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Abstract

Although digitalization promises to help individuals plan adequately for their retirement,

no evidence has been provided yet on its actual impacts. Using Swiss administrative

pension fund data, we document limited take-up of financial incentives for retirement

contributions. Exploiting the staggered roll-out of a digital pension application across

occupational pension funds over time, we show its introduction has large effects on tax-

favored retirement contributions. We then leverage a field experiment to show that using

the digital pension app affects retirement contribution behavior mainly through reduc-

ing the “hassle” costs of making contributions, rather than providing information on

associated tax savings. (JEL C93, D14, D83, G51)
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The demographic transition has prompted the reform of the social security system in many
countries, with the phase-in of defined contribution schemes that are often, at least partially,
non-mandatory and tax-favoured. This ongoing process of reform is making individuals in-
creasingly responsible for their retirement preparedness. However, a large literature has
documented that many individuals take poor decisions when saving for retirement and fail to
take-up the fiscal benefits they are entitled to (Madrian and Shea, 2001; Currie, 2006; Saez,
2009; Choi et al., 2011). In this context, government agencies and pension funds in several
countries have introduced (e.g., the Netherlands) or plan to offer (e.g., Germany and United
Kingdom) digital pension tools linked to the individuals’ retirement saving accounts.1 Digi-
talization promises to help individuals to plan for retirement by reducing information search
costs (Goldfarb and Tucker, 2019) and the “hassle” costs from making voluntary additional
contributions to the retirement accounts. While few recent studies have investigated the
effect of financial incentives (Bauer et al., 2022) and tailored pension information (Dinkova
et al., 2018) on the navigation behaviour in digital pension environments, no evidence has
been provided yet on the effect of their introduction on retirement contribution behavior.
Understanding how contributions to a retirement account respond to the availability of these
digital tools is crucial not only for the design of future financial technology in support of re-
tirement saving, but also to inform models of portfolio choice and retirement saving behavior.
Based on administrative pension fund data, this paper provides first evidence on the individ-
uals’ retirement contribution response to obtaining access to a digital pension application,
and on the underlying mechanisms.

Making voluntary contributions to a tax-favoured retirement saving account requires indi-
viduals to accumulate knowledge about the associated financial benefits and is relatively com-
plex and time consuming. In the presence of significant transaction costs or costly pension-
related information acquisition, individuals might find it optimal not to act (Caplin and
Dean, 2015; Jappelli and Padula, 2013; Lusardi et al., 2017). We consider the introduction
of a digital pension application, designed to overcome these difficulties, among individuals
insureds with two Swiss occupational pension funds. The Swiss three-pillar pension system
is characterised by generous financial incentives for retirement contributions. Individuals
can save up to 47 percent of the present value of contributions in taxes over their lifetime,
contributing the same pre-tax amount to an occupational retirement account, compared to
a traditional savings account (OECD, 2018). The digital pension app is linked to the in-
dividual retirement saving account and provides detailed information to the user regarding

1An online platform, the “Digitale Rentenübersicht”, is planned to be introduced in Germany
in 2023 (German Federal Ministry of Labor and Social Affairs. 2020. ”Die digitale Rentenüber-
sicht kommt”. accessed Nov 10, 2020. https://www.bmas.de/DE/Presse/Pressemitteilungen/2020/
digitale-rentenuebersicht-kommt.html). The UK plans to introduce the “Pension Dashboard” in 2023
(Pensions Dashboard Programms. 2020. ”Timeline and next steps”. accessed Nov 10, 2020. https:
//www.pensionsdashboardsprogramme.org.uk/timeline-next-steps/.)

1

https://www.bmas.de/DE/Presse/Pressemitteilungen/2020/digitale-rentenuebersicht-kommt.html
https://www.bmas.de/DE/Presse/Pressemitteilungen/2020/digitale-rentenuebersicht-kommt.html
https://www.pensionsdashboardsprogramme.org.uk/timeline-next-steps/
https://www.pensionsdashboardsprogramme.org.uk/timeline-next-steps/


her occupational pension plan. In particular, the app allows to compute the tax savings an
individual can achieve by making a voluntary contribution and to directly apply for these
benefits through the pension app, greatly simplifying the contribution process. In a simple
theoretical framework, we show that reducing transaction costs or misperception about the
tax savings from tax-favoured contributions increases individual retirement contributions.
Our main goal in this paper is twofold: (i) provide an estimate for the impact of making the
pension app available to insureds on voluntary contributions to their occupational pension
plans; (ii) explore the main behavioral mechanisms underlying the retirement contribution
responses.

Using administrative data from two Swiss pension funds, we first document key facts
about individuals’ retirement preparedness and contribution behavior, with a focus on the
extent with which individuals are taking advantage of the financial incentives to save for re-
tirement brought about the Swiss pension system. The administrative data include error-free
information, for the years 2013 to 2021, on insureds’ annual labor income, stock of pension
wealth in the occupational pension plan, tax-favoured buy-in potential, contribution decisions
as well as projected pension wealth and annuities under the current contribution scenario.
The sample of insureds in the two pension funds is representative of the Swiss population
with respect to gender, age and income. Each year, around 3 percent of the insureds make
voluntary contributions to their occupational pension plan on top of the mandatory part,
with around 70 percent of insureds making at least one voluntary contribution before retire-
ment. The additional voluntary payment is substantial, amounting to around 30’000 CHF on
average. We document a substantial potential for tax-favored savings to occupational pen-
sion plans, with individuals being eligible to deduct, through making voluntary contributions,
twice their annual labor income from their taxable income before the normal retirement age
on average.

We then study the consequences of making the new digital pension application available on
individuals’ voluntary contributions to their retirement accounts. Our identification strategy
for the effect of providing access to the digital pension app uses its staggered roll-out across
two occupational pension funds over time. We adopt an event study design that exploits the
circumstance that, while the individuals insured with one pension fund were granted access
to the pension app in 2017, the individuals insured with the second fund had the possibility
to access the application only in 2018. The differential timing of the introduction of the
pension app across the two funds was decided by their management solely based on admin-
istrative considerations. This motivates our main identifying assumption that receiving the
invitation letter in a given year is exogenous to the individual voluntary contribution to the
retirement saving account, conditional on a set of determinants we control for, fund and years
fixed effects. We show that the two funds insure individuals with similar characteristics and
pre-treatment contribution decisions, and that contribution behavior does not respond before
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the pension app is introduced. Exploiting the natural experiment, we find that providing
access to the digital pension app has an important effect on retirement contribution decisions.
The overall probability to make a tax-favoured contribution to the occupational pension plan
increases by 1.8 percentage points following the introduction of the pension app, from an
average pre-treatment annual voluntary contribution rate of 2.8 percent. Using pension app
registration data, we also show that the contribution response comes from those individuals
who register to using the pension app (around 20 percent of insureds, in June 2019). Further,
we find substantial effect heterogeneity, with contribution decisions of men, higher income
earners and individuals with larger potential of tax-favoured contributions responding more
to the introduction of the pension app. Men and higher income earners are also more likely
to access the digital pension application. Because of the way financial incentives for retire-
ment contributions are designed in the Swiss pension system, this evidence indicates those
responding more to the introduction of the digital application are those who have more to
gain, ex-ante, from making a tax-favoured contribution.

The natural experiment allows us to obtain an estimate for the intent-to-treat (ITT)
effect of making the pension app available, but does not allow us to obtain an estimate for
the effect of using the digital application (since whether to register is an individual choice)
and is silent on the mechanisms underlying the contribution response. To provide an estimate
for the causal effect of using the app, and obtain some evidence on the underlying behavioral
mechanisms, we conduct a randomized field experiment among insureds who had yet to
register to the pension app in the fall of 2020. We randomize the sample of non-uptakers
of the pension app into a control group, not receiving a reminder invitation letter, and
three treatment groups: (i) receiving a reminder with baseline information about the app
content; (ii) reminder with an additional nudge towards the digital application computing
the tax savings from contributions; (iii) reminder with additional nudge towards the digital
application reducing the “hassle” costs of making a contribution.

We first leverage the random treatment assignment to instrument individual registration
status and identify the local average treatment effect (LATE) of using the pension app on
actual contribution behavior. This strategy allows us to estimate the effect of the digital app
on those who registered because they received the reminder invitation letter. We show that
the treatment assignment was in fact unconfounded and there is no evidence of differential
attrition between treatments and control groups. Further, receiving any of the reminder
letters increases the probability to register in the digital pension app by about 7 percentage
points, corresponding to an almost doubling of the registration rate observed in the control
group. We find that using the digital pension app increases the probability to make a volun-
tary retirement contribution by about 13.5 percentage points and increases the contributed
amount by around 138 percent, corresponding to an increase in annual contributions to the
retirement accounts of about 750 CHF.
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Second, we exploit the different nudges within the letters to provide evidence on the
importance of alternative barriers to tax-favoured retirement contributions. We start by
estimating the ITT effect of sending a specific letter. The results show that sending the
baseline reminder registration letter or the letter nudging towards the pension application
computing the tax savings from contributions has no effect on actual contribution behavior.
In contrast, merely receiving the letter nudging towards the digital application decreasing the
“hassle” costs of making a contribution increases the probability to make a buy-in by about
1 percentage points, and the overall contributed amount by around 10 percent. We further
exploit the different nudges within letters to estimate the effect of using the digital application
for those individuals who registered because they received a specific letter. The results show
substantial LATE heterogeneity across treatment groups, with no significant effects on actual
contribution behavior of using the app among those receiving the baseline or the “tax savings”
letter, and large contribution responses to using the digital application among those who
registered because they were nudged towards the app simplifying the contribution process.
Together, these results provide compelling evidence that the reduction in “hassle” costs of
making a contribution is the main mechanism underlying the contribution response to the
digital application.

This paper contributes to a recent literature that studies the role of digital pension envi-
ronments on retirement-related behavior. Bauer et al. (2022) provide experimental evidence
that financial incentives are more important than peer-information in motivating individuals
to check their pension information. The authors find no effect on the short-term self-reported
saving behavior of information uptake. Dinkova et al. (2018) focus on the role of tailored
pension information based on age in explaining the navigation behavior within a digital pen-
sion environment. Senior participants are found to be more responsive to tailored pension
information. We make two main contributions to this literature. First, we are the first to
provide estimates for the effect of introducing a digital pension application on actual re-
tirement contribution behavior. This is an important pension policy parameter considering
the central role the process of digitalization has in the pension industry and pension policy
agenda in many countries. Further, we complement the results in Bauer et al. (2022) on the
importance of different barriers to retirement contributions, by using information on actual,
not self-reported, contribution behavior from administrative pension fund data. While our
results also show that merely providing information does not affect retirement contribution
behavior, we find digitalization does affect behavior through reducing the “hassle” costs from
making a contribution. Finally, using pension app registration data, we also characterize the
demand for digital pension environments.

Our work is also related to the literature that studies how information treatments can
overcome the factors responsible for poor decision making in retirement planning. Duflo
and Saez (2003) show that standardized retirement-related information during a benefits fair
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increases enrollment to Tax Deferred Accounts in the US. Other studies have found mixed
evidence on the effect of providing personalized information on retirement benefit projec-
tions using letters or brochures. Mastrobuoni (2011) finds that information about future
social security benefits has a positive impact on knowledge but not on contribution behav-
ior. In contrast, Goda et al. (2014) and Dolls et al. (2018) find that providing information
on expected retirement benefits does affect retirement contributions. Further, Liebman and
Luttmer (2015) show that an informational intervention about the incentives of social se-
curity factors has an impact on labor supply. Peer information can instead lead low-saving
individuals to decrease their contributions (Beshears et al., 2015). Together, these studies
show that both the type and the way in which the information is provided are key for the
size and direction of the behavioral response. While previous studies mainly focused on the
role of limited knowledge about expected pension benefits, we show that the introduction of
the digital pension app induced a substantial retirement contribution response in a setting
where individuals are already annually informed about future expected pension benefits. We
also complement the evidence in (Beshears et al., 2015) about the barriers to retirement con-
tributions of low savers, showing that the simplification of the application process for making
a contribution is effective among this group of individuals.

Further, we add to the literature that considers explanations for the limited take-up of
fiscal benefits (Currie, 2006; Bhargava and Manoli, 2015; Saez, 2009). We contribute to this
literature in two ways. First, we document a substantial potential for tax-favoured voluntary
retirement contributions in Switzerland using administrative pension fund data. Second,
we show that digitalization can increase the take-up of financial incentives for retirement
contributions. Finally, our results show that, in the context of tax-favoured contributions
to retirement saving accounts, the “hassle” costs of making a contribution are an important
determinant of the low take-up of financial benefits.

The remainder of the paper is organized as follows. In the next section, we describe the
institutional setting, present the administrative pension fund data and some key facts about
tax-favoured contribution potential and determinants of voluntary contributions. Section
2 describes the digital pension application and introduces the methodological approach. In
Section 3 we present the natural experiment, the identification strategy and the results on the
effects of introducing the digital app. Section 4 reports on the results of the field experiment.
The final section discusses conclusions.
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1 Institutional Setting and Data

1.1 The Swiss pension system

Switzerland’s three pillar social security system combines defined benefits and defined con-
tribution schemes.2 The Swiss system has strong parallels to the social security system in
the United State due to the combination of a capped defined benefits scheme and substantial
defined contribution scheme. Contributions to all three pillars are exempt from income taxes
and only taxed when paid out at retirement.

