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Abusing ETFs

Abstract

Do ETFs, one of the most popular investment praduict recent times, benefit individual
investors? Using data from one of the largest érades in Germany, we find that individual
investors do not improve their portfolio performaneven before transactions costs, by using
these passive products. Using counterfactual aisalywe show that this occurs mostly from
buying ETFs at “wrong” points in time rather thahoosing “wrong” ETFs.  Therefore,
adopting a buy-and-hold strategy is more importAan selecting better ETFs for individual

investors.



Abusing ETFs

One of the most successful financial product intiona of the last twenty years is the
Exchange Traded Fund (ETF)The first ETF was launched in Canada in 1990.2062,
there were 4,731 ETFs with $2 trillion in assel® (fame size as the hedge fund asset class),

accounting for 16% of NYSE trading volurfe.

This paper investigates whether these ETFs havefitehindividual investors and, if
not, why not? This is an important question to answer considehow popular ETFs are
even among individual investotsCompanies are actively seeking ways to include<in
401(k) defined-contribution plaris.Even some regulators are promoting ETFs to iddii

investors®

! An ETF is an index-linked security. These arérimsents that aim to replicate the movements dcdrtiqular
market and therefore enable the investor to easilyand sell a broadly diversified portfolio of seties that
mimic that market. Investors can buy and sell Ef&res in public markets anytime during the tradiag

2 «“Exchange-traded funds: Twenty years youriEgbnomistJan 26, 2013.

% In this paper, we look only at passive ETFs, whiitm to mimic an index. Active ETFs, which aim to
outperform an index, are not the subject of thiggpa Amongst passive ETFs, we do not differentiatether
ETFs are synthetic or fully replicating, despitee thact that synthetic ETFs may entail additionalkri
(Ramaswamy 2011). We also look at passive indedgwand find results similar to those for passivé& Tout
do not report these results in this paper becatlis Fot index funds, are the subject of this paper

* Charles Schwab, the biggest U.S. discount brokeraffers more than 175 commission-free ETFs to
individual investors (Schwab ETF OneSource,

http://www.schwab.com/public/schwab/investing/aatsu products/investment/etfs/schwab_etf_onesource).

®“Are ETFs and 401(k) Plans a Bad Fiw¥all Street JournalApril 5, 2012.

® The Securities and Markets Stakeholder Group efEbropean Securities and Markets Authority (ESMA)
states that “ETFs are a low cost and straightfadvavestment proposition for investors and, as s&SMA
should investigate how to make indexed ETFs mofered to individual investors.” (ESMA Report and
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The null hypothesis is that individual investorsédenefited by using passive ETFs.
Classical finance theory supports this hypothesiBhese products are linked to well-
diversified security baskets, and the benefits okmification have been formalized in
seminal papers in finanéeBoldin and Cici (2010) reviewed the entire emyitiliterature on
index-linked securities and discussed their besiefiirench (2008) measured the benefits of
passive investing and concluded, “the typical itbmesvould increase his average annual
return by 67 basis points over the 1980-2006 peiidae switched to a passive market
portfolio.” Benefits of diversification and passivnvesting may be even more pronounced
for individual investors, given that they signifitly under-diversify and over-trade ETFs
have other benefits, too. Their fees are lowerpamed to many other investment products.
Second, ETFs trade in real time. Third, ETFs haxeadvantages (Poterba and Shoven

2002).

The alternate hypothesis is that individual investbave not benefited by using
index-linked securities like ETFs. There is som@ence that investors may not be using
index-linked products wisely. Hortagsu and Syver$®004) found large fee dispersions

although the analyzed index funds were financibtiynogeneous. Similarly, Elton, Gruber

Consultation paper — Guidelines on ETFs and othelCITS issues, 25 July 2012,
http://www.esma.europa.eu/system/files/2012-474 pd32).

" Markowitz (1952) suggested we diversify by buyiogtimal portfolios. Tobin (1958) suggested that we
require only one optimal portfolio provided thatriak-free asset exists. In his capital asset pgiagnodel
(CAPM), Sharpe (1964) concluded that this optinatfplio was the market portfolio.

8 The portfolios of individual investors who parpeie in equity markets typically show sub-optimegjcees of
diversification (e.g., Blume and Friend 1975; Kell995; Goetzmann and Kumar 2008) and concentraton
the home region (“home bias”, e.g., French and MBatel991; Cooper and Kaplanis 1994; Lewis 1999;
Huberman, 2001; Zhu 2002; Ahearne, Griever and \0&r2004; and Calvet, Campbell and Sodini 2007).
They are also shown to trade too much (Odean 1B&@er and Odean 2000).



and Busse (2004) showed that though S&P 500 indedsf have become commodities that
differ from each other principally in price, invest in these funds irrationally prefer more
expensive funds. Choi, Laibson and Madrian (20&6hfirmed this behavior in an
experiment and found that more financially sopbatd investors pay fewer fees. Second, it
is conceivable that although ETFs force the indigldnvestors to buy a basket and therefore
curb their temptation to pick stocks, these sei@sitbecause they are highly correlated with
the index and are easy to trade, may enhancetémptation to time the underlying ind&x.
Third, it seems conceivable that investors may Hdiffeculty choosing ETFs because these
ETFs are now linked to more than 200 different ulyitey indices (cf. Blackrock 2011).
Moreover, many of these indices mimic not just va@ersified market baskets but sectors or
industries. Fourth, issuers of ETFs may be subjetd conflicts of interest resulting in

increased asset volatility and/or a (small) priseaunt (Cheng, Massa and Zhang 2013).

The key contribution of this paper (to our knowledthe first of its kind) is that we
use the individual trading data of a large numbendividual investors to test whether ETFs

have benefited thend.

Who uses ETFs? In terms of demographics, we fiadl tisers of ETFs tend to be
younger and have a shorter relationship with thekdmage. In terms of portfolio
characteristics, users are wealthier in terms i portfolio value and overall wealth. Miiller

and Weber (2010), using a survey methodology, tedaomparable results.

° In Germany, by 2009, the turnover in ETFs (dattrioled from Deutsche Borse 2010) had become aheut t
same as the turnover in stocks (data obtained fihenwWorld Federation of Exchanges 2013).

9 |n essence, we test whether the portfolio perfmeaof individual investors improve after they USEFs.
An ex-ante test like the one proposed by Calvem@zell and Sodini (2007) will fail to incorporateet effects
of trading.



However, the key question is what occurs once iowvesuse ETFs. So we compare
the portfolio performance of users with all nontssi a panel setting. To be precise, we
estimate the marginal contribution of ETFs to athividual’s portfolio return achieved in the
period an ETF is held in the individual's portfoli®Ve not only look at raw returns but also
at risk-adjusted returns using 1-, 4-, and 5- fators. For the market factor, we use a
global index (MSCI All Country World Index “MSCI A@WI") as well as the broadest local
index (CDAX). The first benchmark is for globalvestors and the second benchmark is for
local investors. We use both indices for robustnda our factor models that include a bond
factor we add the JPM Morgan Global Bond to the MBCWI as a fixed income
benchmark for global investors and the RDAX to @i2AX as a fixed income benchmark

for local investors.

The panel setting allows us to control for invedined effects, and so we need not
worry about the fact that the use of ETFs may bpeddent on time-invariant investor
characteristics like gender. The panel setting alows us to control for observable time-
varying portfolio characteristics, and so we neetiworry about the fact that the use of ETFs
is dependent on time-varying portfolio charactesstike portfolio performance until that
point in time. The panel setting also allows usaatrol for year fixed effects, and so we
need not worry about the fact that ETF returnsespii or crash in particular years because of
macro conditions or tax law changes. The pandingethowever, does not allow us to

control for unobservable time-varying variables timay affect ETF returns.

Using the above research design, we find that glastpberformance, as measured by
any of the above portfolio performance measurasguany benchmark index, decreases with
ETF use, though not statistically significantly ddowever, the effect is always negative and
economically large. The average ETF investor,afbad invested in ETFs, would have
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decreased his net raw return by -2.1% p.a. andlptsa by -1.57% to 5.20% depending on
the benchmark. Our conservative conclusion isitigividual users of ETFs do not improve

their portfolio performance by using ETEs.

We next analyze why there is no improvement infpbat performance for the users
during an ETF use. It could be because of the smwse of ETFs or it could be because of
the unwise use of the non-ETFs. To rule out tktedaeason, and to test whether the use of
ETFs is to be blamed for the deterioration in mbitf performance, we divide the users’
portfolios into their ETF part and their non-ETFHtpaWe analyze the performance of these
two parts separately, compare them to the fullfplot and test the differences at the single
investor level controlling for potential cross-aalation. We find that the performance
deterioration experienced by the users while u&mgs is driven by the ETF part. We also
find that the addition of ETFs makes the full polith less efficient (the Sharpe ratio of the
full portfolio is lower than the Sharpe ratio oethon-ETF part). This means that investors
not only have a worse performance in their ETF partompared to their non-ETF part, but
even the diversification benefit to the full potitothat ETFs are supposed to bring is non-
existent. The last finding rules out the posdipilhat ETFs are used as hedging instruments.
Finally, we notice that net returns are lower thgnoss returns by the same order of
magnitude in both the ETF part as well as the ndR-part, suggesting that the portfolio
performance deterioration after ETF use is not bgeaof excessive trading in ETFs

compared to non-ETFs.

" The results of a difference-in-difference test mrp this conclusion. The details on the exact tiate
procedure and the results are presented in thenbitAppendix.
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After ruling out the above suspects, we now go ondétect the real cause of
performance deterioration experienced by userg &fd- use. To do this, we construct
counterfactual portfolios. We construct four bundahold ETF portfolios, portfolios in
which investors are made to just buy their ETFsjust buy their first ETF, or just buy a
MSCI World fund at all their buy days, or just baySCI World fund at the first buy dafe
We find that the net portfolio return of investansthe ETF part improves from these buy-
and-hold strategies by more than 2% per annum. als&e construct another counterfactual
ETF portfolio, where we replace all the ETF tradéth trades in the “right” fund (the MSCI
World fund.) Interestingly, the improvement in metrtfolio performance in the ETF part is
now less than 1% per annum. Results are quabigtsimilar if we use a DAX fund instead

of the MSCI World fund?

The above results allow us to conclude that the dngportfolio performance during
ETF use that we observe is because investors laseynmore from buying ETFs at the
“wrong” points in time rather than from choosing ttwrong”, i.e. ex-ante inefficient, ETFs.
Therefore, for individual investors in our sampelopting a buy-and-hold strategy is more

important than selecting better ETFs.

