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1 Introduction

Substantial evidence shows that financial decisions are affected by social connections.
The finance literature in particular has established that social ties affect participation in
the market for risky assets (Kaustia & Kniipfer, 2012; Ouimet & Tate, 2019; Haliassos
et al., 2020; Maturana & Nickerson, 2019; Georgarakos et al., 2013). Less is known, how-
ever, about whether social interactions propagates good or bad investment behavior. Do
social connections spread information about the benefit of participating in risky assets in
general? Social connections would then increase stock market participation and reduce
the costs of non-participation, an extensively studied mistake that many households make
(Mehra & Prescott, 1985; Bach et al., 2020; Gomes et al., 2020). Or do social connections
rather spread information about individual assets, making stock market participation a
by-product of the advice to invest in specific assets? In this case, the quality of advice
becomes paramount: bad advice could facilitate moves into specific assets like cryp-
tocurrencies or ‘meme’-stocks, lead to investment mistakes on the individual level, and
potentially asset bubbles on the macro-level (Pedersen, 2021). Alternatively, good advice
could reduce idiosyncratic risk and improve portfolio quality, for example by spreading

information about investments in mutual funds or ETFs.

Despite the central importance of social networks for spreading information, the liter-
ature, however, lacks a comprehensive study on whether social interactions propagates
good or bad investment behavior. This is due to several challenges. First, the overall
quality of the peer-effect for the investment cannot be determined at the asset or even
asset-class level. Rather, this type of analysis requires detailed portfolio composition of
the follower and the peer in question, which is often difficult to obtain. It is instead
common to focus on participation in risky assets or specific investments.! Second, peer

relationships are often unobserved, forcing researchers to use proxies for social ties, such

L An exception is Kniipfer et al. (2021), who show that investors tend to hold the same securities
as their parents. Research at the individual-asset or asset-class level shows mixed effects. For example,
Ouimet & Tate (2019) show that peer influence facilitates participation value-maximizing employee stock
purchase plans, which are beneficial for the investors. However, Georgarakos et al. (2013) show that peer
influence contributes to excessive borrowing and likelihood of financial distress, and Hvide & Ostberg
(2015) find that social interaction does not improve the quality of individual investment decisions.



as working in the same office or living in the same neighborhood. This makes it more
challenging to separate the effect of social ties from the effects of selection and exposure

to common shocks.

Our study takes advantage of a unique setting where we can address all of the issues de-
scribed above. Specifically, we are able to directly observe peer relationships and portfolio
composition for a sample of German households. The peer relationship consists of indi-
viduals who recommend (Recommender) their bank and brokerage to an acquaintance
(Follower).? We link individuals to their investment decisions, which consist of detailed
data on portfolio composition and trading behavior, and study how the portfolios of the

Recommender affects the portfolio of the Follower.

Our results can be summarized as follows. First, we provide evidence of a considerable
overlap between portfolios of Recommenders and Follower, described in more detail below.
The evidence thus suggest that social ties help spread information about individual assets,
which makes it important to study the quality of the advice. Second, we find that investors
that follow peer advice have better portfolios than investors with the same demographic
characteristics, measured as a lower relative Sharpe Ratio loss and lower diversification
loss (Calvet et al., 2007). We show that the quality of the portfolios appears to be driven
by the investment in funds. On average, the quality of financial advice that is shared
between subjects in our setting is high. However, this brings us to our final main result.
We find that the quality of the follower portfolio is highly correlated with the quality of
her peers portfolio. The same is true for the participation in different asset classes. An
individual is more likely to invest in good asset-classes such as mutual funds if her peer
invests in funds. However, the same relationship holds for “bad” asset-classes, such as
lottery stocks. This suggest that social connections can propagate both good and bad
investment behavior, depending on the quality of advice given. We conclude that in our
setting the “good” investment of the peers outweighs the “bad” investment spill-over and

leads to a better portfolio quality of the followers.

2Recommenders are incentivized with a cash bonus (20 EUR) or a non-cash bonus item from a variety
of home appliances and electronics



Our setting allows us to circumvent a key challenge with the empirical study of peer
effects in portfolio choice: the relationships between investors is generally unobserved.
The lack of data on direct relationship often forces researchers to rely on assumptions
about the nature of peer relationships, for example by grouping individuals based on
working environment (Duflo & Saez, 2002, 2003; Ouimet & Tate, 2019), family ties (Li,
2014), or geography (Haliassos et al., 2020; Hong et al., 2004; Kaustia & Kniipfer, 2012).
This approach helps uncover the casual effect of peers by exploiting variation in the
composition of these groups, but also aggregates influential individuals with those whose
social connections may be limited or absent. Our data contains direct links between
peers. We are therefore, along with Heimer (2016) and Pelster & Gonzalez (2016), able
to establish a direct peer-effect. In addition, as most papers look at the extensive margin,
our data and panel structure allow further investigation of the intensive margin and focus

on joint portfolio similarity and portfolio quality.

The overlap analysis helps separate the effect of social ties, peer effects, from the effects
of selection and exposure to common shocks. Most factors that would explain correlation
between investors who are connected, such as correlated risk aversion, background risk
or local bias operate at the level of the portfolio, not at the level of individual securities
(Kniipfer et al., 2021). The investors in our sample have access to over 900,000 differ-
ent assets, meaning that the likelihood that individual investors end up with the same
portfolio by chance is minuscule. A positive overlap between Recommender and Follower
is therefore likely to arise only because the Recommender advised their friend over their
investment. We find that approximately 20 percent of securities are shared between the
Recommender and the Follower. The overlap share remains persistently high over a two-
year period. For Followers with a positive overlap share, 30 percent of Followers share
between 75 and 100 percent with their Recommender, indicating that within this group,
the peer is the primary source of information about which assets to invest in. To assess
whether the overlap in portfolio composition occurs by chance or due to, for example, a
local bias directing investors to the same stocks, we conduct several placebo tests, which

confirm that Recommenders have a significantly larger influence on the Follower port-



folios compared to placebo sample of investors and to majority of all investors at the
bank. Thus, the overlap we find between peer-investors is unlikely to be observed by

chance.

We then move on to study the quality of peer advice. Specifically, we analyze the Return
Loss and Relative Sharpe ratio loss for Followers during their first twelve months of
trading. We construct these measures at the individual level using a CAPM-model for
expected returns, following the approach in Calvet et al. (2007). The Relative Sharpe
ratio loss compares the Sharpe ratio of the individual investor to the Sharpe ratio of a
benchmark index, in our case the German DAX index, and measures the diversification
loss achieved by the risky portfolio. The Return loss instead measures the average return
the investor foregoes by choosing their individual portfolio instead of a position that
combines the benchmark index with cash to achieve the same risk level. Both these
measures have previously been used to measure individual portfolio quality (Calvet et al.,

2007), and are useful as a summary measures.

To identify a control group we apply the Coarsened Exact Matching of Tacus et al. (2012),
and compare the measures of portfolios quality for Followers to the matched sample. We
compare portfolio quality for a Follower to the portfolio quality of an individual investor
starting the same year as the Follower, with the same age and income for the first twelve
months of trading. Although we have a longer time series, we chose the first twelve
months of trading to avoid learning and luck from having an influence on portfolio choice

(Anagol et al., 2021).