The Swiss Old Age Insurance - first pillar - is a pay-as-you-go re-distributive scheme
aiming at securing a minimum living standard for the elderly.3 Mandatory contributions are
a fixed percentage of labor income (8.7 percent) but retirement benefits are subject to an
upper limit.4 Consequently, replacement rates are low and decreasing for individuals with
higher income levels. For example, the replacement rate from the first pillar cannot exceed
28 percent for an individual earning annually 100’000 CHF.

Occupational pension plans - second pillar - are defined contribution schemes aiming to
maintain living standards during retirement for insureds and are mandatory for employees
with an income above 21’330 CHF (around 50 percent of the minimum annual wage for a full
time employee).5 The employer selects a pension provider that insures her employees.6 The
pension fund has to offer at least the minimum standards defined by the legislator.7 Both
employers’ and insureds’ contributions are credited to an individual retirement account within
a pension fund.8 At retirement, the accumulated capital is paid out either as a lump-sum,
an annuity or a combination of the two.9

Private retirement accounts - third pillar - are special saving accounts that allow for
2A comprehensive description of the Swiss pension system can be found in Bütler (2016). This study

focuses on employed individuals. There are different rules for self-employed individuals in place.
3The first pillar resembles the Old-Age, Survivors, and Disability Insurance in the US.
4Benefits are calculated as a combination of years of contribution and average labor income up to an upper

cap. Single individuals receive not more than 2’370 CHF per month. Married couples receive not more than
3’555 CHF jointly.

5The occupational pension plans show similarities to the 401(k) plans in the United States.
6Switzerland had 1’643 pension funds in 2017 that managed 894.3 billion CHF in assets which is corre-

sponding to about 133 percent of GDP. Data from Federal Statistical Office.
7There are minimum contributions for different age brackets that are at least matched by employers.

Contribution rates range from 7 percent at 25 years of age to around 18 percent before retirement. Employers
can be more generous in selecting higher employer matches or by offering plans covering a larger share of the
salary than the legal minimum.

8Pension funds have to guarantee a minimum interest rate on capital. In 2020, this is 1 percent. The
legal minimum benefits are guaranteed by a national reinsurance mechanism in case of a fund insolvency.
Moreover, there is the risk of conversion rate decreases for example due to increasing life expectancy of the
insured individuals.

9The individuals’ choice between an annuity and a lump at retirement in Switzerland has been studied by
Bütler and Teppa (2007).
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limited voluntary contributions of up to 6’826 CHF per year (year 2019).10

The buy-in option Within the second pillar, insureds have the possibility to make addi-
tional voluntary contributions additionally to their mandatory payments. They can choose to
contribute up to their personal so-called buy-in potential. The buy-in potential is a function
of the individual’s contribution history and her current income level (see eq.1)

TFPit =
t∑

s=25
ψsyit − wp

it (1)

where yit refers to labor income at age t, ϕs to the contribution rate at a given age, and
wp

it to the pension wealth at age t. Thus, the term ∑t
s=25 ψsyit refers to the hypothetical

mandatory retirement savings obtained with current salary at age t since the age of 25.
Specifically, the buy-in potential is the difference between the hypothetical retirement savings
that the individual would have accumulated through mandatory contributions if she had
earned the current salary since the age of 25, and the actual accumulated occupational pension
wealth. It arises, for instance, from transitions to higher paying jobs, employment breaks or
unemployment spells. Consider for example a 50 years old individual with constant income
of 100’000 CHF since the age of 25. A wage increase by 10 percent translates to a potential
for voluntary contributions to her pension fund of 21’500 CHF.11 Overall, individuals in
Switzerland transferred in 2017 5.6 billion CHF via the buy-in option to their pension funds.

Fiscal incentives for voluntary retirement contributions The institutional setting
offers several fiscal benefits for individuals making voluntary contributions to their occu-
pational pension plans:12 (i) contributions are deductible in full from household’s income,
allowing to reduce both the average and the marginal income tax rate due to the progressive
income tax scheme; (ii) accumulated pension wealth is excluded from the wealth tax base.
(iii) returns from retirement accounts are tax-exempt. In Appendix A, we show that the net
tax savings range between around 10 percent (at the bottom of the income distribution) and
40 percent (at the top of the income distribution) of the contributed amount, with substantial
heterogeneity across different administrative areas (cantons) which have large autonomy in

10Brown and Graf (2013) have shown that individuals’ contributions to this form of private retirement
saving account are positively associated with their level of financial literacy.

11If the income declines again to the original level of 100’000 CHF or below, the buy-in potential would
become zero again.

12Similar fiscal benefits apply to voluntary contributions to private retirement accounts. Notice that addi-
tional contributions to the occupational pension plans provide additional coverage for survivors and in case
of disability. Individuals in Switzerland are subject to both income and wealth taxation. Taxation is levied
by the federal government, cantons and municipalities. Tax rates differ between cantons and municipalities
(see Figure A1)

7



setting tax rules.13 The accumulated pension wealth is subject to taxation when paid out.
Annuities are taxed as income while a special tax applies to lump-sum withdrawals.14

1.2 Pension funds background

We collaborated with a Swiss company that manages two occupational pension funds insuring,
in the year 2017, 6’100 employees from around 500 firms. The funds insure employees from
small and medium size companies from all sectors. The assets managed by the two funds
amounted to 1.081 billion CHF at the end of 2017. Contribution rates, matching formula,
and conversion rates are typical for pension funds in Switzerland.15

1.3 Administrative pension fund data

We use administrative data at the individual level for the years 2013 to 2019 provided di-
rectly by the two pension funds. Data include error-free information on annual labor income,
mandatory contributions and end-of-year stock of pension wealth, buy-in potential, infor-
mation on projected pension wealth and retirement benefits under the current contribution
scenario. The data also include information on transactions (voluntary contributions in the
form of buy-ins). Further, the administrative records include information on individuals’
gender, marital status, municipality of residence, age, and tenure in the firm. Finally, the
data is linked with the registration status of individuals in the pension app in June 2019.

1.3.1 Sample characteristics

The sample consists of individuals working for a firm covered by one of the two pension
funds. Insureds drop out of the sample when they retire or change job and the new employer
ensures workers with a different pension fund. We restrict the sample to individuals between
25 and 65 years of age with annual earnings between 45’000 CHF (corresponding to a typical
minimum wage for a full time worker) and 250’000 CHF (corresponding to the 99-percentile
of the income distribution in Switzerland).16 Moreover, because the institutional setting does

13Credit Suisse AG estimates that the additional rate of return of a buy-in compared to a stock market
investment for a wealthy 50 year old couple amounts to 18.04 percent (Credit Suisse AG. 2020. ”Freiwillige Vor-
sorge: In die 2. Säule oder in die Säule 3a einzahlen?”. accessed Nov 10, 2020. https://www.credit-suisse.
com/ch/de/articles/private-banking/freiwillige-vorsorge-2-oder-3-saeule-201712.html

14The special tax on lump-sum withdrawals is calculated regardless of the personal income and wealth
situation(Lichtensteiger and Schubiger, 2019)

15Fund A had a conversion rate of 5.8 percent and fund B of 5.9 percent in the year 2017. The me-
dian conversion rate in Switzerland was 6 percent in 2017 (Swisscanto Vorsorge AG. 2020. ”Schweizer
Pensionskassenstudie 2017”. accessed Nov 5, 2020. https://www.swisscanto.com/media/pub/1_vorsorgen/
pub-107-pks-2017-ergebnisse-deu.pdf). The funds coverage ratio was above 100 percent (110 percent and
104 percent) in 2017

16Although there exists no national minimum wage in Switzerland, several cantons and cities have in-
troduced minimum wages for full time workers ranging from approximately 40’000 CHF (Ticino) to 48’000
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not allow individuals with zero buy-in potential to increase contributions, these are dropped
when we empirically investigate the role of the pension app on contribution behavior. In
the final sample are 16940 observations from 3552 distinct individuals. In 2016, insureds in
our sample are on average 42.75 years old, with around 61 percent of men and a median
labor income of 88’006 CHF. The sample is fairly representative of the national population
of workers with respect to gender, age and labor income.17

1.3.2 Key facts

To understand the potential role of digitalization in retirement planning behavior, we first
document key facts in the administrative data about:18 (i) the degree of retirement pre-
paredness of older workers; (ii) the extent of the potential for voluntary contributions; (iii)
voluntary contribution decisions.

Heterogeneity in replacement rates from occupational pensions To what extent do
occupational pensions replace labor income before retirement? Answering this question may
help gain insights into the importance of voluntary contributions for retirement preparedness
and interventions that aim at promoting them.

We leverage the administrative data and consider the ratio between projected pension
annuity and current labor income as a measure of the replacement rate from occupational
pensions for insureds older than 60 years.19 On average, insureds are expected to receive
around 23.2 percent of their current income as retirement benefits from their pension fund.20

Importantly, the data show a large heterogeneity in the projected second pillar replacement
rate for a given income level (see Figure D1). This heterogeneity reflects different earning
histories and voluntary contribution decisions, and highlights the importance of additional
voluntary contributions for the retirement preparedness of (at least some) individuals. The

CHF (Geneva). The upper percentile of the overall income distribution is retrieved from the Swiss Earnings
Structure Survey of the Federal Office of Statistics (2020).

17Table H1 reports a comparison of key statistics in our sample and in the Swiss labor force for the year
2016. Around 61 percent of insureds in the two pension funds are male compared to around 59 percent in
the Swiss labor force. Insureds in the sample are on average 42.75 years old compared to 41.8 in Switzerland
and the median annual wage is slightly higher in the sample (CHF 88’006) compared to the Swiss labor force
(CHF 78’024).

18To document these facts, we restrict the sample to the period 2013-2016, before the introduction of the
pension app.

19The projected pension benefits are based on an individual’s current pension wealth and assuming constant
mandatory contributions until retirement. This projection is communicated to the insureds in the annual letter
and the pension app. It resembles the replacement rate from the second pillar at retirement, often used as an
indicator for the adequacy of pension benefits. Our measure is just a proxy for the actual replacement rate at
retirement for individuals aged below 65.

20The occupational pension benefits are complemented by the benefits from the first pillar. For the median
income earner the replacement rate from the first pillar is around 24 percent (data from Federal Statistical
Office).
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results of multivariate regression analysis, reported in appendix D, show that male workers,
higher income earners, and a longer tenure in a firm are associated with higher levels of
projected replacement rates.

Heterogeneity in potential for tax-favoured voluntary contributions Do insureds
have the possibility to make tax-favoured contributions and increase their replacement rate
at retirement? The buy-in potential provides a measure of the magnitude of voluntary con-
tributions individuals could choose to allocate additionally to their retirement account, and
of the extent of fiscal benefits individuals are entitled to.

The accumulated buy-in potential is substantial and increasing with individual’s age:
close to retirement, individuals are entitled to buy-in (and thereby deduct from their personal
income tax) almost twice their annual labor income on average (see Figure D2).21 There is
large heterogeneity in buy-in potential to income ratio for a given age. The dispersion in this
ratio also increases with individuals’ age.22

(a) Potential buy-in to income ratio (b) Probability to make a voluntary contribution

Figure 1: Estimated age-profiles
Notes: The graphs plot the coefficients of the age dummies of the regression model in eq. (9). Dependent
variable on the left panel is the ratio of the potential buy-in amount to the occupational pension fund
over individuals’ labour income. Dependent variable on the right panel is a dummy indicating whether
an individual is making a voluntary contribution to her pension fund in a given year. Data from two
Swiss pension funds for the years 2013 to 2016.

In Appendix D, using multivariate regressions we show the buy-in potential to income
ratio decreases, as expected, with employee’s tenure with the current employer, while we

21Figure D3 depicts the average income profile over individual’s age.
22The standard deviation of potential buy-in to income ratio increases from around 0.20 between ages 25

and 35 to 1.65 between ages 55 and 65. 9.5 percent insureds show no potential of buy-in which can reflect either
voluntary decisions of contributions or declining wage profiles (e.g., through a series of negative permanent
income shocks) over the working life.
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do not find evidence of a gender gap nor a direct association with income. Because also
high-income earners are predicted to have substantial buy-in potential to income ratios (see
also Figure D5), liquidity or borrowing constraints do not seem a likely explanation for the
limited take-up of fiscal benefits. The estimated age profile of buy-in potential to income ratio
(in Figure 1.a) confirms an increasing age pattern over the working life, and the possibility
for individuals to make contributions corresponding to twice their labor income when they
approach retirement age.23

Determinants of voluntary contributions Who is taking advantage of the tax incen-
tives for retirement savings?

Overall, 2.81 percent of the insureds use the buy-in option to increase their pension wealth
each year prior to the introduction of the pension app. The share of insureds who make use
of the buy-in option at least once before retirement is substantial. About 70 percent of
insureds make at least one buy-in by their normal retirement age (see Figure D7). Buy-
ins represent substantial investments for insureds: the contributed amounts correspond to
around 33 percent of the individuals’ annual labor income. Voluntary contribution behavior
is characterised by a hump-shape age profile over the insureds’ working life (see Figure D4),
resembling well-known age patterns in stock market participation (see, e.g., Fagereng et al.
2017 for Norway and Daminato and Pistaferri 2020 for the US). The estimated age-profile
for the probability to make a voluntary contribution (see Appendix D for details on the
estimation strategy), is depicted in Figure 1.b. The contribution rate increases from around
1.5 percent among insureds younger than 40 years of age to peak at around 7 percent when
individuals are aged 60. Interestingly, nearly 20 percent of individuals make a buy-in right
before retiring, at the age of 65.

