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Introduction and Summary
This PhD thesis presents three empirical studies examining the behavioral factors that influence how
U.S. employees save for retirement.

Collectively, the papers present a mix of lab and field

experiments to test the role of digital enrollment architecture on employee savings decisions. The
papers discuss the implications of these findings for our theoretical understanding of how individuals
make savings decisions and for the types of policies that could be used to encourage greater savings.
Over the past 40 years, there has been a shift in the U.S. retirement landscape from Defined Benefit
Plans to Defined Contribution Plans. Employees have increasingly been asked to forego current
consumption and assume responsibility for their retirement security, setting aside a portion of their
salary into employer sponsored retirement plans. While many such plans offer attractive tax
advantages and generous employer matching contributions, a large share of U.S. workers – more than
62 million covered by an employer sponsored 401(k) retirement plan – under-save and are unprepared
for retirement (Laibson 2012; Munnell 2015; GAO 2017).
More recently, behavioral scientists and policymakers have increasingly considered the possibility that
the “choice architecture” (Thaler and Sunstein 2008) individuals face when making retirement
decisions may impact savings choices. Beginning with a landmark study, Madrian and Shea (2001)
identify the potentially powerful role of default effects – by changing a small policy regarding the
retirement contributions put into place when employees made no active enrollment choice, the
researchers identified a large (40%) increase in the share of new hires participating.
In the wake of Madrian and Shea (2001), employers have increasingly taken up automatic enrollment
policies; according to a Profit Sharing Council of America 2018 survey, as of 2017, more than 60% of
all 401(k) retirement plans use such a feature.
Coincidental with the surge in the use of automatic enrollment has been an increased interest among
researchers in the nature of default effects. Choi et al. (2004) document employees’ propensity to take
up the “path of least resistance” when making retirement choices. While this tendency means that
employers are able to increase participation in retirement plans through the use of automatic
enrollment, such default effects can have undesirable effects as well – Choi et al. (2004) demonstrate
that employees are slow to adjust retirement contributions away from default rates, resulting in undersaving. Similarly, outside the retirement domain, experimental work in the context of charitable
donations suggests that defaults that are set too low may induce “scale-back” effects, which limit
contributions from individuals who, in the absence of low defaults, would otherwise give more
(Goswami and Urminsky 2016).
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Despite the increases in participation due to automatic enrollment, surveys of employers suggest that
default contribution rates are often set to levels which will not be sufficient to achieve typicallyprescribed retirement income levels – The 2019 PLANSPONSOR Defined Contribution Survey
reports that as of 2018, 94% of employers set automatic enrollment default contribution rates equal to
6% or less.
The tendency of employers to select low retirement default rates may, in part, be based on concerns
that aggressively set defaults could result in reductions in plan participation. Related, research outside
the retirement domain suggests the possibility that setting defaults too ambitiously may result in
adverse reactions. Brown et al. (2013), exploring defaults in the context of office thermostats, find
modest (1 degree Celsius) reductions in default settings are more effective at reducing selected
temperature settings than more aggressive (2 degree Celsius) defaults.
While extant literature suggests defaults may be a useful policy tool to improve individual savings
rates, there is an open question about how employees will respond to higher default rates.
Chapter 1: How Do Consumers Respond When Default Options Push the Envelope?
To fill this gap in the literature, the field study in Chapter 1 examines 401(k) enrollment decisions of
10,000 employees across 1,500 employers who were directed to visit a website to enroll in their 401(k)
plan. Employees were assigned to see a contribution rate of 6% (control group), 7%, 8%, 9%, 10%, or
11%. We label the suggested contribution the “display rate” in the experiment because if an employee
accepts the display rate on the web screen and does not adjust it, it becomes, in effect, a default.
The study finds relative to the 6% control, higher defaults, 7% - 10%, increase average contribution
rates without causing more employees to drop out of 401(k) participation. Only the highest default of
11% increased the relative likelihood of employees not participating. The evidence suggests that
employers and other policymakers can increase contribution defaults and improve average
contribution rates without worrying that participation will decrease.
Chapter 2: Picking Up the Pace: Field Evidence of Boosting Automatic Escalation Rates on
Retirement Enrollment
In addition to contribution default rates, policymakers and researchers have explored the possibility
that defaults regarding pre-commitment to ongoing increases in contribution rates (“automatic
escalation”) may help employees reach targeted savings levels over time (Thaler and Benartzi 2004;
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Benartzi and Thaler 2013). According to one national survey as of 2017, 52% of all 401(k) plans and
over 72% of automatic enrollment plans offer an automatic escalation feature.1
Similar to questions about optimally-setting automatic enrollment default contribution rates, there is
an open question regarding employee response to variation in the increment of escalation or “escalator
rate” set by such plans. Modally, employers set default escalation rates to 1% (annually) 2, though –
similar to the default contribution rate context—it is possible that more aggressively set escalator rates
could increase employee savings. Researchers and industry analysts speculate that employers may set
low escalator default rates out of a concern that employees might opt-out of automatic escalation, but
there is little evidence documenting the impacts of higher escalation levels on escalation enrollment.
To address such questions, Chapter 2 reports the findings of a large-scale field study that randomizes
the magnitude of initially presented escalation rates. Employees who visited a retirement enrollment
website were randomly assigned automatic escalation rates of 1% (baseline), 2% or 3% to test the
extent to which a higher default escalator affects (1) the propensity of employees to enroll in automatic
escalation and (2) planned average escalation rates.
The study finds that higher escalator rates of 2% or 3% do not significantly affect employees’
participation in automatic escalation, relative to the baseline, and do increase average planned savings
rates. The initial evidence suggests employers and policymakers could set defaults higher without
worrying about adverse enrollment effects.
Chapter 3: Save(d) by Design
In addition to making choices about default rates, plans have discretion in the visual and aesthetic
design of the interfaces from which employees enroll in plans. Standard economic theory would
predict that varying non-economic elements of an enrollment interface - such as the language or colors
used to present options - or what we call “psychological design” should not materially change
important economic decisions.

However, recent field studies document how varying the non-

economic features of disclosures and choice settings affect high-stakes decisions across numerous
domains including health insurance (e.g. Bhargava, Loewenstein, and Sydnor 2017), school choice
(Hastings and Weinstein 2008), voting (e.g. Augenblick and Nicholson 2016), and social benefits (e.g.
Bhargava and Manoli 2015).
In the context of retirement savings several studies have established the sensitivity of retirement
enrollment decisions to changes in non-economic features such as automatic enrollment, automatic

1

Profit Sharing Council of America (PSCA) 61st Annual Survey of Profit Sharing and 401(k) Plans, reflecting
2017 plan experience.
2
Ibid.
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escalation, and simplified enrollment (Madrian and Shea 2001; Thaler and Benartzi 2004; Choi,
Laibson, and Madrian 2009). However, there is little evidence to document how the “psychological
design” of an online interface could affect important initial enrollment decisions.
The final chapter tests whether changes to “psychological design” influence enrollment and savings
decisions of employees through three large-scale field studies as well as supplementary lab studies.
Several thousand potential enrollees across 500 plans were randomized to enrollment websites that
varied non-economic features (e.g. the use of color, the standardization of language, and the salience
of previously disclosed information).
The field studies yield five main findings. First, the evidence suggests that an enhanced psychological
design of an online enrollment interface influences automatic enrollment decisions. Second, the
enhanced design amplified the sensitivity of employees to employer match levels and increased
average savings. Third, the study shows that the marginal enrollee who personalizes enrollment due to
design behaves similarly to their inframarginal counterparts in substantively increasing their
contribution relative to the default. This implies that plans could meaningfully increase savings by
heightening employee exposure to personalized enrollment. Fourth, enrollment design changes did
not shift beliefs or change preferences as the standard economic model might predict. Finally, surveys
of individuals responsible for plan oversight revealed a gap in anticipating the importance of
psychological versus economic design suggesting that policymakers and those who oversee retirement
plans might benefit from an expansion of fiduciary responsibility to a deeper understanding of the
importance and impact of enrollment design on employee savings.
The studies in this thesis provide theoretically and practically important contributions to the literature
on retirement savings. In documenting that one can increase average retirement savings of employees
through aggressive plan defaults (Chapters 1 and 2), and through small-scale changes to the design of
enrollment interfaces (Chapter 3), the thesis identifies three distinct strategies that policymakers and
employers can use to encourage higher savings.
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1. How Do Consumers Respond When Default Options Push the Envelope?
Abstract 3
Many employers have increased the default contribution rates in their retirement plans, generating
higher employee savings. However, a large fraction of employers are reluctant to default employees
into savings rates that are high enough to leave those employees adequately prepared for retirement
without supplementary savings. There are two potential concerns regarding a high default: (i) it may
drag an employee along to a high contribution rate even when this outcome is not in the employee’s
best interest, and (ii) perhaps more importantly, it may cause an employee to opt out of plan
participation entirely. We conducted a field experiment with 10,000 employees who visited a website
that facilitated savings plan enrollment. They were randomly assigned to see a default contribution rate
ranging from 6% (a typical default) to 11%. Relative to the 6% default, higher defaults increased
average contribution rates 60 days after a website visit by 20-50 basis points of pay off of a base of
6.11% of pay. We find little evidence that the concerns with high defaults are warranted, although the
highest default (11%) increases the likelihood of not participating by 3.7 percentage points. The
evidence suggests that erring on the high side when choosing a default contribution rate is less likely
to generate unintended consequences than erring on the low side.
1.1 Introduction
The use of defaults in defined contribution retirement savings plans, such as 401(k)s, is one of the
most widely-celebrated applications of behavioral science in the service of influencing consumer
decision making (Thaler and Sunstein, 2008; Benartzi and Thaler, 2013). The default is the option that
is implemented on behalf of a consumer when the consumer does not actively elect some other option.
In employer-sponsored savings plans with positive default contribution rates, employees who do not
take action with regard to their savings plan participation are automatically enrolled in their
employer’s savings plan, with a default fraction of their pay deducted from each paycheck and placed
in a retirement account. Relative to a default contribution rate of zero, positive default contribution
rates dramatically increase the fraction of employees participating in retirement savings plans, and
they often increase the average plan contribution rate (Madrian and Shea, 2001; Choi et al., 2002,
2004; Beshears et al., 2008). 4 The success of automatic enrollment as a tool for promoting employee

3

This chapter is based on the paper “How Do Consumers Respond When Default Options Push the Envelope?”,
October 7, 2017 (SSRN #3050562) by John Beshears, Shlomo Benartzi, Richard T. Mason, and Katherine L.
Milkman. I would also like to thank the plenary session attendees of the 2018 Boulder Summer Conference in
Consumer Financial Decision-Making for their valuable feedback.
4
When the default is positive but low, it does not necessarily increase the average contribution rate, as the higher
contribution rates of employees who would otherwise not participate are offset by the lower contribution rates of
employees who would otherwise save more (Choi et al., 2004; see also Goswami and Urminsky, 2016).
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savings led to the inclusion of provisions in the U.S. Pension Protection Act of 2006 that encourage
employers to automatically enroll their employees in retirement plans. More than half of the 614 U.S.
employers recently surveyed by the Plan Sponsor Council of America (2016) use a positive default
contribution rate in their retirement plans.
Despite the growing popularity of this use of defaults, there is doubt regarding whether the
contribution rate defaults that are chosen in practice will help consumers save enough to avoid a
substantial drop in their standard of living in retirement. The Plan Sponsor Council of America (2016)
reports that approximately 40% of the employers with automatic enrollment policies that it surveyed
offer a default contribution rate of 3% of pay, and approximately 20% offer 6% as the default, while
only 2.4% offer a default greater than 6%. Unfortunately, Laibson (2012) calculates that current
savings plan configurations will leave the typical U.S. worker with retirement income (including
Social Security) that is only 50% of their pre-retirement income, in contrast to the recommendation of
many professional financial planners that consumers should aim for retirement income that is 70%80% of their pre-retirement income or higher.
A natural way of making progress on this problem would be to increase the default contribution rates
in savings plans beyond 6% of pay, but two concerns immediately arise. First, the effect of defaults
may be so powerful that consumers go along with higher contribution rate defaults unthinkingly, even
when doing so is harmful to them, for example because they end up accruing more high-interest credit
card debt (Smith, Goldstein, and Johnson, 2013). Second, and perhaps more importantly, consumers
may feel incapable of saving at contribution rates that are higher than the usual 3%-6% of income and
may therefore reject higher defaults by opting out entirely from participating in savings plans,
perversely leading to a decrease in savings (Blanchett, 2017). 5 Because of concerns like these and
other reasons, very few employers have set default contribution rates higher than 6%, and as a
consequence, it has been challenging to generate evidence to determine how consumers respond to
higher contribution rate defaults and whether the aforementioned concerns regarding higher defaults
are empirically valid.
This paper provides evidence to help fill this gap in our knowledge. In collaboration with Voya
Financial (Voya), a provider of services to retirement plans, we conducted a field experiment that ran
from November 2016 to July 2017 and included 10,000 participants. Participants were employees of
Voya’s client companies who visited a website designed to help them enroll in their workplace
retirement plans. After entering some basic personal information, these employees arrived at a

5

There is precedent for this type of effect in other domains. Brown et al. (2013) conducted a field experiment
that changed the default winter thermostat settings in an office building. Reducing the default by 2°C led to
higher ultimate thermostat settings than reducing the default by 1°C.
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webpage where they were prompted to select a retirement savings contribution rate. On this webpage,
they were randomly assigned to see a suggested contribution rate of 6% (the control group), 7%, 8%,
9%, 10%, or 11%. We label this suggested contribution rate the “display rate” because it was
displayed prominently on the webpage in question. The display rate was also the default contribution
rate in the sense that it was implemented for individuals who elected to continue to the next webpage
in the enrollment sequence without actively changing their contribution rate.
In order to alleviate the two concerns mentioned above regarding the possible unintended negative
consequences of high defaults, our experiment featured two safeguards. First, many default
contribution rates that have been studied in the past took effect without any action on the part of the
employee (Madrian and Shea, 2001; Choi et al., 2002, 2004; Beshears et al., 2008). In contrast, the
display rate in our experiment took effect only if the employee elected to continue to the next webpage
in the enrollment sequence without adjusting it. Thus, employees in our experiment were more clearly
acknowledging their acceptance of the default and may therefore have been less likely to unthinkingly
accept a default that was harmful to them. Second, our experiment featured a decision tool called
myOrangeMoney® (“Orange Money”). Based on an employee’s age, salary, existing savings balance,
expected retirement date, and target retirement income replacement rate (the fraction of pre-retirement
income that the employee expressed a desire to have as retirement income)—all of which the
employee entered earlier in the online experience—Voya calculated the implications of a given
contribution rate for the employee’s ability to achieve the specified target retirement income. The
results of the calculation were displayed graphically as a dollar bill that was partially colored orange.
The fraction of the bill that was orange represented the fraction of the employee’s target retirement
income that the default contribution rate (or a different rate entered by a participant who elected to
reject the default) would make possible, under some reasonable assumptions about future rates of
return on investments (6% per year) and the employee’s likely Social Security benefits. 6 The fraction
of the bill that was orange was initially determined based on the randomly assigned display rate, but it
changed dynamically as the employee experimented with different possible contribution rates.
Although the Orange Money tool could only approximate an employee’s future retirement income, it
provided some protection against the adoption of contribution rates that were much too high or much
too low.
We analyze employees’ contribution rates 60 days after their initial visits to the website. We estimate
that increasing the display rate beyond 6% led to an increase in average contribution rates of 20-50