Our first main finding is that Followers have better portfolio performance. We first ex-
amine Return loss and find that Followers are on average not statistically different to
the matched sample. We then show that Followers have lower relative Sharpe Ratio loss.
Using decomposition of the Return Loss from Calvet et al. (2007), we show that on aver-
age, Followers have a higher risky share, a higher portfolio beta and lower diversification
loss than the matched sample of investors. In addition, we find that the better quality

of the portfolios is rooted in Followers investment strategies. Specifically, we show that



Followers are 4-6 percentage points more likely to invest in funds compared to a matched
sample of new investors, even after controlling for a wide range of individual and location-
specific characteristics. We do not find any effects on the intensive margin (i.e. the share
of funds invested into funds, given than the individual invests in funds). However, the
average share invested in funds, given that an individual participates, is over 80 percent,
thus providing little scope for further increases. We also examine the “bad” investment
choices of Followers, such as investment in lottery stocks. Defining lottery stocks as in
(Kumar, 2009), we show that Followers are equally likely to invest in lottery stocks as
the matched sample. However, Followers allocate significantly less funds towards lottery
stocks on the intensive margin. It appears that Followers are more likely to invest in
funds and are more prudent with their riskier asset types, such as lottery stocks, which

explains better portfolio performance.

Our second main finding is that the better quality of Followers portfolios is likely a
result of a “good” peer influence. First, we show that there is strong positive correlation
between ranking of Followers and Recommenders based on Return Loss and relative
Sharpe ratio loss measures. Followers of bottom-decile Recommenders hold portfolios
with significantly lower Return loss compared to those recommended by peers at the other
end of the distribution. In general, all measures of portfolio quality are highly correlated
between Follower and Recommender. Second, we find that Followers investment choices
are highly correlated with investments of Recommenders and “good” investments are
more likely to be passed from Recommenders to Followers. We show that Follower is
50 percent more likely to invest in funds if her Recommender invests in Funds. The
positive correlation hold for the intensive margin too: a one percent higher share of fund-
investment for the Recommender is associated with 0.33 percent higher share of funds for
the Follower. The correlations for the “bad” assets are much lower in comparison. The
extensive margin correlation for the lottery stocks is slightly above 30 percent with no
controls and drops to 15 percent with demographic controls and fixed effects. In addition,
there is no positive correlation between the portfolio shares invested in the lottery stocks

by Recommender and Follower. This relationship is robust to controlling for a wide



range of Follower characteristics. Finally, we examine the relationship between good and
bad investments of Recommenders and Followers portfolio performance. We find that
Followers, whose Recommenders invest in funds, have lower Return Loss, lower relative
Sharpe ratio loss, lower portfolio beta, and lower diversification loss. Simultaneously,
Recommenders participation in lottery stocks does not have a significant effect on any of

the quality measures.

Our results contribute to the growing literature on peer effects and social networks (Bailey
et al., 2018; Cookson & Niessner, 2020; Siming, 2014) as well as the role of peer effects in
investment decisions and saving behavior (e.g., Beshears et al., 2015; Bursztyn et al., 2014;
Heimer, 2016; Kaustia & Kniipfer, 2012; Ouimet & Tate, 2019).% Specifically, our study
improves our understanding of how social ties influence investment decisions by examining
their influence on not only detailed portfolio composition but also on performance. In
this respect, our findings complement an established literature on peer’s influence on
participation in equity markets (Kaustia & Kniipfer, 2012; Ouimet & Tate, 2019; Haliassos
et al., 2020; Maturana & Nickerson, 2019; Georgarakos et al., 2013) by showing that
influence from social connections have scope for both good and bad investment advice.
Although the effect we find in our setting is broadly positive, peer effects need not improve
the efficiency of individuals’ portfolios. Heimer (2016) relates the influence of peers on a
trading platform to investment performance by noting an increase in the disposition effect,
arguably decreasing performance. These findings suggest that the increase is likely driven
by investors attempting to maintain or create a good impression in front of their trading-
peers. Similarly, Cookson et al. (2021) shows that investors on a social network associate
themselves with like-minded peers which reduces performance. Our study complements
these recent studies by showing that inexperienced or new investors can largely benefit
from the influence of a closely connected, non-random, peer. Our setting also allows
us to sidestep several pitfalls common to studies on peer-effects in investment decisions
such as reverse causality and contextual or correlated effects. We provide evidence that

non-random peers exert influence over the portfolio decisions of individual investors.

30utside of the finance literature, we also contribute to the work on word-of-mouth in marketing
(e.g., Kumar et al., 2010; Schmitt et al., 2011; Lovett et al., 2013; Baker et al., 2016).



We also contribute to a large literature on the performance and investment behavior
of retail investors. This literature has documented that retail investors trade too much
(Barber & Odean, 2000) or are too passive or inert (Bilias et al., 2010; Calvet et al.,
2009), are under-diversified and expose themselves to idiosyncratic risk (Calvet et al.,
2007), chase trends or high attention stocks (Barber & Odean, 2008), and tilt their
portfolios towards specific assets or asset classes, e.g., local stocks (Seasholes & Zhu,
2010), dividend paying securities (Hartzmark & Solomon, 2019; Brauer et al., 2021),
and cryptocurrencies or meme-stocks (Hackethal et al., 2021; Hasso et al., 2021). As
such, advice from other retail investors, even close peers - may not always result in
better portfolios. We contribute to this literature by examining if investors that follow
their friends end up with undiversified portfolios and/or with lower expected returns. In
general, our analysis provides a new and additional view on how external factors such as

peer effects influence individual financial decision-making.

The remainder of our paper is structured as follows: Section 2 provides an overview of
the data, the variables we use to measure portfolio quality and the sample. Section 3
discusses the methodology and provides evidence on the overlap in portfolio composition.
Section 4 provides our main results on whether peer effects are good or bad for portfolio

quality. Section 5 concludes.

2 Data, variables and summary statistics

We use data from a large German online bank. The bank offers their clients a broad
range of retail products, including checking and savings accounts, consumer loans and
mortgages, and brokerage services as well as robo- and telephone advice. The sample
includes a total of 258,000 randomly selected clients with their socio-demographic and
transaction data from January 2003 until September 2017. For consistency, we exclude
all customers without a securities account or customers for whom certain values are

missing.*

4See Hackethal et al. (2021) for additional discussion of this dataset.



The dataset also contains data from 2012 to 2017 about a referral campaign the bank
is constantly running, incentivized referrals with a cash bonus of 20 EUR or non-cash
bonuses such as mixers, suitcases, headphones or coffee machines. Customers can rec-
ommend a person via their online banking portal by sending a Facebook message or
a link via email. Banks have such programs because referred customers have a higher
contribution margin at the beginning of the relationship, higher retention and are more
valuable (Schmitt et al., 2011). Referral programs are also important for banks, as the
goods and services in banking are more experience goods rather than search goods (e.g.
Bolton et al., 2007; McKechnie, 1992), and recommenders help to reduce the uncertainty

in choosing a new bank or product.

The data on customer referrals allow us to identify direct peers by linking referred cus-
tomers with their recommenders. In total, we have a list of 4,011 customers who rec-
ommended someone and 4,011 customers who were referred. After matching this data on
referrals to demographic data and cleaning it, we have 1,852 Followers remaining. We
further restrict the sample by age, remove Followers who also act as Recommenders, re-
move Followers who do not open a security account or open a security account before
the recommendation date. Finally, we remove those Followers who have an account at
the bank before the campaign started in 2012. Our final Follower sample consists of 533
directly matched peer pairs. A full sample selection table is available in Table 77 in the

appendix.

We make some further adjustments to the full dataset. We are interested in bank cus-
tomers who have investments, and who are active during the period when the Followers
join the bank (after 2012). We therefore select customers who have non-zero assets un-
der management, and drop observations prior to when the customer opened a securities
account at the bank. We also include only the first 12 months of trading activity, and
collapse the data to one observation per individual. Although we have a longer time
series, we chose the first twelve months of trading to avoid learning and luck from having
an influence on portfolio choice (Anagol et al., 2021). Since Followers are all new in-

vestors, we also compare their behavior to other investors who recently joined the bank.