2 \We replace the original ETF trades with a MSCI Wdund. The MSCI World is a theoretically efrit
choice from an ex-ante perspective. This is bexahe MSCI World, as a proxy of the market portpli
promises the highest expected Sharpe Ratio assuiimingnvestors do not have private information #mat
capital markets are semi-strong form efficient. igliMSCI World fund do we actually choose? We chibse
Vanguard Global Stock Index Fund that tracks theOM®/orld. We chose this fund for many reasonsistFi
this fund is well known and would have been avaddast an expense ratio of 0.5% p.a. to our investor
throughout our entire observation period. Alteives like a value-weighted portfolio of all assb&dd by all
investors is not available as an ETF. Other Wwetiwn funds have inception dates that do not couverentire
observation period. Note that all results holdlig@tavely if we use an investable ETF on the GennfzAX
index instead of the MSCI World.

131t we focus on the net returns of the whole poitfohstead of just the ETF part, improvements bezom
smaller as the ETF part only makes up a fractiorawh investor’s portfolio. However, more importgnthe
improvements are still more for the buy-and-holdfoatios than for the portfolio with the “right” fud.



The benefits from a buy-and-hold-strategy are thebfd-irst, as our analysis reveals,
investors are bad at deciding when to trade ETRd,s@ a buy-and-hold strategy prevents
investors from trading at “wrong” points in timeSecond, the positive effects on gross
performance are amplified for net performance agitig costs in buy-and-hold strategies are

naturally lower.

Our paper thus points out that the wonderful intiovaof passive ETFs, with its
enormous potential to act as a low cost and linghiicle for diversification, may not help
individual investors to enhance their portfolio foemance, even before transactions costs, if
they actively abuse passive ETFs by trading themrang times. Ironically, the low cost
and high liquidity of these ETFs seem to encourmgding and aggravate the individual
temptation to engage in this behavior. From acgoperspective, encouraging individual
investors to invest in well-diversified ETFs ne¢d$e supplemented by advice to trade them

less frequently.

Section | details the data. Section Il examinegkindividual customers are most
likely to use ETFs. Section Ill investigates wiethusers improve their portfolio
performance compared with non-users and findstbieanswer is no. Section IV examines

why users do not improve their relative portfolerfprmance. Section V concludes.

l. Data

a. ETFs and Index-linked Securities in Germany

Individuals in Germany, as in the U.S., who waninieest in index-linked securities

may choose Exchange Traded Funds (ETFs) and/ox mdéual funds.



Panel A in Table | summarizes the market for intlelked securities in Germany.
Panel B in Table | provides the same data for ti& UPanel C in Table | provides the same
for our German sample. For each of the three panalex-linked securities are compared
with the active mutual fund market. As a resultlafa availability, the three panels represent
a snapshot of the market at different times. Fem@ny and the U.S., the data for the end of

2011 are available, whereas these data for ourlsaamg available only for the end of 2009.
[INSERT TABLE | ABOUT HERE]

The last column in Table I, Panels A and B, shohat the total assets under
management invested in index-linked securities tikgato total active mutual fund
investments, a ratio of about 20%, is comparabtesdsen Germany and the U.S. Panels A
and B also tell us that the market in the U.S.exq3ected, is much larger as measured by
assets under management or the number of indegdipkoducts offered. Interestingly, in
terms of assets under management, the market slplitsst evenly between passive ETFs and
index mutual funds in the U.S., whereas in Germaragsive ETFs comprise 84% of the

market.

If Panel A (Germany) is compared with Panel C (sample) in Table I, in terms of
the proportion of assets under management in eaalrity class, our sample seems to be

representative of the entire German market.
b. ETFs in our sample

We focus only on ETFs in this paper for two reasofisst, as can be seen in Table I,
ETFs are the predominant index-linked security iarr@any as well as in our sample.

Second, as the construction and trading of indexiduare different from ETFs, we do not



want to bundle the two togeth¥r. Among ETFs, equity-based ETFs form about 80%llof a
ETFs in Germany (Deutsche Bérse (2010)). In ourdenequity-based ETFs are even more

important and make up 83%.
Table Il shows the rich diversity of ETFs in oungae.
[INSERT TABLE Il ABOUT HERE]

Panel A of Table Il tells us that the individuav@stors in our sample have many
choices when it comes to selecting ETFs. It i€y fragmented market. Although the top
10 benchmark indices constitute over 60% of thetassnder management in ETFs, 207
other benchmark indices make up the remainder. icdldhat the popular indices are
connected to Germany, Europe and the World, whiolivaites us to use the local German

index, CDAX, and a global index, MSCI ACWI, as dawo choices of benchmark indices.

Panel B of Table Il examines the regional alloga&iof these ETFs. Germany is the
most popular, followed by Europe. German individngestors, like individual investors all

over the world, exhibit home bias.

Panel C of Table Il examines the asset class ofsETWe find that ETFs based on
equity indices dominate (83.4% of assets under gemant), which further justifies our use
of equity indices like MSCI ACWI and CDAX as bencharks. However, as there are a few
bond and commodity based ETFs as well, we alsauséactor model that includes a bond

factor in our main test for robustness.

1 Though we do not bundle ETFs and index funds tegebecause they are constructed differently, the
economic intuition of our paper applies to indexds as well as ETFs. Therefore, as mentioned ®defor
footnote 3, we replicate all our tests for passivkex funds. We find results similar to those ffassive ETFs.



Panel A of Table Il also tells us that many ETFes larked to narrow indices; so it is
likely that these ETFs offer more choices for tigioertain asset classes, sectors or countries,
rather than opportunities for broad diversificatiot so, their beta loadings with respect to
our benchmarks, MSCI ACWI and CDAX, could be veiffedent from 1. To analyze this
issue, in Panel D of Table Il, we show the betalilogs of all ETFs with respect to the MSCI
ACWI and the CDAX. The beta loadings are 0.87 &d0 and they are statistically
significantly different from 1. However, if we maw our sample to equity ETFs, the beta
loading with respect to MSCI ACWI cannot be distirgled from 1, but the beta loading
with respect to CDAX is still different from 1. Ral D of Table Il also tells us that the
tracking errors are high. This is not suprisingcduse most of the ETFs do not track the
CDAX or the MSCI ACWI. The most important thingathPanel D of Table Il tells us is
that, though many of these ETFs may not be trackiegMSCl ACWI or CDAX perfectly,
they are not bad investment products because dhg@ias with respect to these indices are

indistinguishable from zero.
c. Individual Investors

The brokerage that we work with was founded asractlibank with a focus on
offering brokerage services via telephone and titermet. In 2009, to retain existing
customers and attract new ones, the brokerageduntenl a financial advisory service, which
offered free financial advice to a random samplaladut 8,000 investors. Approximately
96% of these individual investors refused the fai@nadvice and continued trading as

before!® Our starting sample is these 7,761 investorse Hrowledge that these investors

15 Bhattacharya et al. (2012) analyze the same sawifiiea focus on the 4% of the individual customets
accepted the advice.
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refused to opt for advice assures us that our samsptomposed of self-directed investors
whose decisions are not distorted by a third paKg.we are focusing on ETFs, we remove
investors who use index mutual funds. We additigrrastrict our sample to investors who

on average have at least 5,000 Euros in theirgm$f We do so to avoid a bias introduced
by small play money accounts. Our final sample 856 investors in an unbalanced panel
that begins on August 2005 and ends on March 2000.these 6,956 investors, 1,087

investors traded at least one ETF in this samptege- the “users” — and 5,869 investors

who traded no index-linked security in this sanypeiod — the “non-users”.
[INSERT FIGURE 1 ABOUT HERE]

The solid black line in Figure 1 shows the shar&®Fs in the portfolio of an average
individual investor. It seems that once investwaigse switched to ETFs, their weight in the

portfolio hardly exceeds 20%.

The dashed gray line in Figure 1 shows the growimgularity of ETFs in our sample.
The sharp increase in ETF-share in December 2088pposedly related to a tax change in
Germany. From 2009 onwards, all capital gains ksdes, irrespective of the holding
period, are subject to taxation. Gains and lofees securities purchased before the end of
2008, if held for longer than 1 year, are tax freEhus, it is possible that some investors
switched to ETFs to ensure a tax advantage. Becstogk returns were above average in
2009, the effect of switching to ETFs for tax reasm this year would show up as a spurious
benefit of ETF usage. In order to mitigate thiteef, we include year fixed-effects. The
positive bias may still remain after the inclusioiyear fixed-effects, but this positive bias
goes against our results because our results sidwuBage to negatively affect portfolio

performance.
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We collected data on client demographics, monthdgitppn statements and daily
transaction records for both users and non-usetBeirsample period. Client demographics
were collected from the bank and are comprisedeoflgr, age and micro geographic status.
The micro geographic status variable measureswtbemge wealth level of individuals who
inhabit a given micro area (street level addres§he variable has nine categories, with
category nine comprising the wealthiest individualsThis variable is provided by a
specialized data service that uses several fadach as house type and size, dominant car

brands, rent per square meter and the unemployra&n)tto construct the variable.

In addition, account characteristics were providgd the bank. For all of the
customers, we possess monthly position statemelaity transaction data and account
transfers for the period August 2005 to March 20TI@e account opening date enables us to
compute the length of the relationship between storner and the brokerage. Monthly
position statements combined with transactionsisteas and securities’ returns enable us to
compute daily position statements and the aver&e portfolio value over the entire
period. In addition, we have information on thesttaaccounts of each customer at the
beginning and the end of our sample period, whitdibées us to calculate the risky share as
the risky portfolio value divided by financial wéalith the brokerage (risky portfolio value
plus cash value). We use our transaction recara@sltulate portfolio turnover and number
of trades per month, as in Barber and Odean (20J8)also obtain monthly return series for
the following factors: a market factor (CDAX or MEECWI), a bond factor (RDAX or JP
Morgan Global Bond), small minus big (SMB), highnus low (HML) and the momentum

factor (MOM). The sources of this data are giveable Ill.

[INSERT TABLE Ill ABOUT HERE]
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We first infer the daily holdings from the monthposition statements, security
transactions and account transfers. To obtaiméx¢ end-of-day holdings, we multiply the
end-of-day value of each holding by the correspogdirice return (excluding dividends but
considering any capital actions) for that securifjnese holdings are then properly adjusted
for any sales, purchases and account transferoticatred that same day. We repeat this
procedure for each security and investor for eeatirig day in a given month. The holdings
on the last day of each month are then reconcilihd the true holdings obtained from the

brokerage.

Second, we compute daily portfolio returns as tleggined average of the returns of
all of the securities held, purchased or sold keyittvestor on that day. We use total return
data (including dividends) for securities withorgrisactions on that day. For securities that
are either purchased or sold, we consider exagtdion prices to compute returns. We
weight each security’s return to calculate the stoes’ daily portfolio returns. All of the
holdings and sales are weighted using euro valogbe basis of the previous day’s closing

prices. All of the purchases are weighted usirgttAnsaction value in euros.