6

Individuals had the option of telling the Orange Money tool to disregard Social Security benefits in its
calculations. Individuals also have the option of forecasting using a return rate other than 6%. The 6% default
return rate was selected as a conservative estimate of long-run annual market return, and is consistent with
regulatory guidance (Financial Industry Regulatory Authority).
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basis points of pay off of a base of 6.11% of pay. Furthermore, there was little evidence for either of
the concerns regarding high default contribution rates. Conditional on opting-in, each of the display
rates greater than 6% led to a statistically significantly higher average contribution rate relative to the
6% display rate, but the average contribution rates for the 7% and 11% display rates were not
statistically distinguishable from one another. Thus, employees did not seem to unthinkingly accept
high defaults—increasing the display rate beyond a certain point did not lead to incrementally higher
average contribution rates. In addition, the likelihood of opting not to participate in the savings plan at
all was not statistically significantly higher among the groups that saw display rates in the 7%-10%
range compared to the group that saw a 6% display rate. Only the 11% display rate led to a statistically
significant 3.7 percentage point increase in the likelihood of not participating relative to the 6%
display rate.
When defaults push the envelope by suggesting more extreme options, our findings suggest that they
primarily serve as an anchor from which individuals adjust (Tversky and Kahneman, 1974), at least in
the case where reasonable decision-making safeguards are in place. 7 In our experiment, high display
rates were not adopted blindly, but they were also not rejected outright. Employees tended to opt out
of high display rates with a likelihood that was 7-15 percentage points higher than the likelihood with
a 6% display rate, but contribution rate choices still gravitated towards those high display rates. The
net impact of these effects was to increase savings rates slightly overall: display rates greater than 6%
increased average contribution rates by 20-50 basis points of pay relative to the 6% display rate. If an
employee had an annual salary of $70,000 (approximately the average in our sample) and contributed
an additional 20-50 basis points of pay to a savings plan for 40 years, earning a 6% rate of return along
the way, the incremental contributions prompted by this higher default would accumulate to an
incremental balance of $23,000-$57,000.
We conclude that higher default contribution rates merit serious consideration as a tool for improving
retirement preparedness. The evidence suggests that erring on the high side when choosing a default
contribution rate is less likely to generate unintended consequences than erring on the low side, which
can lead to decreases in average contribution rates (Choi et al., 2004). Beyond average contribution
rates, normative plan design may include consideration of drop-out rates. The present study provides
evidence that dropout is unrelated to default display rates between 6% and 10%, with a possible
increase in dropout at 11%. Of course, further testing is warranted. Our field experiment was a
cautious first step, and it did not incorporate all of the behavioral mechanisms through which default
effects in previous work may have operated, especially inattentiveness to defaults and procrastination

7

Of course, profit-maximizing marketers may choose not to put basic safeguards in place and may instead use
default options to take advantage of consumers (Levav et al., 2010).
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in moving away from defaults (Madrian and Shea, 2001; Choi et al., 2002, 2004; Beshears et al., 2008;
Carroll et al., 2009). However, our experimental setup did capture many of the other mechanisms
behind default effects, including anchoring (Tversky and Kahneman, 1974), loss aversion triggered by
moving away from the default (Kahneman and Tversky, 1979; Thaler, 1985; Johnson and Goldstein,
2003), status quo bias (Samuelson and Zeckhauser, 1988), and the leakage of information regarding
social norms or the recommendations of the default setter (McKenzie, Liersch, and Finkelstein, 2006;
Tannenbaum and Ditto, 2017). Thus, the lessons learned in our setting are likely to be applicable in
other consumer decision-making settings.
1.2 Sample Selection Criteria and Methods
1.2.1. Sample Selection Criteria
Our field experiment was conducted in collaboration with Voya, a leading U.S. retirement services
and recordkeeping provider. We worked with the segment of Voya that helps employers manage
retirement savings plans, and we focused on Voya’s corporate clients (as opposed to tax-exempt
clients) that were small to mid-sized (typically less than 3,000 employees). Among the approximately
17,000 small to mid-sized corporate clients, a significant majority directed eligible employees to a
Voya-administered website, known as Voya Enroll, as a primary means of enrolling in their retirement
savings plans. Other modes of enrollment, such as making a telephone call to talk through the
enrollment process, were available, but our experiment examined the savings decisions of employees
who were eligible to participate in their small- to mid-sized employer’s retirement plan and who
visited the Voya Enroll website. The standardized presentation format of the website allowed for a
high degree of experimental control for investigating the response of consumer savings decisions to
defaults in an organic context.
Because we were interested in employees who initiated plan contributions via the Voya Enroll
website, our experimental sample excluded employers that automatically enrolled their employees in a
retirement savings plan. We further narrowed the sample to employers for which Voya tracked
employee contribution rate changes beyond an employee’s initial contribution rate at enrollment. 8 This
sample restriction allowed us to observe the contribution rates that were in effect for employees 60
days after going through the Voya Enroll experience. We use contribution rates at this point in time as
our primary outcome measure in order to account for the possibility that employees chose one set of
contribution rates using Voya Enroll but then made further adjustments to those contribution rates

8

Some Voya clients tracked employee contribution rate changes without help from Voya.
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soon after leaving the website.9 Finally, we restrict our attention to individuals who remained with the
same employer for at least 60 days after visiting Voya Enroll, a requirement that is necessary to make
the contribution rate at 60 days a meaningful measure. 10
We set a target sample size of 10,000 individuals. Starting on November 15, 2016, any employees who
met our sample selection criteria and who visited the Voya Enroll website were included in the
experiment. The sample size reached our target of 10,000 employees on May 21, 2017, and data
collection concluded 60 days later. 11
1.2.2. Details of the Experiment
When employees in our experimental sample became eligible for their employers’ retirement plans,
they typically received enrollment kits from their employers or Voya. These kits contained general
plan information, including instructions for visiting the Voya Enroll website to sign up and begin
contributing. Online Appendix Figures 1-7 show screenshots of the webpages that employees viewed
as they went through the Voya Enroll online savings plan enrollment experience.
When employees visited the Voya Enroll website, they were first required to provide login credentials.
On the next screen after login, employees entered basic personal information, including their gender,
date of birth, annual salary, number of pay periods per year, and other identifying and employmentrelated information. On the third screen of the enrollment process, individuals were invited to enter the
amount of savings they had already accumulated and were asked to set goals for their retirement age
and their retirement income replacement rate (the fraction of their pre-retirement income they would
like to receive as retirement income).
The fourth screen of Voya Enroll contained our experimental manipulation, and employees were only
randomly assigned to experimental conditions if they reached this screen. This webpage asked
employees to select their retirement plan contribution rate. Employees were randomly assigned to see
a default contribution rate of 6%, 7%, 8%, 9%, 10%, or 11%, but it was easy for employees to increase

9

The 60-day follow-up period in the present study was selected based on paycheck frequency. Nearly all
individuals received at least two paychecks (and in the majority of cases, four paychecks) following the
contribution choice. These paychecks gave employees the opportunity to see how a chosen contribution rate
affected take-home pay. Learning that a chosen contribution rate led to a decrease in take-home pay of a
particular size might cause an employee to reduce the contribution rate.
10
This sample restriction required us to randomize more than our target number of individuals in the experiment,
as at the time of randomization we did not know whether an individual would remain at the same employer for at
least 60 days. As explained in Section 1.4.3, if we augment our sample by including the approximately 300
individuals who did not remain at the same employer for at least 60 days, and if we set their contribution rates at
60 days to zero, our results are unaffected.
11
This group of 10,000 employees did not include approximately 350 employees who met the sample selection
criteria and visited the Voya Enroll website during the relevant timeframe, but for whom the website at some
point did not assign a display rate because of web browser incompatibilities, security and privacy settings, or
other similar issues.
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or decrease this number by clicking on “+” or “-“ buttons available on the screen. We label the
prepopulated default contribution rate the “display rate.” See Figure 1 for a screenshot.
Based on the information gathered earlier in the Voya Enroll process (date of birth, annual salary,
amount of savings already accumulated, target retirement age, and target retirement income
replacement rate) and assumptions regarding factors such as future investment returns, the fourth
webpage also reported the employee’s “Orange Money,” the fraction of the specified target retirement
income that the employee was projected to receive (based on Voya’s calculations) if the employee
adopted and maintained the contribution rate displayed on the page. Anticipated Social Security
benefits were incorporated into the Orange Money calculation by default, but individuals had the
option to remove Social Security benefits from the calculation. The Orange Money results were
displayed graphically as a dollar bill that was partly colored orange, with the fraction colored orange
equal to the projected fraction of the target retirement income that would be achieved. The webpage
also displayed the employee’s projected monthly retirement income in dollars and the employee’s
target monthly retirement income in dollars, as well as the difference between these two numbers.
When an employee first opened this webpage, the initial Orange Money calculation was based on the
randomly assigned display rate. See Online Appendix Figure 8 for the breakdown, for each display
rate, of employees into groups for whom the Orange Money calculation first indicated that less than
90%, between 90% and 110%, or more than 110% of the specified target retirement income was
projected to be attained. The employee could adjust the contribution rate away from the display rate,
and the Orange Money calculation would update dynamically. If the employee elected to continue past
this screen in the enrollment process without adjusting the contribution rate, the display rate would be
implemented by default.
The fourth screen in Voya Enroll also asked employees to select an asset allocation for their
contributions, but we did not introduce an experimental manipulation related to this decision and do
not analyze these investment choices. 12 Similarly, subsequent webpages in the Voya Enroll sequence
asked individuals to make decisions about issues such as beneficiaries and a schedule of future
contribution rate increases, but we do not analyze these decisions either, as we have no reason to
expect that our experimental treatments would affect them.

12

The present study assumes that interventions on contribution rates will not impact choices about investment
portfolio composition, though this is certainly a testable empirical question. It is possible, for instance, that
individuals who are shown a lower default contribution rate infer that they ought to select a more aggressive
investment portfolio and assume additional risk. Commercial limitations of the present study prevent a diagnosis
of this possibility under the present circumstance, but this potential ‘compensatory’ effect remains an open
question.
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Employees were able to revisit the Voya Enroll website as many times as they wished before
submitting a contribution rate decision. If they revisited Voya Enroll using the same browser that they
had used on previous visits, and if they had not deleted browser cookies, they would see the same
display rate as before. If they revisited Voya Enroll using a different browser or after having deleted
browser cookies, they could potentially see a different display rate. For any given employee, we only
consider the first display rate encountered to be that employee’s experimental treatment assignment.
After a contribution rate decision was submitted through the Voya Enroll website and processed, an
individual could make subsequent contribution rate changes by engaging with Voya through other
communication channels. We focus our analysis on the contribution rate in effect 60 days after the
initial Voya Enroll visit, although we also examine the contribution rate chosen at the initial visit as a
secondary outcome variable.
1.3 Data and Definitions of Variables
Voya provided us with administrative data on the contribution rates of the 10,000 employees in our
experiment, both at the conclusion of their first visit to the Voya Enroll website and 60 days later. We
also received data on employees’ randomly assigned display rates and the non-identifying information
that they entered into Voya Enroll (e.g., gender, date of birth, current savings, etc.). The data set that
we received was stripped of direct individual identifiers (e.g., name, address, etc.).
One outcome variable of interest is an employee’s initial contribution rate, and we set this variable
equal to the contribution rate that an employee selected (or passively accepted) during his or her initial
visit to the Voya Enroll website. Some individuals selected a contribution amount per paycheck in
dollars rather than choosing a percentage contribution rate, and for those individuals we set initial
contribution rate equal to the equivalent contribution rate using the following formula:
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 100 ×

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒𝑒𝑒 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝 𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑙𝑙 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

This calculation is imperfect because it relies on salary and pay frequency information that the
individual entered manually into Voya Enroll, so we reduce the impact of data entry errors by
replacing the calculated contribution rate with a missing value if the individual’s self-reported salary
was below the 1st percentile, if the individual’s self-reported salary was above the 99th percentile, or if
the calculated contribution rate exceeded 100%. 13 If the employee exited Voya Enroll without
selecting a contribution rate or contribution amount, we set the variable initial contribution rate to
zero.

13

The process of converting contribution dollar amounts to contribution rates generates 68 missing values for the
variable initial contribution rate.
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We use the same procedure to construct our primary outcome variable of interest, 60-day contribution
rate, except we base this new variable on the contribution rate or amount in effect for the employee 60
days after his or her initial visit to the Voya Enroll website, regardless of whether or not the
contribution rate choice in place at that time was implemented through Voya Enroll. 14 For employees
who were not making retirement plan contributions at this point in time, we set 60-day contribution
rate to zero. We use 60-day contribution rate as our primary outcome variable because it captures any
contribution rate changes implemented soon after an employee’s initial Voya Enroll visit. The
paychecks that arrived during the 60-day period (at least two paychecks for almost all employees and
at least four paychecks for most employees) helped employees learn how a chosen contribution rate
affected take-home pay, which may have played a role in contribution rate adjustments. In the sample
of 10,000 employees we study, there were 1,251 people who adjusted their contribution choices within
60 days of their initial selections.
In order to reduce the risk that outliers might exert undue influence on our study results, we winsorize
both initial contribution rate and 60-day contribution rate by setting values below the 1st percentile
equal to the 1st percentile and values above the 99th percentile equal to the 99th percentile. We also
generate indicator variables for having a contribution rate of zero. The first takes on a value of one if
an employee had an initial contribution rate of zero, and the second takes on a value of one if the
employee had a 60-day contribution rate of zero. Finally, we create indicator variables for whether an
employee remained at his or her randomly assigned Voya Enroll display rate. The first takes on a
value of one if the employee’s initial contribution rate was equal to the display rate, and the second
takes on a value of one if the employee’s 60-day contribution rate was equal to the display rate.
1.4 Results
1.4.1. Summary Statistics and Experimental Balance
Table 1 summarizes the characteristics of the employees in the six experimental treatment groups as
well as the overall experimental sample. Slightly more than half of the employees in the experiment
who provided information about their gender were male. 15 A chi-squared test does not reject the
hypothesis that the six treatments had the same proportion of males. The mean age in the sample, after
winsorizing the variable by setting observations below the 1st percentile equal to the 1st percentile and
setting observations above the 99th percentile equal to the 99th percentile in order to reduce the
influence of outliers, was nearly 40 years. The mean annual salary, also after winsorizing the variable

14

The process of converting contribution dollar amounts to contribution rates generates 92 missing values for the
variable 60-day contribution rate.
15
The share of male employees (52.7%) is similar to the more general share of male employees over age 20 in
the United States (54%) as reported by the 2018 Bureau of Labor Statistics.
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by setting observations below the 1st percentile equal to the 1st percentile and setting observations
above the 99th percentile equal to the 99th percentile, was a little more than $70,000 16. F-tests do not
reject the hypothesis that the mean winsorized age was the same across the six treatments or the
hypothesis that the mean winsorized annual salary was the same across the six treatments.
The 9% display rate experimental treatment contained 1,769 employees, which is a somewhat larger
sample size than the sample sizes in the other conditions. To assess whether this difference is
statistically significant, we conducted 10,000 simulations in which we randomly assigned a sequence
of 10,000 employees to six conditions. The probability that a given employee was assigned to a given
condition was 1/6, independent of the assignments of other employees (exactly as we executed the
randomization in our experiment). Across the 10,000 simulations, we found 414 instances of a
treatment condition with a sample size greater than 1,760. Thus, the likelihood of observing a
treatment condition as large as our 9% display rate condition is less than 5%, although the event is not
so extreme as to cause concern. Overall, we conclude that randomization in our experiment was
successful.
Before turning to our main results, we assess the impact of the randomly assigned display rates on
decisions that we did not hypothesize would be affected. Some employees returned to the Voya Enroll
website after their initial visits, but the frequency of return visits was not statistically significantly
different across experimental conditions (p=0.81). Similarly, some employees specified that they
would contribute a dollar amount to the retirement plan every paycheck instead of a percentage of pay,
but the fraction of employees who took this route, as of 60 days after the initial Voya Enroll website
visit, was not statistically significantly different across experimental conditions (p=0.45).
1.4.2. Main Results
The outcome variable in our main analysis is 60-day contribution rate, the contribution rate in effect
60 days after the employee’s initial visit to the Voya Enroll website. Figure 2 presents histograms
summarizing 60-day contribution rate, with one histogram for each of the six display rates. It is
immediately clear from this figure that display rates influenced employee contribution rates, as making
a given contribution rate into the display rate increased the number of employees who retained that
particular contribution rate 60 days after first visiting Voya Enroll. Other popular contribution rates