In particular, we select new investors who joined after 2012 to form our control group.
Our final dataset contains the average values for each variable over the first 12 months of
trading for Followers, Recommenders, and a large number of investors who have recently
begun trading at the bank. We do not observe investment or trading activity at other

banks.

2.1 Summary statistics

Table 1 provides demographic summary statistics for Recommenders, Followers and the
general sample of investors who join the bank after 2012. We compute the average across
monthly data for the first 12 months after opening a security account for all individuals.
For Recommenders we calculate averages for the first 12 months after their matched
Follower opens a security account, ensuring that the data for the Recommender comes
from the same period as their Follower. Column 5 provides a t-test for differences in

means across Follower and the general sample.

In general, Follower and the general sample are similar across most demographics. Fol-
lowers are less likely to be male, are somewhat less likely to have a joint account, and have
more total assets under management (AUM). Comparing Followers and Recommenders,
we see that Recommenders are more likely male, are slightly older, are more likely to
have our bank as their main bank, have higher income and have almost twice the amount

held in total AUM. It therefore looks like Recommenders are positively selected.

Table 2 report summary statistics for portfolio characteristics. Followers are less likely
to be stock market participants, have a higher risky share, a lower weight on individuals
stocks and a greater weight on funds, compared to the general sample. When it comes to
portfolio characteristics, Followers have a higher portfolio Beta, a higher expected return
and a higher Sharpe ratio. Finally, Followers also have a lower relative Sharpe Ratio
Loss. As we will further explore later, the portfolio characteristics of Followers generally

resemble those of the Recommenders.



3 Identifying peer effects

This section presents the methodology of how we identify peer effects by examining over-
lap in portfolio composition, followed by the results. We also examine the determinants

of the overlap share.

3.1 Methodology

There are three main challenges for our analysis. First, it is in general not clear who
is influencing whom when documenting peer effects, meaning that we need to ensure
that the direction of causality goes from Recommender to Follower. Second, we may
observe the same behavior for Recommender and Followers because of some inherent
characteristics, for example because of similar levels of risk aversion. We therefore need to
account for contertual effects that may inform the portfolio decisions of both Follower and
Recommender. Third, we may observe the same behavior because both the Recommender
and Follower are exposed to the same shocks, for example local income shocks. Our

analysis therefore need to account for correlated effects in terms of shocks.

First, we observe a direct link between peers that often has to be assumed in other
studies. This helps us determine the direction of causality, as we can fix the Recommender
portfolio a month before the Follower portfolio. For the first month of trading, the
portfolio of the Recommender appears before the Follower even has a securities account.
It is highly implausible that the Follower advised their Recommender on what assets to
invest in, and then wait a month before opening their own account. We therefore assume

that it is the Recommender who affects the Follower.

Our approach to identifying peer effects in portfolio composition and to solve the above
issues is to examine the overlap between the portfolios of the Recommender and the
Follower. We calculate portfolio overlap Overlap! as the value of securities that are

present in both the Recommender portfolio and the Follower portfolio divided by the
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value of the Follower portfolio:

K
Overlap! = 21 Vilk=m (1)

et Vi

where V}, is the value of asset k in the portfolio of Follower ¢, 1,—,, is an indicator equal to
one if asset k is in both the Follower and the Recommender portfolio. We also calculate
an unweighted overlap as UnweightedOverlap!” = %. This measure is simply
the number of individual assets k£ that are shared between the Recommender and the

Follower divided by the number of assets in the Follower portfolio.

To see how the overlap in portfolios helps solve the challenges described above, it is worth
comparing peer effects in portfolio composition to peer effects in stock market partici-
pation, the standard outcome variable in most of the literature. Contextual effects and
correlated shocks likely predict participation in financial markets, but it is less clear that
they would predict portfolio composition. We observe over 900,000 different assets that
German households could feasibly invest in. Even if two individuals are connected be-
cause of their level of risk aversion, it is unlikely that risk aversion alone would predict
that they invest in the same assets. Similar logic applies to common shocks: even if a
local newspaper or financial literacy program were to promote a specific asset class such
as mutual funds or ETF's, there are still a wide range of specific funds for the individual
investor to chose. Observing an overlap in the specific assets within a portfolios is there-
fore considerably more likely to be because of peer effects, compared to observing that
two neighbors both participate in the stock market. This point is also made by Kniipfer

et al. (2021), who examines inter-generational linkages in portfolio composition.

It is still possible, however, that preferences for popular or local stocks drives the portfolio
composition for the Follower and Recommender. To account for these possibilities and
to assess the rarity of the overlap, we start our analysis by comparing the overlap in
portfolios between Followers and Recommenders to the overlap for matched pairs, which
we call Placebo pairs. We construct Placebo pairs by first limiting the sample to new

investors to match our setup for the Followers. Specifically, we select all new investors who
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join the bank after 2012. We then construct the matched pairs by i) randomly matching
individual investors ii) matching each individual investors to other similar investors based
on demographic characteristics, location, wealth and the risky share using the Coarsened
Exact Matching of Iacus et al. (2012). This approach allows us to further control for
contextual effects and common shocks. If contextual effects or common shocks drive the
decision to invest in certain stocks, then we should observe a similar level of portfolio
overlap between Follower and Placebo Followers. We conduct the placebo exercise 100

times to attain a measure of uncertainty in the Placebo overlap share.

We also conduct an exercise where we match each Follower to all other investors with

active portfolios over the same 12-month window.

3.2 Overlap results

The first set of results are presented in Figure 1. The figure plots the average value share
and the number of stocks of the Follower portfolio that overlaps with the Recommender
portfolio over time. The Recommender portfolio is fixed one month before and time
is normalized to zero in the month of recommendation. Panel a) plots the unweighted
overlap (the number of assets that overlap between the Follower and the Recommender).
At the time of recommendation, the unweighted overlap is close to 20 percent, decreasing
to approximately 16 percent two years after the recommendation date. In panel b), we
weight the number of overlapping assets by their share of the portfolio. The weighted
overlap share is approximately 10 percent at time of recommendation, and the share
increases over time. Note that at the time of recommendation, the Follower does not
have a securities account at the bank by construction, but the Recommender does have
an account. It is therefore highly likely that the direction of causality runs from the

Recommender to the Follower.

Figure 2 provides additional evidence on the overlap in portfolios. Specifically, the figure
plots the distribution of overlap for All Followers (orange bars) and for Followers with

positive overlap (blue bars). While a majority of Followers have no overlap, among the 30
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percent of Followers with positive overlap the share is considerable. Around 30 percent of
Followers with positive overlap share between 75 and 100 percent of their portfolio with
their Recommender. Examining the overlap for Followers with a non-zero overlap over
time, Figure 3 shows that the unweighted overlap share is around 50 percent after two
years, decreasing from 70 percent at time of recommendation. The weighted overlap is

more stable across time, fluctuating around 35 percent.

In marked contrast, the overlap share for the placebo estimates are close to zero. The blue
line marks the average overlap share for the Placebo Followers, and the blue error bar
represents the 99th and 1st percentile of the draws from the population. As these error
bar shows, the average overlap is never above 5 percent, indicating that the considerably

higher overlap that we observe for Followers is unlikely to occur by chance.

Figure 4 provides an alternative illustration. In the figure, we match each Follower
portfolio to the portfolio of all investors active over the same 12-month window. For each
Follower we have approximately 90,000 portfolios. The figure shows how little overlap
there is on average between investor portfolios, reflecting the dizzying number of assets
that investors could potentially choose. For more than 80 percent of the sample the
overlap is zero and the average overlap for the Placebo sample is again close to zero. The
average overlap in Follower-Recommender portfolios of 20 percent is larger than the 95th
percentile of the Placebo portfolios. To observe such a large share of Followers having a

non-zero overlap is thus highly unlikely to happen by chance.

