
Introduction

During the past years, households have been

confronted with exceptionally low interest rates

making savings decisions increasingly difficult.

At the same time, declining levels of pension

benefits have shifted the responsibility to pro-

vide for one’s old age towards the individual.

Households are thus more than ever required

to make adequate savings decisions. In this

context, fund savings plans (SPs) have increas-

ingly been promoted by the media, government

institutions and, more recently, by robo-advi-

sors as a powerful tool to help individuals build

up savings. 

Robo-advisors offer automated and low-cost

investment advice and asset management servi -

ces available at substantially lower investment

requirements compared to traditional advisory

services. These online tools promise to provide

unbiased advice primarily by recommending in -

vestments in low-cost passively managed ex -

change-traded funds (ETFs) thereby overcoming

problems of traditional personal advice, such as

distorted incentives that push clients towards

high-cost products and harm performance (e.g.,

Hackethal et al., 2012; Mullainathan et al., 2012).

First empirical studies, however, emphasize im -

portant limitations of the robo-advisors’ matching

algorithms. In particular, several tools match

clients to risky portfolios based on only a handful

of questions about a client’s risk preferences

while others elicit risk preferences more com-

prehensively but only offer a few portfolios to

match with (Tertilt and Scholz, 2017). Despite

their simplicity and associated concerns about

suitability, robo-advisors have seen a tremen-

dous growth in assets under management

(AuM). For instance, Oliver Wyman (2017) pre-

dicts AuM of German robo-advisors to increase

by 165% p.a. from about EUR 0.8 billion in 2017

to EUR 35 billion in 2021. Currently, robo-advi-

sors are continuously becoming more sophisti-

cated aiming at offering a more individualized

advice process and eventually holistic financial

planning services. 

Motivated by these trends, we investigate the

effect of robo-advice on SP choices of individual

investors using data from an online bank that

provides an automated investment solution to

its clients.

Data

We obtain data from a large German online

bank that provides a wide range of retail bank-

ing products, such as checking and savings

accounts as well as brokerage services. In 2014,

the bank introduced an automated investment

solution (robo-advisor) that offers a guided

pro cess for investments in funds through lump

sum investments and SPs.

To set up an SP, the robo-advisor requires an

investor to make several decisions. Specifi cally,

the investor has to decide on the recurring in -

vestment amount (contribution rate), the in ten -

ded investment horizon in years, the desired

risk-level (“low”, “medium”, “high”), and the fund

type (passive ETFs or actively managed mutual

funds or a blend of both). Based on these entries,

the robo-advisor proposes a specific asset allo -

cation and provides one fund recommendation

within each recommended asset class and re -

gion (e.g., European equities). The investor is

free to change these default fund recommen-

dations by choosing alternative funds from an

interactive list consisting of a broad universe of

ETFs and active mutual funds. 

Who Uses Robo-Advice Savings Plans?

We compare investment choices of investors

who set up SPs with guidance of the robo-advi-

sor (robo-advice SP users) to choices of in ves -

tors who do not make use of the tool when set-

ting up an SP (self-directed SP users). The

average contribution rate per SP amounts to

EUR 341.3 for robo-advice SP users and to EUR

276.47 for self-directed SP users, or 5.3% and

4.1% when stated relative to investors’ total

assets deposited at the bank. Around 80% 

of SPs in the sample see contributions at a

monthly frequency.

We find that robo-advice SP users have both sub-

stantially lower total assets under management

(EUR 22,018 vs. EUR 35,844 on average) and lower

portfolio assets (EUR 13,490 vs. EUR 25,491 on

average) while there is no significant difference in

income between both groups. Moreover, robo-

advice SP users on average trade less than

non-users and have a shorter relationship with
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their bank. Overall, descriptive statistics indicate

that among SP investors there is selection of

younger, less experienced, and less wealthy indi-

viduals into the observed robo-advisor.

How Does the Tool Shape Savings Plans of

First-Time Users?

In a first step of our analyses, we construct a

sample of investors who set up their first SP at

the bank after introduction of the robo-advisor

tool during July 2014 – December 2015 and

never invested through an SP before. Speci fi -

cally, we compare investors who set up their

first SP with the help of the robo-advisor (treat-

ment group) to self-directed investors who set up

their first SP in the same time period but do not

use the tool (control group).

To account for self-selection, we use a matching

methodology that performs a nearest-neighbor

propensity score matching but restricts the

matching to groups that are similar with respect

to specific ranges of demographic and account

characteristics. Figure 1 presents differences in

means between treatment and control group

investors and shows that both groups differ sub-

stantially along several SP characteristics. 

For example, the average share of passive funds

(passive share) amounts to 89.4% for robo-ad vice

SPs and 69.8% for self-directed SPs. As a result,

the average total expense ratio (TER) of robo-

advice SPs is 35 basis points (bps) lower than the

average TER of self-directed SPs. While this dif-

ference potentially reflects a selection mecha -

nism of investors preferring ETFs selecting into

robo-advice it is, however, not solely driven by a

higher share of passive funds in robo-advice SPs.