Finally, we calculate daily portfolio returns befofgross) and after (net) direct

transaction costs to account for brokerage feesband commissions.
Il. Who uses ETFs?

Table IV provides summary statistics about the stees in our sample. This table
divides the sample group into users and non-useng p-values of the t-tests from our tests

for the equality of variables across these two gsaare provided in the last column.

[INSERT TABLE IV ABOUT HERE]
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Table IV shows that users and non-users differ.thia univariate setting, users of
ETFs seem to be slightly younger and wealthier.rddwer, they have a shorter relationship
with this bank, a higher share of their portfoliorisky securities at the end of the sample
period, a higher risky portfolio value during thangple period, and they trade more often
during the sample period. We do not find any défees in alphas over the entire sample
period, which is consistent with the view that thare no significant differences in skill or

sophistication between users and non-users.
[INSERT TABLE V ABOUT HERE]

Table V formally tests the findings of Table IV anmultivariate probit model. The
dependent variable is set to one if an investoedpd use ETFs at least once in our sample
period and is set to zero otherwise. The indep@ndariables are the time-invariant
variables that we know at the start of our samglable V confirms that it is really younger
and wealthier (in terms of portfolio value) investavho are more likely to use ETFs. This is
consistent with numerous findings in the marketiteyature (see, for example, Dickerson

and Gentry (1983)) that document early adoptelmetgounger and wealthier.
[l Do Individual Investors Benefit by Using ETFs?

We now address the most important question of twnlys do users benefit from
ETFs? In order to address this question, our arsalyses data from all users as well as all
non-users in our entire sample period. This allowgo exploit all the information that our

panel dataset has to offer. Our primary reseagsigd is to estimate the following model:

(1)
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where | is the excess net return (excess over the 3 miBuattbor rate) on investor i's
portfolio in day t, ; denotes the fixed-effects of investor i, is a dummy variable set to
1 if investor i has invested in ETFs on d& and Is a vector representing the return of
factors like the market factor in time period t.eg@nding on the specification, this vector
may contain nothing or just the market index (M@W!I or CDAX) or additional factors
like SMB (small-minus-big), HML (high-minus-low), ®M (Momentum factor) or a bond
factor. represents a vector with year fixed effects. . is a vector of time-
varying characteristics (log of the portfolio vajudpha, turnover and number of trades) of

the portfolio of investor i over the rolling windotal 26 (days) to t-1.

The coefficient, , is our coefficient of interest. It measures thange in portfolio
performance when ETFs are in the portfolio. Ifmre the above equation without |, this
coefficient measures the change in portfolio penmmce without risk-adjusting, whereas if
we run the above equation with |, this coefficient measures the change in portfolio
performance after risk-adjustment. The coefficients are the betas or factor sensitivities
with respect to the different factors that we uSke coefficients are the effect of a given
year, which we will not show in our table becauséaok of space. The coefficients are

the coefficients with respect to the time-varyiraytfolio characteristics of the investor.

The results of regression (1) are shown in Table @blumn (1) gives the results for
raw net returns, whereas the other columns giverélealts for risk-adjusted net returns.

Column (2) risk adjusts using the one-factor MS@\WI, column (3) risk adjusts using the

% Our results are qualitatively similar if we use tbontinuous fraction of investors’ portfolio valtieat is
invested in ETFs instead of the dummy specificatidowever, the coefficient is much more difficuti t
interpret.
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MSCI ACWI factor and a world bond factor, column) (@sk adjusts using the 1-factor
CDAX, column (5) risk adjusts using the CDAX factand a local German bond factor,
column (6) risk adjusts using the 4-factor modaeit tinses the CDAX factors, and column (7)
risk adjusts using the 5-factor model that usesGBAX factors and a local German bond

factor.
[INSERT TABLE VI about here]

In table VI we use year fixed effects. These yeaad effects control for any events
in a given year that change the propensity to pagetETFs in a given year, such as the crisis
years of 2007-08 or years in which tax policy omestment profits changed. In our sample
this is particularly important since a tax law cbartook place in Germany at the end of
2008. From 2009 onwards, all capital gains anddssirrespective of the holding period, are
subject to taxation. Gains and losses from seesrjgurchased before the end of 2008, if
held for longer than 1 year, are tax free. Becaiusepossible that some investors switched
to ETFs to ensure a tax advantage in 2009 (seeefitjy a year in which stock returns were
above average, the effect of switching to ETFgda@rreasons in this year would show up as

a spurious benefit of ETF usage.

In table VI we also use investor fixed effects.téasl of controlling for gender, age,
and micro geographic status, we decided to go wmitastor fixed effects since these capture
the above effects as well as the effects of anybseiwable fixed influences on the

probability to purchase ETFs.

Though investor fixed effects control for all tinmariant characteristics of investors,
the criticism remains that the choice of using arFEnay still be endogenous because we

have not controlled for time-varying variables. mdigate this, we control for the following
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time-varying portfolio characteristics of the int@sthat we can observe: log portfolio value,
past performance as measured by a 1-factor alptiatine CDAX as the benchmark, and
trading behavior measured by number of trades amtiopo turnover. We use the rolling

moving average of the past 126 trading days tautatie each of these four variables.

We cluster standard errors by date in all our regjoms to take care of cross-sectional
correlation and to be as conservative as possibies level of clustering in our case leads to
lower t-stats than a two-way cluster on investat date as suggested by Petersen (2009). It
is also less computationally extensive since Petess(2009) methodology does not allow
for a built in inclusion of investor fixed effectdn tests whose results are not reported, we
found that if we had not clustered standard erbgrdate, and would therefore have assumed
investor by investor independence of returns, treslwould have on average been 5 times

higher.

We notice, in all the seven models of table Vltttie coefficient on the dummies
“Use of ETFs” are reliably negative, though none statistically significant. The average
ETF investor, if he had invested in ETFs, wouldéndecreased his net raw return by -2.1%

p.a. and his alpha by -1.57% to 5.20% dependinth@fmenchmark.

Our conservative conclusion is that individual istegs do not improve their portfolio

performance after using ETFs.

To ensure the robustness of this result we usdtamate methodology — propensity
score matching — and exploit the fact that a sileeabmber of investors in our sample only
start using ETFs within the sample period. We maty demographic variables and
construct a peer-group of non ETF users which regesithe group of ETF users as much as

possible. This control group of non-users as wellhe treatment group of users is then used
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in a difference-in-difference design, which alloviisferences with self-selection and
endogeneity issues reduced to a minimum. The sesillthe difference-in-difference test
support the conclusion drawn above: Individual stees who use ETFs do not improve their
portfolio performance. The details on the exactamag procedure and the results are

presented in the Internet Appendix.
IV.  Why Do Individual Investors Not Benefit by Using ETFs?
a. Are ETFs responsible for the performance deteriore?

In the previous section, we showed that individnaéstors do not benefit when they
hold ETFs in their portfolio. However, we have get established that it is really the ETFs
that are causing this performance deterioratioher@ are three rather obvious reasons that
would explain our finding of the previous sectidmit would lead us to falsely accuse ETFs
as the reason for the performance deterioratiohe flrst possibility is that performance
deterioration may stem from the non-ETF part rativan the ETF part of an investor’s
portfolio. The second possibility is that investaacrifice returns by using ETFs as hedges
and improve the diversification of their portfoliosThe third possibility is that investors

simply trade more in ETFs than in other securitied this worsens their net returns after use.

To investigate these three reasons, we define phop®rtfolios for each investor: the
non-ETF part of his portfolio (portfolio # 1) anldet ETF part of his portfolio (portfolio # 2).
The full portfolio of all securities is called pfotio # 0. We assume that if an investor holds

no ETFs on a given day, we assume that portfolidstportfolio # 0 on that day’

[INSERT TABLE VIl PANELS A AND B ABOUT HERE]

" For robustness, we also repeated this analysig usily those days when an investor holds both &R [art
and a non-ETF part. All results described belowaienqualitatively unaltered.
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We use several metrics for performance evaluatiosaoh of these three portfolios:
the return, the standard deviation, the SharpeoRatnsen’s Alpha and the unsystematic
variance share. To compute the alpha and the temsgtic variance share, we use the MSCI

ACWI as the benchmark as we did before.

In Panel A of Table VII, we find that the “ETFs” pifmlio performs worse than the
“No ETFs” portfolio, whether performance is measut®/ net returns, Sharpe ratio or net
alphas. In Panel B, we also find that the “ETFsttiplio performs worse than the “No
ETFs” portfolio before transaction costs. Thuss ithe ETF part and not the other securities,
which cause the performance deterioration. Thelteshown in this table also rule out that
ETFs are used as hedges. If ETFs were used fagingedthe Sharpe ratio of the “All
securities” portfolio should improve relative toetlone for the “No ETFs” portfolio. We
notice that the Sharpe ratio of the “No ETFs” paitf is always higher than the Sharpe ratio
of the “All securities” or “ETFs” portfolio in botlPanel A (net Sharpe ratio) and Panel B
(gross Sharpe ratio). Finally, the results showtable VII also rule out overtrading in ETFs
as the reason for the performance deterioratidme after transaction cost alpha, as observed
in Panel A, is -4.25% for the “No ETFs” portfolioé- 5.53% for the “ETFs” portfolio. The
alpha before transaction costs for the “No ETFsd #me “ETFs” portfolio, as observed in
Panel B, is -3.23% and -4.49 %, respectively. ditop in alphas because of transactions is
on the order of 1% for both parts. Therefore, ¢bsts that investors incur in trading ETFs
are about the same as they incur in trading nonsET#hich implies that there is no

overtrading in ETFs compared to non-ETFs.
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b. Why are ETFs responsible for the performance detation?

To address this question, we use counterfactudysisa The idea of this analysis is
to investigate the portfolio performance of an stee assuming he traded in a different

security and/or applied a different trading strgteg

Counterfactual portfolio analysis has many advasggag our context. First, it allows
for inferences at the level of an individual invastsolving issues of self-selection and
endogeneity, because we look at changes to therpehce of the portfolio of the same
investor at the same point in time. Second, oypr@gch has the advantage that we can
directly alter the transaction behavior of investtr draw conclusions on market timing and
security selection abilities. In contrast to othpproaches, we do not have to rely on return
series or changes of returns in response to chamwogpsrtfolio holdings to infer security
selection and market timing abilitié%. Third, in comparison to Odean (1999) who uses
individual investors trading records to decomposadihg-period-returns of security
purchases and sales to investigate market timind) security selection abilities, our
counterfactual portfolio approach does not regairg assumptions on weighting of trades or

lengths of holding-periods.