We interpret these results as evidence that Recommenders provide advice about portfolio
composition that Followers use to form their portfolios. For a substantial fraction of all
Followers, their peer provides a substantial part of the information Followers use to form

their portfolios.
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3.3 Determinants of overlap

Before moving on to understand if this results in better or worse portfolio outcomes, we

briefly provide evidence on the determinants of the overlap share.

What explains whether a Follower has positive overlap? Table 3 performs an exploratory
analysis using Follower characteristics. The dependent variable is the average overlap
share for the first 12 months of trading, and the independent variables are related to
either demographic characteristics (column 1), portfolio characteristics (column 2) or
bank characteristics (column 3). The table shows that overlap is lower if the Follower
is male, holds an academic degree, and if the bank is their main bank. Conversely, the

overlap share is higher if the risky share if higher.

In contrast, assets under management (AUM), the number of securities, portfolio values,
total average logins, or having a joint account predicts overlap. Finally, we also examine
whether differences between the Follower and the Recommender predicts overlap. Stolper
& Walter (2019) find that homophily (an individual’s affinity for socializing with others
like them), predicts whether they listen to financial advice. However, we do not find sta-
tistically or economically significant evidence that the overlap share in portfolios is larger
if the Follower and the Recommender are more similar in either age, income, or gen-
der. Moreover, the adjusted R? value for all regression is low, showing that demographic

characteristics generally do not explain much of the variation in overlap share.

Why do we not find any effects of homophily? The relationships defined in our data
are not random: one person has recommended their bank to their friend. The estimates
in Table 3 for differences in age, income and gender already incorporate any effect of
homophily on the propensity to become friends. The estimates should therefore be read
as given that you are friends, do proxies for homophily matter? In effect, this is the
intensive margin of homophily, whereas the effect in Stolper & Walter (2019) is the

extensive margin effect.
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4 Main Results

This section provides the main results on whether peer effects are good or bad for portfolio
quality. We begin by a brief overview of the methodology, and then provide results where
we compare the return loss and relative Sharpe Ratio loss for Followers to a matched
sample of other investors. We further show how Followers’ portfolio quality is related
to their investment strategies, and investigate how Follower and Recommender portfolio

quality correlate.

4.1 Measuring portfolio quality

We measure the quality of peer advice by comparing the portfolios of the Followers to a
control group. To identify a control group we apply the Coarsened Exact Matching of
lacus et al. (2012), and compare the measures of portfolio quality for Followers to the
matched sample. The matched sample consists of investors who start investing in the
same year, are the same age, and have similar income. In words, we compare portfolio
quality of a Follower to the portfolio quality of an individual investor with the same age

and income for the first twelve months of trading.

We first examine several measures of portfolio quality for Recommenders and compare
them to the portfolio quality in the matched sample. Specifically, we calculate the Return
Loss and the Relative Sharpe Ratio loss for the Follower portfolio and for the overlap port-
folio. We construct the matched sample based on demographic characteristics, location,
wealth and the risky share, and compare the Return Loss and the Relative Sharpe Ratio
loss between Followers and Placebo Followers. Similar to before, we collapse the first 12

months of trading to isolate the peer effect from any learning by the Follower.

In our empirical exercise, we have chosen to examine the full portfolio of the Follower
instead of examining the portfolio that overlaps between Follower and Recommender. If
the peer is only recommending certain assets, and the Follower constructs the rest of the

portfolio on their own without taking the recommended assets into account, examining
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only the overlap portfolio is appropriate. No overlap in portfolios is then consistent with
no peer effects. We believe that this is unlikely to be true, however, for several reasons.
First, the Follower overall portfolio could be influenced by the Recommender even if
no assets overlap. One can imagine, for instance, that the Recommender advises the
Follower to invest in a certain asset or asset class, and that the Follower construct their
portfolio with this recommendation in mind. This would be the case if the Recommender
encourages investments into mutual funds, for example, and would imply a peer effect
even if the overlap share is zero. We will examine this effect directly. Second, portfolio
composition is not independent from the single assets in the portfolio. If the Follower
purchases an asset because of a recommendation, they should also adjust the rest of
their portfolio. This implies that the non-overlap is a function of the overlap portfolio
share, making it appropriate to examine the full portfolio instead of just the overlapping

assets.

We compare Followers to a matched sample of other investors who are in their first year of
trading. Specifically, we estimate the following equation to examine the portfolio quality

of Followers:

Yir = @+ yFollower;y, + X{ 3 f + 0ik + € (2)

where y; is the main dependent variable, measured for individual ¢ living in region k during
the first twelve months after opening their securities account. We focus on log Return
Loss and log Sharpe Ratio loss. « is a constant, Follower; is a dummy variable equal
to one for Followers and zero for placebo Followers. We include a vector of demographic
and financial control variables in X', and in certain regression also include a time-region

fixed effect 0, ;. Finally, we use robust standard errors.
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4.2 Baseline results

Table 4 provides our first main results. In the first three columns the dependent variable
is log Return Loss, and in the last three columns the dependent variable is the log relative
Sharpe ratio loss. Column 1 and 4 provide results without control variables, column 2
and 5 adds separate region and year fixed effects, and column 3 and 6 adds further control

variables based on individual characteristics.

The results in the first three columns show that Followers have lower Return Loss, where
the coefficients are not statistically significant in column 2 and 3. The coefficient on
Follower in Column 1 is -0.10 and is significant at the 10 percent level. The coefficient
is -0.09 when we add time-region fixed effects in column 2, but decreases somewhat to
-0.04 when we add additional controls for age, gender, income and dummy variables for
different professions in column 3. The results are also not economically significant: the
coefficient of -0.10 in column 1 compares to an average log return loss of -6.83 for the

entire sample.

In columns 4-6 we examine the Relative Sharpe Ratio loss. Recall that the relative
Sharpe ratio loss measures loss from diversification, and that a higher value entails a
larger loss. In contrast to the previous results, all results for the RSRL are economically
and statistically significant, and show that Followers have more diversified portfolios. The
coefficient in column 4 is -0.15, which is around 10 percent of the average relative Sharpe
ratio loss. The coefficient decreases to -0.14 when we add fixed effects for region, age and

years, and is further decreased to -0.12 in column 6.

Table 5 provides a simple heterogeneity analysis. In the table we interact the Follower
dummy variable with dummies for age, income, high number of transactions and male,
and also control independently for these dummies. In column 1, for example, Age dummy
X Follower examines the return loss for young Followers, while controlling for both
Follower and Age dummy separately. The results show that young investor generally
have higher return loss, as indicated by the positive and significant coefficient on Age

dummy. The coefficient on Age dummy x Follower, however, is negative, showing that
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young Followers have a lower return loss. In column 5 we also see that similar results
hold for the relative Sharpe ratio loss. The coefficient on Income dummy x Follower
and Male x Follower are similarly negative, but are not statistically significant. Our
interpretation is that while young investors generally hold worse portfolios, this effect is

mitigated by the presence of a Recommender.

Table 6 presents results for the decomposition of return loss into its components from
equation ??. We regress return loss (the same results as Column 3 of Table 4) and each
component of return loss on a dummy for Follower as well as on demographic and financial
variables. As before, the return loss is not significantly lower for Followers. However, the
rest of the results reveal that Followers have a higher risky share, i.e. that they invest
a larger share of their portfolio into risky assets. Moreover, they have a higher portfolio

beta, and a lower diversification loss.

4.3 Investment styles

What accounts for the lower diversification loss for Followers? Table 7 shows that Fol-
lowers are significantly more likely to invest in funds compared to the matched sample.
Column 1-3 regresses a fund participation dummy on the Follower dummy and the same
set of control variables as in Table 4. An interpretation of these results is that Recom-
mender give advice over investing in funds, which causes higher quality portfolio for their

Followers.