Robo-advice SPs also contain less costly funds

than self-directed SPs both within the group of

active and passive fund choices. In particular, the

majority of robo-advice users (87.4%) adheres 

to the tool’s default fund recommendations and,

importantly, these funds are by and large less

costly than funds selected by self-directed

investors. Robo-advice users can be expected to

significantly benefit from this cost advantage

(e.g., French, 2008).

Additionally, robo-advice SPs on average have

an equity (bond) share of 50.4% (48.6%) while

self-directed SPs have an average equity

(bond) share of 80.9% (11.4%). Only 5.5% of

robo-advice SPs are allocated to equity funds

only. On the contrary, 65.9% of self-directed

SPs are equity-only portfolios. Hence, SP port-

folios set up with the help of the tool exhibit

substantially different risk-return characteris-

tics. Finally, our results indicate that robo-ad -

vice SP portfolios are also more diversified. In

particular, they have a smaller allocation to

home equity (i.e., German equities) and exhibit

a lower return loss measured as the vertical

distance to the capital market line in a mean-

variance diagram (Calvet et al., 2007). Thus,

results suggest that robo-advice users benefit

from the tool’s recommendations since port -

folio underdiversification has been shown to

significantly impair risk-adjusted returns (e.g.,

Goetzmann and Kumar, 2008). 

All the aforementioned unconditional differen -

ces in means are confirmed in a regression

setting when controlling for various observable

investor characteristics pointing towards high-

ly statistically and economically significant

effects of using the tool on diversification and

cost pro perties of SPs.

How Does the Tool Change Investors’ Savings

Plan Choices? 

To further validate and isolate the treatment

effect of the tool, we conduct a differences-in-

differences analysis using monthly data of SP

users. The sample consists of investors who

use SPs during January 2013 – June 2014 (pre-

treatment period) and then set up a new SP

during July 2014 – December 2015 (post-treat-

ment period) with the help of the tool (treat-

ment group) or self-directed (control group),

respectively. Figure 2 depicts a monthly time-

series of four key portfolio measures and 

suggests that using the robo-advisor signifi-

cantly changes investors’ SP choices. We test

for the significance of the illustrated treatment

effect and find that our previous results 

for first-time SP users also hold in a within-

subject setting that controls for observable

investor characteristics as well as unobservable

investor and time fixed-effects. Specifically, our

estimates indicate that setting up a new SP

with guidance of the robo-advisor significantly

decreases (increases) the equity (bond) share

by 14% (23%), increases the passive share by

28%, and decreases the average TER of SP

funds by 45.2 bps relative to the effects when

setting up a new SP in the post-treatment peri-

od without guidance of the tool. Most impor-

tantly, also in a within-subject setting we find

that the robo-advisor significantly alters the

risk-return (i.e., diversification) characteristics

of users’ SPs. That is, we observe a decrease 

in the annualized return loss of 31 bps through

tool usage. More precisely, setting up an SP

with guidance of the tool slightly decreases

expected returns, which shifts overall SP port-

folios away from the efficient frontier, but sub-

stantially decreases total and idiosyncratic

volatility, which shifts them disproportionately

closer to the efficient frontier, as compared 

to when setting up a new SP without using the

tool. This results both from less aggressive

asset allocations and a selection of more diver-
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Figure 1: Savings Plan Characteristics by Type of Savings Plan 
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sified funds. Figure 3 illustrates these differ-

ences by depicting the position of SPs in a

mean-variance diagram as well as correspon-

ding 90% confidence ellipses for our before/

after and user/non-user observations. For

example, 90% of robo-advice users’ SPs are

located within the orange ellipse in the left

panel of Figure 3 after investors have used 

the tool. It becomes apparent that after using

the robo-advisor, users’ SPs are located signi -

ficantly closer to the efficient frontier (the capi -

tal market line) and become substantially more

similar to each other, i.e., the robo-advisor

leads to more homogenous portfolios. This

results primarily from the high rate of adher-

ence to the tool’s default fund recommenda-

tions, which leads to similar fund choices

among robo-advice users.

As shown in Figure 2, also for control group

investors we find an increase (decrease) in the

passive share (average TER) but the magni-

tudes of the effects are much smaller. Thus,

also control group investors change their SP

choices in the post-treatment period when set-

ting up a new SP. As illustrated in Figure 2 and

3, however, self-directed investors’ diversifica-

tion choices are largely unchanged.

Conclusion

Our results suggest that investors can benefit

from automated investment tools in building

up well-diversified and low-cost (SP) portfolios.

On the other hand, we find that investors sub-

stantially alter their asset allocation choices

when using the tool even though recommenda-

tions are based on only a few input parameters

rather than a more comprehensive individual

risk profile. These findings raise concerns

about the suitability of digital advice that focus-

es on simplicity by offering generic advice and

only little individualization. Moreover, the large

fraction of users adhering to default fund rec-

ommendations points out the importance of

appropriate default (fund) settings in automat-

ed investment solutions. As a next step, we will

further elaborate on the causal effect of the

tool on investor choices.
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Figure 3: Savings Plan Efficiency and the Impact of Robo-Advice 

Figure 2: Savings Plan Characteristics Over Time and the Impact of Robo-Advice
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