16

The observed median salary ($58,000) is slightly greater than the median salary among a nationallyrepresentative sample ($46,000) as reported by the 2018 Bureau of Labor Statistics.
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included 5% and 10% of pay, consistent with past research on the attractiveness of round numbers
(Pope and Simonsohn, 2010) 17.
To make the patterns in the histograms easier to digest, we group contribution rates into four bins
(zero, between zero and the display rate, the display rate, and above the display rate), and we use
stacked bar graphs to show the distributions of employees’ savings rates across these four bins, by
experimental condition (see Figure 3). These stacked bar graphs reveal that as the display rate
increased, employees increasingly opted out of the display rate and into lower contribution rates,
especially those between zero and the display rate.
Figure 4 summarizes the 60-day contribution rate variable at an even higher level. The top-left panel
shows the mean of the variable by display rate. Relative to the 6.11% mean contribution rate when the
display rate was 6%, the mean contribution rate was approximately 20-50 basis points of pay higher in
each of the experimental conditions with a display rate greater than 6%. However, the conditions with
a display rate above 6% all exhibited similar mean contribution rates that were not statistically
significantly different from one another.
For each display rate, the top-right panel of Figure 4 shows the mean contribution rate among
employees who had a non-zero contribution rate. This panel indicates that the patterns observed for the
overall mean contribution rate are primarily driven by employees with positive contribution rates. The
bottom-left panel of Figure 4 corroborates this account. It shows the fraction of employees with a zero
contribution rate by display rate, and it suggests that increasing the display rate led to an increase in
the likelihood of having a zero contribution rate by up to four percentage points. This effect pushes
against the overall pattern of higher display rates leading to higher contribution rates, but not enough
to wipe out the net increase in contribution rates induced by higher display rates.
Finally, the bottom-right panel of Figure 4 reveals that the fraction of employees whose contribution
rate 60 days after visiting Voya Enroll is exactly equal to the display rate declines as the display rate
increases. Taken together, the four panels in Figure 4 present the main findings from our experiment.
High display rates did not cause most employees to adopt high contribution rates unthinkingly, as
increasing the display rate increased the fraction of employees who opted out of the display rate. At
the same time, increasing the display rate caused only small increases in the likelihood of selecting a
contribution rate of zero. The display rate did, however, seem to act as an anchor in the contribution
rate decision even if employees opted out of it—higher display rates led to modest increases in mean
contribution rates.

17

The histograms provide some evidence that increases in the display rate are associated with increases in the
variance of the contribution rates; a feature confirmed by the Brown-Forsyth test (p < .001). The 6% condition
has the lowest variance (19.6), while the 11% default condition has the greatest variance (24.7).
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Ordinary least squares regression analyses presented in Table 2 corroborate these main results. In
columns 1-4, the outcome variable is 60-day contribution rate. We use the full sample in columns 1-2
but restrict the sample to employees with non-zero contribution rates in columns 3-4. In columns 5-6,
the outcome variable is an indicator for having a contribution rate of zero. In columns 7-8, the
outcome variable is an indicator for having a contribution rate equal to the display rate. The
regressions include no control variables. 18 All regressions report standard errors robust to
heteroskedasticity. The explanatory variable of interest is the randomly assigned display rate, which
enters the model with a linear functional form in the odd-numbered columns and enters the model as a
collection of indicator variables for each of the six display rates assigned in our study (6%, 7%, 8%,
9%, 10% and 11%) in the even-numbered columns. The regression estimates of the effects of the
display rate are very similar to the estimates obtained by comparing the raw means in Figure 4.
To explore heterogeneity in the effect of the randomly assigned display rates by employees’
demographic characteristics, we repeat the primary regressions reported in columns 1-2 of Table 2 but
analyze subsets of the experimental sample. We do not find evidence for heterogeneity in the effect of
display rates along any of these basic demographic dimensions.
Although our primary outcome is the 60-day contribution rate variable, we have conducted the same
analyses described above using the initial contribution rate variable, and we obtained qualitatively
similar results. See Online Appendix Figures 9-11 and Online Appendix Table 1 for these results 19.
1.4.3. Robustness Checks
When estimating treatment effects, it is acceptable to use ordinary least squares regressions to model
dichotomous outcome variables (Angrist and Pischke, 2009), but we also use logistic regressions to
estimate the effect of the display rate on the likelihood of having a 60-day contribution rate equal to
zero and on the likelihood of having a 60-day contribution rate equal to the display rate. The results,
shown in Online Appendix Table 2, are similar to the analogous results presented in Table 2.

18

After the completion of data collection, a technical problem was discovered, whereby the presence (or
absence) of a record for individual salary was associated with individuals selecting a contribution rate of 0%
(dropping out). If, for instance, individuals made this election by closing the browser before enrolling, salary
was never recorded. As a result, the presence (or absence) of salary can be considered a downstream effect of
the dependent measures (dropout and contribution rate). Salary is excluded as a regression covariate because
including it would require including an indicator for missing salary, which would inappropriately capture some
of the predictive power of experimental condition, introducing bias. The same issue led us to exclude age as a
regression covariate. For simplicity, we then decided to drop gender as a covariate as well, leaving us with no
control variables.
19
The primary analysis reported in Table 2 focuses on two measures of contribution rates – average
contributions, and the propensity to select a contribution rate of zero. While the reported analysis is limited to
these features, it is possible that alteration of the default display rate impacts the distribution of contribution rates
in ways that would be better-captured by additional measures (e.g. the share of employees contributing at least
X% of salary).
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When conducting our main analyses, we excluded the approximately 300 employees who did not
remain with their employer for at least 60 days after their initial visit to the Voya Enroll website. In a
chi-squared test, we cannot reject the hypothesis that these employees were equally distributed across
the six randomly assigned display rates (p=0.44). To investigate the robustness of our results to the
decision to drop these individuals, we repeat our analysis from Table 2 but include these individuals in
the sample, assigning a 60-day contribution rate of zero to them. Online Appendix Table 3 shows that
our results are essentially unchanged.
When an employee made savings plan contributions by specifying an amount in dollars to be
contributed out of each paycheck instead of specifying a percent of pay to be contributed out of each
paycheck, we used a simple calculation to transform contribution dollar amounts into contribution
rates. However, when an employee had a salary below the 1st percentile or above the 99th percentile,
we were concerned that the value was entered incorrectly and therefore did not rely on it to calculate a
contribution rate. We set those contribution rates to missing. If we instead take those contribution rates
at face value 20 and repeat the analysis from Table 2, Online Appendix Table 4 shows that our results
are similar.
As a final robustness check, we repeat the analysis from Table 2 but eliminate from the sample all
employees for whom we had to calculate contribution rates based on savings plan contribution
decisions that were expressed in dollars to be contributed out of each paycheck. Our results, shown in
Online Appendix Table 5, remain essentially unchanged.
1.5 Conclusion
We conducted a field experiment with 10,000 individuals who visited a website through which they
could enroll in an employer-sponsored retirement savings plan. We randomly assigned each individual
to see a default contribution rate of 6%, 7%, 8%, 9%, 10%, or 11%. This display rate was the
contribution rate that was suggested to individuals and that served as the default if they did not adjust
away from it. Increasing the display rate from 6% of pay to a contribution rate in the 7%-11% range
increased average contribution rates 60 days after the initial website visit by 20-50 basis points of pay
off of a base of 6.11% of pay. We did not find evidence strongly supporting either of the two concerns
commonly raised regarding the risks of setting high default contribution rates. Specifically, most
employees in our experiment did not seem to be unthinkingly adopting high display rates, as
increasing the display rate increased the fraction of individuals who opted out of the display rate to a
lower contribution rate. In addition, increasing the display rate to the 7%-10% range did not lead to a

20

We still treat contribution rates that are calculated to exceed 100% as missing because such contribution rates
are impossible.
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statistically significant increase in the fraction of individuals adopting a contribution rate of zero,
although the 11% display rate did increase the fraction adopting a contribution rate of zero by 3.7
percentage points. High display rates seemed to serve as anchors (Tversky and Kahneman, 1974), as
individuals tended to adjust away from them slightly but still ended up with moderately higher
contribution rates.
While our study is the first to explore the effect of increasing default contribution rates in employersponsored retirement plans beyond standard levels as a means of addressing under-saving for
retirement, it has a number of limitations. First, the present study, due to commercial limitations, is
unable to capture potential interactions between default display rates and selected asset allocations. It
is possible, for instance, that lower contribution rates are associated with more aggressive allocation
choices. Future studies should seek to measure such a potential compensatory effect. Second, we
only track employees for 60 days after their initial visit to the plan enrollment website. In future work,
it would be valuable to follow individuals for longer periods of time to determine whether and when
the impact of display rates diminishes. Furthermore, the experimental sample that we study is
composed of employees who visited a website to make decisions related to their participation in
savings plans, and these employees may be more active in managing their financial lives than the
broad population of employees. Perhaps most importantly, the defaults examined in this experiment
were different from the retirement plan defaults that have often been examined in previous research.
The default contribution rates studied in previous research took effect even if an employee never
affirmatively agreed to have a non-zero contribution rate implemented. In our experiment, employees
did have to click on a webpage to acknowledge their acceptance of a non-zero contribution rate. We
believe this design feature was a necessary safeguard in this initial investigation of the impact of high
default contribution rates. Because the concerns that have been raised regarding the impact of high
default savings rates were not borne out in our experiment, a reasonable next step would be to
experiment cautiously with high default contribution rates that do not require affirmative agreement
from a consumer before they are implemented. Such research may help consumers build more secure
financial futures.
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Appendix
Table 1. Covariate Balance Across Randomly Assigned Display Rates
This table summarizes the characteristics of the employees in our study’s six experimental treatment groups as well as in the overall experimental sample. For
the purposes of this table only, we winsorize age and annual salary by setting observations below the 1st percentile equal to the 1st percentile and setting
observations above the 99th percentile equal to the 99th percentile in order to reduce the influence of outliers. The last column reports test statistics (chisquared statistic for percentage male and F-statistics for age and salary) for the null hypothesis that the six treatment groups are equal, with p-values in
brackets.
6%
(control)

7%

8%

9%

10%

11%

Overall

Chi-squared statistic
or F-statistic
[p-value]

53.1

53.0

52.7

52.7

51.6

53.3

52.7

1.66
[0.89]

Mean age
(standard deviation)

39.4
(11.7)

40.0
(11.8)

39.8
(11.6)

39.6
(11.7)

39.1
(11.4)

39.2
(11.3)

39.5
(11.6)

1.60
[0.16]

Mean annual salary
(standard deviation)

$71,593
($53,137)

$75,609
($55,546)

$74,698
($54,800)

$74,342
($54,933)

$75,205
($55,266)

$74,652
($54,852)

$74,348
($54,763)

1.02
[0.40]

1,640

1,643

1,617

1,769

1,636

1,695

10,000

Percentage male

Observations
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Table 2. The Effect of Display Rates on Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit
This table reports the results of ordinary least squares regressions in which the outcome variable is the employee contribution rate in effect 60 days after the
individual’s initial visit to the Voya Enroll website (columns 1-4), an indicator for this contribution rate being equal to zero (columns 5-6), or an indicator for
this contribution rate being equal to the display rate (columns 7-8). The explanatory variable of interest is the randomly assigned display rate, which takes the
values 6%, 7%, 8%, 9%, 10%, or 11% (coded as 6, 7, 8, 9, 10, and 11, respectively). In columns 1, 3, 5, and 7, the regression model imposes a linear
functional form on the display rate. In columns 2, 4, 6, and 8, the regression model includes indicator variables for each display rate above 6%. The
regressions include no control variables. In columns 3-4, the sample is limited to individuals with strictly positive contribution rates. Standard errors robust to
heteroskedasticity are in parentheses. +, p < 0.10; *, p < 0.05; **, p < 0.01; ***, p < 0.001
(1)

(2)

60-day
contribution rate
Display rate

0.033
(0.028)

7% display rate indicator
8% display rate indicator
9% display rate indicator
10% display rate indicator
11% display rate indicator
Observations
R-squared

9,908
0.000

0.481**
(0.164)
0.328*
(0.163)
0.220
(0.157)
0.368*
(0.165)
0.324*
(0.164)
9,908
0.001

(3)

(4)

60-day
contribution rate
(conditional on rate > 0)
0.087**
(0.028)
0.556***
(0.162)
0.493**
(0.161)
0.380*
(0.154)
0.491**
(0.163)
0.673***
(0.162)
8,756
8,756
0.001
0.002
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(5)
(6)
Indicator for 60-day
contribution rate equal to
zero
0.006**
(0.002)
0.002
(0.011)
0.016
(0.011)
0.017
(0.010)
0.010
(0.011)
0.037***
(0.011)
9,908
9,908
0.001
0.001

(7)
(8)
Indicator for 60-day
contribution rate equal to
display rate
-0.021***
(0.002)
-0.106***
(0.012)
-0.107***
(0.013)
-0.153***
(0.011)
-0.076***
(0.013)
-0.153***
(0.011)
9,908
9,908
0.013
0.029

Figure 1. Voya Enroll Orange Money and Contribution Choice Webpage, Where Random
Assignment to Display Rates Occurred (Screen 4 of Voya Enroll Sequence)
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Figure 2. Histograms of Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit, by Randomly Assigned Display Rate
Contribution rates are rounded to the nearest integer, and contribution rates greater than 15% are grouped in the 15% bin. The bin corresponding to the
randomly assigned display rate experienced by participants in each histogram is shaded grey.
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Figure 3. Breakdown of Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit, by Randomly Assigned Display Rate
100%

1500

Higher than display
rate

1000

Display rate

Percent of employees within
experimental condition

Number of employees

2000

Between zero and
display rate

500

Zero (opt out)
0

6%

7%

80%
60%

34

Display rate

40%

Between zero and
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Figure 4. Summary of Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit, by Randomly Assigned Display Rate
This figure summarizes the employee contribution rates in effect 60 days after the individual’s initial visit to the Voya Enroll website, by display rate. The
top-left panel shows the mean contribution rate. The top-right panel shows the mean contribution rate among individuals with a non-zero contribution rate.
The bottom-left panel shows the fraction of individuals with a contribution rate of zero. The bottom-right panel shows the fraction of individuals with
contribution rate equal to the display rate. The whiskers indicate 95% confidence intervals.
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Online Appendix
Online Appendix Table 1. The Effect of Display Rates on Initial Employee Contribution Rates
This table reports the results of ordinary least squares regressions in which the outcome variable is the employee contribution rate from the individual’s initial
visit to the Voya Enroll website (columns 1-4), an indicator for this contribution rate being equal to zero (columns 5-6), or an indicator for this contribution
rate being equal to the display rate (columns 7-8). The explanatory variable of interest is the randomly assigned display rate, which takes the values 6%, 7%,
8%, 9%, 10%, or 11% (coded as 6, 7, 8, 9, 10, and 11, respectively). In columns 1, 3, 5, and 7, the regression model imposes a linear functional form on the
display rate. In columns 2, 4, 6, and 8, the regression model includes indicator variables for each display rate above 6%. The regressions include no control
variables. In columns 3-4, the sample is limited to individuals with strictly positive contribution rates. Standard errors robust to heteroskedasticity are in
parentheses. +, p < 0.10; *, p < 0.05; **, p < 0.01; ***, p < 0.001
(1)