The ratio of the contributed amount to income also increases with age. While individuals
younger than 50 years of age contribute on average around 19 percent of their annual income
when they decide to do so, individuals above the age of 50 make voluntary contributions of
43 percent of their annual income (see Figure D8). Further, we find the share of individuals
choosing to make a buy-in increases with labor income (see Figure D4 and Table D1) and
that women are more likely to make voluntary contributions.

2 The digital pension application

To facilitate individual retirement planning and the process of making voluntary contribu-
tions, the company managing the two funds developed a new digital pension application.
Before describing the application, it is useful to characterise the baseline communication

23To separate age, cohort and year effects, we follow Deaton and Paxson (1994) and impose the parametric
restriction that time effects sum to zero once we include a time trend (see Appendix D for details).
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strategy and the steps needed to make a voluntary contribution to the retirement plan in its
absence.

Baseline communication and application strategies The two pension funds have com-
munication and contribution application strategies which are typical among occupational
pension funds in Switzerland. Each year, all insureds receive a letter with information on
their occupational pension plan. The letter includes information on the current retirement
account balance, the projected expected retirement wealth and pension benefits under the
current mandatory contribution plan and minimum interest rate, as well ass the individual’s
buy-in potential. Each time an individual wishes to exercise the voluntary buy-in option, she
is required to write a letter to the pension fund with the request. The pension fund will later
send a buy-in offer and an invoice.

(a) Home screen (b) The buy-in calculator

Figure 2: The pension app
Notes: The figures show screenshots of the pension app. Panel (a) depicts the home screen of the
pension app and panel (b) presents the buy-in calculator. The link to the buy-in calculator is visible on
the bottom of the home screen. Source: Pension app of the pension funds.

Content of the pension app Panels (a) and (b) of Figure 2 report screenshots of the home
screen of the pension app and its buy-in calculator, respectively. On the one hand, the pension
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app provides the same information that is already sent annually to all insureds through the
letter at the insured’s home address: information about the current account balance, the
current minimum interest rate, projected expected retirement wealth and pension benefits
given constant contributions, as well as the individual buy-in potential (see panel (a)). On
the other, the app also allows to obtain an estimate of the tax savings from making a buy-in
contribution and it simplifies the process of making these contributions. As shown in panel
(b), the user can obtain an estimate of the tax savings (in CHF) from contributing a desired
monetary amount by moving a slider.24 Further, the app allows to directly apply for making
a buy-in contribution of the selected amount with a simple “click” on the “open request”
button.

Usage of the pension app Although the pension app does not track individual user
behavior, we can observe aggregate statistics on navigation behavior.25 The buy-in calculator
is the most frequently used tool within the app, with the tool accessed 66 percent of the times
an insured logs in (see also Figure A2). 3.4 percent of the times a user logs in the app, a
buy-in request is made directly through the pension app.

2.1 Conceptual framework

To formalize the possible role digitalization can play in the contribution behavior to tax-
favoured retirement saving plans, we consider optimal voluntary contribution decisions in a
stylized life-cycle setting. In this simple model, detailed in Appendix B, individuals choose
the amount of wealth to invest in the second pillar in each period they work, to maximise
their expected lifetime utility. They do so in the presence of two frictions: (i) misperception
about the tax savings from contributions and (ii) transaction costs for making a buy-in.
These frictions are motivated by the institutional setting. On the one hand, the optimal
voluntary contribution decision requires individuals in Switzerland to compute the tax savings
they can obtain from these contributions. This in turn requires individuals to be aware
about the presence of the tax incentives (Bhargava and Manoli, 2015) and to know their
marginal income tax rates.26 On the other, the application process is complex and requires
a substantial amount of time, as described in Section 2. These “hassle” costs capture then
the opportunity cost of time required to understand and then go through the process of
submitting an application.

24The baseline estimates for tax implications are based on the administrative data of the pension fund. The
insured has the possibility to adapt the data underlying the calculations. For example, a married individual
could add the income of the partner in order to obtain more precise tax estimates.

25We use data for iOS devices from April 2018 - April 2019.
26Misperception about tax savings is then related to limited knowledge, which can result from costly

information acquisition (Caplin and Dean, 2015) and can therefore be optimal (as in Lusardi and Mitchell
2014).
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In Appendix B, we show that the simple model predicts both reducing transaction costs
and individuals’ misperception about tax benefits from contributions increases the proba-
bility to make a buy-in. Therefore, because the pension app is designed to provide digital
information about the tax benefits from contributions and to simplify the process of making
a buy-in, we hypothesise that providing individuals with access to the pension app will in-
duce an increase in contributions. Importantly, the model highlights that, without additional
information, it is not possible to disentangle between competing behavioral mechanisms (in-
crease in knowledge about the tax benefits vs. reduction in the “hassle” costs from making
a contribution) by simply observing a contribution response to the introduction of the app.
We describe how we explore whether the pension app affects contribution behavior mainly
through reducing misperception about tax savings or transaction costs in the next section.

2.2 Methods

We take two complementary approaches to study the role of the digital pension app on
individuals’ contribution behavior to their occupational pension plans. First, we estimate
the intent-to-treat (ITT) effect of introducing the app adopting a quasi-experimental design
that exploits its staggered roll-out across two distinct pension funds, managed by the same
company, over time.

Second, we conduct a field experiment, randomizing reminder invitation letters among
non-uptakers of the pension app. The experimental setting allows us to: (i) estimate the local
average treatment effect (LATE) of using the pension app on contribution behavior, using
treatment assignment as an instrument for app registration status; (ii) provide evidence on the
main mechanism underlying the contribution response to the pension app usage, exploiting
different nudges towards the content of the digital pension app (simplified application process
vs. calculation of tax savings from contributions).

In the next section we discuss the identification strategy we use to identify the effect of
introducing the digital pension application and present the ITT estimates. The experimental
results are reported in section 4.

3 Quasi-experimental evidence from the pension app roll-out

3.1 The natural experiment

The company managing the two pension funds (fund A and fund B) decided to adopt a
staggered roll-out of the pension app across the two funds over time. Insureds with fund A
had access to the pension app before the end of the fiscal year 2017, in contrast to those
insured with fund B. The timeline of the natural experiment is depicted in Figure 3. The
differential timing of the introduction of the pension app across the two funds was decided
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by the company’s management solely based on administrative considerations.

Figure 3: Timeline of introduction of the pension application
Notes: The figure shows schematically the timeline of the introduction of the pension app and the timing
of sending the invitation letters. Source: Authors.

The two pension funds invited their insureds to access the pension app through a letter
sent by regular mail at the insured’s residence. The letter informed the insured a new pension
app was available.27 The letter included a personalized activation code and a description
how to download, install and activate the app. The fund offered a little gift in form of a
swimming bag to the first 100 insureds who registered. Specifically, fund A sent out letters
inviting insureds to register to the pension app by post on August 31, 2017 (iOS) and again
on November 27, 2017 (iOS & Android). Individuals insured with fund B received the letter
later on February 16, 2018 (iOS & Android). All individuals received a reminder to access the
app together with their annual pension statement in February 2019. In the pre-intervention
period, the overwhelming majority of voluntary contribution decisions were taken by insured
individuals in the months of November and December.28 After having received the invitation
letter, insureds could choose to download the pension application and register using the
personalized log-in code included in the invitation letter. In June 2019, we observe who had
registered to the pension app until that date.

3.2 Identification strategy

The first goal of this paper is to estimate the causal effect of providing individuals with the
possibility to use the pension app (through the delivery of the invitation letter) on voluntary
contributions to their occupational pension plans. The ideal setting for estimating this policy-
relevant parameter would be one in which access to the pension application (and thus delivery
of the invitation letters) had been randomly assigned to part of the insureds within the two

27A copy of the letters sent by the two funds is included in Appendix A.
28As shown in Figure D10, 70 percent of all voluntary buy-ins are made in December, 14 percent in

November and 5 percent in October. All the earlier months have shares below 3 percent .
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funds, with no information spillover to insureds that did not receive it. One could then simply
compare the voluntary contribution choices of the two groups. In our setting, all insureds
received the invitation letter and hence the possibility to access the pension app, but with
different timing depending on their occupational pension fund.

Our identification strategy exploits the staggered roll-out of the pension app across the
two pension funds over time. We adopt an event study design, where the “event” is defined as
an insured individual receiving the invitation letter to register in the pension app in a given
year, exploiting the fact that individuals insured with the two funds obtained access to the
pension app in different fiscal years. Hence, the control group for an individual that received
the invitation to access the pension app in 2017 consists of individuals receiving the same
invitation in 2018. To control for aggregate shocks that may affect contribution behavior,
we condition on year fixed effects. Further, because the event occurred at the pension fund
level, in a given period, we condition on pension fund fixed effects to capture unobserved
time-invariant fund-specific factors potentially driving the differential timing in the delivery
of the invitation letters.

The main identifying assumption is that receiving the invitation letter in a given year is
exogenous to the individual voluntary contribution to the retirement saving account, condi-
tional on a set of determinants we control for. We believe this is a reasonable assumption
to take in this context because the timing decision was entirely based on administrative con-
siderations made by the management of the two funds and could not be manipulated by
the individual insured. To lend credibility to the validity of this empirical strategy, we first
show that the two funds insure individuals with similar characteristics and pre-treatment
contribution behavior. Table E1 reports a comparison of selected individual characteristics
by fund for the year prior to the introduction of the pension app in the first fund. Insureds are
balanced with respect to age, wage, tenure with the current employer, accumulated pension
wealth across funds. Importantly for our goal of estimating the ITT effect of introducing the
digital app on voluntary contributions, individuals insured with the two funds have statis-
tically equal buy-in potential and contribution behavior (both voluntary contribution rates
and contributed amounts) prior to the introduction of the pension app. Although there is a
higher share of men among insured with fund B, the F-test rejects the joint significance of all
observable characteristics. Second, we conduct standard placebo and pre-treatment parallel
trend tests to show that contribution behavior does not respond before the invitation letter
is received. Importantly for the validity of our identification strategy, the two pension funds
insure individuals from several hundred small and medium sized companies, ruling out any
effects being driven by company-specific dynamics.

Further, we need to assume there is no interaction between individuals receiving and
not receiving the invitation letter to access the pension app (i.e., the SUTVA condition is
satisfied). Since every insured working in a given company received the invitation letter at
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the same time, a violation of this assumption in our setting would require information spill-
over (e.g., discussing about the fiscal benefits from voluntary retirement contributions) to
occur between employees of a company insured with fund A and those of a different company
insured with fund B. We argue this is quite unlikely considering the relatively small size of
the two pension funds.

Since the event study design also exploits the variation from the introduction of the
pension app to insureds with fund B in 2018, an additional assumption we are taking is that
the treatment effect does not vary over time Goodman-Bacon (2021). To relax the latter
assumption, we also estimate the ITT effect of providing individuals with the possibility to
use the pension app adopting a canonical difference in differences (DiD) strategy. We keep
observation periods prior to 2018 (when fund B introduces the pension app for its insureds),
and use individuals in fund B (who “never” receive the invitation letter) as a control group
for the behavior of individuals insured with fund A.29

Interpretation This research design allows to identify the short-term (1-year) intent-to-
treat (ITT) effect of providing access to the pension app. Although we observe who eventually
chooses to register into the pension app, the identification of the average effect of the pension
app on voluntary contribution decisions is difficult in this setting because individuals are
self-selecting into registering in the pension app. This selection process is likely to be driven
by unobservable individual-specific factors. Because the invitation letters were sent to all
individuals insured with a pension fund at the same time, we cannot identify the effect of
using the pension app exploiting this natural experiment.30 In Section 4, we describe the
experimental design we adopt to obtain a credible source of exogenous variation in app usage.
This will allow us to obtain an estimate of its causal effect on retirement contribution behavior
and evidence on the main mechanism underlying the behavioral response.

3.3 Empirical specification

To quantitatively estimate the effect of providing access to the pension app on individuals’
voluntary contributions, our identification strategy leads us to the following event-study
specification:

yift = α+
2∑

e=−4
βeAPTf(t+e) + γXift + δf + θt + ϵift (2)

29The standard common trend assumption is still required in this setting: the evolution of contribution
choices over time (between years 2016 and 2017) of individuals insured with fund A would have been the same,
absent the introduction of the pension app, as that of individuals insured with fund B.

30One could think of exploiting the variation in the timing in the introduction of the pension app (and
then the delivery of the invitation letters) as an instrument for the registration in the pension app, under
the assumption that receiving the invitation letter affects contribution choices only through the usage of the
pension app. However, we do not find significant relation between the probability to be registered in the
pension app in June 2019, and the timing of the pension app introduction (see Table C1.)
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where yift is an indicator for the outcome of interest of individual i, insured with pension
fund f in year t, APTf(t+e) (e = −4,−3, ..0, with −1 the omitted category) are event-time
indicators, Xift is a set of individuals’ characteristics, and δf and θt denote fund and year
dummies, respectively. Our main indicator for contribution decisions is a dummy variable in-
dicating whether an insured used the buy-in option to increase her accumulated occupational
pension wealth in a year. Further, we estimate the model using the log of total contributed
amount in a year as dependent variable. APTf(t+e) are dummy variables that capture the
distance in years before and after insured i received the possibility to access the pension app,
i.e., the dummies take value one if fund f sends the invitation letter to register in the pension
app in (t − e). Because we omit the dummy variable indicating the year prior to the event
APTf(t−1), the coefficients of interest βe (e = −4,−3, ..0) indicate the effects on voluntary
contributions e years before or after providing access to the pension app, relative to the year
before the fund sent the invitation letter. The absence of statistically significant differences
in contribution choices across individuals insured with fund A and fund B before the funds
sent the invitation letters to register in the app, βe (e = −4,−3,−2), would support the
validity of our main identifying assumption.