18 See Treynor and Mazuy (1966), Jensen (1968), Kssun and Merton (1981), Pesaran and Timmermann
(1994), Gruber (1996) and Carhart (1997) for “tapvd” approaches that use return series. See JNatg,and

Yu (2007), Kaplan and Sensoy (2008), and Elton,b@&ruand Blake (2011 and 2012) for “bottom-up”
approaches that uses changes of returns in respmnkanges in portfolio holdings.

19 Odean (1999) weights trades equally, has diffetmiting-period lengths, and cannot risk-adjusthis
framework, whereas in counterfactual portfolios reéain the weighting of the original trade and cek-
adjust.
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These counterfactual portfolios allow us to testviestors lose because they trade the
“right” ETFs at the “wrong” point in time, or becsel they trade the “wrong” ETFs at the
“right” point in time. As the ETF offerings in Gaany are many and are often based on
narrow indices (see Panels A, B and C of Tablealf)wrong” ETF is an ETF that promises
sub-optimal expected Sharpe-Ratios. From an ex{aetspective, an ETF which replicates
the market portfolio best would be the “right” ETH.herefore, any ETF that tracks only a
tiny sub-market or has too large a tracking erradhwhe market index is a “wrong” ETF.
Given these criteria, it seems that the “right” EiiFour context is an ETF on the MSCI

World®.

We define the following five counterfactual porit in ETFs. To test the impact of
active trading of ETFs we define counterfactualtiotio #3, “B&H”, where we disregard all
ETF sell transactions. This results in a buy-aalitportfolio. As counterfactual portfolio
#3 may be hard to implement for individual investbecause it requires investing additional
capital, we define counterfactual portfolio #4, r§tibuy B&H”. Here each investor only
buys and holds the first ETF ever purchased. 3$othe impact of choosing the “right” ETF,
we define counterfactual portfolio #5, “ETF tradasMSCI”. Counterfactual portfolio #5
substitutes each ETF transaction with a transadfioa Vanguard fund which tracks the
MSCI World. To test the impact of actively tradigJ Fs instead of buying and holding a
well-diversified portfolio, we define counterfactyaortfolios #6, “B&H in MSCI” and #7,

“First buy B&H in MSCI". These two portfolios #6nd #7 mimic the counterfactual

20 Calvet, Campbell and Sodini (2007) also use th&&M&orld Index as the benchmark for Swedish investo
holding portfolios containing stocks, funds, boadsl other marketable securities.
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portfolios #3 and #4, where we replace the indigldUETFs with the Vanguard MSCI

World fund?*

Since we are interested in finding out whether ETdfs responsible for the
deterioration in portfolio performance, gross retuand net returns are computed for all
counterfactual portfolios. To compute the net megufor the counterfactual portfolios that
use the Vanguard MSCI ETF, we retain the coste@briginal transactions. The transaction
costs on the Vanguard MSCI fund are likely to b&dn but our results do not depend on our

choice of transactions costs since all resultss® present when using gross retuths.
[INSERT TABLE VIII PANELS A AND B ABOUT HERE]

Table VIII summarizes the results of the countdtfatcportfolio analysis for the ETF

part of the portfolio.

We first examine the results of Panel A, wherepgédormance metrics are computed
after transaction costs. The effect of trading &iristead of buying and holding ETFs can be

seen by comparing the metrics of the original ETHtfplio #2 with the metrics of the

%1 The number of observations may differ between tigiral ETF and the counterfactual ETF portfolidghis

difference depends on the definition of the codatgual portfolio. For example, if an investordes in and
out of ETFs, there will be days on which she ha&mg position. In a counterfactual portfolio, whiadopts a
buy-and-hold strategy, there will be a positiorEifiFs on every day after the first use of an ETR.order to
compare these portfolios, one can adopt two appesad-irst, on days on which an investor does olat An

ETF, the returns to the non-ETF part, which arentegual to the returns of the full portfolio, areed. By
construction, therefore, any difference betweenEhE and non-ETF part can be traced back to daystoch

both parts are present in an investor’s portfdiecond, on days on which the investor has no EBRipo, we
could set the return to zero on the ETF part. H@wethis approach biases the ETF part. For #gdsan, we
use the return of the non-ETF part instead of aenhis counterfactual analysis. Our results asalitptively

the same whichever approach we adopt.

22 |n unreported tests, we find that the MSCI ACWtpmrforms the MSCI World in the sample period byt
5% percentage points. The alphas for the buy-ad-$trategy of the Vanguard MSCI World fund arede
not equal to zero, but rather equal to -5 %.
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counterfactual ETF portfolios #3 and #4 in Panel\We notice that a buy-and-hold strategy
would have improved the net returns of the ETF pathe portfolio from -3.47% to -0.88%
(a net gain of 2.59%) for counterfactual portfa#®. For counterfactual portfolio #4, the net
gain would have been from -3.47% to -0.33% (a reh @f 3.14%). Both gains are
statistically significant at the 5% and 1%-levelespectively. The corresponding
improvement in alphas is 2.15% and 2.58%Qualitatively similar findings can be observed

by looking at the Sharpe Ratio, which also improves

Counterfactual portfolio #5 tells us what happenthe “right” ETF, i.e. the ex-ante
optimal ETF — the ETF tracking the MSCI World —tiaded instead. Notice that returns
improve from -3.47% to -3.24%, a net gain of onl23%, and it is not statistically
significant. Comparing the buy-and-hold portfoli#8 and #4 with their counterpart
portfolios #6 and #7, we notice that the gains fr@placing the ETF with the MSCI world
actually worsens returns (compare -0.88% in paoaf#B to -1.83% in portfolio #6; compare
-0.33% in portfolio #4 with -1.66% in portfolio #7pbut does improve alphas
(compare -3.38% in portfolio #3 to -3.07% in politic#6; compare —2.95% in portfolio #4
with —2.90% in portfolio #7). However, none of tlfferences between the “ETFs”

portfolio #2 and counterfactual portfolios #5 tot#vh out to be statistically significant.

Panel B of Table VIII shows the performance metdosnputed before transaction

costs, i.e., the gross returfis.As expected, the gross returns are higher thaméh returns

23 We are using clustered standard errors at the tfvine calendar date in combination with invediged-
effects. Abandoning the clusters or only clus@rat the investor level would create highly statéty
significant effects. So our results are very coveséve.

24 As investors are only allowed to trade one paldicETF, i.e. the MSCI World fund, there is no penfiance
difference between portfolios 4 and 5 when we ussgreturns. The difference comes when we usehehs
because portfolio 5 has less trading than portilio
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because of trading costs, particularly for theitrggortfolios # 1, 2 and 5 (compare the 1%
difference in returns in portfolios #5 between the panels). Buy-and-hold portfolios #3
and #4 still lead, as in Panel A, to a larger improent compared to the original ETF
portfolio #2 than the improvement brought aboutthg portfolios #5, #6 and #7 with the

MSCI World Fund.

We conclude from the above results in Panels ARmdTable VIII that performance
improvement in the ETF part of the portfolio conmesstly from buying-and-holding ETFs
rather than using an ex-ante efficient ETF like M@CI World. Some of that improvement,

though not all, comes from the transaction costedgéy buy-and-hold strategies.

The counterfactual portfolios #3, #4, #5, #6 andoffPanels A and B in Table VIII
had shown only the returns of the ETF part of tmeestor’'s portfolio. For the sake of
completion, we also show the returns of the codextéwal portfolios 3, 4, 5, 6 and 7 of the
full portfolio in table IX. This implies that wealve computed the gross and net returns for all
the five counterfactual portfolios twice, once @iy the ETF part in table VIII, and once for

the full portfolio in table IX.
[INSERT TABLE IX PANELS A AND B ABOUT HERE]

Table IX, Panel A, shows that our results are gat@ahely similar for net returns: buy-
and-hold portfolios #3 and #4 have much higherrretdrom the original full portfolio #0

compared to the improvement in returns from theioal full portfolio #0 shown by the
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portfolios #5, #6 and #7 with the MSCI World fuffdTable IX, Panel B, shows that our
results are qualitatively similar for gross retulas well. As a matter of fact, the only
gualitative difference in the results shown in EsbVIIl and IX is that the magnitude of
effects of the counterfactual portfolios is smatfiar the full portfolio in Table IX compared

to the ETF part of the portfolio in Table VIII. This to be expected because the effects are
dampened by the inclusion of the non ETF part inld&X, a part which we do not change,

but a part which makes up about on average 85%igee 1) of an investor’s portfolio.

All in all, our counterfactual analysis shows tliaestors lose money more from
trading ETFs at the “wrong” points in time rathéan trading the “wrong” ETFs. In all
cases, gains from buy-and-hold strategies (cowttrdl portfolios #3, #4) are larger than
gains from selecting potentially more sensible potsl like a MSCI World fund
(counterfactual portfolio #5). Buy-and-hold straésgalso lead to a reduction in trading
volume and hence transaction costs. In our datésetsaction costs of trading erode net

alpha by about 1.02% (1.03%) per annum in the né gart (ETF part) of their portfolios.

Our counterfactual analysis thus reveals thatviéstors would adhere to prescriptions
of the literature on how to use ETFs, i.e. trackraad market and use a buy-and-hold
strategy (counterfactual portfolio #6) instead dfusing them by actively trading, the
performance of the ETF part would ceteris parilmesdase by roughly 2% per annum for the

average investor as measured by Jensen’s alphasidedng that ETFs make up about on

% For robustness, instead of replacing the origirmhgaction with the MSCI World fund, we also constr
counterfactual portfolios using an ETF on the DAXs with the other counterfactual portfolios, intas
would have benefited strongly from using buy-anéttstrategies (plus 1.2 percentage points). Alghas net
returns also clearly improve due to a reductiotrading costs relative to the original portfolio®verall, results
remain qualitatively unaltered. However, the DAXriormed exceptionally well compared to the MSCliito
which increases the levels of the returns.

25



average 15% (see figure 1) of a user’s portfolios is a sizable gain. The gain would
potentially be higher if investors replace the nid~Epart of the portfolio with ETFs and just

buy-and-hold.
V. Conclusion

This paper investigates whether individual investoenefit from using ETFs. We
find that the portfolio performance of individuadars relative to non-users of ETFs slightly
worsens after ETF use. The loss comes mostly tooging ETFs at the “wrong” times
rather than choosing the ex-ante “wrong” ETFs. réftge, adopting a buy-and-hold strategy
is more important than selecting better ETFs. Béeefits from a buy-and-hold strategy are
twofold. First, as our analysis reveals, a buy-halll strategy would prevent investors from
trading ETFs at “wrong” points in time. Secondg thositive effects on gross performance
are amplified for net performance as trading castbuy-and-hold strategies are naturally

lower.