(2)

Initial
contribution rate
Display rate

0.057*
(0.028)

7% display rate indicator
8% display rate indicator
9% display rate indicator
10% display rate indicator
11% display rate indicator
Observations
R-squared

9,932
0.000

0.356*
(0.162)
0.291+
(0.161)
0.283+
(0.156)
0.300+
(0.160)
0.434**
(0.165)
9,932
0.001

(3)

(4)
(5)
(6)
Initial
Indicator for initial
contribution rate
contribution rate equal to
(conditional on rate > 0)
zero
0.116***
0.005*
(0.028)
(0.002)
0.495**
0.007
(0.161)
(0.014)
0.516**
0.018
(0.159)
(0.014)
0.432**
0.010
(0.153)
(0.013)
0.500**
0.015
(0.158)
(0.014)
0.825***
0.032*
(0.164)
(0.014)
8,022
8,022
9,932
9,932
0.002
0.003
0.000
0.001
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(7)
(8)
Indicator for initial
contribution rate equal to
display rate
-0.018***
(0.002)
-0.092***
(0.012)
-0.091***
(0.012)
-0.140***
(0.011)
-0.062***
(0.013)
-0.137***
(0.011)
9,932
9,932
0.011
0.025

Online Appendix Table 2. The Effect of Display Rates on the Likelihood of Having a Contribution Rate of Zero and the Likelihood of Having a
Contribution Rate Equal to the Display Rate 60 Days After the Initial Voya Enroll Website Visit, Logistic Regressions
This table reports the results of logistic regressions in which the outcome variable is an indicator for having an employee contribution rate of zero in effect 60
days after the individual’s initial visit to the Voya Enroll website (the first pair of columns) or an indicator for this contribution rate being equal to the display
rate (the second pair of columns). The explanatory variable of interest is the randomly assigned display rate, which takes the values 6%, 7%, 8%, 9%, 10%, or
11% (coded as 6, 7, 8, 9, 10, and 11, respectively). In the first and third columns, the regression model imposes a linear functional form on the display rate. In
the second and fourth columns, the regression model includes indicator variables for each display rate above 6%. The regressions include no control variables.
The table shows marginal effects evaluated for the median individual in the sample. Standard errors are in parentheses. +, p < 0.10; *, p < 0.05; **, p < 0.01;
***, p < 0.001

Display rate
7% display rate indicator
8% display rate indicator
9% display rate indicator
10% display rate indicator
11% display rate indicator
Observations

Indicator for 60-day
contribution rate equal to
zero
0.006**
(0.002)
0.002
(0.011)
0.016
(0.011)
0.017
(0.011)
0.010
(0.011)
0.037***
(0.011)
9,908

9,908
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Indicator for 60-day
contribution rate equal to
display rate
-0.021***
(0.002)
-0.106***
(0.012)
-0.107***
(0.013)
-0.153***
(0.011)
-0.076***
(0.013)
-0.153***
(0.011)
9,908

9,908

Online Appendix Table 3. The Effect of Display Rates on Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit,
Including Individuals Who Did Not Remain at the Same Employer for 60 Days
This table reports the results of ordinary least squares regressions in which the outcome variable is the employee contribution rate in effect 60 days after the
individual’s initial visit to the Voya Enroll website (columns 1-4), an indicator for this contribution rate being equal to zero (columns 5-6), or an indicator for
this contribution rate being equal to the display rate (columns 7-8). The explanatory variable of interest is the randomly assigned display rate, which takes the
values 6%, 7%, 8%, 9%, 10%, or 11% (coded as 6, 7, 8, 9, 10, and 11, respectively). In columns 1, 3, 5, and 7, the regression model imposes a linear
functional form on the display rate. In columns 2, 4, 6, and 8, the regression model includes indicator variables for each display rate above 6%. The
regressions include no control variables. The sample is augmented to include individuals who did not remain at the same employer for 60 days after the initial
visit to the Voya Enroll website. Their contribution rates are set to zero. In columns 3-4, the sample is limited to individuals with strictly positive contribution
rates. Standard errors robust to heteroskedasticity are in parentheses. +, p < 0.10; *, p < 0.05; **, p < 0.01; ***, p < 0.001
(1)

(2)

60-day
contribution rate
Display rate

0.038
(0.028)

7% display rate indicator
8% display rate indicator
9% display rate indicator
10% display rate indicator
11% display rate indicator
Observations
R-squared

10,245
0.000

0.511**
(0.163)
0.302+
(0.162)
0.246
(0.156)
0.362*
(0.164)
0.367*
(0.163)
10,245
0.001

(3)

(4)

60-day
contribution rate
(conditional on rate > 0)
0.087**
(0.028)
0.556***
(0.162)
0.493**
(0.161)
0.380*
(0.154)
0.491**
(0.163)
0.673***
(0.162)
8,756
8,756
0.001
0.002
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(5)
(6)
Indicator for 60-day
contribution rate equal to
zero
0.005*
(0.002)
-0.004
(0.012)
0.017
(0.012)
0.011
(0.012)
0.009
(0.012)
0.029*
(0.012)
10,245
10,245
0.001
0.001

(7)
(8)
Indicator for 60-day
contribution rate equal to
display rate
-0.020***
(0.002)
-0.102***
(0.012)
-0.103***
(0.012)
-0.147***
(0.011)
-0.073***
(0.013)
-0.147***
(0.011)
10,245
10,245
0.013
0.027

Online Appendix Table 4. The Effect of Display Rates on Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit,
Including Contribution Rates Calculated from Very Low or Very High Salaries
This table reports the results of ordinary least squares regressions in which the outcome variable is the employee contribution rate in effect 60 days after the
individual’s initial visit to the Voya Enroll website (columns 1-4), an indicator for this contribution rate being equal to zero (columns 5-6), or an indicator for
this contribution rate being equal to the display rate (columns 7-8). The explanatory variable of interest is the randomly assigned display rate, which takes the
values 6%, 7%, 8%, 9%, 10%, or 11% (coded as 6, 7, 8, 9, 10, and 11, respectively). In columns 1, 3, 5, and 7, the regression model imposes a linear
functional form on the display rate. In columns 2, 4, 6, and 8, the regression model includes indicator variables for each display rate above 6%. The
regressions include no control variables. The sample is augmented to include individuals for whom the contribution rate is calculated using a salary that is
below the 1st percentile or above the 99th percentile. In columns 3-4, the sample is limited to individuals with strictly positive contribution rates. Standard
errors robust to heteroskedasticity are in parentheses. +, p < 0.10; *, p < 0.05; **, p < 0.01; ***, p < 0.001
(1)

(2)

60-day
contribution rate
Display rate

0.040
(0.042)

7% display rate indicator
8% display rate indicator
9% display rate indicator
10% display rate indicator
11% display rate indicator
Observations
R-squared

9,918
0.000

0.570*
(0.246)
0.451+
(0.244)
0.110
(0.208)
0.425+
(0.236)
0.437+
(0.244)
9,918
0.001

(3)

(4)

60-day
contribution rate
(conditional on rate > 0)
0.097*
(0.044)
0.654*
(0.260)
0.635*
(0.259)
0.258
(0.217)
0.557*
(0.248)
0.815**
(0.261)
8,766
8,766
0.001
0.002
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(5)
(6)
Indicator for 60-day
contribution rate equal to
zero
0.006**
(0.002)
0.002
(0.011)
0.015
(0.011)
0.017
(0.011)
0.010
(0.011)
0.037***
(0.011)
9,918
9,918
0.001
0.001

(7)
(8)
Indicator for 60-day
contribution rate equal to
display rate
-0.021***
(0.002)
-0.106***
(0.012)
-0.107***
(0.013)
-0.153***
(0.011)
-0.076***
(0.013)
-0.153***
(0.011)
9,918
9,918
0.013
0.029

Online Appendix Table 5. The Effect of Display Rates on Employee Contribution Rates 60 Days After the Initial Voya Enroll Website Visit,
Excluding Contribution Rates Calculated from Contribution Decisions Expressed in Dollars To Be Contributed
This table reports the results of ordinary least squares regressions in which the outcome variable is the employee contribution rate in effect 60 days after the
individual’s initial visit to the Voya Enroll website (columns 1-4), an indicator for this contribution rate being equal to zero (columns 5-6), or an indicator for
this contribution rate being equal to the display rate (columns 7-8). The explanatory variable of interest is the randomly assigned display rate, which takes the
values 6%, 7%, 8%, 9%, 10%, or 11% (coded as 6, 7, 8, 9, 10, and 11, respectively). In columns 1, 3, 5, and 7, the regression model imposes a linear
functional form on the display rate. In columns 2, 4, 6, and 8, the regression model includes indicator variables for each display rate above 6%. The
regressions include no control variables. The sample excludes individuals for whom contribution rates are calculated from contribution decisions expressed in
dollars to be contributed out of each paycheck. In columns 3-4, the sample is limited to individuals with strictly positive contribution rates. Standard errors
robust to heteroskedasticity are in parentheses. +, p < 0.10; *, p < 0.05; **, p < 0.01; ***, p < 0.001
(1)

(2)

60-day
contribution rate
Display rate

0.038
(0.028)

7% display rate indicator
8% display rate indicator
9% display rate indicator
10% display rate indicator
11% display rate indicator
Observations
R-squared

9,669
0.000

0.515**
(0.161)
0.349*
(0.159)
0.266+
(0.155)
0.416*
(0.163)
0.346*
(0.160)
9,669
0.001

(3)

(4)

60-day
contribution rate
(conditional on rate > 0)
0.095***
(0.027)
0.591***
(0.158)
0.522***
(0.156)
0.438**
(0.151)
0.556***
(0.161)
0.705***
(0.157)
8,519
8,519
0.001
0.003
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(5)
(6)
Indicator for 60-day
contribution rate equal to
zero
0.006***
(0.002)
0.002
(0.011)
0.016
(0.011)
0.018
(0.011)
0.011
(0.011)
0.038***
(0.012)
9,669
9,669
0.001
0.002

(7)
(8)
Indicator for 60-day
contribution rate equal to
display rate
-0.021***
(0.002)
-0.110***
(0.013)
-0.110***
(0.013)
-0.157***
(0.012)
-0.077***
(0.013)
-0.157***
(0.012)
9,669
9,669
0.013
0.030

Online Appendix Figure 1. Voya Enroll Login Webpage (Screen 1)
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Online Appendix Figure 2. Voya Enroll Personal Information Webpage (Screen 2)
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Online Appendix Figure 3. Voya Enroll Orange Money Input Webpage (Screen 3)
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Online Appendix Figure 4. Voya Enroll Orange Money and Contribution Choice Webpage,
Where Random Assignment to Display Rates Occurred (Screen 4)
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Online Appendix Figure 5. Voya Enroll Beneficiary Designation Webpage (Screen 5)
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Online Appendix Figure 6. Voya Enroll Confirmation Webpage (Screen 6)
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Online Appendix Figure 6 Continued. Voya Enroll Confirmation Webpage (Screen 6)
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Online Appendix Figure 7. Voya Enroll Exit Webpage (Screen 7)
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Online Appendix Figure 8. Breakdown of Orange Money (Projected Percentage of Target Retirement Income That Will Be Attained), by Randomly
Assigned Display Rate
Based on an employee’s age, salary, existing savings balance, expected retirement date, and target retirement income replacement rate (the fraction of preretirement income that the employee expressed a desire to have as retirement income), Voya Financial calculated the implications of the display rate for the
employee’s ability to achieve the specified target retirement income. The results of the calculation were displayed graphically as a dollar bill that was partially
colored orange. The fraction of the bill that was orange represented the fraction of the employee’s target retirement income that the display rate would make
possible, under some reasonable assumptions about future rates of return on investments (6% per year) and the employee’s likely Social Security benefits.
This figure gives the breakdown of the number of employees for whom the fraction of the bill that was orange was less than 90%, between 90% and 110%,
and over 110%, by randomly assigned display rate.
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Online Appendix Figure 9. Histograms of Initial Employee Contribution Rates, by Randomly Assigned Display Rate

Contribution rates are rounded to the nearest integer, and contribution rates greater than 15% are grouped in the 15% bin. The bin corresponding to the
randomly assigned display rate experienced by participants in each histogram is shaded grey.
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Online Appendix Figure 10. Breakdown of Initial Employee Contribution Rates, by Randomly Assigned Display Rate
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Online Appendix Figure 11. Summary of Initial Employee Contribution Rates, by Randomly Assigned Display Rate
This figure summarizes the employee contribution rates from the individual’s initial visit to the Voya Enroll website, by display rate. The top-left panel shows
the mean contribution rate. The top-right panel shows the mean contribution rate among individuals with a non-zero contribution rate. The bottom-left panel
shows the fraction of individuals with a contribution rate of zero. The bottom-right panel shows the fraction of individuals with contribution rate equal to the
display rate. The whiskers indicate 95% confidence intervals.
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2. Picking Up the Pace: Field Evidence of Boosting Automatic Escalation
Rates on Retirement Enrollment
Abstract:
A growing number of 401(k) retirement plans offer automatic escalation as a way to help employees
save more in the future. However, in practice, most employers set their default rate of escalation to
1% annually out of a concern that higher escalators might result in more employees opting-out of
automatic escalation. In collaboration with a national retirement record-keeping provider, this paper
describes a field experiment designed to test the sensitivity of enrollment, and escalation to varying
default escalation rates through examining the decisions of 8,756 employees across 2,355 retirement
plans. The study involved randomizing employees visiting their plan’s enrollment website to an
interface that varied the displayed default escalator between a baseline rate of 1% to higher rates of
2% and 3%. The field experiment yielded three findings regarding the effects of higher escalation
defaults. First, higher defaults did not lead to an increase in escalation opt-out. Second, higher
defaults increased planned average escalation by 0.08 percentage points relative to a baseline
escalation rate of 0.24 percent. Finally, the effect of higher default rates did not meaningfully vary
across employee salary, age, or gender.

The evidence suggests employers and policymakers

considering whether to use higher escalation defaults to increase savings need not be concerned about
adverse effects involving escalation enrollment.
2.1 Introduction
Despite widespread access to 401(k) plans, many U.S. workers save insufficiently for retirement
(GAO 2015, GAO 2017; Munnell 2015). While automatic enrollment has increased participation
rates, most default rates associated with such enrollments are far below recommended target levels
and research suggests that employees initially save at these low rates and are slow to adjust their
contributions (e.g. Choi et al. 2002, 2004; Munnell 2015). In theory, automatic escalation is one
potential strategy to increase employee savings (Thaler and Benartzi 2004). Automatic escalation
involves annually increasing an employee’s 401(k) contribution rate either without the employee’s
affirmative election (opt-out) or on a voluntary basis (opt-in). 21

However, in practice, a common

feature of automatic escalation, which limits its capacity to generate savings, is that employers
commonly set low default escalation rates, typically 1% annually. 22 While raising escalation default
rates could help employees accumulate retirement savings targets more quickly, consideration of such

21

IRS Revenue Ruling 2009-30. Accessed April 2019. https://www.irs.gov/irb/2009-39_IRB
71% of all sponsors default/recommend an automatic escalation rate of 1% or less. 2019 PLANSPONSOR
Defined Contribution Survey, reflecting 2018 results. The paper refers to “automatic escalation rate” as the
percent increment by which an individual chooses to increase his contribution at some future date.
22
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increases are usually met with two concerns: (1) higher escalator rates may be too aggressive for
most employees and, on average, they will opt-out of automatic escalation, (2) employees who are
younger and/or have lower salaries might be especially sensitive to accepting higher escalators. 23
I present new evidence to address these concerns through a field experiment involving 8,756
employees across 2,355 401(k) plans. The field study was conducted in collaboration with Voya
Financial (Voya), a large U.S. retirement services and recordkeeping provider, from June 2018 to
September 2018. The study targeted eligible employees who first logged onto an enrollment website,
and, after progressing through a series of basic enrollment web screens, were asked to select a
contribution rate.