The set of controls include individuals’ age and age squared, gender, marital status, log
labor income and log number of years of tenure in the firm. Moreover, we include fund and
year fixed effects. We restrict the sample for estimation to individual-time observations where
insureds are eligible to make a voluntary buy-in (i.e., we exclude observations corresponding
to zero buy-in potential). Further, to avoid the results are confounded by differential changes
in the composition of the insureds in the two funds over time, we condition on the group
of insureds at the time the pension fund introduces the app. We estimate our main event
study specification from eq.(2) that exploits the variation in the roll-out of the pension app
with a Probit model for the indicator of buy-in contributions and OLS for the log of buy-in
contributions. Standard errors are clustered at the individual level.

As discussed in Section 3.2, we estimate the ITT effect of making the app available also
adopting a canonical DiD, restricting the sample to observations prior to the introduction of
the pension app in fund B. In this case, we estimate the “static” specification:

yift = α+ βPOSTft ∗ δf + γXift + δf + θt + ϵift (3)

where POSTft is a time of intervention dummy taking value one in the period after fund
A sent the invitation letter to register in the pension app, and all other variables are as in
eq.(2).
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3.4 Quasi-experimental results

To gain insights about the change in individual choices around the time of pension app
introduction, we start estimating eq.(2) separately for pension fund A (introducing the app
in 2017) and pension fund B (introducing the app in 2018). Because this descriptive analysis
only exploits changes in contribution choices over time, we set θt = 0.

The estimation results are reported in Panels (a) and (b) of Figure E1 for fund A and
fund B, respectively. They show non significant estimates for the years before the individuals
received the invitation letter to register in the app βe (e = −4,−3,−2), and a jump in the
probability that insureds make a voluntary contribution in the year the pension app was
introduced, in both pension funds. Specifically, the contribution rate increases by around 1
and 2 percentage points among insureds in fund A and B, respectively.31 Although there is no
evidence of significant time trend in contribution rates in a given fund (βe (e = −4,−3,−2)
are all statistically equal to zero), one needs to be cautious in interpreting these results as
effects of introducing the app because they assume that there are no shocks occurring at the
same time as the introduction of the app.

To relax this assumption and exploit the variation in the roll-out of the pension app
while conditioning on time fixed effects, we estimate our main event-study specification (2).
Figure 4 plots the impacts of the invitation letter to register in the app across event time.32

As we described above, these are the probability to make a voluntary contribution at event
time e, relative to the year before the introduction of the pension app, conditioning on
individuals’ characteristics, fund and time fixed effects. The figure also reports 90 and 95
percent confidence intervals around the estimated effects.

The figure shows that the trend in contribution rates of individuals insured in the two
funds was parallel before the introduction of the pension app (βe (e = −4,−3,−2) are all
statistically equal to zero), supporting the validity of the identifying common trend assump-
tion. In the year when the insureds receive the invitation letter to register in the pension
app, e = 0, the results show a jump in the probability to make a voluntary contribution.
We find a similar event time pattern when we estimate eq.(2) for the log of total contributed
amount (see Table E3 and Figure E3).

To quantitatively assess the magnitude of this effect, we also estimate the difference in
differences specification (3) on the full estimation sample as well as on the restricted sample
before the year 2018.33 The results show substantial ITT effects of providing access the the

31Overall, this evidence is confirmed when we use the log total contributed amount as dependent variable,
as shown in Figure E2 in Appendix E.

32The full estimation results of the Probit and linear probability models for the probability to make a
voluntary contribution are reported in Columns 1 and 2, respectively, of Table E3 in Appendix E.

33The “static” specification of the event study design corresponds to the difference in differences specification
(3). While the ‘static” specification of the event study design uses the entire sample period for estimation,
the difference in differences specification only uses data prior to year 2018, and fund B as a control group.
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Figure 4: ITT: Event study coefficients for the probability to do a buy-in
Notes: The graph reports marginal effects of the event study coefficients from a Probit model based
on the model in eq. (2). Dependent variable: buy-in dummy indicating a positive yearly contribution
(buy-in) to the occupational pension fund. The event is receiving the invitation letter to for the first
time. Event dummies are reported relative to year prior to event. The error bars show 90 and 95 percent
confidence intervals for cluster robust standard errors at the individual level. All estimates are reported
in Table E3. Data from two Swiss pension funds from 2013-2018.

pension app. As reported in Table 1, we find that making the pension app available to the
insureds increases the overall probability to make a voluntary contribution by around 1.8
percentage points. The estimation of the DiD model yields similar results.34

This is an economically large effect considering the average contribution rate of 2.82 per-
cent in the pre-treatment period. Providing access to the pension app therefore increases the
share of individuals who are making an additional voluntary contribution to their retirement
account by around 65 percent . Further, we find that the contributed amount increases by
around 13.73 percent following the introduction of the pension app. Our point estimates
for the effect of introducing the digital pension application on contribution behavior are
substantially larger than those of other interventions previously analysed in the literature.35

34As shown in Table E2, we obtain estimates of very similar magnitude estimating both ES and DiD
specifications using a linear probability model. As a robustness check, we conduct an analysis with a placebo
treatment of fund A in the years 2016. Results are reported in Table E7 and show no effects in the year prior
to the actual introduction of the pension app.

35Dolls et al. (2018) estimate that, in response to a letter sent via regular mail including retirement
benefits projections, individuals increase contributions to private retirement accounts by 6 percent on average,
in Germany. Goda et al. (2014) find that sending retirement income projections together with enrollment
information increases the average contribution level to employer retirement accounts by 3.6 percent average
in the US. In comparison, our estimate for the increase in total contributions after having the possibility to
access the pension app is twice and four times larger, respectively.
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Table 1: Static event study (ES) & DiD specifications for ITT effect

Buy-in indicator Log contributed amount
ES DiD ES DiD
(1) (2) (3) (4)

Probit Probit OLS OLS

Post*Fund 0.0180∗∗ 0.0155∗ 0.1373∗∗ 0.1243∗

(0.0085) (0.0088) (0.0641) (0.0702)

Year FE Yes Yes Yes Yes

Controls Yes Yes Yes Yes

Mean outcome in t - 1 0.0281 0.0298 0.2788 0.2949
Observations 15355 11279 15478 11364

Notes: Difference in differences estimates based on eq. 3. The table reports marginal effects from
a Probit model in Column (1) and (2), and OLS estimates in Columns (3) and (4). Specifications
(1) and (3) are estimated with the entire sample whereas specifications (2) and (4) are estimated
with the restricted sample before the year 2018. Dependent variable in (1) and (2): buy-in dummy
indicating a positive yearly contribution (buy-in) to the occupational pension fund. Dependent
variable in (3) and (4): log amount of voluntary contributions to the occupational pension fund.
Estimates are conditional on fund, year, gender, and marital status fixed effects. Moreover, all
specifications control for second order polynomial of age, for log wage and for log tenure. Standard
errors in parentheses are robust and clustered on the individual level. Data from two Swiss pension
funds covering the years 2013–2019. The event defining the post dummy is receiving the invitation
letter to register in the pension app for the first time.

3.4.1 Heterogeneity in contribution response

The event study estimates presented above are not informative about whether the behavioral
response to the introduction of the app is driven by the actual registration in the app. Further,
the ITT estimates do not allow to disentangle between the importance of the app in reducing
transaction or tax benefits-related information acquisition costs. To make some progress,
we start by exploring treatment effect heterogeneity, before reporting on the experimental
results.

Invitation letter or registration to the pension app? First, we explore treatment
effect heterogeneity based on the pension app registration status. To do this, we use pension
app registration data observed in June 2019.36 Overall, 1’206 individuals from fund A (20.5
percent) and 503 individuals from fund B (19.7 percent) registered in the pension application
by mid 2019. We run our event study regression model (2) separately for individuals who
eventually registered in the digital app and for those who never registered. Therefore, we
use individuals self-selecting into registering in the pension app after receiving the invitation
letter in 2018 as a “control group” for the behavior of insureds self-selecting into using the
pension app after receiving the invitation letter in 2017. Although this strategy compares

36As discussed in Section 1, we observe who had registered to the pension app in June 2019 for the first
time.
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the behavior of “similar” (e.g., more sophisticated) individuals, we wish to stress that it
does not allow to recover a causal estimate for the effect of the pension app. Besides the
registration decision being clearly endogenous, an additional caveat is that we cannot rule
out that individuals receiving the letter in 2017 signed up to the pension app after the end of
the fiscal year.37 Nonetheless, this analysis provides some suggestive evidence about whether
app usage is the main mechanism underlying the behavioral response in this setting.

(a) only never registered individuals (b) only registered individuals

Figure 5: Event study coefficients by registration status (buy-in indicator)
Notes: The graph reports marginal effects of the event study coefficients from a Probit model based
on the model in eq. (2). Panel (a) shows the estimates for the restricted sample with individuals that
never registered in then pension app and panel (b) shows the estimates for the restricted sample with
only individuals that have registered in the pension app by mid 2019. Dependent variable: buy-in
dummy indicating a positive yearly contribution (buy-in) to the occupational pension fund. The event
is receiving the invitation letter to for the first time. Event dummies are reported relative to year prior
to event. The error bars show 90 and 95 percent confidence intervals for cluster robust standard errors
at the individual level. All estimates are reported in Table E4. Data from two Swiss pension funds from
2013-2018.

On the left panel of Figure 5, we report the event study estimates for the sample of
insureds who never registered in the pension app. Results show no impact of the invitation
letter on the probability of making a voluntary contribution, before or after the pension funds
introduced the digital application.38 In contrast, we find a large jump in the probability to
make a voluntary contribution to the occupational pension plan in the year in which the
pension app is introduced among insureds that do register in the pension app (see the right
panel of Figure 5). The introduction of the pension app increases the probability to buy-in
in this group of insureds by around 5.4 percentage points. Given the circumstance that the

37In this case, the event study estimate obtained using the sample of registered individuals would understate
the effect of the pension app.

38The complete estimation results of the event study regression models conditional on pension app regis-
tration status, for both the probability to make a voluntary contribution and the log of contributed amount,
are reported in Table E4.
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contribution rate among insureds that eventually register in the pension app is around 6
percent before its introduction, the estimated response is economically large. The estimation
results of for the log of total contributed amount are reported in Figure E6, and confirm a
behavioral response to the introduction of the pension app only among insureds that register
to the pension app. This group increases the contributed amount by 47 percent after receiving
the invitation letter.

Who is accessing the digital pension app? Given the observed difference in the behav-
ioral response to the introduction of the pension app, we characterize the group of registered
insureds who is demanding the digital pension-related information. On average, insureds
that registered to the pension app are one year older (46.1 years old) than individuals that
never registered (45.5 years old).39 Another key fact emerging from the registration data is
that higher income earners are more likely to register in the application, as shown in panel
(b) of Figure D11.40 To better characterise who chooses to access the pension app, we regress
a dummy variable that takes value one for insureds who registered in the pension app, and
zero otherwise, on the individual characteristics available in the administrative data (see Col-
umn 6 of Table D1). The analysis confirms that higher income is associated with a higher
probability to register in the pension app. Further, men are around 9.4 percent more likely
to register. Finally, longer tenure in a firm also positively correlates with the probability to
register in the app.

Who is responding more to the introduction of the digital pension app? In Ap-
pendix E, we show that the contribution response to the introduction of the pension app
is larger among men, higher-income earners and those individuals who have greater buy-in
potential.41 Together, these results provide compelling, though merely suggestive, evidence
that the average ITT effect on contribution behavior is driven by those individuals who
eventually register in the pension app. Further, they show that the group of individuals
responding to the introduction of the app are those who have, ex-ante, more to gain from
making a voluntary buy-in and accessing the associated tax benefits.

4 Experimental evidence

Leveraging the quasi-experimental variation in the introduction of the pension app, we can
only identify the effect of making the pension app available to insureds. We administer a
randomized controlled trial with non-uptakers of the pension app to gain additional insights

39Panel (a) of Figure D11 shows registration rate is somewhat increasing with individual age.
40Figure D9 reports additionally the income distribution conditional on app registration status.
41We do not find significant heterogeneity in the ITT effect with respect to age.
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along two dimensions: (i) the effect of app usage on contribution behavior for the groups of
individuals with lower willingness to adopt the digital pension app and lower contribution
rates; (ii) the main behavioral mechanisms underlying the contribution response.

4.1 Experimental design and intervention

In autumn 2020, we conducted a randomized controlled trial among app non-uptakers, i.e.,
insureds who had yet to register in the pension app. We pre-registered the experiment at
the AEA RCT registry (AEARCTR-0006590). The simple experimental design is sketched
in Figure F1. We randomly assigned the 3890 insureds in our sample who were not registered
in the app in October 2020 to four groups: a control group who did not receive any further
reminder to register in the pension app and three treatment groups who received one of three
different reminder letters.42

The three versions of the reminder letters are reported in Appendix F. Version I of the
reminder contains baseline information about the content of the pension app, without any
mention to the tax saving calculator or the feature facilitating the process of making contri-
butions. Version II adds, to the information in version I, a nudge towards the tax savings
from contributions. Specifically, we add the text “Or do you know that voluntary savings
contributions (buy-ins) can be fully deducted from income tax? Find out how big your buy-in
potential is and how much taxes you could save through voluntary contributions”. A picture
showing the tax savings calculator tool of the app is also reported in the letter, highlighting
(in red) the estimated tax savings from a hypothetical contributed amount. Version III in-
cludes, in addition to the content of version I, an additional nudge towards the lower “hassle”
costs from making a contribution using the app. The additional text in this version of the
letter reads: “In addition, the - name of the app - considerably simplifies the process of mak-
ing voluntary contributions. See for yourself how easy it is to submit an application with the
insured app.”. The additional picture in this letter version also shows the buy-in calculator,
as in version II, but with two important differences: (i) it hides the tax saving calculator; (ii)
it highlights (in red) the “open request” button.