Our paper thus points out that the wonderful intiovaof passive ETFs, with its
enormous potential to act as a low cost and linghiicle for diversification, may not help
individual investors to enhance their portfolio fpemance if they actively abuse passive
ETFs by buying and selling them at “wrong” timesronically, the low cost and high
liquidity of these ETFs seem to encourage thettitig, and this aggravates an individual's
temptation to engage in some sort of timing. Guaihg should make regulators, consumer
protection agencies, companies with 401k plans, farhcial economists more cautious
when recommending ETF use. From a policy perspecthverefore, promoting savings on
well-diversified ETFs that simultaneously limit tpetential to actively trade in them might

be beneficial to individual investors.
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Figure 1
The use of ETFs in our sample

The figure presents the usage of ETFs over timbe Jolid line (left axis) shows the average shdrETd-s in
terms of euros in the portfolios of usefSTE share in % The dashed line (right axis) shows the cumtati
number of users at that point in time.
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Table |

Usage of index-linked securities — an overview

Table | provides an overview of the markets for E&Rd index funds in Germany (Panel A), the U.@né@P B) and within our sample (Panel C). For alhgls, the latest
available year-end data have been used. We raporber of products as well as assets under managg€®dM) in absolute and percentage terms. Thetlas columns
compare ETFs and index funds with active mutuadifuim terms of number of available products andtassnder management.

Index-linked securitie As % of active mutual funi
# of products % AUMIin€m % # of products AUM
Panel A: Index-linked securities in Germ*
Passive ETFs 826 86% 99,311 84%
Index mutual funds 135 14% 18,353 16%
Total 961 100% 117,664 100% 17% 20%
Panel B: Index-linked securities in the 2
Passive ETFs 1,028 73% 934,216 46%
Index mutual funds 383 27% 1,094,296 54%
Total 1411 100% 2,028,512 100% 23% 21%
Panel C: Index-linked securities held by our inoe’
Passive ETFs 279 90% 17 95%
Index mutual funds 30 10% 1 5%
Total 309 100% 18 100% 17% 16%

! As of December 31, 2011. Sources: BVI, Deutschis®&
2 As of December 31, 2011. Source: Investment Comjastitute Factbook 2012.

3 As of December 31, 2009. This table focuses orséimee set of investors as in the remainder of thempaxcept for investors who hold index mutualdsinin what follows
these investors are excluded.
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Table Il
What kind of ETFs do investors buy?

Panel A: This shows the average amount of Eurossied per day in a passive ETF as a percentade abtal
average amount of Euros invested per day in allEETF

Benchmark index Share in %
DAX 24.1%
EURO STOXX 50 9.7%
MSCI Emerging Markets 5.9%
MSCI World 5.2%
EONIA 4.6%
ShortDAX 3.2%
STOXX Europe 600 2.9%
EURO STOXX Select Dividend 30 2.7%
LevDAX 2.5%
STOXX Europe 600 Basic Resources 2.1%
Other (207 indices) 37.0%
Total 100.0%

Panel B: This shows the average amount of Eurassted per day in a region using passive ETFs asc@iptage
of the total average amount of Euros invested pgrid all ETFs.

Country / region Share in %
Germany 34.4%
Europe 33.4%
Emerging markets 9.4%
World 9.3%
USA 5.4%
China 2.3%
Japan 1.2%
Russia 1.0%
Brazil 1.0%
Asia 0.7%
Other 1.9%
Total 100.0%

Vil



Panel C: This shows the average amount of Eurossted per day in an asset class using passive B3 ks
percentage of the total average amount of Eurcested per day in all ETFs.

Asset class Share in %
Equity 83.4%
Bonds 12.2%
Commodities 4.3%
Other 0.1%
Total 100.0%

Panel D: This shows the distribution of beta, alphd tracking error of all ETFs (top panel) and ETiased on
equity indices (bottom panel) that investors in sample use. Beta, alpha and tracking error (RME&)It from a

regression of ETF returns on the MSCI ACWI or ther@an benchmark index CDAX and are being estimated

separately for each ETF. Reported p-values résut a t-test of Betas and alphas against 1 anddpectively.
Three stars (***) denote significance at 1% or |és# stars (**) denote significance at 5% or leseg star (*)
denotes significance at 10% or less.

Al ETFs

Metric N Mean p-Value Median 10% 25% 75%
Benchmark: MSCI World All Country

Beta 353 0.87 .000*** 1.05 -0.05 0.61 1.23

Alpha in % p.a. 353 -0.03 .960 -0.20 -10.09 -4.75 4.28

Tracking Error in % p.a. 353 27.78 22,75 10.38 17.31 ®B2.341.32
Benchmark: CDAX

Beta 353 0.70 .000*** 0.83 -0.04 0.45 1.03

Alpha in % p.a. 353 -0.76  .213 -0.64 -1249 -6.42 3.92

Tracking Error in % p.i 353 26.34 21.39 9.63 15.89 30.43

ETFs on Equity Indices

Metric N Mean p-Value Median 10% 25% 75%
Benchmark: MSCI World All Country
Beta 284 1.03 .353 1.09 0.64 0.95 1.30
Alpha in % p.a. 284 -0.03 .967 -0.74 975  -4.87 5.06
Tracking Error in % p.i 284 30.34 24.38 16.33 18.94  33.58
Benchmark: CDAX
Beta 284 0.83 .000*** 0.90 0.47 0.72 1.07
Alpha in % p.a. 284 -0.97 .178 -2.16 -12.89 -6.80 4.47
Tracking Error in % p.i 284 28.59 2259 1430 17.79 31.49
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Table IlI

Data collected

Table 1l summarizes the data collected duringdberse of the study.

Type of data Data Frequency Source of data
Client Gender Time-invariant Bank
demographics Date of birth (measure of age) Time-invariant Bank
Microgeographic status (measure of wealth) Timefiava Bank
Actual position statements Monthly Bank
P ortfolio Actual transactions and transfers Daily Bank
characteristics Cash On start and end of dataset Bank

Account opening date (measure of length of relakiqn)

Time invariant

Bank

Market data

German Fama and French (1993) & Carhart (1997pifact
MSCI World All Country (Jensen (1968)

CDAX (Jensen (1968)

RDAX

JP Morgan Global Bond

Individual security prices

Individual security properties

Daily
Daily

Daily

Daily

Daily

Daily
Time-invariant

Datastream / own calculation
Datastmea

Datastream

Datastream

Datastream

Datastream
BanRéutsche Borse




Table IV

Summary statistics for “Users” and “Non-users”

Table IV reports summary statistics on client derapyics, investor characteristics and portfoliorabteristics. The columns “Users” and “Non-usgm&sent means, medians
and the number of observations for the respectieats in each group. The last column reportsptivalues of a difference of means t-test. Cli@rhdgraphics are comprised
of statistics on the share of male clier@e(de}, the age of clientsAge and the wealth of a client measured by the migrographic status rating, one through nine, asdesse
by an external agencyMealt). Investor characteristics are comprised of stiaé on the number of years the client has beém thve bank l(ength of relationshipand the
proportion of risky assetR{sky sharg held with this brokerage at the beginnir@B/005 and at the end0B/201Q of our sample period. Portfolio characteristare
comprised of statistics on the average risky pbotfealue @Average risky portfolio valjeof the customer during our observation peri68/2005 — 03/2010 the average
number of trades per montAyerage number of tradgghe average portfolio turnover per monftvérage portfolio turnov@rand alphas net of transaction costs for the MSCI

ACWI and the CDAX Alpha). Three stars (***) denote significance at 1%dess; two stars (**) denote significance at 5%aemst one star (*) denotes significance at 10% or
less.

t-test
Users Non-users (Users vs.
Non-users

Metric Measurement units Mean Median N Mean Median N P-value
Client demographics

Gender Dummy = 1 if male 80.9 100.0 1087 82.0 100.0 5,869 377

Age Years 47.9 46.0 1087 49.8 48.0 5,869 .000***

Wealth Microgeoraphic status 6.5 7.0 958 6.3 6.0 5,164 .014*
Investor characteristics

Length of relationship with the bank Years sincecaiot opening 7.2 8.1 1,087 7.6 8.9 5,869 .000***

Risky sharg08/2005) % 81.6 85.5 761 95.5 86.1 4,418 .651

Risky share(03/2010 % 78.( 86.¢ 105( 73.2 82.2 5,381 .000*+*
Portfolio characteristics

Average risky portfolio valu¢08/2005 - 03/2010) € thousands 60.8 42.5 1,087 51.1 34.8 5,869 .000***

Average number of trad¢68/2005 - 03/2010) Trades per month 2.3 15 1087 1.8 1.0 5,869 .000***

Average portfolio turnovef08/2005 - 03/2010) %, monthly 6.1 3.7 1087 6.0 3.2 5,869 779

Alpha (net) MSCI World All Country(08/2005 - 03/201( %, yearh -2.4 -1.C 108 -2.1 -0.¢ 5,86¢ .81¢

Alpha (het) CDAX (08/2005 - 03/2010) %, yearly -3.2 -2.3 1087 -3.9 -2.8 5,869 .286




Table V
Who uses ETFs? A probit test

Table V reports the marginal effects of a probgression. The dependent variable for the prolgite®sion is a
dummy Pummy useérthat is set to one for individual investors thatd at least one ETF within the sample period.
For the estimation of the probit model, our indeget variables are time-invariant or measured atbiginning
(08/2005 of our sample period or at the first ddirst day) an investor enters our sample. The independent
variables are the following: a dummy that is eqodl if a client is malelflummy malg the age of a clienAge, a
dummy that is equal to 1 if a client falls into egdries 1 to 3 of a micro-geographic status rabimgn external
agency Dummy low wealth a dummy that is equal to 1 if a client fallsantategories 7 to 9 of the micro-
geographic statuDmmy high wealth years the client has been with the banén@th of relationship the risky
portfolio value in Euros of the investordy portfolio valug and the proportion of risky assets in the acc¢Rigky
sharg. Heteroscedasticity robust p-values are in gheses. The number of observations and pseuda&tesd)
values are reported as well. Three stars (***)atersignificance at 1% or less; two stars (**) densignificance

at 5% or less; one star (*) denotes significancE0&s or less.

Dummy user
(©) (2) (©) 4)
Dummy male -0.012 -0.012 -0.006 -0.013
(0.299) (0.288) (0.579) (0.320)
Age (08/2005 -0.002**  -0.002**  -0.002***  -0.002***

(0.000) (0.000) (0.000) (0.000)
Dummy low wealtl(08/2005 -0.00¢ -0.00¢ -0.01( -0.01%

(0.649) (0.648) (0.610) (0.588)
Dummy high wealtl(08/2005 0.01% 0.015 0.01« 0.00¢

(0.097) (0.099) (0.115) (0.599)

Log portfolio value(first day’ 0.00: 0.006*  0.015***
(0.276) (0.029) (0.001)
Length of relationshi(08/2005 -0.005%** -0.00z
(0.001) (0.505)
Risky share(08/2005 -0.00(
(0.603)
Observations 6,956 6,952 6,952 5177
PseudR’ 0.0046(  0.0048!  0.0068;  0.0061
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Table VI
Does the use of ETFs improve portfolio performance?