Upon selecting a non-zero contribution rate, they were randomly assigned a

suggested escalator increment (i.e. escalator default) rate of 1% (control group), 2% or 3%. 24 To
understand the effect of these varying escalators on savings rates, Voya provided administrative data
on the share of employees electing automatic escalation (opting-in) and on the average escalation rate
across experimental conditions. In addition to the average effects of defaults on escalation, the paper
reports heterogeneity effects across dimensions of practical and policy importance such as an
employee’s salary, age, gender, and initial contribution rate.
The study yields three main findings. First, there is little evidence to support concerns that displaying
higher escalator default rates (2% or 3%, rather than 1%) reduces escalation enrollment. Second,
employees assigned higher escalator defaults, relative to the control, chose higher rates of escalation.
Employees exposed to a higher escalator default increased their escalation rate by 0.08 percentage
points a year, relative to a baseline escalation rate of 0.24 percent. Conditional on enrolling in
escalation, third, the effects of escalator defaults do not vary significantly across salary, age, gender,
and initial contribution rate.
This study provides the first evidence that automatically escalating employees at higher escalation
rates can meaningfully increase overall retirement savings and decrease the time it takes to achieve a
minimum threshold of retirement savings without decreasing the share of employees who opt-in. For
example, I project that a representative 45 year old 401(k) enrollee earning $50,000, with a starting

23

For counter arguments to higher suggested escalator rates, see Save More Tomorrow, Practical Behavior
Finance Solutions to Improve 401(k) Plans, Shlomo Benartzi with Roger Lewin, 2012, Portfolio Penguin. For
Popular Concerns of Higher Automatic Enrollment/Escalation in the UK. See Stapleton, Jonathan. 2018. "Will
AE Contribution Rate Hike Lead to Opt-Out Spike?" Professional Pensions (Mar 15): 4. https://0-searchproquest-com.wam.city.ac.uk/docview/2016361278?accountid=14510. Accessed May 2019.
24
I label the suggested escalator increment rate display on the enrollment website an escalator default, because
an employee after electing to automatically escalate, could either actively shift away from the suggested
escalator rate displayed on the webpage and select a different rate or continue through the enrollment web flow
where the suggested escalator rate would, in effect, become a default upon submission.
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contribution rate of 3%, who increases his escalation rate from 1% to 3% will accumulate
approximately $36,700 (or 16%) more in savings by the age of 65. 25
The findings have several practical and theoretical implications.

First, the evidence suggests

employers and policymakers can encourage greater savings by setting higher escalator defaults. This
is consistent with the widespread evidence in the retirement savings literature of defaults improving
401(k) participation rates for plans with automatic enrollment (e.g. Madrian and Shea 2001; Choi et
al. 2002, 2004; Beshears et al. 2008) and increasing contribution rates for plans with automatic
escalation (Thaler and Benartzi 2004; Benartzi and Thaler 2013). The main findings also relate to a
recent large-scale field study finding the display of higher contribution default rates on an enrollment
website can improve 401(k) savings (Beshears et al. 2017). Second, setting higher escalator defaults
offers a way to overcome employee stickiness to low contribution default rates (Madrian and Shea
2001; Choi et al. 2002, 2004; Thaler and Benartzi 2004). Third, the study provides evidence that
higher default escalation rates could help boost savings rates for lower income and younger workers
over time at levels similar to their higher income and older counterparts. Several studies find lower
contribution default rates can be problematic for younger and lower income employees as they are
especially slow to shift away from an initial enrollment savings level (Choi, Laibson, and Madrian
2011; Beshears et al. 2016). A logical progression would suggest setting higher escalator defaults and
using this inertia to help potentially vulnerable employees to save more quickly.

Although the results are an encouraging first step in understanding the role of higher escalators on
retirement enrollment, three features of the sample and research design may limit the generalizability
of the findings. First, the Voya sample set was commercially restricted to small and mid-size forprofit 401(k) firms with typically less than 3000 employees. While small to mid-sized employers
represent a majority of all U.S. workers, small to mid-sized 401(k) plans may differ from plans
sponsored by larger employers. Second, due to administrative and regulatory challenges associated
with randomizing default rates within and among employers, the experimental design presented
automatic escalation as a voluntary election for which employees were required to make an active
choice. As a result, the study measures the effects of a suggested escalator default among active
enrollees who visit an enrollment webpage and opt-in to automatic escalation. A question remains
whether passive enrollees would respond to higher escalator defaults set by employers in an automatic
escalation program (opt-out) and whether higher escalator adoption and higher average escalation

25

The projection assumes a zero initial balance, a starting contribution rate of 3%, annual escalation at 3% per
year until reaching a cap of 12%, typical employer matching contributions of 50% on the first 6% of pay and a
6% annualized return over the 20 year period.
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rates would result in that context. 26 Third, the study examined initial enrollment decisions and
ongoing contribution decisions 30 days after the first scheduled escalation date. Additional research
is needed to assess the persistence of escalation rates over time as well as the long-term effect of
higher escalation on overall savings and financial well-being.
2.2 Institutional Background
This section first provides a contextual overview of employer-sponsored retirement plans in the U.S.
and then details online enrollment procedures at Voya.
2.2.1 Overview of U.S. Employer-Sponsored Retirement Plans
Over the past 40 years, a shift has occurred in the U.S. retirement landscape. Employers who
traditionally provided Defined Benefit Plans now increasingly offer Defined Contribution Plans such
as a 401(k) plan. This shift transferred important retirement decisions to employees including when
to start saving, how much to save and how long to save. By 2016, there were more than 560,000
401(k) plans covering over 82 million participants. 27
When first introduced, employers offering standard enrollment 401(k) plans experienced low
employee participation despite the tax-advantaged savings benefits, generous matching provisions,
and the convenience of payroll deduction (see Madrian 2013 for an overview). 28

Over time

employers and policymakers turned to both financial incentives and to behaviorally informed
solutions, such as automatic enrollment and automatic escalation, to increase participation and
contribution rates (e.g. Madrian and Shea 2001; Choi et al. 2002, 2004; Thaler and Benartzi 2004;
Beshears et al. 2008). 29 In a landmark study, Madrian and Shea (2001), found in one large 401(k)
plan that changing the enrollment default from zero to a non-zero contribution value significantly
boosted participation rates by over 40 percentage points for newly hired employees with less than 15
months of tenure. Numerous field studies followed providing further behavioral evidence that default
effects associated with automatic enrollment 401(k) plans can have a large impact on retirement
savings decisions typically boosting participation by as much as 25 – 35 percentage points (e.g. Choi
et al. 2002; Choi et al. 2004; Beshears et al. 2008).

26

While more research is needed, the average escalation effect size reported in this study might be a lower
bound and, due to employee inertia, could result in even higher average escalation rates in the context of an optout automatic escalation program.
27
Private Pension Plan Bulletin Abstract of 2016 form 5500 Annual Reports. Data extracted July 10, 2018.
Hereafter referred to as PPPBA 2016.
28
A “standard enrollment” 401(k) is used here to define 401(k) plans that have a default employee salary
deferral rate of 0% (i.e. default is to not participate).
29
An automatic enrollment 401(k) plan is “a feature in a retirement plan that allows an employer to ‘enroll’ an
eligible employee in the employer’s plan unless the employee affirmatively elects otherwise.” Accessed in
September 2018 from https://www.irs.gov/retirement-plans/faqs-auto-enrollment-what-is-an-automaticcontribution-arrangement-in-a-retirement-plan.
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While automatic enrollment plans with powerful default effects have been shown to overcome inertia
and boost participation, they often result in under savings where employers set low contribution
default rates as employees are often slow to shift away from the default. (Madrian and Shea 2001;
Choi et al. 2004) This is especially true for younger and lower income individuals who are slower to
opt-out of contribution defaults than their counterparts (Madrian and Shea 2001; Choi et al. 2004;
Beshears et al. 2016). According to one large industry survey as of 2017, over 94% of all automatic
enrollment plans have set their plan’s contribution default rate at 6% or less with nearly 50% setting it
to 3% or less. 30 This is below the often cited double-digit savings rates necessary to replace 70% 80% of pre-retirement income (Ibbotson et al. 2007; Ervin, Faulk, and Smolira 2009; Munnell, GolubSass, and Webb 2011).
In an influential behavioral field study, Richard Thaler and Shlomo Benartzi concluded that low
401(k) savings rates could be increased by offering employees the opportunity to make a decision to
commit now to save at a specified percentage of salary at a point in the future (Thaler and Benartzi
2004). Coined the SMarT Plan, Save More Tomorrow, the authors provide evidence from three field
studies that various sub-optimal employee behaviors can be addressed using automatic escalation
within a standard enrollment 401(k) plan. In one case study, by offering employees a choice to “optin” and escalate annually at 3%, they were able to boost savings rates from 3.5% to 13.6% over a 40month period, (Thaler and Benartzi 2004).
In 2006, Congress passed the Pension Protection Act (PPA), encouraging employers to offer
automatic enrollment and automatic escalation 401(k) plans by providing administrative clarity,
eliminating legal barriers and establishing additional employer incentives.

To qualify for

administrative safe harbor provisions, the PPA set forth a minimum initial default contribution of 3%
and a minimum escalation rate of 1% annually with a target of 6% and a maximum cap of 10%.31
Employers have the option to set the escalator higher than 1%. Reacting to this regulatory clarity,
employers increasingly added automatic enrollment design provisions to their plans (Engelhardt
2011). As of 2017, a national survey reports that over 60% of all 401(k) plan sponsors had adopted
some form of an automatic enrollment feature leading to an average 401(k) participation rate of
86%. 32

30

71% of all sponsors default/recommend an automatic escalation rate of 1% or less. 2019 PLANSPONSOR
Defined Contribution Survey, reflecting 2018 results.
31
The administrative safe harbor provision exempts plans from certain non-discrimination testing requirements.
Accessed May 2019 from https://www.irs.gov/retirement-plans/plan-participant-employee/retirement-topicsautomatic-enrollment
32
Profit Sharing Council of America (PSCA) 61st Annual Survey of Profit Sharing and 401(k) Plans, reflecting
2017 plan experience.
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At the employer’s discretion, automatic escalation programs are offered either as an active enrollment
decision where employees commit to a future increase during the online enrollment process (opt-in)
or as a passive (opt-out) enrollment decision where the employer specifies an automatic escalation
rate and schedule as a default. Previous research shows when automatic escalation is set up as an optin decision 15 – 25% of new hires enroll, with 83.5% staying in when offered as an opt-out design.
(Benartzi, Peleg, and Thaler 2007). Based on survey data, as of 2017, 52% of all 401(k) plans and
over 72% of automatic enrollment plans offer an automatic escalating feature to employees with
employers overwhelmingly (73%) setting an annual escalator of 1%.33 To the best of my knowledge,
the practical question of how varying default escalation rates impacts enrollment remains unanswered
(Thaler and Benartzi 2004). This study seeks to offer a modest first step to fill this gap.
2.2.2 Voya Online Enrollment Details
The majority of Voya small-to-midsize 401(k) plan standard enrollment decisions are made through
an online enrollment interface, referred to as Voya Enroll. The Voya Enroll website offers a highly
standardized digital enrollment experience. Enrolling online, through a standardized website portal is
commercially common across the small-to-midsize 401(k) marketplace, allowing significant
experimental control, to test the impact of automatic escalation design variations in a large-scale field
setting.

Less common enrollment channels, such as paper and telephone call centers, are also

available but are not included in the study. 34
Eligible employees typically receive an enrollment kit from their employer or directly from Voya.
The kits contain general retirement and plan information, required disclosure material and specific
instructions describing how to visit Voya Enroll and begin contributing to their 401(k). Online
Appendix Figures 1-6 detail the series of Voya Enroll website screens that employees experience
during the enrollment process prior to the automatic escalation enrollment screen.
When employees first visit Voya Enroll they are required to provide security credentials and other
identifying personal information over a series of web screens (Online Appendix Figures 1-4). Next,
they are asked to set basic retirement goals including a target retirement age, enter a current savings
amount, and target a percentage of pre-retirement income that they would like to replace (Online
Appendix Figure 5). These inputs are used to enable a dynamic projection of future monthly income
in the form of an orange dollar bill which Voya refers to as “myOrangeMoney®” (Orange Money).

33

Ibid.
The enrollment website interface and process flow, for both standard and automatic enrollment plans are
largely similar with minor differences noted in the Online Appendix Figures.
34
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The sixth screen primarily captures the employees’ desired pre-tax contribution rate expressed as a
percentage of salary (Online Appendix Figure 6). 35

A suggested contribution rate of “7%” is

displayed as a starting point from which individuals can adjust their desired contribution rate up or
down. The sixth screen also presents the Orange Money retirement income calculator dollar bill
graphic displaying any projected shortfall or surplus relative to a targeted monthly replacement
income goal. In addition, the sixth screen presents match limit information, where available. If no
match limit information is available, employees are shown peer information on contribution rates for
employees with similar age and salary characteristics.

Importantly, the presentation of this

information occurs before the randomization into study treatment conditions.
The seventh screen offers employees the opportunity to opt-in to automatic escalation (Online
Appendix Figure 7). Employees are required to select Yes or No before advancing to the final screen.
After making an automatic escalation enrollment decision, employees can review previously elected
enrollment choices by scrolling down the web screen page and then are invited to press “Enroll Now”
to have their enrollment decision recorded in Voya’s administrative system.
The eighth screen serves as an enrollment confirmation (Online Appendix Figure 8). Once employees
submit their election, it may be modified at any time via a website or other channels (e.g. telephone,
in writing). Voya sends initial and reminder confirmations of future escalation details along with
other election information to employees via U.S. Postal mail or electronic mail.

35

The total number of screens in the enrollment web flow process can vary slightly based on plan design and
optional service adoption by plan sponsors. (e.g. Automatic enrollment/standard enrollment, Beneficiary
Designation, Investment Advisory Services).
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2.3 Research Design
This section details the research design of the field study and describes the study sample. The study
was structured to document the effects of varying the enrollment website display of an automatic
escalator default rate, on i) the decision to initially opt-in to automatic escalation, ii) the initial
escalation rate selected, iii) the likelihood that employees select an escalation rate matching the
randomly assigned escalator default rate. The study was also designed to provide evidence across
several other contribution and subpopulation dimensions that could potentially offer insight to
policymakers seeking to better understand the impact of setting higher automatic escalator defaults.
2.3.1 Sample and Screening Criteria
The field sample consisted of Voya administered 401(k) plans featuring automatic escalation in
Voya’s small-to-midsize market. 36 The plans eligible for the analytic sample are representative of the
national population of 401(k) plans, measured by plan size, geography, and several employee
demographic characteristics. 37 Voya plan sponsors can elect to make an opt-in automatic escalation
feature available to their employees as part of Voya’s service model.