4.2 Sample characteristics

In Table 2 we show treatment (pooled) and control groups are balanced with respect to
observables in the data. G2 reports the balance on observables for each treatment group. All

42The pension funds sent the reminders to the individuals in their preferred language (German, French,
Italian or English) via regular mail, all at the same time in November 2020. Based on our power calculations,
the minimum detectable effect size for the probability of being registered in the application is a change of 4
percentage points with a 95 percent confidence level. This corresponds to a change of 15 percent compared to
the pre-treatment level. The minimum detectable effect for the probability of making a voluntary contribution
is a change of 1.5 percentage points with a 95 percent confidence level. This corresponds to a change of 50
percent compared to the pre-treatment level.
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groups are balanced with respect to age, gender, income, pension wealth, buy-in potential,
tenure in the firm and share of non-married individuals.

Table 2: Balance of observables between treatment and control groups

Control Treatment t-test
Mean Mean Diff p-value

Age 43.28 43.68 -0.40 0.315
Gender (male) 0.656 0.654 0.002 0.921
Wage (CHF) 78’192 77’782 410 0.687
Pension wealth (CHF) 94’008 96’782 -2694 0.560
Buy-in potential 84’021 87’211 -3190 0.404
Tenure (years) 6.88 6.89 -0.01 0.963
Single 0.462 0.481 -0.019 0.310
Observations 974 2916 3890

Notes: The table presents means, differences and their standard errors and p-values of a t-test
comparing the group means for a selection of observables in our sample. This table compares the
control group which did not receive a reminder to all individuals that have received a reminder in
2020.

Using the administrative data, we observe contribution choices at the end of the years
2020 and 2021 for all insureds who have not left the pension funds at that time. There are
two potential sources of attrition: (i) individuals who retire; (ii) individuals who change their
employer. Overall, 223 individuals (5.7 percent) drop out of the sample by the end of year
2020 and 608 insureds (15.6 percent) drop out of the sample after receiving the reminder
letter by December 2021. However, we find no differential attrition between control and the
treatment groups (see results of the attrition analysis in Table G1).

4.3 Experimental results

The main goal of our experiment is twofold: (i) provide a credible source of variation for
identifying the causal effect of using the pension app on contribution behavior; (ii) explore
the main behavioral mechanism underlying the contribution response to the introduction of
the app, exploiting the different nudges included in the letters. We start by analysing whether
sending a reminder letter affected registration status and overall contribution behavior.

4.3.1 Intent-to-treat effect of sending reminder registration letters

We have shown above that observables are balanced among insureds assigned to treatment
and control groups and that there is no differential attrition across the different treatments
and the control groups. Therefore, since the treatment was unconfounded, we can simply
compare differences in contribution behavior of treatment and control groups, and interpret
these differences as intent-to-treat effects of being assigned to that group (receiving - or not -
one of the three invitation letters). We further need to assume that there are no information
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spillovers between insureds assigned to different groups within a given firm. A violation of
this assumption would imply an underestimation of the ITT of sending the reminder letters.
To estimate the ITT of receiving the reminder letter, we then use the random variation from
the treatment allocation at the individual level. We estimate the simple regression model:

yit = βDi + δXi + ψt + ϵit (4)

where yit is a registration or contribution indicator for individual i at time t = [2020, 2021], Di

is the treatment indicator and θt is a year fixed effect. We further include a set of individual’s
characteristics Xi to increase the precision of the estimates. β captures then the ITT effect of
sending the reminder letter. We adopt two specifications to estimate: (i) the overall effect of
receiving one of the letters (Di takes value one if an individual received any of the invitation
letters); (ii) the effect of each version of the reminder letter.

The results are reported in Table 3). First, we find that receiving any reminder letter
increases the share of registered individuals by around 7 percentage points (see results in
Column (1)). Considering the limited adoption of the digital application in this group of
insureds, with a registration rate in the control group of 7.3 percent, our results show that a
simple reminder letter is very effective in increasing adoption. Interestingly, we find homoge-
neous registration responses across the different versions of the reminder letter (see Column
2 of Table G3). These results then indicate that neither highlighting the possibility to calcu-
late tax savings from contribution, nor stressing the simplified application process for making
voluntary contributions within the app further motivates insureds to register. This evidence
complements previous findings by Bauer et al. (2022) showing that information about peers’
behavior does not affect adoption of digital pension environments. However, the different
version of the letter may motivate different insureds to register, with implications for their
contribution response.

Although our main goal is to exploit our intervention to provide an estimate for the effect
of using the digital application on contribution behavior, we also consider the ITT effect on
contributions of sending a simple reminder registration letter. As shown in Columns (2) and
(4) of Table 3), while we find a positive point estimate for the effect on both the probability
to make a voluntary contribution (0.2 pp) and overall contributed amount (1.78 percent), the
estimates are noisy and the effect not statistically significant.

4.3.2 LATE of the digital pension app

To identify the LATE of the digital pension app on contribution behavior, we instrument
registration status with the random treatment assignment. Instrument exogeneity is guar-
anteed due to the random assignment of insureds to different treatment arms and control
groups. We have provided above evidence on the strength of the instrument and that treat-

26



ment assignment was in fact unconfounded. The LATE estimates need to be interpreted, as
usual, as the effect on compliers, i.e., those individuals who registered to the app because
they received the reminder letter. We then estimate the following equation using two-stages
least squares:

yit = γAPPi,t + δXi + ψt + ηi,t (5)

where APPi,t is a dummy for app registration status of insured i in t and all other variables
are as in eq.(4). As a first stage regression, we use 4 with the app registration indicator
as outcome variable.43 γ indicates the effect of using the app for those who register after
receiving the reminder invitation letter.

Table 3: Intention to treat and local average treatment effect

App registration Buy-in indicator Log contributions
ITT ITT LATE ITT LATE
(1) (2) (3) (4) (5)

Treatment 0.0684*** 0.0020 0.0178
(grouped) (0.0077) (0.0039) (0.0389)

App registration 0.1365** 1.3853**
(0.0662) (0.6696)

Year FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes

p-value F test 0.0000 0.0000
Mean control 0.073 0.0130 0.0130 log(547.8) log(547.8)
Observations 6956 6956 6956 6956 6956

Notes: Estimated marginal effect of the treatment indicator from a linear probability model are
reported. Dependent variable in Columns (1) and (2) is a binary indicator for insureds that made
a buy-in to their pension fund in 2020 post treatment or the year 2021 respectively. Dependent
variable in Columns (3) and (4) is the log amount of buy-ins in the same period. Columns (1) and
(3) present the intention-to-treat specifications and Columns (2) and (4) the estimates of the local
average treatment effect from a 2SLS-IV model. All specifications control for insureds’ gender,
age, age squared, log income, marital status, fund membership and tenure in the firm. Clustered
standard errors on the individual level are reported in parentheses. Data from two Swiss pension
funds.

Instrumenting registration status with the random treatment assignment, we find a large
LATE of the digital pension application on contribution behavior. The digital application
increases the probability to make a voluntary buy-in by about 13.6 percentage points and
the overall contributed amount by about 138.5 percent, respectively, as reported in Columns
(3) and (5) of Table 3. The latter corresponds to an increase in overall annual contributions
to the occupational retirement account of about 750 CHF. These causal effects are there-

43Since both the instrument (receiving an invitation letter) and the endogenous variable (registration to
the pension app) are binary indicators, we implement a three-step approach Angrist and Pischke (2008):
(i) estimate a Probit model with the dependent variable app registration status on the treatment indicator
and the set of control variables; (ii) take the predicted values from this model; (iii) use these predictions as
instruments for the estimation of eq.(5).
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fore economically substantial and larger (though not statistically) than the merely suggestive
evidence on the effect of introducing the digital application among those who eventually reg-
istered, presented in section 3.4.1. We wish to stress that these experimental results represent
local estimates of the effect of the digital application for the group of individuals who regis-
tered in the app following our reminder registration letter. Although this group of insureds
cannot be considered as representative of the general population, they are particularly inter-
esting to study for understanding what motivates adoption of digital pension environments
and the barriers to the take-up of financial incentives for retirement contributions.

4.3.3 Mechanisms: nudge towards tax savings vs. lower “hassle” costs

How is the digital pension application affecting contribution behavior to the tax-favoured
retirement accounts? To provide some evidence on the mechanisms underlying the contribu-
tion response to the introduction of the app, we leverage the different nudges in the reminder
registration letters. We first test whether imperfect knowledge about tax savings or trans-
action costs, or both, play a role in individuals’ contribution behavior to retirement saving
accounts, regardless of registration status. To do this, we simply exploit the random treat-
ment assignment to obtain an estimate of the ITT effect of sending a reminder letter nudging
towards the digital application providing information about tax savings or simplifying the
process of making a voluntary buy-in. We then estimate eq.(4) separately for each reminder
registration letter. The results of the ITT analysis by letter, reported in panel (a) of Figures
6 and G1 are striking:44 while sending the baseline letter or the letter nudging towards the
tax savings from contributions has no effect on neither the probability to make a voluntary
buy-in nor the overall contributed amount, the nudge towards the lower “hassle” costs of
making a contribution using the digital application has a relevant effect on contribution be-
havior. Merely receiving the “lower transaction costs from using the app” letter increases
the probability of making a buy-in by about 1 percentage points, and the overall contributed
amount by around 10 percent (significant at the 10 percent level). On the one hand, these
results suggest that the feature of the pension application facilitating the process of making
a voluntary contribution is more important than the computation of the tax savings from
contributions. On the other hand, it provides additional evidence in support of the hypoth-
esis that it is really the access to the digital application (through the simplified application
process from making a contribution) driving the contribution response to its roll-out.

In the previous section we have provided an estimate for the LATE of accessing the digital
application for the group of compliers registering after having received any of the reminder
letters. Exploiting the different nudges within letters, we can estimate the effect of the pension
app on contribution behavior for different groups of compliers, i.e., insureds registering in

44The full estimation results are reported in Table G4.
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(a) ITT effect of reminder letters (b) LATE of the digital pension app

Figure 6: Mechanisms: tax savings or lower “hassle” costs
Notes: The graph in panel (a) plots the estimates of the ITT effect of sending reminder letters on the
probability to make a contribution. Each bar corresponds to the effect of receiving a specific reminder
letter (baseline, tax savings, transaction costs). The graph in panel (b) plots the estimates of the
LATE of using the pension app on the probability to contribute, obtained using the random treatment
assignment as instrument for registration status. Each bar represents the LATE for the subgroup of
insureds receiving one of the letter types. 90 percent and 95 percent confidence intervals are reported.

the digital application after receiving the baseline letter vs. the nudge towards tax saving vs.
lower “hassle” costs. Because the different instruments potentially induce different groups of
insureds to register in the digital application (more interested in the tax savings vs. simplified
application process features), we interpret potential LATE heterogeneity across these groups
as additional evidence on the relative importance of channels underlying the contribution
response to app usage. We estimate eq.(5) using the treatment assignment of app registration
status, separately for each treatment group. The estimation results are reported in panel (b)
of Figures 6 and G1. Consistently with the treatment effect heterogeneity by letter type
presented above, we find no effect of using the pension app among those individuals who
received the baseline letter or the letter nudging towards the digital application computing
the tax savings from making a contribution. The results show that, among those individuals
registering in the app after receiving the nudge towards lower “hassle” costs, using the digital
pension application increases the probability to make a buy-in by around 38 percentage
points, and the contributed amount by about 400 percent (significant at the 5 percent level).
These results show that the overall LATE of the digital application on contribution behavior
(estimated in the previous section) is driven by those individuals receiving a nudge towards
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the digital application simplifying the process of making a contribution. They further point
towards transaction costs as an important barrier to the take-up of financial incentives for
retirement contributions.

5 Conclusion

This paper has presented quasi-experimental and experimental evidence on the effects of
providing access to a digital pension application on actual retirement contribution behavior.

We show that the introduction of the digital pension application induced a substantial
retirement contribution response in a setting where individuals are already annually informed
about future expected pension benefits. This is important in that previous studies on the
role of information in retirement saving decisions mainly focused on limited knowledge about
expected pension benefits (Mastrobuoni, 2011; Goda et al., 2014; Dolls et al., 2018). Finding
that providing access to the digital pension app increases retirement contributions remains
policy relevant, irrespective of the understanding of the underlying mechanisms.45 This is
especially important in light of the circumstance several government agencies and pension
funds around the world have introduced or are planning to roll-out similar digital tools to
help individuals save for retirement. Moreover, our results point towards the “hassle” costs
from making a contribution as an important barrier to retirement contributions. They show
that the reduction in these transaction costs is the most important mechanism underlying the
contribution response to the introduction of the digital pension application. These results
are relevant for the ongoing process of digitalization in the retirement sector, as they inform
the design of future digital pension environments about the importance of simplifying the
process of making a transaction. They also inform models of savings and portfolio choice,
highlighting the importance of including transaction or fixed participation costs (Kaplan and
Violante, 2014; Fagereng et al., 2017; Choukhmane, 2019).