Table VI reports estimates of a panel regressioarg/the dependent variable is net return of anstovgmodel

1) or excess net return of an investor (modelsr@uidfh 7). Here excess net return is excess oeeB timonth
Euribor rate. The regression is estimated withr yead investor fixed effects and time-varying inees
characteristics. The independent variable @radt isSUse of ETFswhich is set to one if an investor holds an
ETF on day t. The other independent variablesttagetime-varying risk factors (MSCI ACWI, World Bdn
CDAX, German Bond, CDAX (SMB), CDAX (HML) and CDAXMOM) and time-varying portfolio
characteristics of the investor (the log of théyiportfolio value in EurosLog portfolio valug, the systematic
risk-adjusted returnAlpha), portfolio turnover, and average number of traded| these time-varying portfolio
characteristics of the investor are rolling movigrages calculated on a daily basis at t=0 owepttor 126
days from t-1 to t-12616 days MA “Alpha (net)126 days MAtomes from a regression of excess net
portfolio returns on the German benchmark index GDwthe t-126 to t-1 window, and is estimated safey
for each investor. Standard errors are clusteyatdhbe and are robust to heteroscedasticity. Begahre shown
in parentheses. Three stars (***) denote signifceaat 1% or less; two stars (**) denote signifzaat 5% or
less; one star (*) denotes significance at 10%ess.| The numbers of observations and investomsehas R-
squares are reported.

Performance
1) (2) 3) 4) (5) (6) )
Netreturn  Excessnet  Excessnet Excessnet Excessnet Excessnet Excess net
return return return return return return
Use of ETFs -2.102 -2.681 -1.568 -4.777 -4.819 -5.199 -5.163
(0.687) (0.513) (0.678) (0.202) (0.197) (0.161) (0.164)
MSCI World All Country excess return 0.879%** 0.788%**
(0.000) (0.000)
World bond index excess return -0.854%**
(0.000)
CDAX excess return 0.741%** 0.743%%* 0.771%%* 0.770%**
(0.000) (0.000) (0.000) (0.000)
German bond index excess return 0.079 -0.077
(0.580) (0.599)
CDAX (SMB) 0.120* 0.122*
(0.052) (0.054)
CDAX (HML) -0.053 -0.052
(0.346) (0.358)
CDAX (MOM) -0.159%** (. 16]1%%*
(0.000) (0.000)
Log portfolio value 126 days MA 0.684 0.912 1.232 1.731 1.760 2.391%** 2.372%*
(0.680) (0.464) (0.291) (0.123) (0.117) (0.039) (0.041)
Alpha (net) 126 days MA -0.244 -0.201 -0.200 -0.314%* -0.314%* -0.356%* -0.356**
(0.409) (0.264) (0.180) (0.044) (0.044) (0.013) (0.013)
Portfolio turnover 126 days MA -124.806 -126.337 -137.421 -132.717 -132.312 -136.456 -136.925
(0.296) (0.261) (0.214) (0.236) (0.237) (0.220) (0.218)
Average number of trades 126 days MA -48.278%*  -40.928%** 47 8RQFH* 37 3Q5kkk 37 JAQHAkk 3R GQQ*** 38 T42%**
(0.010) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000)
Constant 5.017 -0.460 -7.130 -7.392 -7.285 -3.098 -3.148
(0.694) (0.948) (0.307) (0.185) (0.196) (0.602) (0.595)
Observations 5,984,911 5,984,911 5,984,911 5,984,911 5,984,911 5,984,911 5,984,911
Number of investors 6,729 6,729 6,729 6,729 6,729 6,729 6,729
R-squared 0.00403 0.258 0.289 0.296 0.296 0.302 0.302
Year fixed effect Yes Yes Yes Yes Yes Yes Yes
Investor fixed effect Yes Yes Yes Yes Yes Yes Yes
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Table VI

Are ETFs responsible for the deterioration in portolio performance? Split portfolio
analysis

Table VII summarizes results from a split portfoloalysis. Panel A displays results after traneactiosts,
whereas Panel B presents results before transamits. Portfolio # 0 is the full portfolio of instrs without
any changes to securities traded or to the trasiiragegy. Portfolio # 1 is the non-ETF part of goetfolio of
investors. Portfolio # 2 is the ETF part of thetfmio of investors. The following performance mes$ are
used: ReturnReturr) and its respective standard deviati®tafhdard deviatiop the ratio of excess returns and
excess standard deviatior&h@rpe ratiy, and measures based on a one factor model afrpehce evaluation
using the MSCI ACWI as indeXAlpha represents Jensen’s alpha&tais the coefficient on the market factor
and unsystematic variance shais the variance the model is unable to explaine Tolumndelta to full
portfolio is the difference in returns between # 0 portfair@ the respective # 1 or # 2 portfolio. Thealue
tests whether the delta is statistically differeotn zero using standard errors clustered at thendar date.

Zﬂ::gio Securities considered Return p. asg?;%:j S’::trife Alphap.a. p-Value Beta VL;?iSaﬁ:tzns]T]: Observations ngift(;)li;u" p-vsglu'tiotlz Fu
PANEL A: NET RETURNS
#0 All securities -2.5191 0.4739 -5.3153 -4.3644 0.3410 6676 0.6324 737,637 0.0000 n.a.
#1 No ETFs -2.4465 0.4826 -5.0690 -4.2497 0.3518 0.6703 460.6 737,637 0.0697 0.4494
#2 ETFs -3.4666 0.5431 -6.3825 -5.5250 0.2712 0.6568 0.7035 737,637 -0.8912 0.1360
PANEL B: GROSS RETURNS
#0 All securities -1.5140 0.4736 -3.1966 -3.3612 0.4631 6670 0.6321 737,637 0.0000 n.a.
#1 No ETFs -1.4284 0.4823 -2.9615 -3.2331 0.4785 0.6697 468.6 737,637 1.0000 0.5576
#2 ETFs -2.4303 0.5427 -4.4782 -4.4925 0.3707 0.6561 0.7032 737,637 2.0000 0.5600
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Table VI

Are ETFs responsible for the deterioration in portilio performance? Counterfactual
analysis of the ETF part of the portfolio

Table VIII summarizes results from a counterfactsdlysis for the ETF part of the portfolio. PaAdlisplays
results after transaction costs, whereas Panel é3epts results before transaction costs. Countediac
portfolios are created by either changing the sgesrconsidered or the trading strategy. As ibl&aVil,
portfolio # 1 is the non-ETF part of the portfobbinvestors and portfolio # 2 is the ETF partlod portfolio of
investors. In counterfactual portfolio #3, “B&Hiye disregard all ETF sell transactions. In couUatgual
portfolio #4, “First buy B&H", each investor onlyugs and holds the first ETF ever purchased. In
counterfactual portfolio #5, “ETF trades in MSC&ach ETF transaction is substituted with a traimsadh a
Vanguard fund which tracks the MSCI World. Coufaetual portfolios #6, “B&H in MSCI” and #7, “First
buy B&H in MSCI” mimic the counterfactual portfoba#3 and #4, where we replace the individuals’ EvFs
the Vanguard MSCI World fund. The following perfante metrics are used: ReturRefurr) and its
respective standard deviatioB8téndard deviation the ratio of excess returns and excess stardiaridtions
(Sharpe rati9, and measures based on a one factor model afrpgfce evaluation using the MSCI ACWI as
index. Alpha represents Jensen’s alphatais the coefficient on the market factor amisystematic variance
shareis the variance the model is unable to explaire Thlumndelta to ETF paris the difference in returns
between the ETF part of the portfolio and the repe counterfactual portfolio. The-valuetests whether the
delta is statistically different from zero usingrstlard errors clustered at the calendar date.

Z?J:tnﬁb)ior Securities considered Return p. as::\l/?:t%nd S’::trize Alpha p.a. p-Value Beta vi?;{i‘z'gi;ﬁe Observations DEKZ:;I ETF p;_iliea:?
PANEL A: NET RETURNS
#1 No ETFs -2.4465 0.4826 -5.0690 -4.2497 0.6703 0.6703 460.6 737,637 0.9609 0.486
#2 ETFs -3.4666 0.5431 -6.3825 -5.5250 0.6568 0.6568 0.7035 737,637 0.0000 n.a.
#3 B&H -0.8809 0.5299 -1.6624 -3.3769 0.508 0.5891 0.7236 7,683 2.4240 0.029
#4 First buy B&H -0.3335 0.5461 -0.6106 -2.9528 0.559 %58 0.7324 737,637 2.9972 0.009
#5 ETF trades in MSCI -3.2448 0.4306 -7.5359 -4.8685 10.06 0.7966 0.5004 737,637 0.3378 0.930
#6 B&H in MSCI -1.8267 0.3544 -5.1546 -3.0739 0.314 0.9270 0.1454 737,637 1.9565 0.759
#7 First buy B&H in MSCI -1.6634 0.3554 -4.6808 -2.9031 .340 0.9272 0.1498 737,637 2.1205 0.739
PANEL B: GROSS RETURNS

#1 No ETFs -1.4284 0.4823 -2.9615 -3.2331 0.478 0.6697 66.64 737,637 0.9427 0.494
#2 ETFs -2.4303 0.5427 -4.4782 -4.4925 0.371 0.6561 0.7032 37,637 0.0000 n.a.
#3 B&H -0.7117 0.5298 -1.3432 -3.2077 0.530 0.5890 0.7235 7,683 1.5577 0.161
#4 First buy B&H -0.2811 0.5461 -0.5147 -2.9005 0.566 078 0.7325 737,637 2.0140 0.081
#5 ETF trades in MSCI -2.2388 0.4302 -5.2044 -3.8658 @.13  0.7961 0.4997 737,637 0.3076 0.936
#6 B&H in MSCI -1.6194 0.3554 -4.5570 -2.8591 0.341 0.9272  0.1497 737,637 1.1290 0.859
#7 First buy B&H in MSCI -1.6194 0.3554 -4.5570 -2.8591 347 0.9272 0.1497 737,637 1.1290 0.859
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Table IX

Are ETFs responsible for the deterioration in portblio performance? Counterfactual
analysis of the full portfolio

Table IX summarizes results from a counterfactualysis for the full portfolio. Panel A displaysstdts after
transaction costs, whereas Panel B presents réaiitiee transaction costs. Counterfactual portéotice created
by either changing the securities considered ottrédding strategy. As in Table VII, portfolio #i4 the non-
ETF part of the portfolio of investors and portéoli# 2 is the ETF part of the portfolio of investorsn
counterfactual portfolio #3, “B&H", we disregardl &TF sell transactions. In counterfactual poitfo#4,
“First buy B&H", each investor only buys and holite first ETF ever purchased. In counterfactuatfptio
#5, “ETF trades in MSCI”, each ETF transaction ubstituted with a transaction in a Vanguard fundcivh
tracks the MSCI World. Counterfactual portfolio§, #B&H in MSCI” and #7, “First buy B&H in MSCI”
mimic the counterfactual portfolios #3 and #4, vehee replace the individuals’ ETFs with the VangustSCI
World fund. The following performance metrics ased: ReturnReturr) and its respective standard deviation
(Standard deviation the ratio of excess returns and excess stardiaritions Sharpe ratig, and measures
based on a one factor model of performance evaluaising the MSCI ACWI as indeAlpha represents
Jensen’s alphdjetais the coefficient on the market factor amsystematic variance shai®the variance the
model is unable to explain. The colurdelta to full portfoliois the difference in returns between the full
portfolio and the respective counterfactual poitfol he p-valuetests whether the delta is statistically different
from zero using standard errors clustered at thendar date.