Similar to a nationally

representative sample, approximately half (48%) of Voya small-to-midsize 401(k) plan sponsors
choose to offer the automatic escalation feature and the field study draws from this subset. 38
The field study included nearly all small-to-midsize employers sponsoring a 401(k) plan where
Voya’s automatic escalation service was available to employees with a few exceptions:
•

Plans utilizing contribution tracking methods outside of Voya

•

Plans offering and employees selecting after-tax Roth contributions 39

•

Plans tracking contributions in dollar amounts rather than percentages

•

Plans initiating a “re-enrollment” of participants during the study period 40

The eligible analytic sample consisted of 8,486 Voya small-to-midsize 401(k) plans offering 401(k)
participants automatic escalation via the Voya Enrollment website. After applying the above filtering

36

Voya defines the small-to-midsize market as firms having fewer than 3,000 employees. The field sample set
contained both standard enrollment and automatic enrollment 401(k) plans.
37
National population share of plans with less than 1,000 participants is .98. PPPBA 2016. See Chapter 3
(Table 1) below for an overview of US employer-sponsored retirement plans and Voya small-to-midsize plans.
38
National survey data show approximately 50% of plan sponsors offer an automatic escalation feature. PSCA
2017.
39
For commercial reasons the interventions were not designed to render for employees selecting after-tax Roth
contributions, which are defined as an employee-elective contributions made with after-tax dollars (irs.gov).
Plans offering after-tax Roth contribution where employees did not select that option were included in the
analytic sample set.
40
The analytic sample set dropped rare instances in which an employer campaign overrode participant savings
elections and reset them to a specified default during the study period.
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criteria, the field study and the data include enrollment decisions of 8,756 unique employees across
2,355 unique plans who visited the Voya Enroll website between June 20, 2018 and September 11,
2018. 41
2.3.2 Experimental Interventions
Employees in the field study, after electing a 401(k) contribution rate on Voya Enroll, were randomly
assigned into one of three experimental conditions, which vary the displayed escalator default rate
(1%, 2%, or 3%) and were given the choice of opting-in to a schedule of automatic contribution
escalation. Regardless of condition, employees were additionally presented with a contribution rate
cap, whose initial value was set to the contribution rate plus the escalator default rate, and a start date
for automatic escalations, whose initial value was set to 6 months from the initial interaction date.
Employees had the option of easily adjusting the initial escalation rate, contribution cap, and start date
via Voya Enroll 42.

Screenshots of the experimental manipulations are collected in the Online

Appendix (see especially Figures 9 - 12).
2.3.3 Enrollment Outcomes and Administrative Data
The field study analyzes the effect of escalation default rates on two enrollment outcomes. First, it
examines the percent of employees visiting the Voya Enroll website who initially chose to
automatically escalate (i.e. opt-in). Second, it analyzes the initially selected escalation rates for
employees who visit the Voya enroll website. As a robustness check, it also examines automatic
escalation persistence, and average escalation rates following initial escalation decisions.
Voya provided recordkeeping data on the initial Voya Enroll decisions and on the pre-tax contribution
rates from their administrative system measured 30 days after an employee’s first planned automatic
escalation date. These included experimental enrollment information such as the randomly displayed
escalator rate condition details, employee demographic information (e.g. gender, age, salary), and
other employee enrollment decisions (e.g. pre-tax contribution rate, escalator percentage, escalation
start date, and contribution levels after the planned escalation date.) The data set did not contain any
employee or employer identifying information (e.g. last name, address). When employees reach the
final Voya Enroll screen they have the option to submit their election, actively exit the website, or

41

The original experimental plan was to conduct the field study from June 20, 2018 through September 30,
2018. However, the study was ended on September 11, 2018 for commercial reasons as some interventions
beginning on September 12, 2018, failed to render on the Voya Enroll website in a manner consistent with the
original study design.
42
Following their initial enrollment election, employees have the option of revising their choices via a separate
website for existing participants, call center, or mail correspondence.
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“time out” and be forced to exit the website. 43 Indicator variables were generated for employees who
chose to opt-in to automatic escalation. An indicator of 1 was assigned to an employee selecting
“Yes” to opt-in to automatic escalation and an indicator of 0 was assigned to an employee selecting
“No” to automatic escalation.

Voya recorded and provided the employees’ online enrollment

decision as part of the administrative data set.
If an employee visited Voya Enroll, saw the screen containing the randomized automatic escalation
condition, and then exited the website without an affirmative decision to opt-in to automatic
escalation, they were recorded as having been in the study sample but not as having opted-in to
automatic escalation. Next, they were assigned either a pre-tax contribution savings rate of 0% if they
were in a standard enrollment plan or if they were in an automatic enrollment plan, the default
contribution rate associated with the plan. This procedure was used to accurately reflect the point in
time pre-tax contribution rate for employees passively accepting the plan’s default contribution rate
(i.e. a default 0% for standard enrollment; the employer specified contribution default rate for
automatic enrollment).
In order to address any undue influence of automatic escalator rate outliers on the results, the
automatic escalator rate variable was winsorized by setting observations below the 1st percentile to the
1st percentile and above the 99th percentile to the 99th percentile. 44 An indicator for an initial escalator
rate of zero was created. Rate escalation indicators were also created for individuals that selected an
initial escalator rate that was equal to the randomly assigned experimental default escalator rate.
Much of the demographic data, salary, age, gender, was self-reported by individuals inputting
personal information into Voya Enroll. In order to reduce the impact of misreported data, the salary
and age variables were winsorized by setting observations below the 1st percentile to the 1st percentile
and above the 99th percentile to the 99th percentile. There were originally 904 missing values for
gender in the data as some participants chose not to report male or female gender. By using the Social
Security Administration Name database to determine a probabilistic gender match to imply gender,
the number of missing gender values was reduced to 50.

43

Employees were able to visit Voya Enroll multiple times and change their decision to schedule a future
escalation automatically prior to submitting their election. If they revisited the website using the same internet
browser as used on a previous visit, and had not deleted browser cookies, they were provided the same escalator
default rate as before. If they revisited Voya Enroll using a different electronic device, different browser or if
they deleted their browser cookies, they could potentially be randomized into a different escalator default rate
condition. The analytic sample contains the escalator rate an employee first sees as the assigned condition and if
an employee had multiple Voya Enroll visits it uses the final submission and associated enrollment decisions as
the outcome variable of interest.
44

Due to the number of high outliers versus the large number of low observations equal to zero, winsorization
addresses the undue influence of high outliers and no effect on the influence of <1st percentile observations.
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The main analysis was restricted to the first randomly assigned intervention an employee saw after
visiting the Voya Enroll website. As a robustness check, Voya provided additional administrative
data reflecting the escalator decision and other pre-tax contribution deferral information for
employees who remained customers of Voya, 30 days following an employee’s first planned
escalation date. This served to capture employees’ subsequent decisions to change their election to
automatically escalate, their escalation rate or other related enrollment decisions (e.g. first escalation
date, escalator cap). Since most employees were paid weekly, bi-weekly or semi-monthly, it is likely
employees received 1-3 paychecks where they would have experienced the degree to which the
escalation affected their take home pay.
2.4 Results
This section reports the experimental summary statistics, covariate balance across experimental
conditions and main findings.

The primary focus of the study is the effect of exposure to higher

default escalators on (i) the likelihood that employees elect to opt-in to automatic escalation, and (ii)
the escalation rates selected.
In order to address concerns that escalator default rates may differentially influence various segments
of the population, the analysis explores heterogeneity in the main effects across several demographic
features. Finally, as a robustness test of the main findings, the study provides preliminary evidence on
adherence to planned schedules.
2.4.1 Summary Statistics and Balance Across Conditions
Appendix Table 1 summarizes the employee characteristics across the experimental sample and
reports the covariate balance across the randomly assigned treatment groups. A chi-square test does
not reject the hypothesis that there is the same proportion of males across the three treatment groups.
The mean winsorized age, was approximately 38 years. The mean annual salary was a little more
than $70,000. This is higher than the average salary for U.S. workers but common for employees of
larger firms. F-tests do not reject the hypothesis that mean winsorized age or salary is the same across
the three experimental treatments.
Each experimental condition in the analytic sample had approximately 2,800 employees, across 2,355
plans in total.

The number of plans ranged from approximately 1,230 to 1,318 per condition

providing a broad range of employer characteristics and retirement plan design variation.
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2.4.2 Main Findings
Opt-in
Appendix Figure 1 summarizes the distribution of initial escalation rates selected by experimental
condition, with 0% corresponding to employees who do not opt-in to automatic escalation. This
figure yields two primary findings. First, participation in automatic escalation appears not to vary by
escalator default rate (19.9% in the 1% escalator condition, 17.5% in the 2% condition, and 17.3% in
the 3% condition). Second, employees appear more likely to select escalation rates, which match the
randomly assigned escalator default rate than in the baseline condition. Appendix Figure 1 presents
(in red) the share of employees whose escalation rate selections match the randomized escalator
default rate. (16% in the 1% condition, 8.5% in the 2% condition, 6.8% in the 3% condition).
To formalize the test of differences in opt-in rates across condition, Appendix Table 2 (column 1)
presents Ordinary Least Squares (OLS) regression estimates of a model using opt-in as the outcome
variable, and indicators for condition, along with a set of demographic and plan-level controls as
explanatory variables, with clustered standard errors at the plan level. This model structure is also
applied to the additional dependent variables of interest (escalation rate, and initial escalation
selections matching 1%, 2% and 3%). Corroborating the uncontrolled trends in Appendix Figure 1,
the regression estimates suggest no difference in opt-in rates across condition (the coefficient estimate
on the 2% escalator default condition is -0.01, p = 0.41; the coefficient estimate on the 3% escalator
default condition is -0.02, p = 0.27) 45.
In addition to the comparison of participation in automatic escalation reported in Appendix Table 2,
separate regression results show similar retirement plan enrollment participation (e.g. selected a nonzero contribution rate) across escalator default conditions (b < 0.01, p=0.50).

45

Supplementing the linear probability models reported in Appendix Table 2, logistic regression models yield
no difference in opt-in rates across conditions.
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Escalation Rates
Appendix Figures 2A and 2B summarize the initially selected escalation rates for each escalator
default rate. Appendix Figure 2A presents the escalation rates selected for all employees, while
Appendix Figure 2B presents escalation rates conditional on employees opting-in to automatic
escalation. Higher escalator default rates are associated with increased initially selected escalation
rates in both figures. Appendix Figure 2A shows an average escalation rate of 0.24% for employees
in the 1% escalator default condition, 0.28% in the 2% escalator default condition, and 0.34% in the
3% condition. When the figures are restricted to employees who opt-in to automatic enrollment,
increases in escalator defaults are associated with larger increases in escalation rates -- 1.23% in the
1% escalator default condition, 1.58% in the 2% escalator default condition, and 1.95% in the 3%
escalator default condition.
Corroborating the trends in Appendix Figures 2A and 2B, column 2 of Appendix Table 2 presents
regression results for a model predicting escalation rate, using the full sample (including employees
who do not participate in automatic escalation). Appendix Table 2 estimates that the change from the
1% escalator default condition to the 2% escalator default condition is associated with a 0.06
percentage point increase (p < 0.05) in initially-selected escalation rates; the move from the 1%
escalator default condition to the 3% escalator default condition is associated with a 0.11 percentage
point increase (p < 0.001) in initially-selected escalation rates. Supplementing Appendix Table 2,
regressions restricted to employees who opt-in to automatic escalation suggest that the move from the
1% escalator default condition to either the 2% or 3% escalator default conditions is associated with a
0.56 percentage point increase (p < 0.001) in initially-selected escalation rates.
In addition to measuring the share of employees opting-in to automatic escalation, and the initiallyselected escalation rates, the study measures the likelihood of employees selecting an escalation rate
matching the randomized escalator default rate; that is, whether individuals defaulted into the 1%
escalation condition select a 1% escalation rate, and similarly for the 2% and 3% conditions. Columns
3 – 5 of Appendix Table 2 report regression results using indicators for 1%, 2%, and 3% escalation
rate selections respectively. Appendix Table 2 provides evidence that employees randomized into the
1% condition are 0.08 percentage points less likely to select a 2% escalation rate (p < 0.001) relative
to the other conditions. Supplementing the results reported in Appendix Table 2, a test of individuals
in the 2% and 3% conditions find each more likely to select escalation rates exactly matching the
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randomized escalator default rate relative to those in the 1% baseline condition (b = -0.07; p <0.001; b
= -0.06; p <0.001) 46.
2.4.3 Heterogeneity Findings
Beyond questions regarding the effects of the display of higher escalation rates on participation in
automatic escalation, and the escalation rates selected, the study seeks to investigate the possibility of
variation in such effects across several demographic sub-groups of practical and policy interest.
Appendix Tables 3 – 6 present regression results that estimate variation in the main effects reported
above across salary, age, gender, and contribution rate. Similar to the specifications for the main
analysis above, the tables investigating heterogeneity in the effects present OLS models using opt-in,
and escalation rate as dependent measures. Low age, low salary, and low contribution rate indicators
are created by creating median-splits on these variables.
Overall, the tables present evidence that the effects of higher escalator defaults on opt-in or average
escalation rate do not vary and do not diminish across any of the demographic features. None of the
interaction terms reported in Appendix Tables 3 - 6 yield significant effects.
2.4.4 Persistence and Robustness Checks
While the study’s primary focus is on automatic escalation participation and planned automatic
escalation, it additionally analyzes, as a robustness check, observed escalation rates.

As a

conservative measure, the study tracks changes to contribution rates between the initial escalation
decision and 30 days after the first planned escalation. Modally, employees who opt-in to automatic
escalation select a 6-month delay before the onset of the first escalation; a similar tracking period (214
days) is applied to employees who did not opt-in to automatic escalation. To explore employee
persistence in the opt-in decision, the study establishes a measure of adherence to the planned
escalation schedule. To qualify as adherent (at any point after the initial escalation decision)
employees must satisfy the following conditions: (1) initially select an escalation rate strictly greater

46

The beta values reported here are for two separate regressions; the first creates an indicator for whether an
employee is in either the 1% or 3% condition (excluding the 2% condition), and reports the coefficient on this
indicator, which reflects the reduction in the likelihood that an employee selects a 2% escalation, conditional on
being randomized into either the 1% or 3% conditions. Similarly, a second separate regression creates an
indicator for whether an employee is randomized into either the 1% or 2% conditions (here, excluding 3%); the
reported beta coefficient is an estimate of the reduction in likelihood that an employee selects a 3% escalation if
they are in either the 1% or 2% conditions, relative to the 3% condition.
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than 0, (2) have no change in contribution rate to a value less than the planned escalation
percentage 47, and (3) cannot cancel automatic escalation.
With this definition of adherence, Appendix Figure 4 reports the share of employees who are adherent
to planned escalation schedules at 30-day increments. As of 240 days following the initial escalation
choice, the figure shows 82% of subjects who originally selected automatic escalation are adherent to
the planned schedule. F-tests do not reject the hypothesis that the share of adherent individuals is
similar across condition (81% in the 1% escalator default condition, 85% in the 2% escalator default
condition, and 79% in the 3% escalator default condition; F2,729 = 1.42; p = 0.24).
Appendix Table 7 reports the results of several regressions structurally similar to the tests run in the
main analysis. Columns 1 and 2 reports model estimates for regressions using opt-in (as of 30-days
after the first planned escalation date) and follow-up escalation rate as dependent measures,
respectively. Columns 3 – 5 of Table 5 present model results testing whether individuals’ escalation
rates match the randomly assigned escalator default values of 1%, 2%, and 3% 48.
Appendix Table 7 suggests no evidence of differences in opt-in rates across condition (F2, 1640 = 0.25;
p = 0.78).