This study shows that, once a pension app is developed and linked to retirement account
data, a low-cost, scalable, intervention consisting in sending an invitation letter to register in
the app has the potential to have important effects on economic well-being. While the welfare
implications of untargeted nudges to make additional contributions such as “you are not
saving enough for retirement’’ may be ambiguous because, clearly, not everyone is not saving
enough for retirement, access to the digital application allows individuals to simply observe
“raw” information about the pension situation and reduce the “hassle” costs they need to
pay to make a contribution. The larger retirement contribution response that we find among
higher-income earners and individuals with larger potential for tax-favoured contributions,
that is, workers having, ex-ante, more to gain from making an additional contribution to the

45On the relevance of the policy effect in the absence of the identification of the underlying mechanisms
see, e.g., Chetty (2015).
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retirement saving account, also points to the intervention being welfare-improving. Future
research should, however, explore whether the higher retirement contributions reflect into
higher overall retirement savings. This evidence could be used to conduct a sound welfare
analysis. Further, while understanding what drives the retirement contribution response of
low savers is important (as in Beshears et al. 2015), more work is needed to explore which
barriers to the take-up of financial incentives for retirement savings are important for others
groups.
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Appendix - For Online Publication
A Institutional setting and informational intervention

Figure A1: Illustration of tax benefits from a voluntary buy-in
Notes: The graph depicts estimates of tax benefits from a 10’000 CHF buy-in for different income
levels in Basel, Bern & Zurich. Numbers are retrieved from the online tax calculator of the Swiss federal
government. For each city, we report the estimated tax-benefits for an single, protestant individual in the
year 2019. Tax benefits for a 10’000 CHF buy-in are computed as the difference between instantaneous
savings of the the income tax and the tax on the equivalent lump-sum payout at retirement. The
calculations assume that the individual receives 10’000 CHF back as lump-sum payment at retirement,
and abstract from returns on pension wealth and benefits from preferential wealth and interest taxation
in the pension fund. Tax benefits are then computed as the difference between the income tax savings
today and the tax on the equivalent lump-sum payout at retirement. Local administrative areas in
Switzerland (cantons) have large autonomy in setting tax rules. The numbers are in line with those
reported in (OECD, 2018) where the estimated present value of taxes saved through contributions to a
retirement savings plan in Switzerland is around 26 percent of the present value of contributions for an
average earner, and up to 47 percent for high income individuals.
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Figure A2: Usage of pension app
Notes: The graph depicts the share of user sessions in which an individual used a specific tool in the
pension app. The graph shows exemplary how individuals used the pension app. It refers to data for
iOS devices for a one year period from April 2018 to April 2019. Data for fund A.
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Figure A3: Invitation letter
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B A simple model

To derive hypotheses on the role of the pension app on voluntary contribution behavior, we
introduce a simple model in which an insured decides whether and how much to contribute
voluntarily to her pension fund over her working life. This stylized framework builds on the
model of DellaVigna (2018). Compared to that model, where the individual starts to save
and keeps on contributing every period to her pension fund, we consider the choice of making
one-time buy-ins. Further, we include tax incentives explicitly.

In each period t, the individual derive utility from consumption ct and are assumed to
maximise expected lifetime (T periods) utility choosing how much to contribute to their
occupational pension plan Bt:

max
B

Et

T −t∑
s=0

βsu(ct+s)

where β < 1 is the per-period discount factor. In each period t, she earns after-tax labor
income (1−τ)yt, and capital income from her financial wealth with a gross rate of return Rf .
If she chooses to make a voluntary buy-in of an amount B, she transfers B CHF of resource
available for consumption into the tax-favoured retirement saving account. This allows her
to obtain tax savings equal to τB in taxes in the current period t. The contributed amount
will earn a gross interest Rf , assumed to be fixed and known all the way until retirement,
in N − t periods. At the age of retirement N , she then receives a lump-sum amount equal
to the after-tax (τN ) defined contribution wealth accumulated in the retirement account wp

N .
We assume that τ0 < τT , which describes the typical tax schedule in Switzerland.

The dynamic budget constraint can therefore be written as:

at = Rfat−1 + (1 − τ)yt − ct − (1 − τ)Bt + wp
t (1 − τR)1(t = N) (6)

where at is beginning-of-period financial wealth and Bt = wp
t −Rfw

p
t−1. We consider the

case in which, to contribute an amount B, the individual has to reduce her consumption in
period t, which yields marginal utility u′(ct). In this simple setting, the net utility gains Zt

from contributing an amount B in period t are then given by:46

Zt = −(1 − τ)Btu
′(ct) + (βRf )(N−t)(1 − τN )Btu

′(cN )

Consider now the case in which making a buy-in comes at an immediate effort or trans-
action cost k. Further, we allow individuals to have imperfect knowledge of the tax benefits
from making a contribution. Specifically, individuals’ degree of misperception about the tax

46If the individual instead simply transfers resources from her checking account into her retirement saving
account, the net utility gains are given by Zt = (βRf )(N−t)(τ − τN )Btu

′
(cR), with Zt > 0 provided we have

τ > τN .
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savings from making a contribution is captured by the coefficient θ ∈ (0, 1). In this case,
eq.(6) becomes:

at = Rfat−1 + (1 − τ)yt − ct − (1 − θτ)Bt +Bt(1 − θτN )1(t = N)k1(Bt > 0)

and the net utility gains Zt from contributing an amount B in period t are given by:

Zt = −
(
k + (1 − θτ)Btu

′(ct)
)

︸ ︷︷ ︸
Perceived net costs

+ (βRf )(N−t)(1 − θτN )Btu
′(cN )︸ ︷︷ ︸

Perceived discounted net benefits

(7)

To simplify the calculations, we assume a constant marginal utility of consumption that is
normalized to 1, and a discount rate that equals the inverse of the interest rate, β = (Rf )−1.
Eq.(7) becomes:

Zt = −k + θB(τt − τN )

The decision rule to make a contribution is Zt > 0.47

Therefore, we have ∂P r(Zt>0)
∂k < 0 and ∂P r(Zt>0)

∂θ > 0, that is the probability to make a buy-
in in period t decreases with transaction costs and increases with the individual knowledge
about the tax savings from making a contribution.

Observing an increase in the probability individuals make a contribution following the
introduction of the digital pension app, would support the hypothesis that digitalization
reduces he “hassle costs” of contributions and/or reduces the degree of misperception about
the tax savings from these contributions.

47Conditional of a positive net gain from a buy-in (Zt > 0), the individual could consider to postpone the
buy-in to the next period. An individual contributes in period t if Zt > 0 and Zt > Zt+1. The condition for
not postponing a contribution associated with a net gain in utility is then:

Bθ(τt − τt+1) > k(1 − β)
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C Feasibility of IV approach

A possible IV approach may exploit the difference in the timing of the introduction of the
pension app. This identification strategy would use the fund of an individual as an instrument
for being a registered user of the pension app in 2019. Table C1 presents the first stage for such
an IV approach where we estimate whether the fund membership can predict the registration
status of individuals in 2019 (when we observe the registration status). The first stage results
for fund are not sufficiently powerful in order to pursue an IV identification strategy.

Table C1: First stage of possible IV approach

Registration status indicator
(1) (2)

Probit LPM

Fund indicator -0.0277 -0.0284
(0.0268) (0.0280)

Controls Yes Yes

Observations 1871 1873
Notes: First stage of a possible IV. The table reports marginal effects from a
Probit model in Column (1), and OLS estimates in Column (2). Dependent
variable in (1) and (2): registration status dummy indicating whether an
individual was registered in the pension app by June 2019. Independent
variables are a fund dummy, a gender dummy, and marital status fixed effects.
Moreover, both specifications control for second order polynomial of age, for
log wage and for log tenure. Standard errors in parentheses are robust and
clustered on the individual level. Data from two Swiss pension funds covering
for the year 2019.
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D Descriptive analysis

In this Appendix, we report descriptive analysis and additional details on the estimation of
the age profiles of buy-in potential to income ratio and voluntary contribution behavior.

Estimating the age profile of buy-in potential to income ratio To separate age,
cohort and year effects and estimate the age-profile of buy-in potential to income ratio, we
follow Deaton and Paxson (1994) and impose the parametric restriction that time effects
sum to zero once we include a time trend. We specify the buy-in potential to income ratio
of individual i, aged a, belonging to cohort c, in year t, as:

TFPi,a,c,t

yi,a,c,t
= α+ βaδa + βcψc + βtθt + β0t+ γXi,a,c,t + ϵi,a,c,t (8)

where TFPi,a,c,t is the potential for tax-favoured voluntary contributions, yi,a,c,t is income, δa

ψc and θt are dummies for age, cohort and year, t is a time trend, Xi,a,c,t is a set of covariates
(gender, log income, tenure in the firm, marital status) and ϵi,a,c,t an error term. We impose
the restriction ∑

βt = 0 to eq.(8).

Estimating the age profile of voluntary contribution decisions We specify the dis-
crete choice of contribution to the occupational pension plan by individual i, aged a, belonging
to cohort c, in year t, as:

pr (Pi,a,c,t | z) = pr(βaδa + βcψc + βtθt + β0t+ γXi,a,c,t + ϵi,a,c,t > 0) (9)

where Pi,a,c,t is a dummy variable indicating whether the individual makes a positive voluntary
contribution to the occupational pension plan and all other variables are as in eq.(8). We
again impose the restriction ∑

βt = 0 to eq.(9). Alternatively, we parameterize age effects
including a second-order polynomial in individual’s age and setting ∑

βa = 0 and β0 = 0 in
eq.(9). We estimate eq.(9) using a probit and a linear probability model.
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Figure D1: Projected replacement rate from second pillar
Notes: The graph shows the projected replacement rate from the occupational pension fund. The
projected replacement rate is calculated as the ratio of the projected annuity over the current income.
The graph depicts only observations for individuals above the age of 60. The graph excludes outliers
with replacement rates above 1. Data from two Swiss pension funds.

Figure D2: Potential buy-in to income ratio over age
Notes: The graph plots the scatter plot and local polynomial smoothing (black line) of the ratio of
potential buy-in to wage over insureds’ age for the pre-treatment year 2016. Data from two Swiss
pension funds.
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Table D2: Robustness: Determinants of potential buy-in and pension app registration

Buy-in indicator App registration indicator
(4) (4b) (6) (6b)
LPM Probit LPM Probit

Age -0.0022 0.0028 -0.0149 -0.0017
(0.0020) (0.0022) (0.0108) (0.0012)

Age (squared) 0.0000∗ -0.0000 0.0001
(0.0000) (0.0000) (0.0001)

Wage (log) 0.0549∗∗∗ 0.0440∗∗∗ 0.2233∗∗∗ 0.2139∗∗∗

(0.0087) (0.0063) (0.0282) (0.0263)
Gender (male) -0.0191∗∗∗ -0.0163∗∗∗ 0.1022∗∗∗ 0.1047∗∗∗

(0.0060) (0.0057) (0.0211) (0.0216)

Tenure (log) -0.0084∗∗∗ -0.0079∗∗∗ 0.0438∗∗ 0.0434∗∗

(0.0026) (0.0023) (0.0187) (0.0186)

Constant Yes No Yes
Marital Status FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Observations 9385 9309 2057 2054
Notes: Estimates for descriptive models corresponding to the results in Table D1. The table reports
marginal effects from a Probit model in Columns (4b) and (6b), and corresponding estimates from a
linear probability model (LPM) in Columns (4) and (6). Dependent variable in (4), (4b): buy-in dummy
indicating a positive yearly contribution (buy-in) to the occupational pension fund. Dependent variable
in (6) and (6b): registration status dummy indicating whether an individual was registered in the pension
app mid 2019. Specifications (4) and (4b) include as independent variables the second order polynomial
of age, a gender dummy (positive if male), log wage, log tenure with the current employer as well as
on year and marital status fixed effects. Specifications (6) and (6b) is restricted to the cross-section in
2019 and include as independent variables the second order polynomial of age, a gender dummy (positive
if male), log wage, log tenure with the current employer as well marital status fixed effects. Standard
errors in parentheses are robust and clustered on the individual level. Data from two Swiss pension funds
covering the years 2013–2019.
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Figure D3: Income profile over age
Notes: The graph depicts the income profile of individuals over age. The graph shows the average income
for each year of age. Data from two Swiss pension funds.

(a) By individual’s age (b) By individual’s income

Figure D4: Share of insureds making a voluntary contribution
Notes: The graphs depict the share of individuals that are making a voluntary buy-in in a given year
over individuals’ age in panel (a) and over individuals’ labour income in panel (b). Data from two Swiss
pension funds for the years 2013 - 2016.
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(a) Buy-in potential (b) Buy-in potential over wage

Figure D5: Projected replacement rate and buy-in potential
Notes: The graph depicts the projected replacement rate from the occupational pension fund over an
individuals’ buy-in potential in panel (a) and over the ratio of buy-in potential over labour income. Both
graphs refer to the cross-section in the year 2016. Data from two Swiss pension funds.

Figure D6: Potential buy-in to income ratio in last year before retirement
Notes: The graph depicts the ratio of the potential buy-in over individuals’ last three years average
labour income. The sample is restricted to the last three years before the legal retirement age. Data
from two Swiss pension funds.
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Figure D7: Share of people that has ever made a voluntary contribution by age
Notes: The graph depicts the local polynomial smoothing of the share of individuals that has ever done
a voluntary contribution to her occupational pension fund. Data from two Swiss pension funds for the
years 2013 - 2016.