Portfolio Standard ~ Sharpe Unsystematic Delta to Full p-Value to Fu

Number Securities considered Return p. B eviation Ratio Alpha p.a. p-Value Beta Variance Share Observations portolio portolio
PANEL A:NET RETURNS
#0 All securities -2.5191 0.4739 -5.3153 -4.3644 0.3410 6676 0.6324 737,637 0.0000 n.a.
#1 No ETFs -2.4465 0.4826 -5.0690 -4.2497 0.3518 0.6703 460.6 737,637 0.0697 0.449
#2 ETFs -3.4666 0.5431 -6.3825 -5.5250 0.2712 0.6568 0.7035 737,637 -0.8912 0.136
#3 B&H -1.9422 0.4518 -4.2986 -3.8862 0.398 0.6588 0.5981 7,683 0.5688 0.028
#4 First buy B&H -1.9273 0.4427 -4.3540 -3.8771 0.399 B%65 0.5867 737,637 0.5685 0.136
#5 ETF trades in MSCI -2.4353 0.4671 -5.2137 -4.2335 .32 0.6819 0.6198 737,637 0.0946 0.810
#6 B&H in MSCI -2.2170 0.4423 -5.0126 -3.9335 0.329 0.7063  0.5610 737,637 0.3622 0.617
#7 First buy B&H in MSCI -2.0182 0.4243 -4.7565 -3.6975 .32 0.7207 0.5223 737,637 0.5688 0.614
PANEL B: GROSS RETURNS

#0 All securities -1.5140 0.4736 -3.1966 -3.3612 0.4631 6670 0.6321 737,637 0.0000 n.a.
#1 No ETFs -1.4284 0.4823 -2.9615 -3.2331 0.4785 0.6697 466.6 737,637 1.0000 0.558
#2 ETFs -2.4303 0.5427 -4.4782 -4.4925 0.3707 0.6561 0.7032 737,637 2.0000 0.560
#3 B&H -1.1717 0.4425 -2.6480 -3.1226 0.4969 0.6531 0.5865 37,687 0.3193 0.402
#4 First buy B&H -1.1282 0.4516 -2.4983 -3.0736 0.5035 5846 0.5980 737,637 0.3778 0.144
#5 ETF trades in MSCI -1.4344 0.4668 -3.0729 -3.2345 1m45 0.6812 0.6196 737,637 0.0904 0.818
#6 B&H in MSCI -1.2584 0.4241 -2.9672 -2.9390 0.4305 02720 0.5221 737,637 0.3237 0.774
#7 First buy B&H in MSCI -1.3923 0.4420 -3.1497 -3.1105  .44D2 0.7058 0.5608 737,637 0.1819 0.802
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Does the Use of ETFs Improve Users’ Portfolio Perfmance:
A Test Using a Matching Methodology

We now address the most important question of twnlys“do users benefit from
ETFs?” with a different methodology: a matching neetology. In the main text we use the
full panel structure of our dataset to answer thisstion. Here we only consider investors
who first use an ETF in the time period from AugB806 to March 2009 (switch period).
This criterion results in a sample of 4,095 custanef which 429 traded at least one ETF in
the period from August 2006 to March 2009, and 8,86n-users who did not trade any ETF
in the period from August 2005 to March 2010. Teiod from August 2005 to August
2006 is thus a clean period before switches, ag@eve will use for matching and generating
other control variables. The period from March 2@0 March 2010 is a clean period after

switches, a period we need to measure portfolitopaance.
Figure 1 provides a time line.
[INSERT FIGURE A1 ABOUT HERE]

We also require, as in Barber and Odean (2002),ttieainvestors have a position in

each month of the study period.

Table Al gives the results of a probit test in wahilce dependent variable is set to one
if an investor opted to use ETFs at least once. iidependent variables are either static
(e.g., our socio-demographic variables) or measorad the pre-switch clean period (see
Figure Al). This approach is necessary becausesiaks do not switch all at once but at
different times over a longer period. This avoid$eptial spurious inferences. The F-test in
Table A-1 shows statistical significance, suggestthat the independent variables do
distinguish between these two groups. Table Ab &ddls us that those who will become

users are more likely to be female, younger, trambee often, and have higher portfolio
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values. Their idiosyncratic variance share and thatfolio performance is also higher, but

not significantly so.
[INSERT TABLE A1 ABOUT HERE]

The key question is what occurs after use. Hemee,compare the portfolio
characteristics of users before and after the disst with a matched sample of non-users. In
formal terms, we use a matched-pair design in daletime and measure the difference-in-
difference before and after. The details of thécimag procedure are as follows. A user is
matched to a unique non-user using all significeartables from table Al: gender, age, log
portfolio value, and number of trades. Additiogalve match on alpha computed separately
for each investor against the CDAX benchmark asvast the alpha difference between the
control and the treatment group before the treatrteebe similar. This is to ensure that if
we get a result in the diff-in-diff, the result cemmfrom the difference after treatment and not
before treatment. Note again that the matchingalbes are all computed in the pre-switch

clean period.

Table A2 in this appendix is a test of the quatityhe match. The difference in this
table compared to Table Al is that instead ofratlestors who have a position statement in
every month of our sample period, we only incluleisers and all matched investors in this
regression. Table A2 reveals that our match ishamt. The F-test shows no statistical
significance, suggesting that these independeiblas no longer distinguish between these

two groups (see Sianesi 2004).
[INSERT TABLE A2 ABOUT HERE]

As in Barber and Odean (2002) and Seasholes and(Z010), we now construct

portfolios in calendar-time.The analysis is in calendar-time to mitigate amgbfems of



cross-correlatiof’ Two distinct time series of returns for users emastructed. On each

calendar day, we calculate the average of the deailyns of the investors who have not yet
bought their first ETF and the average of the degfyirns of the investors after they have
bought their first ETF. For the sample of matclmeestors, we construct two analogous

time series of returns.

For these time-series, we compute a number of wigksdd and accepted performance
measures: raw returns, market-adjusted returnactbif alphas (Jensen’s (1968) alphas), and

Carhart 4-factor alphas.
Table A3 reports the results of the difference-iifiedence test.
[INSERT TABLE A3 ABOUT HERE]

In Table A3, we note that no matter how we meadhee change in portfolio
performance — raw return, market-adjusted retur8@Vior CDAX), 1-factor alpha (MSCI or
CDAX), or 4-factor alpha (CDAX) — the differencess differences are negative for raw
return, market adjusted return, and all alphas (ifleadjusted returns) but the CDAX 4-

factor alph&®

2" papers by Fama (1998) and Mitchell and Staffor@@3 argue strongly in favor of the calendar-time
approach. Seasholes and Zhu (2010) lay out fouaraeges of the calendar time approach that ateparly
relevant in our case: calendar time portfolios dbsuffer from cross-correlation problems, damgenéffect of
small stocks on returns, allow the study of geolgi@pffects, and use a data set’s entire time ser¢owever,
calendar-time approaches are also criticized in litegature. Loughran and Ritter (2000) note tlrat
unbalanced panels the calendar-time approach uedgrs observations from periods with a large nunadfe
observations and over-weights observations fronogerwith a small number of observations. Loughsad
Ritter (2000) argue that “tests that weight firngsi@ly should have more power than tests that vieighh time
period equally.” In our case, results from the @pproaches may differ because the number of iokestho
switch to ETfs increase over time.

% The reason that the difference-in-difference pestimates are identical for three variables —réive return,
market-adjusted return MSCI and market-adjusteatmeEDAX — is that we are subtracting the same t@ons-
market return — to obtain the last two variablesrithe first.
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As to which variable(s) to use for matching is dabke, for further robustness, we
also match a user to a non-user with a similar eizportfolio, as in Barber and Odean

(2002).
[INSERT TABLES A4 and A5 ABOUT HERE]

Tables A4 and A5 are the counterparts to tables#®A3, respectively. In table A5
the deterioration of performance for users of EifFall alpha models is bigger than -4% and
highly statistically significant. So the resultstbfs alternate match on portfolio size are even

more negative for the users of ETFs than the resfithe previous match.

Our conclusion is that individual investors do imoprove their portfolio performance
after using ETFs. This is the same conclusion drénem section Ill and table VI in the

main text.