In part as a result of large fluctuations in observed escalation rates (sd = 4.13),

comparisons of observed escalation rates as of 6 months after initial selections do not show
differences across condition (F2, 1640 = 0.97; p = 0.38). Similar to the findings in the primary analysis,
Appendix Table 7 suggests evidence of individuals electing escalation rates, which match randomly
assigned escalator default values, relative to the other two conditions.
2.5 Conclusion
In the context of chronic retirement under saving, automatic escalation plans continue to grow in
popularity and offer a promising solution to boost employee savings rates over time (Benartzi and
Thaler 2013). However, employers and policymakers face an important question about how high to
set the default escalation rate. While the PPA prescribes a minimum escalator rate of 1%, it does not
prohibit employers from setting a more ambitious escalation level such as 2% or 3%. Increasing
escalation rates could help employees achieve their savings milestones more quickly. 49 However,
some may counter with a practical question of whether setting higher escalation rates will be too
aggressive and cause employees to opt-out of automatic escalation.

47

Planned escalation percentages are defined as the initial contribution rate, plus the amount of the planned
escalation.
48
Note, observed escalation rates are censored at 3%, so the regression in column 5 uses an indicator for an
escalation rate of 3% or greater.
49
Assuming a typical contribution default rate of 3% escalating at 2% or 3% versus 1% reduces the time it takes
to achieve a target savings level of 12% by 3 – 4 years.
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This large-scale field study offers initial evidence to address this question by measuring the automatic
escalation enrollment decisions of several thousand employees.

Employees visiting a 401(k)

enrollment website were randomly assigned escalator default rates of 1%, 2%, or 3%. The study finds
that increasing escalator defaults rates to 2% or 3% does not increase the share of employees optingout of automatic escalation and does increase average escalation rates chosen by employees at
enrollment.

Sizing the effect of higher escalation defaults presents some challenges.

As a

conservative measure, the present study focuses on the on-average differences in escalation rates
across condition, regardless of participation. When the estimates are restricted to individuals who
participate, however, increases in escalation defaults yield substantially greater increases in escalation
rates – a move from the 1% to the 2% or 3% escalator default is associated with a 0.08 percentage
point change in the overall sample, and a 0.56 percentage point change among employees who
participate in automatic escalation. Perhaps, in part, because the present study occurs in the context of
an opt-in program, participation in automatic escalation is lower than one might expect from an optout program. While additional field tests are needed, the pattern of results suggests the possibility that
increases in the participation rate overall would result in increases in the differences in escalation rates
across conditions.
In addition to sizing the overall effect, there is an important open question regarding heterogeneity in
the observed effects. Interestingly, the results suggest that low-income and low-age individuals are as
responsive to changes in escalator defaults as their higher-income and older counterparts. The
absence of heterogeneity is reported using median-splits in the tables appearing in the appendix, but
this result is robust to a finer-level disaggregation of age and salary at the quartile level (see Appendix
Figure 3 for disaggregation of effects by salary quartile).
In addition to the main results, the study finds, consistent with the anchoring literature (Tversky and
Kahneman 1974, also see Furnham and Boo 2010 for an overview), displaying higher escalator
default rates on an enrollment website increases the likelihood that employees initially select the
randomly assigned escalator relative to the 1% baseline condition (see Columns 3-5 of Appendix
Table 2). Collectively the findings suggest higher escalator defaults increased average planned
escalation without causing a decrease in escalation participation, however, employees do not seem to
blindly accept higher defaults. While more research is needed, the findings suggest employers and
policymakers do not have to be concerned, at least initially, that higher escalator default rates will
cause employees to drop out of automatic escalation.
To roughly assess the impact of sustained escalations to retirement savings, I examine the total
retirement accumulations for individuals earning $50,000 annually (Appendix Figure 5A), and
$100,000 annually (Appendix Figure 5B) under commonly observed 401(k) plan conditions with
annual contribution increases of either 1% (black lines in Appendix Figures 5A and 5B), or 3% (blue
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lines in Appendix Figures 5A and 5B), assuming escalations up to a 12% deferral rate. 50 Under the
assumption of regular escalation increases, and absent withdrawals, Appendix Figure 5A and 5B
forecast that a higher default escalation strategy results in substantial accumulation gains. Appendix
Figure 5A suggests that a wage earner making $50,000 annually, the commitment to 3% annual
escalations, relative to 1% annual escalations results in an additional savings of approximately
$36,700 after 20 years of contributions. Appendix Figure 5B projects an individual earning $100,000
annually will save approximately $73,400 more under a 3% annual escalation schedule, relative to 1%
annual escalations. Although projections are coarse, collectively the figures suggest more individuals
are likely to reach the thresholds.
In addition to increasing total accumulations, higher escalation rates could result in employees
reaching conventional retirement milestones faster. Appendix Figures 5A and 5B denote a $200,000
“Retirement Security Threshold” on both accumulation projection plots using a black dotted line, a
value within a recent study’s projected accumulation range of $150,000 to $250,000 needed for
retirement security (Bhargava et al. 2018; also see Mutchler, Li, and Xu 2016). Importantly, the
figure suggests commitment to a higher escalation schedule of 3% (relative to 1%) means individuals
achieve the $200,000 milestone approximately 2 years faster (17 years rather than 19 years for a
$50,000 annual income, and 11 years rather than 13 years for a $100,000 annual income).
While this study provides the first field evidence of the effects of higher escalator defaults on
automatic escalation levels, it has limitations. First, rather than testing the effect of explicit changes
to the default escalation rate, the study examines changes to a suggested escalator rate for employees
who elect to enroll in automatic escalation. Future research should study the effects of higher
escalator defaults on passive enrollees associated with opt-out automatic escalation.
Second, similar to the potential limitations discussed in Chapter 1 above, the present study is unable
to capture information on asset allocation choice.

It is possible, for example, that employees

compensate for low escalation rates with more aggressive retirement portfolios. While commercial
limitations prevent the acquisition of portfolio composition in the present context, future studies
should test for such a potential compensatory effect.
Third, future research should carefully consider the potential role of peer information in influencing
the effect of escalation default rates on escalation opt-out and planned escalation. A subset of the
employees (whose match information was unavailable) were shown peer information based on
contribution rates from others with similar age and salary characteristics. Importantly, this peer

50

The projection assumes a starting retirement balance of $0, with initial deferral percentages of 3%, an
employer match of 50% up to 6% of annual salary, and 6% average annual investment return.
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information was displayed before randomization into treatment condition. Beshears et al. (2015) finds
evidence that the display of peer information to low-saving employees may diminish retirement
contributions. It is possible that the display of such peer information also attenuates participation in
automatic escalation, which would suggest that withholding such information could strengthen the
effect of high escalation rate defaults.

70

Acknowledgments
I thank Thomas Armstrong, Daniella Listro, and Marilyn Morgan of Voya Financial for implementing
the experiment and preparing the data. I also thank Mark Patterson for providing outstanding research
counsel and assistance. I have benefited from the comments and support of Thomas Armstrong,
Shlomo Benartzi, John Beshears, Saurabh Bhargava, Daniella Listro, Marilyn Morgan, Charles
Nelson, Mark Patterson, Jan Potters, Steven Shu, Stephen Thomas, and Giovanni Urga.
References
Benartzi, S., Peleg E., and Thaler, R.H. (July 2007). Choice Architecture and Retirement Savings
Plans, mimeo. SSRN: https://ssrn.com/abstract=999420 or
http://dx.doi.org/10.2139/ssrn.999420.
Benartzi, S., and Thaler, R.H. (2013). Behavioral Economics and the Retirement Savings Crisis.
Science 339(6124). 1152-1153.
Beshears, J., Choi, J. J., Laibson, D. and Madrian, B. (2008). The Importance of Default Options for
Retirement Saving Outcomes: Evidence from the United States. In Stephen J. Kay and Tapen
Sinha, editors, Lessons from Pension Reform in the Americas. Oxford: Oxford University
Press, 59-87.
Beshears, J., Choi, J. J., Laibson, D., Madrian, B. C., and Milkman, K. L. (2015). The Effect of
providing Peer Information on Retirement Savings Decisions. The Journal of Finance, 70(3),
1161-1201.
Beshears, J., Choi, J. J., Laibson, D., Madrian, B., and Wang, Y. (2016). Who is easier to nudge?,
mimeo.
https://scholar.harvard.edu/files/laibson/files/who_is_easier_to_nudge_2016.05.27.pdf.
Beshears, J., Benartzi, S., Mason, R. T., Milkman, K. L. (2017). How Do Consumers Respond When
Default Options Push the Envelope?, mimeo. Harvard School of Business, 2017.
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3050562.
Bhargava, S., Conell-Price, L., Mason, R.T., Benartzi, S. (2018). Save(d) by Design, mimeo.
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3237820.
Choi, J. J., Laibson, D., and Madrian, B. (2011). $100 bills on the sidewalk: Suboptimal investment in
401 (k) plans. Review of Economics and Statistics, 93(3), 748-763.

71

Choi, J. J., Laibson, D., Madrian, B., and Metrick, A. (2002). Defined contribution pensions: Plan
rules, participant choices, and the path of least resistance. Tax policy and the economy, 16,
67-113.
Choi, J. J., Laibson, D., Madrian, B., and Metrick, A. (2004). “For Better or For Worse: Default
Effects and 401(k) Savings Behavior," in David Wise, ed., Perspectives in the economics of
aging. Chicago: University of Chicago Press.
Engelhardt, G. V. (2011). “State Wage-Payment Laws, the Pension Protection Act of 2006, and
401(k) Saving Behavior.” Economics Letters 113: 237–40.
Ervin, D., Faulk, G. and Smolira, J. (2009). The Impact of Asset Allocation, Savings and Retirement
Horizons, Savings Rates, and Social Security Income in Retirement Planning: A Monte Carlo
Analysis.
Furnham, A., and Boo, H. (2010). A literature review of the anchoring effect. The Journal of SocioEconomics 40(2011), 35-42.
Government Accountability Office. (2015). Retirement Security: Most Households Approaching
Retirement Have Low Savings. Report to the Ranking Member, Subcommittee on Primary
Health and Retirement Security, Committee on Health, Education, Labor, and Pensions, U.S.
Senate. Available at: https://www.gao.gov/assets/680/670153.pdf
Government Accountability Office. (2017). The nation’s retirement system: A comprehensive reevaluation is needed to promote future retirement security. Report to the Ranking Member,
Subcommittee on Primary Health and Retirement Security, Committee on Health, Education,
Labor, and Pensions, U.S. Senate. Available at: https://www.gao.gov/assets/690/687797.pdf.
Ibbotson, R., Xiong, J., Kreitler, R. P., Kreitler, C. F., and Chen, P. (2007). National Savings Rate
Guidelines for Individuals. Journal of Financial Planning (April 2007), 50-61.
Madrian, B. (2013). Matching Contributions and Savings Outcomes: A Behavioral Economics
Perspective. In Richard Hinz, Richard Holzmann, David Tuesta and Noriyuki Takayama
editors, Matching Contributions for Pensions: A Review of International Experience, The
World Bank, 289-310.
Madrian, B. and Shea, D. F. (2001). The Power of Suggestion: Inertia in 401(k) Participation and
Savings Behavior. The Quarterly Journal of Economics, 116(4): 1149-87.
Munnell, A. H. (2015). Falling short: The coming retirement crisis and what to do about it. Issue Brief
No. 15-7. Chestnut Hill, MA: The Center for Retirement Research at Boston College.
Retrieved from http://crr.bc.edu/wpcontent/uploads/2015/04/IB_15-7_508.pdf.
72

Munnell, A. H., Golub-Sass, F., and Webb, A. (2011). How much to save for a secure retirement.
Center for Retirement Research at Boston College Report 11–13.
Mutchler, J. E., Li, Y., and Xu, P. (2016). Living below the Line: Economic Insecurity and Older
Americans Insecurity in the States 2016. Center for Social and Demographic Research on
Aging Publications. Paper No. 13. https://scholarworks.umb.edu/demographyofaging/13 .
Thaler, R. H., and Benartzi, S. (2004). Save more tomorrow™: Using behavioral economics to
increase employee saving. Journal of Political Economy, 112(S1), S164-S187.
Tversky, A., and Kahneman, D. (1974). Judgment Under Uncertainty: Heuristics and Biases. Science
185(4157). 1124-1131.

73

Appendix
Appendix Table 1. Summary of Employee Characteristics - Covariate Balance Across
Randomly Assigned Escalator Default Rates

1%
(control)

2%

3%

Overall

Chi-squared statistic
or F-statistic
[p-value]

52.6

53.3

53.1

53.0

2.17
[0.70]

Mean age
(standard deviation)

38.6
(11.8)

38.4
(11.8)

38.4
(11.9)

38.5
(11.8)

0.29
[0.77]

Mean annual salary
(standard deviation)

$73,995
($54,615)

$72,928
($51,069)

$73,812
($52,364)

$73,579
($52,715)

0.34
[0.71]

Number of Plans

1,286

1,318

1,230

2,355

Observations

2,979

2,919

2,858

8,756

Percentage male

Notes: This table summarizes the characteristics of the employees across the study’s three
experimental treatment groups as well as in the overall experimental sample. For the purposes of this
table, age and annual salary are winsorized by setting observations below the 1st percentile equal to
the 1st percentile and setting observations above the 99th percentile equal to the 99th percentile in
order to reduce the influence of outliers. The last column reports test statistics (chi-squared statistic
for percentage male and F-statistics for age and salary) for the null hypothesis that the three treatment
groups are equal, with p-values in brackets. The table also reports the total number of plans observed,
both by experimental condition, and overall. Because variation in experimental condition occurs at
the employee level, plans may be represented in more than one experimental condition.
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Appendix Table 2. Effect of Escalator Default After the Initial Voya Enrollment Website Visit on
Automatic Escalation Opt-In and Escalation Magnitude

Dependent Variable
(3)
(2)

(1)
Escalation
Opt-In

Average
Escalation

(4)

(5)

1%

2%

3%

[excluded category - 1%]
2% escalator default

-0.01
(0.01)

0.06*
(0.02)

-0.08***
(0.01)

0.08***
(0.01)

0.00
(0.00)

3 % escalator default

-0.02
(0.01)

0.11***
(0.03)

-0.09***
(0.01)

0.01*
(0.01)

0.06***
(0.01)

Indicator (2 or 3%)

-0.01
(0.01)

0.08***
(0.02)

-0.08**
(0.01)

0.05***
(0.01)

0.03***
(0.00)

P-value of Difference Test
(2% versus 3% default)

0.53

0.00

0.00

0.00

0.00

Baseline Average
Observations

0.19
8,706

0.24
8,706

0.16
8,706

0.02
8,706

0.01
8,706

Notes: OLS regressions with robust standard errors, clustered at the plan id level in parentheses. All
regressions have demographics controls including indicators for winsorized age (rounded down to the
nearest 10), winsorized salary (rounded down to the nearest 10000) and gender fixed effects. This table
additionally includes regression results which collapse 2% and 3% -- note that these estimates are drawn
from a separate regression. Dependent measures include (1) an indicator for whether a subject opts-in to
automatic escalation, (2) the average escalation (including subjects who do not opt-in to automatic
escalation), (3) an indicator for the selection of 1% as a (winsorized) escalation rate, (4) an indicator for
the selection of 2% as a (winsorized) escalation rate, and (5) an indicator for the selection of 3% as a
(winsorized) escalation rate. The Baseline Average row reports the average of each of the five
dependent measures for the excluded category (1% escalation), without controls.
+ p < .10, * p < .05, ** p < .01, *** p < .001
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Appendix Figure 1: Summary of Chosen Escalation Rates After the Initial Voya Enroll Website
Visit by Randomly Assigned Escalator Default Rate

Notes: This figure reports the distribution of escalation rates selected (0%, 1%, 2%, or weakly greater
than 3%) by the randomly assigned escalator default rate (1%, 2%, or 3%). Red bins correspond to
subjects who select an escalation rate matching the randomly assigned escalator default rate. Subjects
who do not opt-in to automatic escalation are represented by 0% escalation rates.
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Appendix Figure 2A: Average Escalation Rate for Employees After the Initial Voya Enroll
Website Visit, by Randomly Assigned Escalator Default Rate

Appendix Figure 2B: Average Escalation Rate for Employees Including Employees Who Select
a Non-Zero Escalation Rate, After the Initial Voya Enroll Website Visit, by Randomly Assigned
Escalator Default Rate

Notes: Figure 2A summarizes the initial mean escalation rate for employees who visit the Voya
Enroll website by the randomly assigned escalator default condition of 1%, 2%, or 3%. Figure 2B
summarizes the initial mean escalation rate for employees who visit the Voya Enroll website and
select a non-zero escalation rate by the randomly assigned escalator default condition of 1%, 2%, or
3%. The escalation rates are winsorized by setting observations below the 1st percentile equal to the
1st percentile and setting observations above the 99th percentile equal to the 99th percentile in order to
reduce the influence of outliers. The whiskers indicate 95% confidence intervals.
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Appendix Figure 3: Average Escalation Rate for Employees After the Initial Voya Enroll
Website Visit, by Salary Quartile and Randomly Assigned Escalator Default Rate

Notes: This figure summarizes the initial mean escalation rate for employees who visit the Voya
Enroll website, by salary quartile and by randomly assigned escalator default rate of 1%, 2% or 3%.
The escalation rates are winsorized by setting observations below the 1st percentile equal to the 1st
percentile and setting observations above 99th percentile to the 99th percentile in order to reduce the
influence of outliers. Salary is winsorized by setting observations below the 1st percentile equal to the
1st percentile and setting observations above the 99th percentile to the 99th percentile to reduce the
influence of outliers. The whiskers indicate 95% confidence intervals.
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Appendix Figure 4: Automatic Escalation Persistence Over Time for Employees Who Chose a
Non-Zero Escalation Rate by Randomly Assigned Escalator Default Rate.

