis that impatience induces impulsive trading 

and hence higher volatility in flows.  The interaction term of 

return volatility and loss aversion has a significantly positive 

coefficient – modeling the excess volatility in flows caused by 

returns volatility and loss aversion.  Returns volatility without 

the interaction to loss aversion is not statistically significant. 

Finally, to check if the financial crisis affected any of our find-

ings, we performed Fama-MacBeth regressions on the flows 

only using the data sample before the crisis.8 The results are 

depicted in Table H.  The results do not change substantially.  

However, we observe a higher coefficient in the return-loss 

aversion variable and an increased explanatory power com-

pared to the results of the whole sample.  Performing the same 

regression for the time after the crisis period does not give any 

significant coefficient estimates for any of the variables, includ-

ing the returns.9 There could be many reasons for this.  After 

the crisis, increased anxiety in the markets, cash constraints, 

and future economic uncertainty could lead to unsystematic 

inflows or outflows that cannot be fully explained by returns 

and the particular behavioural variables we considered in this 

study.  Statistical insignificance of all coefficients could also 

be related to a very small time series sample for the period 

after the crisis.  Despite this, including the after-crisis period 

does not hurt the main findings as demonstrated in Table F 

and Table G.

7 Short-term period here stands for monthly frequency.
8 Before crisis period is considered broadly as prior to 2007 June and after crisis is considered as after 2007 June. 
9 For the sake of brevity we do not report the regression results of after crisis time period.
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Regression          R(t)²*Loss
on Flow(t)² Intercept   R(t)² log(Patience)    Aversion²

Coefficients 5.326    -0.130 -7.658       0.031
t-statistics 2.791    -1.875 -2.040       2.472

Table G: Fama-MacBeth regressions on the squared aggregate 
equity fund flows with heteroscedasticity-adjusted Newey-West 
standard errors for t-statistics.  Flow and returns are both cross-
sectional time series whereas loss aversion and patience are so-
lely cross-sectional observations.  t-statistics values exceeding 
-/+1.96 show 5% statistical significance (p<0.05).

    Return(t)*
Regressions   Loss Loss
On Flow(t) Intercept Return(t) Aversion Aversion Patience

Coefficients -0.03 -0.085 0.183 8.83 0.093
t-statistics -0.05 -0.99 1.211 2.38 0.134

Table H: Fama-MacBeth regressions on the aggregate equity fund 
flows with heteroscedasticity-adjusted Newey-West standard 
errors for t-statistics.  Flow and returns are both cross-sectional 
time series for the time period before crisis (2007 June) where-
as loss aversion and patience are solely cross-sectional observa-
tions.  t-statistics values exceeding -/+1.97 show 5% statistical 
significance (p<0.05).  Moreover, the explanatory powers of the 
regressions’ R-squared and adjusted R-squared values are found 
to be R-squared=0.2815 and Adjusted R-squared=0.0935.

Table G: Fama-MacBeth regressions on the 

squared aggregate equity fund flows with hete-

roscedasticity-adjusted Newey-West standard 

errors for t-statistics.  

Table H: Fama-MacBeth regressions on the ag-

gregate equity fund flows with heteroscedasti-

city-adjusted Newey-West standard errors for 

t-statistics. 
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The academic literature on aggregate mutual fund flows has 

been limited to U.S.  markets in recent decades, the main find-

ing is from which is the positive association between returns 

and flows independent of the time frequency of the data.  In 

this study we present further results on the relation of flows to 

returns by extending the literature internationally.  

As the graphical illustration shows, the money invested in 

equity mutual funds has shown very diverse developments 

over time.  In many countries the mutual fund industry shows 

a saturation pattern, and in other countries it even declines.  

But despite the financial crisis, a few countries’ fund industries 

continued to grow.  In some countries, such as Ireland and 

Luxembourg, this is mainly a result of favorable legal and tax 

laws.  The growth of the rest is attributable to country-specific 

developments.  We find that the positive association holds in 

most countries, though to differing extents.  

We also show that investors are able to predict the next peri-

od’s mutual fund returns correctly.  Moreover, we show that 

mutual fund returns and local market returns are strongly 

correlated.  

Moreover, we contribute to the literature by explaining this 

apparent interaction using behavioural utility function vari-

ables.  We find that loss aversion and patience have significant 

effects on the flows, explaining the cross-country differences.  

Loss aversion interacting with the returns substitutes the inter-

action between returns and flows and adds more explanatory 

power.  This implies that investors actually evaluate returns 

with their utility functions and execute their trading decisions.  

Hence, the association is stronger when loss aversion is taken 

into account.  According to our results, investors with higher 

loss aversion react more to a given return observation in both 

directions.  Loss aversion’s impact on flows also extends to 

the volatility of the flows.  We find that through interaction to 

return volatility, loss aversion significantly enhances volatility 

of the flows.  

Patience, as a measure of willingness to wait to realise a finan-

cial outcome, is a proxy for how fast investors update their util-

ity function depending on how long the history of the obser-

vations they consider in evaluating their utility function.  This 

is modeling a possible impulsive trading behaviour.  We find 

that patience is an important explanatory variable for differ-

ences in volatility of flows across countries.  

Finally we checked whether the financial crisis period changed 

our findings in any way.  We find that excluding the after-crisis 

time period (after 2007 June) makes our findings stronger, 

with higher coefficient estimates, statistical significance, and 

explanatory power.  This clearly shows that after the financial 

crisis other factors have played important roles in explain-

ing flows.  Increased anxiety due to continuing economic 

uncertainty and possible cash constraints might be affecting 

the flows more during such time periods.  As a result, many 

countries continue to experience a slightly downward trend in 

mutual fund flows despite a recovery in their returns.
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