We then ask if the correlation in investment style also applies to other dimensions. Specif-
ically, we ask if Followers are more likely to invest in lottery stocks than the matched

sample.

Table 8 provides the results. The table shows that Followers are equally like to invest
in lottery stocks as the matched sample. In addition, conditional on investing in lottery
stocks, Followers invest less into these assets. Conditional on investing, Followers invest

approximately 4 percent less funds into lottery stocks compare to the average investment

18



of about 11 percent.

Overall, the results show that Followers if compared to a matched investor are more likely
invest in funds, "good” assets, and are more prudent with their investments in lottery

stocks, "bad” assets.

4.4 What determines Follower portfolio quality?

In the previous section we showed that overall, portfolio quality is higher among Followers
than a comparable sample of matched investors. In this section, we test between the
relevant mechanisms which underlie our results. Specifically, we test if the better quality
of Followers’ portfolios is related to peer effects, or due to some other characteristic of the
Follower. Intuitively, if the higher quality of Follower portfolios is due to peer effects, we
should see that a positive correlation in measures of portfolio quality between Followers

and Recommenders.

Panel A of Figure 5 plots the log Return Loss and the Log Relative Sharpe Ratio Loss for
the Follower against Recommender rank over the each variable. We sort Recommenders
into deciles by log Return loss and the Log Relative Sharpe Ratio Loss, and then compare
the portfolio quality for Followers across deciles. There is a strong linear relationship
between Recommender rank and Follower portfolio quality for both measures. Followers
log Return Loss increases from -7.8 to -5.8 between the top and bottom decile. In Panel
B of Figure 5 we instead plot the log relative Sharpe Ratio Loss, again showing an almost

linear relationship between Recommender rank and the value for the Follower.

Figure 6 then shows that the above results are robust to controlling for various char-
acteristics of the Follower and to using continuous values for the Recommender. The
figure provides binscatter plots of Follower and Recommender portfolio characteristics.
The figure demonstrates additional results for portfolio beta, risky share, portfolio value
and weight in funds. All figures controls for a wide range of Follower characteristics, and

plots the Follower variable on the y-axis and the corresponding variable for the Recom-
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mender over the same time period on the x-axis. Table 9 provides estimates in table
form. Overall, the results indicate that there is a strong correlation between the portfolio
characteristics of the Follower and the Recommender. For example, a 1 percent higher
higher Return Loss for the Recommender is associated with a 0.51 percent higher Return
Loss for the Follower. All these estimates are statistically significant at the 1 percent

level and are robust to including control for Follower characteristics.

Table 10 provides an alternative estimate of the determinant of Follower portfolio quality.
The table regresses portfolio characteristics on a dummy variable, Good Recommender
equal to one if the Recommender has an below median return loss. Good Recommenders
are associated with a lower Return Loss, a lower Sharpe Ratio loss, a lower risky beta

and a higher weight in funds.

The next question is how do Recommenders transmit the quality of their portfolios to
Followers. To answer this question, we first investigate the relationship between invest-
ment choice of peers. We concentrate on two type of assets: funds and lottery stocks.
Table 11 shows that there is high and significant correlation between fund investment of
Recommender and Follower both at the extensive and intensive margins. Follower is 50
percent more likely to invest in funds if Recommender invests and one percent point in-
crease in fund share of Recommender is associated with 0.33 percentage point increase in
fund share in Follower’s portfolio. In comparison, the correlation between lottery stocks
are much lower. At the extensive margin, the Follower is 16 percent more likely to invest
in lottery stocks if the Recommender invests. The correlation at the intensive margin is
not statistically different from zero. Followers appear to follow the investment behavior of
Recommenders asymmetrically: Followers pick up “good” asset-advice and follow “bad”

advice at a lesser extent.

Finally, we examine the relationship between Recommender investment style and Fol-
lower’s portfolio quality characteristics. We classify recommenders into categories based
on their investment in funds and lottery stock. We create two dummy variables equal

to one if Recommender invests in funds/lottery stocks, and zero otherwise. We estimate
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equation (3):

Yik = o + y1RecFundlInvest; + o RecLotterylnvest; + Xikﬁ + ik + € (3)

where y; is the main dependent variable, measured for individual ¢ living in region k
during the first twelve months after opening their securities account: log Return Loss,
log Sharpe Ratio loss, log portfolio beta, log risk share, and log diversification loss. « is a
constant, RecFundInvest; is a dummy variable equal to one if Recommender of Follower
7 invests in funds and zero otherwise, RecLotterylnvest; is a dummy variable equal to
one if Recommender of Follower 7 invests in lottery stocks and zero otherwise. We include
a vector of demographic and financial control variables in X’, and time-region fixed effect

di 1 in all the regressions. Finally, we use robust standard errors.

Table 13 presents the results. The table shows that both the effect of investment style of
the Recommender and the Follower herself. As expected fund participation by Follower
decreases the Return Loss, the log Relative Sharpe ratio, portfolio beta, and diversifica-
tion losses. Fund participation overall improves the quality of the portfolio. The same
is true for the Recommender fund participation. If the Recommender invests in funds
the quality of the Follower’s portfolio improves. However, we do not observe the same
alignment in the effects of Follower and Recommender lottery stock investment. Table 13
shows that portfolio quality decreases if Follower invests in lottery stocks. Nonetheless,
the Recommender lottery stock investment does not have a significant effect on Follower’s
portfolio quality. Followers appear to implement the ”good” peer-advice to buy funds

and disregard or use at lesser extent the "bad” advice to invest in lottery stocks.

All of the above evidence allow us to conclude, that Recommenders provide investment

advice to Followers and that advice is improving Followers’ portfolio quality.
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4.5 Comparing Recommenders to the general population

How do the portfolios of the Recommenders compare to the general population? Panel
A) of Figure 7 plots the distribution of log return loss for Recommenders and all other
investors in our sample. Recall that a lower value of log Return Loss indicates a better
outcome. The figure shows that the distribution of log Return Loss for Recommenders
is shifted more towards the left, which indicates that their portfolios in general are of
better quality. Panel B) plots the distribution of Log Relative Sharpe Ratio loss, again

showing a similar pattern.

5 Conclusion

In this paper, we use administrative data from a German online bank to analyse peer
effects based on a direct recommender-referral relationship. We find that recommenders
differ with referrals by being more often male and active, with higher portfolio values.
Referrals are more likely to participate in the stock market if the recommender does.
In addition, we find a persistently high share of peer effects within the portfolios of

referrals.

The question we ask in this paper is whether peer effects lead to better portfolios. The
answer, as with much else in finance and economics, is that it depends. We provide
evidence that peer effects in finance derive from overlap in portfolio composition: friends
recommend specific assets to another, resulting in an overlap between their portfolios.
In our setting it turns out that this leads to better outcomes. However, in our case
Recommenders had better portfolios than the average investor, which is not necessarily

the case in all situations.

The key overall message from our results is instead that peer effects lead to similarity
in portfolio composition. Whether peer effects are good or bad for individual portfolios
then depend on how good your friends are and who you listen to. While in our case the

friends turned out to be quite good for portfolio composition, primarily due to a higher
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propensity to invest in stocks, it is reasonable to believe that this will not be the case in
all situations. Indeed, if peer effects in stock market participation arises due to overlaps
in portfolio composition it is natural to assume that this will spread investment mistakes

too, provided that the peer makes such mistakes.