(a) unconditional (b) conditional on making a buy-in

Figure D8: Buy-in to income ratio over age
Notes: The graph depicts the ratio of buy-in amounts over individuals’ labour income in the year of the
contribution. Panel (a) considers the full sample whereas panel (b) restricts the sample to individuals
that are making a buy-in. The graphs show the average ratios for each year of age. Data from two Swiss
pension funds for the years 2013 - 2016.
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Figure D9: Histogram of income by app registration status
Notes: The graph depicts the histograms of labour income for the cross-section in the year 2019. The
sample is divided into individuals who have never registered in the pension app (blue) and individuals
that have registered in the pension app (black). Data from two Swiss pension funds.

Figure D10: Timing of voluntary buy-ins.
Notes: The graph shows the share of buy-ins that occur in a specific month relative to all buy-ins. The
graph depicts collapsed data for the years 2013 - 2016, hence before the introduction of the pension app.
Data from two Swiss pension funds.
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(a) By individual’s age (b) By individual’s income

Figure D11: Registration status over age and income
Notes: The graphs depict the share of individuals that are registered in the pension app over individuals’
age in panel (a) and over individuals’ labour income in panel (b) for the cross-section in the year 2019.
Data from two Swiss pension funds.
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E Additional results: quasi-experimental evidence

Table E1: Summary Statistics - by fund for year 2016

Fund A Fund B t-test
mean mean difference test statistics

Age 42.39 42.63 0.24 (0.43)
Gender (male) 0.58 0.79 0.21 (8.17)
Wage (log) 11.31 11.28 -0.02 (-1.06)
Tenure in firm 4.60 4.53 -0.07 (-0.26)
Projected replacement rate 0.24 0.25 0.01 (1.35)
Potential buy-in (CHF) 76022.87 74799.24 -1223.6 (-0.22)
Buy-in (binary) 0.03 0.03 -0.002 (-0.18)
Buy-in amount (log) 0.30 0.27 -0.030 (-0.34)

Observations 2631 422 3053
Notes: Summary statistics by fund in the year 2016 for insureds age, the share of male individuals,
the log wage, the tenure with the current employer in years, the projected replacement rate, the
potential buy-in amount in CHF, the share of individuals making a voluntary contribution (buy-in)
and the log amount of voluntary contributions. For each variable we report the difference between
the funds and a test statistics of a t-test. The sample includes all individuals who are between
25 and 65 years old that were insured in the pre-treatment period and have a non-zero buy-in
potential. Data come from two Swiss pension funds.

Introduction of pension app by fund To gain insights about the change in individual
choices around the time of pension app introduction, we start estimating eq.(2) separately
for pension fund A (introducing the app in 2017) and pension fund B (introducing the app
in 2018). Because this descriptive analysis only exploits changes in contribution choices over
time, we set θt = 0. We estimate equation (2) for the probability to make a voluntary con-
tribution. Panels (a) and (b) of Figure E1 report the marginal effects from a Probit model
for fund A and fund B, respectively. The results show non significant estimates for the years
before the individuals received the invitation letter to register in the app βe (e = −4,−3,−2),
and in both pension funds a jump in the probability that insureds make a voluntary con-
tribution in the year the pension app was introduced. Specifically, the contribution rate
increases by around 1 and 2 percentage points among insureds in fund A and B, respectively.
This findings are confirmed when we use the log of the contributed amount as dependent
variable, as shown in Figure E2. Although there is no evidence of significant time trend in
contribution rates in a given fund (βe (e = −4,−3,−2) are all statistically equal to zero), one
needs to be cautious in interpreting these results as effects of introducing the app because
they assume that there are no shocks occurring at the same time as the introduction of the
app. To relax this assumption and exploit the variation in the roll-out of the pension app
while conditioning on time fixed effects, we estimate our main event-study specification (2).
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(a) Fund A (b) Fund B

Figure E1: Event study coefficients for the probability to do a buy-in by fund
Notes: The graph reports marginal effects of the event study coefficients from a Probit model based on the
model in eq. (2) but excluding time fixed effects. Panel (a) shows the estimates for individuals insured in
fund A and panel (b) shows the estimates for individuals insured in fund B. Dependent variable: buy-in
dummy indicating a positive yearly contribution (buy-in) to the occupational pension fund. The event
is receiving the invitation letter to for the first time. Event dummies are reported relative to year prior
to event. The error bars show 90 and 95 percent confidence intervals for cluster robust standard errors
at the individual level. Data from two Swiss pension funds from 2013-2018.

(a) Fund A (b) Fund B

Figure E2: Event study coefficients for the log buy-in amount by fund
Notes: The graph reports marginal effects of the event study coefficients from an OLS model based on the
model in eq. (2) but excluding time fixed effects. Panel (a) shows the estimates for individuals insured
in fund A and panel (b) shows the estimates for individuals insured in fund B. Dependent variable: log
buy-in amount of yearly contributions (buy-in) to the occupational pension fund. The event is receiving
the invitation letter to for the first time. Event dummies are reported relative to year prior to event.
The error bars show 90 and 95 percent confidence intervals for cluster robust standard errors at the
individual level. Data from two Swiss pension funds from 2013-2018.
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Table E2: Static event study (ES) & DiD specifications for ITT effect

Buy-in indicator Log contributions
ES DiD ES DiD

(1) (2) (3) (4) (5) (6)
Probit LPM Probit LPM OLS OLS

Post*Fund 0.0180∗∗ 0.0145∗∗ 0.0155∗ 0.0137∗ 0.137∗∗ 0.124∗

(0.00846) (0.00665) (0.00879) (0.00728) (0.0641) (0.0702)

Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Observations 15355 15478 11279 11364 15478 11364
Notes: Difference in differences estimates based on eq. 3. The table reports marginal effects from a
Probit model in Column (1) and (3), and OLS estimates in Columns (2), (4), (5) and (6). Specifications
(1), (2) and (5) are estimated with the entire sample whereas specifications (3), (4) and (6) are estimated
with the restricted sample before the year 2018. Dependent variable in (1)-(4): buy-in dummy indicating
a positive yearly contribution (buy-in) to the occupational pension fund. Dependent variable in (5) and
(6): log amount of voluntary contributions to the occupational pension fund. Estimates are conditional
on fund, year, gender, and marital status fixed effects. Moreover, all specifications control for second
order polynomial of age, for log wage and for log tenure. Standard errors in parentheses are robust and
clustered on the individual level. Data from two Swiss pension funds covering the years 2013–2019. The
event defining the post dummy is receiving the invitation letter to register in the pension app for the
first time.

Figure E3: ITT: Event study coefficients (log buy-in amount)
Notes: The graph reports OLS coefficients of the event time dummies model based on the model in eq.
(2). Dependent variable: log buy-in amount of yearly contributions (buy-in) to the occupational pension
fund. The event is receiving the invitation letter to for the first time. Event dummies are reported
relative to year prior to event. The error bars show 90 and 95 percent confidence intervals for cluster
robust standard errors at the individual level. All estimates are reported in Table E3. Data from two
Swiss pension funds from 2013-2018.
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Table E3: ITT: Effect of invitation letter and app availability on voluntary contributions

Buy-in indicator Log contributions
(1) (2) (3)

Probit LPM OLS

eventtime -4 0.0044 0.0022 0.0085
(0.0094) (0.0090) (0.0867)

eventtime -3 -0.0013 -0.0012 -0.0146
(0.0089) (0.0081) (0.0784)

eventtime -2 0.0050 0.0027 0.0230
(0.0078) (0.0072) (0.0687)

eventtime 0 0.0137∗∗ 0.0130∗∗ 0.1208∗∗

(0.0068) (0.0057) (0.0555)

Year FE Yes Yes Yes
Controls Yes Yes Yes

Observations 11739 11824 11824
Notes: Event study estimates based on eq. 2. The table reports marginal effects from
a Probit model in Column (1), and OLS estimates in Columns (2) and (3). Dependent
variable in (1) and (2): buy-in dummy indicating a positive yearly contribution (buy-in)
to the occupational pension fund. Dependent variable in (3): log amount of voluntary
contributions to the occupational pension fund. Estimates are conditional on fund, year,
gender, and marital status fixed effects. Moreover, all specifications control for second
order polynomial of age, for log wage and for log tenure. Standard errors in parentheses
are robust and clustered on the individual level. Data from two Swiss pension funds
covering the years 2013–2018. The event is receiving the invitation letter to register in
the pension app for the first time. Event dummies are relative to the year prior to event.
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E.1 Heterogeneity analysis

We conduct the heterogeneity analysis both for the main event study design as well as condi-
tioning on pension app registration status. The complete set of results is reported in Table E5
and Table E6. We focus in the main text on the probability to make a voluntary contribution.
Figure E5 reports corresponding estimates for the log of contributed amount.

Gender First, we estimate eq.(3) separately for men and women in the sample. As depicted
in panel (a) of Figure E4 and E5, we find that the average intention-to-treat effect is driven
by male individuals, while women do not respond to the introduction of the pension app.
The probability to make a voluntary buy-in following the intervention increases by around
2.44 percentage points among male insureds and that the contributions increase by around
17.9 percent.

As shown in panel (b) of Figure E4, we find no suggestive evidence of a response to
sending the invitation letter, independently of the gender, among the insureds who do not
register after receiving the letter. Using the sample of registered insureds, we find a large
response to the possibility of accessing the app among men (7.9 percentage point increase in
the probability to buy-in and 52.1 percent increase in the amount saved) but no significant
response among women. A possible explanation for this evidence is that individuals’ finan-
cial sophistication influences their ability to incorporate the information obtained through
the pension app to take optimal retirement saving decisions, considering the gender gap in
financial literacy extensively documented in the literature (see, e.g, Lusardi and Mitchell
2008).

Income As discussed in Section 1, the institutional setting provides fiscal incentives to make
contributions to the occupational pension plans that increase with the worker’s labor income,
due to the progressive income taxation. Further, higher income earners may be less likely
to be liquidity constrained. We split the sample in individuals below and above the median
income in the sample (75’400 CHF).48 As depicted in panel (c) of Figure E4, we observe
larger responses to the introduction of the pension app among insureds with above-median
income. The contribution rate among this group of workers increases by 2.71 percentage
points following the introduction of the pension app, while the contributed amount increases
by around 20.5 percent (see panel (c) of Figure E5). In contrast, we do not find a large
contribution response among individuals with below-median income.

Regardless the income level, there is no response to the intervention among individuals
who do not register in the pension app (see panel d of Figure E4). Among individuals

48This median wage is close to the median wage in Switzerland of 77’000 CHF in 2016 (data from Federal
Statistical Office).
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who do self-select into registering in the pension app, the analysis shows large contribution
responses of individuals with above-median income, with the contribution rate increasing
by around 8.75 percentage points, from a pre-intervention contribution rate of 8.6 percent.
We do not find significant responses of individuals with below-median income even among
individuals who register in the pension app, though the point estimate is higher compared
to that obtained using the sample of below-median earners who do not access the app. This
evidence suggests that the introduction of the pension application indeed influenced the
retirement contribution behavior of individuals who, ex-ante, have more to gain from making
an additional contribution to the occupational pension plan.

Potential buy-in Finally, we explore whether individuals respond differently to the in-
troduction of the pension app depending on their potential of tax-favoured contributions.49

Evidence that individuals with higher potential of tax-favoured contributions respond more
to the introduction of the pension app would be consistent with our hypothesis that the
introduction of the pension app induced a behavioral response through a reduction of the
costs of information acquisition. The results show a large contribution response among in-
dividuals with above-median potential buy-in to wage ratio, with the probability to make
a contribution increasing by around 3.1 percentage points following the introduction of the
pension app, from a baseline contribution rate of 3.82 percent. We find no significant effect
for individuals with a buy-in potential below the median (see panel (e) of Figure E4).