Figure Al
Time line

The figure presents the sequence of relevant ef@ntise matched pair analysis of the effects oF&®n individual investors’ portfolios (dates always at the end of the respective month)
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Table Al

Who uses ETFs? A probit test for all users and nonsers

Table Al reports the marginal effects of a probgression. The dependent variable for the pregteassion is a
dummy Qummy userthat is set to one for clients that held at lems¢ ETF within the sample period. All
investors for which we have position statementsewery month of our sample period are included iis th
regression. For the estimation of the probit mpdet independent variables are time-invariant easured either
at the beginning08/2005 of our sample period or within the first ye@8(2005 - 08/2006before the first use of
an ETF by an investor. The independent variablestee following: a dummy that is equal to 1 ifleet is male
(Dummy malg the age of a cliendge), a dummy that is equal to 1 if a client fallsomategories 1 to 3 of a micro-
geographic status rating by an external ageBeyr(my low wealth a dummy that is equal to 1 if a client fallsant
categories 7 to 9 of the micro-geographic stafbgn{my high wealth years the client has been with the bank
(Length of relationship the average risky portfolio value of the custorf®verage log portfolio valye the
proportion of risky assets in the accouRisky sharg the number of trades per montkvérage number of tradgs
the average volume per trade in Avérage turnover per trade in)£the average portfolio turnover per month
(Portfolio turnovej, the market-adjusted return measured againsSEB®X (Average market-adjusted retyrand
the idiosyncratic variance shartdipsyncratic variance shaje The idiosyncratic variance share stems from
applying a 1-factor Jensen model calibrated for nazgty and estimated separately for each investor.
Heteroscedasticity robust p-values are in parerthe§he pseudo R-squared values and number ofvatisas
are reported as well. Three stars (***) denotesigance at 1% or less; two stars (**) denote gigance at 5% or
less; one star (*) denotes significance at 10%es.1

Dummy user
Dependent variable (1) 2) 3) “4) 5)

Demographics

Dummy male -0.021 -0.022 -0.023* -0.023%* -0.023*
(0.132) (0.107) (0.094) (0.095) (0.094)
Age -0.001%**  -0.002*** -0.002%** -0.002%**  -0.002***
(0.002) (0.000) (0.000) (0.000) (0.000)
Dummy low wealth -0.002 -0.001 -0.001 -0.000 -0.001
(0.924) (0.954) (0.977) (0.987) (0.952)
Dummy high wealth 0.004 0.003 0.005 0.005 0.005
(0.696) (0.725) (0.621) (0.624) (0.605)
Investor characteristics
Length of relationship 0.002 0.002 0.002 0.002
(0.462) (0.437) (0.415) (0.402)
Average log portfolio value (08/2005 - 08/2006) 0.013%%* 0.008 0.007 0.009*
(0.006) (0.106) (0.164) (0.080)
Risky share (08/2005) -0.000 -0.000 -0.000 -0.000
(0.356) (0.327) (0.371) (0.366)
Average number of trades (08/2005 - 08/2006) 0.005%** 0.005%** 0.005%**
(0.001) (0.001) (0.002)
Average turnover per trade in € (08/2005 - 08/2006) 0.000 0.000 0.000
(0.120) (0.130) (0.183)
Portfolio turnover (08/2005 - 08/2006) -0.132 -0.127 -0.141
(0.202) (0.219) (0.175)
Portfolio characteristics
Market-adjusted return (08/2005 - 08/2006) 8.159 8.859
(0.120) (0.109)
Idiosyncratic variance share (08/2005 - 08/2006) 0.000
(0.104)
Observations 4,095 4,095 4,095 4,095 4,095
Pseudo-R’ 0.00479 0.00889 0.0129 0.0135 0.0145
F-test 0.00515 0.000163 0.000155 6.79¢-05




Table A2

Who uses ETFs? A probit test for all users and theimatched non-users

Table A2 reports the marginal effects of a probgression. The dependent variable for the pregtassion is a
dummy Qummy useérthat is set to 1 for clients that held at leaw & TF within the sample period. The difference
in this table compared to Table Al is that instethcluding all investors who have a position staént in every
month of our sample period, we only include allrasand all matched investors. The match is basedllo
significant variables from table Al and alpha. fa estimation of the probit model, our independ@mniables are
time-invariant or measured either at the begini@®J2005 of our sample period or within the first ye@8(2005 -
08/2006 before the investor’s first use of an ETF. Thdependent variables are the following: a dummy itha
equal to 1 if a client is mal®(mmy malg the age of a clienAge), a dummy that is equal to 1 if a client fallsant
categories 1 to 3 of a micro-geographic statusgdby an external agenc@mmy low wealth a dummy that is
equal to 1 if a client falls into categories 7 tof@he micro-geographic statudymmy high wealfh years the client
has been with the bankédngth of relationship the average risky portfolio value of the custor(®verage log
portfolio valug, the proportion of risky assets in the accouRisKy sharg the number of trades per month
(Average number of tradgsthe average volume per trade in/Asérage turnover per trade in)€the average
portfolio turnover per monthPrtfolio turnovej, the market-adjusted return measured againSEeX (Average
market-adjusted retujnand the idiosyncratic variance shatdiqsyncratic variance shaje The idiosyncratic
variance share stems from applying a 1-factor Jensedel calibrated for Germany and estimated séglgréor
each investor. Heteroscedasticity robust p-vatuesn parentheses. The pseudo R-squared valdesuamber of
observations are reported as well. Three star§) (enote significance at 1% or less; two stars) (#enote
significance at 5% or less; one star (*) denotgsificance at 10% or less.

Dummy user

Dependent variable 1) 2) 3) “) 5)
Demographics
Dummy male 0.023 0.017 0.018 0.018 0.019
(0.597) (0.705) (0.687) (0.688) (0.671)
Age 0.001 0.001 0.001 0.001 0.001
(0.337) (0.452) (0.468) (0.477) (0.446)
Dummy low wealth 0.106 0.106 0.106 0.104 0.098
(0.182) (0.182) (0.184) (0.189) (0.218)
Dummy high wealth -0.009 -0.008 -0.007 -0.005 -0.004
(0.797) (0.828) (0.840) (0.892) (0.916)
Investor characteristics
Length of relationship 0.007 0.006 0.006 0.006
(0.373) (0.400) (0.413) (0.411)
Average log portfolio value (08/2005 - 08/2006) 0.006 0.000 0.005 0.010
(0.695) (0.998) (0.805) (0.593)
Risky share (08/2005) -0.000 -0.000 -0.000 -0.000
(0.800) (0.832) (0.795) (0.799)
Average number of trades (08/2005 - 08/2006) 0.003 0.002 0.001
(0.602) (0.703) (0.822)
Average turnover per trade in € (08/2005 - 08/2006) 0.000 0.000 0.000
(0.397) (0.451) (0.467)
Portfolio turnover (08/2005 - 08/2006) -0.262 -0.220 -0.241
(0.454) (0.530) (0.490)
Portfolio characteristics
Market-adjusted return (08/2005 - 08/2006) -38.168 -39.076
(0.229) (0.221)
Idiosyncratic variance share (08/2005 - 08/2006) 0.001
(0.269)
Observations 858 858 858 858 858
Pseudo-R’ 0.00236 0.00322 0.00405 0.00528 0.00633

F-test 0.799 0.902 0.852 0.829




Table A3

Does the use of ETFs improve portfolio performance? difference-in-difference test in calendar-time

Table A3 reports performance measures for 427 uget3 Fs and their matched neighbors for the perioefore and after they begin using ETFs. The Imiagtbased on all significant variables
from table Al and alpha. The differences betwéenusers and their matches are compared beforaftend The last column reports the differencedifiedences between before and after. The
performance metrics provided in this table arewdated in calendar-time. For each day, we caleulla¢ average return for users who have not ygedtéo use ETFs and for users who have
already started to use ETFs, thereby constructimgequally weighted portfolio return series that agpresentative of an average investor within egobp. Equivalent average returns are
calculated for users’ matched neighbors. Metricwvided are measures of overall performance. Ratwrms are annualized daily returns. Market-adpliseturns are raw returns minus the
return of a benchmark, MSCI or CDAX. We furthepoet 1-factor alphas for the MSCI ACWI and the CDAX well as 4-factor alphas for the CDAX. P-valaes reported in the line below
the respective metric. Three stars (***) denogmndicance at 1% or less; two stars (**) denotendfigance at 5% or less; one star (*) denotes figanice at 10% or less.

Returns (%, annual)

Raw return -7.55 -7.82 0.27 -1.30 -0.46 -0.84 -1.11
.946 731 814

Market-adjusted return MSCI -1.10 -1.37 0.27 -1.34 -0.50 -0.84 -1.11
.873 .833 .946 .830 932 731 .814

Market-adjusted return CDAX 2.08 1.81 0.27 0.27 1.11 -0.84 -1.11
7147 789 .946 963 .858 731 .814

Overall alpha (%, annual)

MSCI 1-factor -4.83 -4.15 -0.68 -3.79 -2.75 -1.04 -0.36
523 .603 713 613 744 492 .850
CDAX 1-factor -5.14 -4.43 -0.71 -2.63 -1.41 -1.21 -0.50
337 .504 770 .740 .870 338 796
CDAX 4-factor 0.72 2.04 -1.32 -0.55 0.46 -1.01 0.31
790 710 .662 902 923 510 929




Table A4
Who uses ETFs? A probit test (match based on portfio size)

Table A4 reports the marginal effects of a probgression. The dependent variable for the pregtassion is a
dummy Qummy useérthat is set to 1 for clients that held at leaw & TF within the sample period. The difference
in this table compared to Table Al is that instethcluding all investors who have a position staént in every
month of our sample period, we only include allrasand all matched investors, where the match sedan
portfolio size. For the estimation of the probibael, our independent variables are time-invar@nimeasured
either at the beginningd8/2005 of our sample period or within the first yed&8(2005 - 08/2006before the
investor’s first use of an ETF. The independemialdes are the following: a dummy that is equal tib a client is
male Dummy malg the age of a clientAgd, a dummy that is equal to 1 if a client fallsardategories 1 to 3 of a
micro-geographic status rating by an external agébommy low wealt) a dummy that is equal to 1 if a client
falls into categories 7 to 9 of the micro-geograpstatus Dummy high wealth years the client has been with the
bank (ength of relationship the average risky portfolio value of the custorffeverage log portfolio valye the
proportion of risky assets in the accouRisky sharg the number of trades per montkvérage number of tradgs
the average volume per trade in Avérage turnover per trade in)£€the average portfolio turnover per month
(Portfolio turnoveyj, the market-adjusted return measured againsSEB®X (Average market-adjusted retyrand
the idiosyncratic variance shartdipsyncratic variance shaje The idiosyncratic variance share stems from
applying a 1-factor Jensen model calibrated for nzgry and estimated separately for each investor.
Heteroscedasticity robust p-values are in parerthe§he pseudo R-squared values and number ofvatisas
are reported as well. Three stars (***) denoteigance at 1% or less; two stars (**) denote gigance at 5% or
less; one star (*) denotes significance at 10%9s.1



Table A5

Does the use of ETFs improve portfolio performance? difference-in-differences test in calendar-timgmatch based on portfolio size)

Table A5 reports performance measures for 427 wfeleE§ Fs and their matched neighbors for the periogfore and after they begin using ETFs. The mistdased on portfolio size. The

differences between the users and their matchesoanpared before and after. The last column repb# difference-in-differences between beforeaftet. The performance metrics provided
in this table are calculated in calendar-time. €ach day, we calculate the average return forsusho have not yet started to use ETFs and forsusko have already started to use ETFs,
thereby constructing two equally weighted portfalurn series that are representative of an aedragstor within each group. Equivalent aversgarns are calculated for users’ matched
neighbors. Metrics provided are measures of ovpeaformance. Raw returns are annualized datlyrns. Market-adjusted returns are raw returnsusithe return of a benchmark, MSCI or

CDAX. We further report 1-factor alphas for the ®ISACWI index and the CDAX as well as 4-factor aghfor the CDAX. P-values are reported in the batow the respective metric. Three

stars (***) denote significance at 1% or less; tstars (**) denote significance at 5% or less; dlae &) denotes significance at 10% or less.
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