Finally, we note that the results should be interpreted with care, both due to the sample
and methodological challenges in peer research. The external validity is limited, as the
sample only consists of data from one German online bank. The choice of this bank
is not exogenously given, and the generalization of the findings is therefore limited. In
addition, peer pairs have not been randomly assigned, and there might be issues due to

the simultaneity problem.
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6 Figures
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Figure 1: Overlap in number of assets and share of portfolio

Notes: Panel a) show the unweighted overlap share, the overlap in number of assets. Panel b) shows the portfolio overlap,
where the overlap in assets is weighted by their value in the portfolio. For both figures the orange line shows the development
of peer-determined number of shares in the Followers’ portfolios from 0 to 24 months after the referral date. The portfolio
for the Recommender is lagged one month relative to the Follower. The blue line shows the peer-determined share for
Placebo Followers. Placebo Followers are defined as individuals who begin trading during one of the years where we observe
Followers. Placebo Recommender are matched to a Follower based on age, portfolio value, total wealth, gender, experience,
stock participation, risky share and German federal states. The blue confidence intervals mark the 1 and 99th percentile
of the distribution of placebo overlap shares.
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Figure 2: Distribution of overlap share

Notes: The figure shows the distribution of the number of investors by the average share of peer-determined securities in
their accounts. The portfolio for the Recommender is lagged one month relative to the Follower.
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Figure 3: Overlap and unweighted overlap for Followers with positive overlap

Notes: The orange line shows the development of peer-determined shares in the Followers’ portfolios from 0 to 24 months
after the referral date. The portfolio for the Recommender is lagged one month relative to the Follower. The blue line shows
the peer-determined share for Placebo Followers. Placebo Followers are defined as individuals who begin trading during
one of the years where we observe Followers. Placebo Recommender are matched to a Follower based on age, portfolio
value, total wealth, gender, experience, stock participation, risky share and German federal states. The blue confidence
intervals mark the 1 and 99th percentile of the random draw of the overlap share .
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Figure 4: Overlap with all investors

Notes: The dashed red line shows the average portfolio overlap between followers and recommenders while the blue
histogram bars show the matched share of assets for all investors in the sample.
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Figure 5: Follower portfolio quality conditional on Leader portfolio quality

Notes: The figure plots the log Return Loss (Panel A) and the Log Relative Sharpe Ratio Loss (Panel B) for the Follower
against Recommender rank. Recommenders are sorted into deciles by log Return loss and the Log Relative Sharpe Ratio
Loss, and the average value for Followers is shown on the y-axis. 95% confidence intervals are provided.
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Figure 6: Follower and Recommender Portfolio composition

Notes: The figure provides binscatter plots of Follower and Recommender portfolio characteristics. The figure demonstrates
additional results for portfolio beta, risky share, portfolio value and weight in funds. All figures controls for a wide range
of Follower characteristics (See table 9), and plots the Follower variable on the y-axis and the corresponding variable for
the Recommender over the same time period on the x-axis.
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Notes: Panel A plots the distribution of log return loss for Recommenders and all other investors in our sample. Panel B
plots the distribution of Log Relative Sharpe Ratio loss for Recommenders and all other investors in our sample.
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7 Tables

Table 1: Descriptive Statistics

Notes: This table reports the descriptive statistics of the customer demographics and the characteristics of the recom-
menders and the referrals of the full sample. The last column presents the differences in means between both groups, where
t-statistics are reported in brackets. Total AUM is assets under management, including risky assets and cash. Income
proxy is the monthly average difference between the high and low balances in the checking account. Geo wealth proxy is
measured on a scale from 1-9 and indicates the average wealth level of individuals within a micro-geographical area. I:
Main bank is an indicator equal to one if a customer allocates at least half of the tax exemption limit to this bank. The
reported values are calculated by first computing the cross-annual average for the last 12 observations and then taking the
cross-sectional average of these values across all investors. Standard deviations are in parentheses. *, ** and *** denote
significance at the 10%, 5% and 1% levels, respectively.

(1) (2) 3) (4) (5)

Follower Placebo  Placebo with weights Recommender  T-test (2) - (1)

A. Demographic characteristics

I: Male 0.52 0.72 0.72 0.77 0.20%**
(0.50) (0.45) (0.45) (0.42) [9.90]
Age 41.45 41.78 41.46 43.16 0.33
(15.53) (13.81) (15.45) (14.30) [0.54]
I: Academic title 0.06 0.06 0.05 0.05 -0.01
(0.24) (0.23) (0.22) (0.23) [-0.65]
I: Joint account 0.10 0.15 0.14 0.15 0.05%**
(0.29) (0.35) (0.34) (0.36) [3.34]
I: Main bank 0.31 0.28 0.28 0.49 -0.02
(0.46) (0.45) (0.45) (0.50) [-1.08]
B. Wealth and income
Total AUM (EUR) 34,624 29,058 31,215 60,654 -5,566%**
(48,528) (46,104) (47,743) (74,837) [-3]
Income proxy 2,692 2,962 3,523 4,284 270
(6,066) (9,918) (15,472) (7,811) [1]
Portfolio value (EUR) 24,736 23,341 25,925 91,661 -1,395
(45,427) (107,798) (76,911) (200,222) [-0]
Observations 533 26,590 18,801 533 27,123
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Table 2: Portfolio descriptive Statistics

Notes: The reported values are calculated by first computing the cross-annual average for the last 12 observations and
then taking the cross-sectional average of these values across all investors. Standard deviations are in parentheses. *, **
and *** denote significance at the 10%, 5% and 1% levels, respectively.

() 2) 3) ) (5)
Follower = Placebo  Placebo with weights Recommender T-test (2) - (1)
Total logins 24.398 31.453 34.188 50.270 7.055%
(88.719)  (88.056) (92.252) (113.616) [1.83]
Number of trades 1.785 2.038 2.174 3.345 0.253
(2.161)  (4.958) (4.766) (7.798) [1.18]
Stock market participant 0.501 0.560 0.550 0.757 0.059%***
(0.500)  (0.496) (0.497) (0.429) [2.71]
B. Portfolio composition
Risky share 0.643 0.576 0.642 0.540 -0.067%**
(0.297)  (0.316) (0.299) (0.369) [-4.87]
Number of securities 4.879 4.543 4.835 12.933 -0.336
(4.357)  (5.723) (5.547) (13.542) [-1.35]
Weight stocks 0.317 0.397 0.379 0.382 0.080%***
(0.417)  (0.442) (0.436) (0.377) [4.14]
Weight bonds 0.034 0.030 0.026 0.024 -0.004
(0.155)  (0.145) (0.137) (0.099) [-0.63]
Weight funds 0.608 0.521 0.544 0.525 -0.087***
(0.432)  (0.452) (0.448) (0.391) [-4.39]
C. Portfolio characteristics
Portfolio beta 1.275 1.014 1.063 1.079 -0.261**
(5.010)  (2.579) (2.207) (0.603) [-2.24]
Portfolio expected return 0.005 0.004 0.004 0.004 -0.001%**
(0.018)  (0.009) (0.008) (0.002) [-2.24]
Standard deviation of returns 0.087 0.065 0.074 0.069 -0.022
(0.668)  (0.939) (1.367) (0.307) [-0.53]
Sharpe ratio 0.089 0.076 0.083 0.088 -0.013***
(0.028)  (0.035) (0.033) (0.027) [-8.11]
Return loss 0.006 0.004 0.005 0.004 -0.002
(0.074)  (0.113) (0.165) (0.036) [-0.34]
Relative Sharpe Ratio loss 0.267 0.371 0.315 0.273 0.104%**
(0.233)  (0.291) (0.271) (0.226) 8.11]
Trade risk 1.824 1.872 1.951 1.887 0.048
(1.427)  (1.465) (1.458) (1.639) [0.76]
Herfindahl-Hirschman-Index 0.218 0.288 0.264 0.153 0.070%**
(0.315)  (0.356) (0.342) (0.245) [4.53]
Observations 533 26,590 18,801 531 27,123

37



Table 3: Overlap share and Follower Characteristics

Notes: The dependent variable is the average overlap share for the first 12 months of trading, and the independent variables
are related to demographic characteristics (column 1), portfolio characteristics (column 2) and bank characteristics (column
*, ¥*% and *** denote significance at the 10%, 5% and 1% levels, respectively.