49The sample is divided between individuals with a potential buy-in to wage ratio below and above the
distribution median.
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(a) gender (b) gender & registration status

(c) income (d) income & registration status

(e) buy-in potential (f) buy-in potential & reg. status

Figure E4: Heterogeneity in intention-to-treat effect
Notes: The graphs depict marginal effects of the difference in differences specification from a Probit model
based on the model in eq. (3). The panels present different divisions of the sample along the dimensions gender,
income and buy-in potential. Graphs on the left split the sample by one of these heterogeneity dimensions and
graphs on the right divide the sample additionally by individuals’ pension app registration status. Dependent
variable: buy-in dummy indicating a positive yearly contribution (buy-in) to the occupational pension fund.
The error bars show 95 percent confidence intervals for cluster robust standard errors at the individual level.
Tables E5 and E6 report the estimates. Data from two Swiss pension funds from 2013-2019.
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(a) gender (b) gender & registration status

(c) income (d) income & registration status

(e) buy-in potential (f) buy-in potential & reg. status

Figure E5: Heterogeneity of treatment effect (log buy-in amount)
Notes: The graphs depicts OLS estimates of the difference in differences specification based on the model in
eq. (3). The panels present different divisions of the sample along the dimensions gender, income and buy-in
potential. Graphs on the left split the sample by one of these dimensions and graphs on the right additionally
divide the sample by individuals’ pension app registration status. Dependent variable: log buy-in amount of
yearly contributions (buy-in) to the occupational pension fund. The error bars show 95 percent confidence
intervals for cluster robust standard errors at the individual level. Tables E5 and E6 report the estimates.
Data from two Swiss pension funds from 2013-2019.
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Table E4: Heterogeneity by registration status

Buy-in indicator Log contributions
Never registered Registered Never

registered
Registered

(1) (2) (3) (4) (5) (6)
Probit LPM Probit LPM OLS OLS

eventtime -4 -0.0013 0.0007 0.0213 0.0127 -0.0109 0.1245
(0.0089) (0.0081) (0.0284) (0.0254) (0.0791) (0.2426)

eventtime -3 -0.0035 -0.0016 0.0008 0.0014 -0.0280 0.0415
(0.0079) (0.0076) (0.0266) (0.0217) (0.0741) (0.2119)

eventtime -2 0.0064 0.0043 0.0013 -0.0016 0.0340 -0.0055
(0.0076) (0.0074) (0.0232) (0.0182) (0.0698) (0.1767)

eventtime 0 -0.0004 -0.0001 0.0544∗∗∗ 0.0482∗∗∗ -0.0086 0.4716∗∗∗

(0.0066) (0.0058) (0.0203) (0.0146) (0.0553) (0.1449)

Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Observations 9013 9111 2707 2713 9111 2713
Notes: Event study estimates based on eq. 2. The table reports marginal effects from a Probit model
in Columns (1) and (3), and OLS estimates in Columns (2), (4), (5) and (6). Specifications (1), (2)
and (5) are estimated with the restricted sample of individuals who never registered in the pension app
whereas specifications (3), (4) and (6) are estimated with the restricted sample of individuals who have
registered in the pension app. Dependent variable in (1), (2), (3) and (4): buy-in dummy indicating a
positive yearly contribution (buy-in) to the occupational pension fund. Dependent variable in (5) and
(6): log amount of voluntary contributions to the occupational pension fund. Estimates are conditional
on fund, year, gender, and marital status fixed effects. Moreover, all specifications control for second
order polynomial of age, for log wage and for log tenure. Standard errors in parentheses are robust and
clustered on the individual level. Data from two Swiss pension funds covering the years 2013–2018. The
event is receiving the invitation letter to register in the pension app for the first time. Event dummies
are relative to the year prior to event.
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Table E5: Heterogeneity in intention-to-treat effect

Buy-in indicator Contributed amount (log)
(1) (2) (3) (4)

Probit Probit OLS OLS
(i) Gender Female Male Female Male

Post * Fund 0.0001 0.0239∗∗ 0.0226 0.1866∗∗

(0.0151) (0.0103) (0.1383) (0.0742)

Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Observations 5637 9687 5716 9762
(ii) Income below

median
above
median

below
median

above
median

Post * Fund 0.0080 0.0286∗ 0.0797 0.2181∗

(0.0066) (0.0159) (0.0582) (0.1149)

Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Observations 7541 7810 7616 7862
(iii) Buy-in potential over wage below

median
above
median

below
median

above
median

Post * Fund 0.0047 0.0339∗∗ 0.0114 0.2645∗∗∗

(0.0104) (0.0139) (0.0945) (0.0905)

Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Observations 7703 7646 7738 7740

(iv) Age below
median

above
median

below
median

above
median

Post * Fund 0.0135 0.0197 0.1059 0.1812∗

(0.0092) (0.0139) (0.0736) (0.1092)

Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Observations 7656 7638 7709 7731
Notes: Difference in differences estimates based on eq. 3. The table reports marginal effects from a
Probit model in Column (1) and (2), and OLS estimates in Columns (3) and (4). Specifications (1) and
(3) are estimated with the restricted sample of female individuals in panel (i), individuals with below
median income in panel (ii), individuals with below median buy-in potential to wage ratio in panel (iii),
and individuals with below median age in panel (iv) whereas specifications (2) and (4) are estimated
with the restricted sample of male individuals in panel (i), individuals with above median income in
panel (ii), individuals with above median buy-in potential to wage ratio in panel (iii), and individuals
with above median age in panel (iv). Dependent variable in (1) and (2): buy-in dummy indicating a
positive yearly contribution (buy-in) to the occupational pension fund. Dependent variable in (3) and
(4): log amount of voluntary contributions to the occupational pension fund. Estimates are conditional
on fund, year, gender, and marital status fixed effects. Moreover, all specifications control for second
order polynomial of age, for log wage and for log tenure. Standard errors in parentheses are robust and
clustered on the individual level. Data from two Swiss pension funds covering the years 2013–2019. The
event defining the post dummy is receiving the invitation letter to register in the pension app for the
first time.
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(a) never registered individuals (b) registered individuals

Figure E6: Event study coefficients by registration status (log buy-in amount)
Notes: The graph reports OLS estimates of the event time dummies based on the model in eq. (2). Panel
(a) shows the estimates for the restricted sample with individuals that never registered in then pension
app and panel (b) shows the estimates for the restricted sample with only individuals that have registered
in the pension app by mid 2019. Dependent variable: log buy-in amount of yearly contributions (buy-in)
to the occupational pension fund. The event is receiving the invitation letter to for the first time. Event
dummies are reported relative to year prior to event. The error bars show 90 and 95 percent confidence
intervals for cluster robust standard errors at the individual level. All estimates are reported in Table
E4. Data from two Swiss pension funds from 2013-2018.
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E.2 Robustness: Placebo treatment

Table E7: Robustness of ITT: Placebo treatment

Buy-in indicator Log buy-in amount
LPM Probit OLS
(1) (2) (3)

Post * Fund -0.00534 -0.00353 -0.0356
(0.0117) (0.0102) (0.0968)

Year FE Yes Yes Yes
Controls Yes Yes Yes

Observations 8509 8582 8582
Notes: Difference in differences estimates based on eq. 3. The table reports marginal
effects from a Probit model in Column (1) and OLS estimates in Columns (2) and (3).
All specifications consider a placebo treatment of fund A in year 2016 and the years from
2017 are excluded from the sample. Dependent variable in (1) and (2): buy-in dummy
indicating a positive yearly contribution (buy-in) to the occupational pension fund.
Dependent variable in (3): log amount of voluntary contributions to the occupational
pension fund. Estimates are conditional on fund, year, gender, and marital status fixed
effects. Moreover, all specifications control for second order polynomial of age, for log
wage and for log tenure. Standard errors in parentheses are robust and clustered on the
individual level. Data from two Swiss pension funds covering the years 2013–2016.
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F RCT: Experiment design and reminder letters

F.1 Experiment design

Figure F1: Experiment design

F.2 Reminder letter standard
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Figure F2: Reminder letter without additional nudge
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F.3 Reminder letter with taxation nudge

Figure F3: Reminder letter with taxation nudge
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F.4 Reminder letter with transaction cost nudge

Figure F4: Reminder letter with transaction cost nudge

G Experimental results
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Table G1: Attrition by treatment status

Attrition indicator
LPM LPM
(1) (2)

Treatment indicator -0.0028
(0.0053)

Treatment 1: letter base -0.0031
(0.0064)

Treatment 2: letter tax 0.0020
(0.0065)

Treatment 3 : letter transaction cost -0.0074
(0.0062)

Year dummy 2021 -0.0384∗∗∗ -0.0385∗∗∗

(0.0044) (0.0044)

Constant 0.0594∗∗∗ 0.0594∗∗∗

(0.0057) (0.0057)

Observations 7386 7386
Note: The table reports results for a linear probability model. Dependent variable is an
indicator whether an individual had dropped out of the sample in 2020 or 2021 respec-
tively. The treatment indicator in Column (1) corresponds to a dummy for receiving
any reminder letter. In Column (2) the treatment variables are binary variables for
receiving a certain type of reminder letter as the treatment. Robust standard errors in
parentheses. Data from two Swiss pension funds for the years 2020 and 2021.
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Table G2: Balance of observables by reminder letter between treatment and control group

Control Treatment t-test
Mean Mean Diff Diff SE p-value

Treatment: Standard

Age 43.284 43.866 -0.583 0.484 0.229
Gender (male) 0.656 0.647 0.009 0.022 0.676
Wage (CHF) 78’192 77’666 526 1271 0.679
Pension wealth (CHF) 94’008 96’451 -2363 5510 0.668
Buy-in potential 84’021 89’647 -5626 4806 0.242
Tenure (years) 6.875 6.894 -0.018 0.358 0.960
Single 0.462 0.460 0.002 0.023 0.916

Observations 974 966 1940
Treatment: Tax

Age 43.284 43.476 -0.192 0.480 0.689
Gender (male) 0.656 0.655 0.001 0.021 0.979
Wage (CHF) 78’192 76’674 1518 1203 0.207
Pension wealth (CHF) 94’008 93’550 539 5550 0.923
Buy-in potential 84’021 83’215 806 4605 0.861
Tenure (years) 6.875 6.791 0.084 0.358 0.814
Single 0.462 0.502 -0.040 0.023 0.077

Observations 974 984 1958
Treatment: Transaction costs

Age 43.284 43.699 -0.415 0.477 0.384
Gender (male) 0.656 0.660 -0.004 0.022 0.838
Wage (CHF) 78’192 79’027 -834 1289 0.518
Pension wealth (CHF) 94’008 100’407 -6’319 5882 0.283
Buy-in potential 84’021 88’845 -4823 4884 0.323
Tenure (years) 6.875 6.984 -0.109 0.356 0.761
Single 0.462 0.480 -0.018 0.023 0.419

Observations 974 966 1940
Notes: The table presents means, differences and their standard errors and p-values of
a t-test comparing the group means for a selection of observables in our sample. This
table compares the control group which did not receive a reminder to all individuals
that have received a reminder.
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Table G3: Effect of reminder letters on registration status

Indicator app registration
Any letter By letter type

(1) (2)

Treatment 0.0684∗∗∗

(0.0077)

Treatment: letter base 0.0746∗∗∗

(0.0104)

Treatment: letter tax 0.0695∗∗∗

(0.0101)

Treatment: letter transaction 0.0611∗∗∗

(0.0101)

Controls Yes Yes

Observations 6956 6956
Mean control group 0.073 0.073

Notes: The table reports effects from a linear probability model and reports marginal effects of the
treatment indicators on the registration status of individuals in the pension app. Dependent variable
in all specifications is a binary indicator for insureds that have registered in the pension app in 2020 or
2021. Column (1) report the estimates for a binary treatment indicator and column (2) for an indicator
by letter as explanatory variable. Both specifications include control variables gender, age, age squared,
log income, marital status, fund membership and tenure in the firm. Robust standard errors are reported
in parentheses. Data from two Swiss pension funds for the years 2020 and 2021.
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Table G4: Effect of different information nudges on contributions

Buy-in indicator
Standard Tax Transaction costs

ITT LATE ITT LATE ITT LATE
(1a) (2a) (3a) (4a) (5a) (6a)

Treatment -0.0020 -0.0118 0.0003 0.1018 0.0100∗ 0.3817∗∗

(0.0048) (0.0730) (0.0049) (0.1188) (0.0058) (0.1835)

Controls Yes Yes Yes Yes Yes Yes

Observations 1754 1751 1752 1734 1766 1754
Mean control group 0.0131 0.0131 0.0131 0.0131 0.0131 0.0131

Log buy-in amount
(1b) (2b) (3b) (4b) (5b) (6b)

Treatment -0.0267 -0.2161 -0.0065 0.8307 0.1008∗ 3.9351∗∗

(0.0487) (0.7302) (0.0488) (1.1421) (0.0603) (1.8824)

Controls Yes Yes Yes Yes Yes Yes

Observations 1754 1751 1752 1734 1766 1754
Mean control group 0.132 0.132 0.132 0.132 0.132 0.132
Notes: Estimated marginal effect of the treatment indicator from a linear probability
model are reported. Dependent variable in the panel above is a binary indicator for
insureds that have made a buy-in to their pension fund after the treatment in 2020.
Dependetn variable in the lower panel is the log of contributions in the form of a buy-in.
Columns (1) and (2) report estimates for the control group and the treatment group that
received the standard letter, Columns (3) and (4) report estimates for the control group
and the treatment group that received the additional taxation nudge and Columns (5)
and (6) report estimates for the control group and the treatment group that received
the additional transaction cost nudge. Columns (1), (3) and (5) present the results
for the intention-to-treat effect and columns (2), (4) and (6) the estimates of the local
average treatment effect from a 2SLS-IV model using Wooldridge’s two step approach.
All specifications control for insureds’ gender, age, age squared, log income, marital
status and fund membership. Robust standard errors are reported in parentheses.
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Figure G1: ITT of reminder letter on contributions by letter type
Notes: The graph plots the estimates of the intent-to-treat effect of the reminder letters by letter type
on contributions. The corresponding results for the probability to contribute are depicted in Figure 6.
The bars represent the effect of the pension app compared to the control group with 90 percent and 95
percent confidence intervals. Results are reported in Table G4. Dependent variable is the log amount
of voluntary contribution after having received the reminder letter until the end of the year 2020. Data
from two Swiss pension funds for the year 2020.
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Figure G2: LATE of pension app on contributions by letter type
Notes: The graph plots the estimates of the local average treatment effects by letter type on contribu-
tions. The corresponding results for the probability to contribute are depicted in Figure ??. The bars
represent the effect of the pension app compared to the control group with 90 percent and 95 percent
confidence intervals. Results are reported in Table G4. Dependent variable is the log amount of volun-
tary contribution after having received the reminder letter until the end of the year 2020. Data from
two Swiss pension funds for the year 2020.
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H Sample characteristics

Table H1: Summary Statistics - Comparison Sample and Switzerland

Sample Switzerland

Gender (male in %) 60.9 52.9 (in economic active population)
58.9 (new 2nd pillar recipients 2018)

Age (average) 42.75 41.8

Wage (median, CHF) 88’006 78’024
Notes: The table shows how selected summary statistics for the final sample with insureds from
the two pension funds in the year 2016 compares to the corresponding values for Switzerland as a
whole. We report the share of male individuals in the sample and in the economic active population
respectively among new recipients of a occupational pension, the average age, and the median wage
in CHF. Data from two Swiss pension funds and the Federal Statistical Office Switzerland.
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