3). Robust standard errors are in parentheses.

(1) (2) (3) (4) (5)
Demographics Portfolio  Bank All overd
I: Male -0.022 -0.020
(0.019) (0.023)
I: Academic title -0.065*** -0.065***
(0.019) (0.020)
Age -0.001 -0.002**
(0.001) (0.001)
Income proxy -0.000* -0.000
(0.000) (0.000)
Total AUM (EUR) -0.000 0.000
(0.000) (0.000)
Risky share 0.108*** 0.132%**
(0.034) (0.037)
Number of securities 0.001 0.001
(0.002) (0.003)
Portfolio value (EUR) 0.000 -0.000
(0.000) (0.000)
I: Main bank -0.023 -0.025
(0.018) (0.019)
Total logins 0.000** 0.000***
(0.000) (0.000)
I: Joint account -0.040 -0.029
(0.026) (0.027)
Number of trades 0.006* 0.004
(0.004) (0.004)
Age difference 0.000 0.001*
(0.000)  (0.001)
Different gender 0.016 0.013
(0.019)  (0.023)
Income difference -0.000  -0.000
(0.000)  (0.000)
Constant 0.148*** 0.037* 0.102*** (0.094*** 0.107**
(0.031) (0.020)  (0.013) (0.014) (0.042)
Observations 533 533 533 533 533
Adjusted R? 0.006 0.019 0.003 -0.004 0.028
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Table 4: Log Return Loss and relative Sharpe Ratio Loss

Notes: In the first three columns the dependent variable is log Return Loss, and in the last three columns the dependent
variable is the log relative Sharpe ratio loss. Column 1 and 4 provide results with no control variables, column 2 and 5 adds
separate region and year fixed effects, and column 3 and 6 adds further control variables based on individual characteristics.
Robust standard errors are in parentheses. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.

Return loss

Relative Sharpe ratio loss

(1) (2) 3)

(4) (5) (6)

Follower

I: Male

Income proxy (std)
I: Academic title
Constant

Region fixed effect

Year fixed effect
Age fixed effect

-0.10% -0.09  -0.04
(0.06)  (0.06) (0.06)

0.25%**

(0.03)

0.03%**

(0.01)

-0.25%#*

(0.06)

S0.15%HK (), 14K 0, 12%K

(0.04)  (0.04)  (0.04)
0.09%**
(0.02)
0.02%+*
(0.01)
-0.13%%%
(0.03)

-6.83HK (.83 FHK 7 00F** -1.49%HK ] 49*** ] BE¥**

(0.01) (0.01) (0.02)
No Yes Yes
No Yes Yes
No Yes Yes

(0.01) (0.01)  (0.01)

No Yes Yes
No Yes Yes
No Yes Yes

Observations
Adjusted R?

19117 19117 19117
0.000 0.022 0.029

19114 19114 19114
0.001  0.034 0.038
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Table 5: Heterogeneity: Individual characteristics

Notes: In the first four columns the dependent variable is log Return Loss, and in the last four columns the dependent
variable is the log relative Sharpe ratio loss. We interact the Follower dummy variable with dummies for age, income,
high number of transactions and male, and also control independently for these dummies. Robust standard errors are in

parentheses. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.
Return loss Relative Sharpe ratio loss
(1) (2) (3) (4) (5) (6) (7) (8)
Follower 0.13* -0.03 -0.11 0.00  -0.03  -0.11%F -0.15%F*.0.11%*
(0.07) (0.08) (0.09) (0.09) (0.05) (0.05) (0.06) (0.05)
Age dummy x Follower -0.32%%* -0.17%*
(0.11) (0.07)
Income dummy x Follower -0.01 -0.03
(0.11) (0.07)
Transaction dummy x Follower 0.10 0.02
(0.11) (0.07)
Male x Follower -0.08 -0.02
(0.11) (0.07)
Control variables
Age dummy 0.217%** -0.02
(0.03) (0.02)
Income dummy 0.06** 0.07%**
(0.03) (0.02)
Transaction dummy 0.22%%* 0.317%**
(0.03) (0.02)
I: Male 0.26%** (0.25%%* (.26%** 0.25%F* 0.10*** 0.09%** 0.10%** 0.09***
(0.03) (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02)
Income proxy (std) 0.03** 0.02*%* 0.02*  0.03*** 0.02*** 0.01** 0.01 0.02%**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
I: Academic title -0.27HFF (. 25HHF (), 26K (0. 25HHF (0, 13K (0, 1 3HHK (. 15K (0. 1 3HH*
(0.06) (0.06) (0.06) (0.06) (0.03) (0.03) (0.03) (0.03)
Region fixed effect Yes Yes Yes Yes Yes Yes Yes Yes
Year fixed effect Yes Yes Yes Yes Yes Yes Yes Yes
Age fixed effect No Yes Yes Yes No Yes Yes Yes
Observations 19117 19117 19117 19117 19114 19114 19114 19114
Adjusted R? 0.026 0.029 0.033 0.029 0.035 0.039 0.067 0.038
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Table 6: Decomposition of return loss

Notes: This table presents results for the decomposition of return loss into its components from equation ?7. We regress
return loss (the same results as Column 3 of Table 4) and each component of return loss on a dummy for Follower as well
as on demographic and financial variables. Robust standard errors are in parentheses. *  ** and *** denote significance
at the 10%, 5% and 1% levels, respectively.

Return loss Risky share Risky portfolio beta Diversification loss

In(RL;) Inw; InB; In (255 )
Follower -0.04 0.17#%* 0.08%* -0.16%**
(0.06) (0.04) (0.03) (0.05)
I: Male 0.25%** 0.08%** 0.07%** 0.15%**
(0.03) (0.02) (0.02) (0.02)
Income proxy (std) 0.03%#* -0.06%** -0.01 0.03%**
(0.01) (0.02) (0.01) (0.01)
I: Academic title -0.25%** 0.09%*** -0.05 -0.17***
(0.06) (0.03) (0.05) (0.05)
Region fixed effect Yes Yes Yes Yes
Year fixed effect Yes Yes Yes Yes
Age fixed effect Yes Yes Yes Yes
Observations 19117 19410 18486 18507
Adjusted R? 0.029 0.053 0.021 0.035
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Table 7: Participation in funds

Notes: Column 1-3 regresses a fund participation dummy on the Follower dummy and the same set of control variables as
in Table 4 while Columns 4-6 examine the intensive margin by conditioning on fund participation. Robust standard errors

are in parentheses. *, **

, and *** denote significance at the 10%, 5% and 1% levels, respectively.

Extensive margin

Intensive margin (Fund =1)

v @ e @ 6 ©
Dependent variable: Dummy Dummy Dummy  Share Share Share
Follower 0.078*** 0.079%F* 0.072*** 0.005 0.008 -0.006

(0.019)  (0.019)  (0.019) (0.015) (0.015)  (0.015)
I: Male -0.029%** -0.067***
(0.009) (0.007)
Income proxy (std) -0.002 -0.011%*
(0.004) (0.005)
I: Academic title 0.055%** -0.015
(0.019) (0.015)
Constant 0.678%*F* 0.678*** (0.696™** (.799*** (.798*** (.847***
(0.004)  (0.004)  (0.008) (0.003) (0.003) (0.006)
Region fixed effect No Yes Yes No Yes Yes
Year fixed effect No Yes Yes No Yes Yes
Age fixed effect No Yes Yes No Yes Yes
Observations 19430 19430 19430 12976 12976 12976
Adjusted R? 0.001 0.029 0.030 -0.000  0.013 0.024
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Table 8: Participation in lottery stocks

Notes: Lottery stocks are defined as stocks with below median price, above median idiosyncratic volatility and above
median skewness (Kumar, 2009). Column 1-3 regresses a lottery stock participation dummy on the Follower dummy and
the same set of control variables as in Table 4 while Columns 4-6 examine the intensive margin by conditioning on lottery
stock participation. Robust standard errors are in parentheses. *, ** and *** denote significance at the 10%, 5% and 1%

levels, respectively.

Extensive margin Intensive Margin (Lottery =1)
(1) (2) (3) (4) (5) (6)
Dependent variable: Dummy Dummy Dummy  Share Share Share
Follower -0.006 -0.002 0.014 -0.052*%%*_0.045%**  _0.041%**
(0.020)  (0.018)  (0.018) (0.015) (0.015)  (0.016)
I: Male 0.078*** 0.039***
(0.009) (0.008)
Income proxy (std) 0.002 -0.015%+*
(0.003) (0.004)
I: Academic title -0.005 -0.015
(0.023) (0.017)
Constant 0.277HF* (.277***%  (0.221%** (.139*** (.138***  (.110%**
(0.005)  (0.004)  (0.008) (0.004) (0.004) (0.007)
Region fixed effect No Yes Yes No Yes Yes
Year fixed effect No Yes Yes No Yes Yes
Age fixed effect No Yes Yes No Yes Yes
Observations 19332 19332 19332 5327 5327 5327
Adjusted R? -0.000 0.197 0.203 0.001 0.078 0.084
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Table 9: Follower and Recommender portfolio composition

Notes: This table provides the regressions from binscatter figures in Figure 6. Robust standard errors are in parentheses.
*, *¥*and *** denote significance at the 10%, 5% and 1% levels, respectively.

(1) (2) 3) (4) (5)

Recommender

Recommender

Recommender

Recommender

Recommender

: Log Return Loss

: Log relative Sharpe Ratio loss
: Risky share

: Log Beta

: Share of funds

Control variables
I: Academic title

I: Male
Income proxy

I: Main bank

(std)

I: Joint account

Constant

Year fixed effect
Age fixed effect

0.51 %%
(0.06)

0.37%%%

(0.05)

0,285
(0.03)
0.44%5%
(0.10)
0.63%#*
(0.05)

-0.30* -0.01 003 -0.16  0.00
(0.18) (0.14) (0.05) (0.17) (0.06)
0.22%% 0.09  0.02 0.0 -0.11%%*
(0.11)  (0.08) (0.03) (0.06) (0.04)
-0.02  0.06* -0.05%* -0.03  0.00
(0.05)  (0.03) (0.02) (0.04) (0.02)
0.21% 0.09 -0.02 009 -0.01
(0.11)  (0.08) (0.03) (0.07) (0.04)
008 004 -0.02 -0.05 0.01
(0.15)  (0.12) (0.04) (0.12) (0.06)

S3.65FFF 1 14%F* (0.48%F* _0.15%F** (.35%**

(0.45) (0.09) (0.03) (0.05) (0.04)
Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes

Observations
Adjusted R?

412 412 532 402 420
0.317 0.201 0.182 0.201 0.378
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Table 10: Follower and Recommender portfolio composition

Notes: This table regresses portfolio characteristics on a dummy variable, Good Recommender equal to one if the Recom-
mender has an below median return loss. Robust standard errors are in parentheses. *, ** and *** denote significance at
the 10%, 5% and 1% levels, respectively.

(1) 2) 3) (4) (5)
Return Loss RSRL Risky share Beta  Weight in funds

Good Recommender -0.88%**  _0.36*** (.01 -0.39%** 0.28***
(0.11) (0.07) (0.03) (0.07) (0.04)

Control variables

I: Academic title -0.26 -0.04 0.05 -0.16 -0.01
(0.18) (0.14) (0.05) (0.16) (0.09)

I: Male 0.20* 0.06 0.01 0.12* -0.14%**
(0.11) (0.07) (0.03) (0.07) (0.04)

Income proxy (std) 0.03 0.07* -0.06** -0.03 -0.02
(0.07) (0.04) (0.03) (0.06) (0.03)

I: Main bank 0.21* 0.07 -0.04 0.09 -0.07*
(0.12) (0.08) (0.03) (0.07) (0.04)

I: Joint account -0.07 0.14 -0.01 -0.19 0.00
(0.16) (0.12) (0.04) (0.14) (0.06)

Constant S6.TIFHFE 1 B4R (.68 0.04 0.57***
(0.11) (0.07) (0.03) (0.06) (0.04)

Year fixed effect Yes Yes Yes Yes Yes

Observations 414 414 419 408 419

Adjusted R? 0.163 0.063 0.010 0.091 0.153
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Table 11: Fund Investments for Recommender and Follower

Notes: Column 1-3 regresses a fund participation dummy on the Leader dummy and the same set of control variables as

in Table 4 while Columns 4-6 examine the intensive margin by conditioning on fund participation. Robust standard errors

are in parentheses. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.

Extensive margin Intensive Margin (Fund =1)
“m @ ® w5 ©
Dependent variable: Dummy Dummy Dummy  Share Share Share
Leader 0.569%**  0.541%F**  (.544*** (.362%** (.328*** (.328%**
(0.056)  (0.059)  (0.059) (0.049) (0.057)  (0.057)
I: Male -0.076** -0.065
(0.038) (0.040)
Income proxy (std) 0.001 0.001
(0.022) (0.025)
I: Academic title 0.063 0.027
(0.096) (0.067)
Constant 0.312%F%  0.333%FF*  0.364*** 0.576*** 0.508*** (0.626***
(0.053)  (0.054)  (0.058) (0.040) (0.043)  (0.045)
Region fixed effect No Yes Yes No Yes Yes
Year fixed effect No Yes Yes No Yes Yes
Age fixed effect No Yes Yes No Yes Yes
Observations 420 417 417 326 318 318
Adjusted R? 0.277 0.308 0.310 0.176 0.158 0.159
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Table 12: Lottery stocks for Recommender and Follower

Notes: Lottery stocks are defined as stocks with below median price, above median idiosyncratic volatility and above
median skewness (Kumar, 2009). Column 1-3 regresses a lottery stock participation dummy on the Leader dummy and
the same set of control variables as in Table 4 while Columns 4-6 examine the intensive margin by conditioning on lottery
stock participation. Robust standard errors are in parentheses. *, ** and *** denote significance at the 10%, 5% and 1%
levels, respectively.

Extensive margin Intensive Margin (Lottery =1)
(1) (2) (3) (4) (5) (6)
Dependent variable: Dummy Dummy Dummy  Share Share Share
Leader 0.314***  0.143%** 0.158*** (.291* 0.211 0.220
(0.042)  (0.052)  (0.051) (0.148) (0.144)  (0.145)
I: Male 0.109*** 0.025
(0.037) (0.029)
Income proxy (std) 0.079%** 0.020
(0.021) (0.025)
I: Academic title 0.086 0.103
(0.083) (0.071)
Constant 0.162*%**  0.220%%* 0.155*** 0.067*** 0.066***  0.042*
(0.020)  (0.024)  (0.029) (0.015) (0.017) (0.024)
Region fixed effect No Yes Yes No Yes Yes
Year fixed effect No Yes Yes No Yes Yes
Age fixed effect No Yes Yes No Yes Yes
Observations 531 530 530 144 132 132
Adjusted R? 0.111 0.210 0.232 0.056 0.055 0.061
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