Notes: This figure summarizes the fraction of employees who selected a non-zero escalation rate (i.e.
initially opted-in), who remain in the automatic escalation program by the elapsed time (in days)
following their initial Voya Enroll website visit and by their randomly assigned escalator default
condition of 1%, 2%, or 3%.
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Appendix Figure 5A: Projected Total Retirement Savings Accumulation for a Typical 401(k)
Enrollee in Automatic Escalation by Automatic Escalator Rate (assuming salary of $50K)

Appendix Figure 5B: Projected Total Retirement Savings Accumulation for a Typical 401(k)
Enrollee in Automatic Escalation by Automatic Escalator Rate (assuming salary of $100K)

Notes: These figures project a total retirement savings accumulation in dollars over the time and
amount required to achieve a minimum level of retirement security (i.e. retirement poverty line) for a
hypothetical 401(k) enrollee who escalates a 1% and 3% annually since first contributing. The
projections assume the employee has a zero initial balance, starts contributing at 3%, escalates to a
cap of 12%, receives a typical match of $0.50 per $1.00 contributed up to 6% of pay, earns a 6%
annualized return during the period. The Retirement Threshold Line is drawn from previous research
and set to $200,000 but has been projected to vary from $150,000 to $250,000 (See Mutchler, Li, and
Xu, 2016; Bhargava, et al. 2018).
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Appendix Table 3. Effect of Escalator Default After the Initial Voya
Enrollment Website Visit on Automatic Escalation Opt-In and Escalation
Magnitude by Salary
Dependent Variable
(1)
(2)
(3)
(4)
Escalation Escalation Average
Average
Opt-in
Opt-in
Escalation Escalation

Indicator ≤ Median Salary

0.00
(0.01)

-0.02
(0.02)

0.01
(0.02)

0.01
(0.03)

Higher Escalator Indicator
(2% or 3%)

0.00
(0.02)

0.08**
(0.03)

Indicator ≤ Median Salary X
Higher Esc. Indicator
(2% or 3%)

-0.02
(0.02)

0.00
(0.04)

Observations

8,706

8,706

8,706

8,706

Notes: OLS regressions with robust standard errors, clustered at the plan id level in parentheses. All
regressions with demographics controls including indicators for winsorized age (rounded down to the
nearest 10), and gender fixed effects. Dependent measures include (1 and 2) an indicator for whether
a subject opts-in to automatic escalation, (3 and 4) the average escalation (including employees who
initially elected a 0% escalation rate). Median salary = $59,000 annually.
+ p < .10, * p < .05, ** p < .01, *** p < .001
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Appendix Table 4. Effect of Escalator Default After the Initial Voya
Enrollment Website Visit on Automatic Escalation Opt-In and Escalation
Magnitude by Age
Dependent Variable
(1)
(2)
(3)
(4)
Escalation Escalation Average
Average
Opt-in
Opt-in
Escalation Escalation

Indicator ≤ Median Age

-0.02
(0.01)

-0.02
(0.02)

-0.05*
(0.02)

0.04
(0.03)

Higher Escalator Indicator
(2% or 3%)

-0.01
(0.02)

0.09**
(0.03)

Indicator ≤ Median Age X
Higher Esc. Indicator
(2% or 3%)

-0.03
(0.03)

-0.03
(0.04)

Observations

8,706

8,706

8,706

8,706

Notes: OLS regressions with robust standard errors, clustered at the plan id level in parentheses. All
regressions with demographics controls including indicators for winsorized salary (rounded down to
the nearest 10,000), and gender fixed effects. Dependent measures include (1 and 2) an indicator for
whether a subject opts-in to automatic escalation, (3 and 4) the average escalation (including
employees who initially elected a 0% escalation rate). Median age = 37 years.
+ p < .10, * p < .05, ** p < .01, *** p < .001
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Appendix Table 5. Effect of Escalator Default After the Initial Voya
Enrollment Website Visit on Automatic Escalation Opt-In and Escalation
Magnitude by Gender
Dependent Variable
(1)
(2)
(3)
(4)
Escalation Escalation Average
Average
Opt-in
Opt-in
Escalation Escalation

Indicator = Male

-0.01
(0.01)

-0.00
(0.02)

-0.01
(0.02)

0.02
(0.03)

Higher Escalator Indicator
(2% or 3%)

-0.01
(0.02)

0.11***
(0.09)

Indicator = Male X
Higher Esc. Indicator
(2% or 3%)

-0.01
(0.02)

-0.05
(0.04)

Observations

8,706

8,706

8,706

8,706

Notes: OLS regressions with robust standard errors, clustered at the plan id level in parentheses. All
regressions with demographics controls including indicators for winsorized salary (rounded down to
the nearest 10,000), and winsorized age (rounded down to the nearest 10). Dependent measures
include (1 and 2) an indicator for whether a subject opts-in to automatic escalation, (3 and 4) the
average escalation (including employees who initially elected a 0% escalation rate).
+ p < .10, * p < .05, ** p < .01, *** p < .001
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Appendix Table 6. Effect of Escalator Default After the Initial Voya
Enrollment Website Visit on Automatic Escalation Opt-In and Escalation
Magnitude by Planned Contribution Rate
Dependent Variable
(1)
(2)
(3)
(4)
Escalation Escalation Average
Average
Opt-in
Opt-in
Escalation Escalation

Indicator ≤ Median
Contribution Rate

-0.03*
(0.01)

-0.03
(0.02)

-0.07**
(0.02)

-0.05
(0.03)

Higher Escalator Indicator
(2% or 3%)

-0.01
(0.03)

0.10**
(0.03)

Indicator ≤ Median
Contribution Rate X
Higher Esc. Indicator
(2% or 3%)

-0.01
(0.02)

-0.03
(0.04)

Observations

8,706

8,706

8,706

8,706

Notes: OLS regressions with robust standard errors, clustered at the plan id level in parentheses. All
regressions with demographics controls including indicators for winsorized salary (rounded down to
the nearest 10,000), winsorized age (rounded down to the nearest 10) and gender fixed effects.
Dependent measures include (1 and 2) an indicator for whether a subject opts-in to automatic
escalation, (3 and 4) the average escalation (including employees who initially elected a 0% escalation
rate). Median planned contribution rate = 6%.
+ p < .10, * p < .05, ** p < .01, *** p < .001
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Appendix Table 7. Effect of Escalator on Opt-In and
Escalation Magnitude - 30 Days Post First Planned
Escalation Date

(1)
Opt-in

Dependent Variable
(2)
(3)
(4)
Avg. Esc.
1%
2%

(5)
3%

[excluded category - 1%]
2% escalator default

-0.00
(0.02)

-0.19
(0.23)

-0.04
(0.01)

0.04***
(0.01)

-0.00
(0.00)

3% escalator default

-0.01
(0.02)

0.10
(0.21)

-0.05***
(0.01)

0.00*
(0.01)

0.03***
(0.01)

Test of Coefficient
Equivalence (p-value)

.78

.38

0.00

0.00

0.00

Baseline Average
Observations

0.13
4,787

-0.05
4,787

0.12
4,787

0.03
4,787

0.01
4,787

Notes: OLS regressions with robust standard errors, clustered at the plan id level in parentheses. All
regressions with demographics controls including indicators for winsorized age (rounded down to the
nearest 10), winsorized salary (rounded down to the nearest 10000) and gender fixed effects. This
table additionally includes the test of coefficient equivalence for the 2% and 3% escalator default
rates. All dependent measures include (1) an indicator for whether a subject continues to remain in
automatic escalation (i.e. opt-in) 30 days post their first planned escalation date, (2) the average
escalation rate (including employees who initially elected a 0% escalation rate), (3) an indicator for
employees remaining at a 1% (winsorized) escalation rate, (4) an indicator for remaining at a 2%
(winsorized) escalation rate, and (5) an indicator for remaining at a 3+% (winsorized) escalation rate.
The Baseline Average row reports the average of each of the dependent measures for the excluded
category (1% escalation), without controls.
+ p < .10, * p < .05, ** p < .01, *** p < .001
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Online Appendix
Online Appendix Figure 1. Voya Enroll. Log-In Webpage (Screen 1: Standard Enrollment &
Automatic Enrollment)
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Online Appendix Figure 2. Voya Enroll. Personal Information #1 Webpage (Screen 2:
Standard Enrollment & Automatic Enrollment)
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Online Appendix Figure 3. Voya Enroll. Enrollment Choice Webpage for Automatic
Enrollment (Screen 3: Automatic Enrollment only)

Notes: This figure displays the enrollment choice webpage for automatic enrollment plans. Only
employees who select “I want to personalize my enrollment” proceed to Screen 4, Online Appendix
Figure 4b.
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Online Appendix Figure 4a. Voya Enroll. Personal Information #2 Webpage (Screen 3:
Standard Enrollment)
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Online Appendix Figure 4b. Voya Enroll. Personal Information #2 Webpage (Screen 4:
Automatic Enrollment)
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Online Appendix Figure 5. Voya Enroll. Retirement Goals Webpage (Screen 4: Standard
Enrollment/Screen 5: Automatic Enrollment)
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Online Appendix Figure 6. Voya Enroll. Contribution Choice and Retirement Calculator
Webpage (Screen 5: Standard Enrollment/Screen 6: Automatic Enrollment)
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Online Appendix Figure 7. Voya Enroll. Automatic Escalation Choice Webpage Where
Random Assignment of the 1% Rate Escalator Default Rate Occurred (Screen 6: Standard
Enrollment/Screen 7: Automatic Enrollment)

Notes: This figure displays how the 1% rate escalator default screen first renders prior to the Yes or
No box being checked. An active choice is required to advance through the web flow.
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Online Appendix Figure 8. Voya Enroll. Enrollment Confirmation and Exit Webpage – Screen
7: Standard Enrollment/Screen 8: Automatic Enrollment (FINAL PAGE)
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Online Appendix Figure 9. Voya Enroll. Automatic Escalation Choice Webpage Where
Random Assignment of the 1% Rate Escalator Default Rate Occurred (Screen 6: Standard
Enrollment/Screen 7: Automatic Enrollment)

Notes: This figure displays how the 1% rate escalator default screen first renders prior to the Yes or
No box being checked. An active choice is required to advance through the web flow.
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Online Appendix Figure 10. Voya Enroll. Automatic Escalation Choice Webpage Where
Random Assignment of the 2% Escalator Default Rate Occurred (Screen 6: Standard
Enrollment /Screen 7: Automatic Enrollment)

Notes: This figure displays how the 2% rate escalator default screen first renders prior to the Yes or
No box being checked. An active choice is required to advance through the web flow.
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Online Appendix Figure 11. Voya Enroll. Automatic Escalation Choice Webpage Where
Random Assignment of the 3% Escalator Default Rate Occurred (Screen 6: Standard
Enrollment/Screen 7: Automatic Enrollment)

Notes: This figure displays how the 3% rate escalator default screen first renders prior to the Yes or
No box being checked. An active choice is required to advance through the web flow.
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Online Appendix Figure 12. Voya Enroll. Example of Affirmative Automatic Escalation
Choice Webpage for a 3% Escalator

Notes: After the Yes is checked, the previously light grey escalator increment becomes dark blue in
color, more salient and the total escalation rate cap also becomes darker blue, more salient. The cap
initially displayed is varied and determined by adding the default escalator rate to the employee pretax deferred amount elected on Screen 5/6 screen – See Online Appendix Figure 6.
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3. Save(d) by Design
Abstract 51
Despite the successes of automatic enrollment (AE) in raising participation, a significant share of
401(k) enrollees remain at-risk for retirement insecurity. We assert that this risk may be shaped by an
employee’s initial decision to either confirm enrollment at the default rate or to personalize
enrollment at an adjusted rate and that this decision itself may be heavily influenced by non-economic
features (e.g., the use of visual elements like color, the standardization of language, the salience of
previously disclosed plan details) of the (digital) enrollment experience. In collaboration with a major
financial provider, we test whether design affects enrollment decisions by randomizing several
thousand potential enrollees across 500 plans to digital interfaces that vary only in their
“psychological design.” The field studies, supplemented by lab experiments with hypothetical
enrollment decisions and a survey of plan administrators, yield five main findings. Our primary
contribution is to document the large influence of psychological design on enrollment. The enhanced
design we test increased the share of personalized enrollment by 0.09 (0.60 baseline) and full match
take-up by 0.11 (0.58 baseline) and raised average contributions by 62 basis points (5.41 percent
baseline)—predictively equivalent to expanding the typical plan match by 62%. Second, enhanced
design not only increased average savings but also amplified employee sensitivity to the generosity of
the plan match, offering evidence for a novel complementarity between economic and psychological
design. Third, we show that the marginal enrollee who personalizes enrollment due to design behaves
similarly to their inframarginal counterparts in substantively increasing their contribution relative to
the default. This implies that plans could meaningfully increase savings by heightening employee
exposure to personalized enrollment. Fourth, lab evidence suggests that design does not influence
behavior by shifting beliefs or preferences for savings, as might be predicted by standard economic
models of enrollment, but points instead to the potential role of non-standard factors. Finally, surveys
reveal the difficulty of forecasting the specific influence of design elements, even by those overseeing
plans, highlighting the practical value of broadening our understanding of fiduciary responsibility to
encompass this largely unrecognized feature of 401(k) plan administration.
3.1 Introduction
By most conventional measures, a significant share of working Americans save inadequately for
retirement, often by substantial margins (e.g., GAO 2015, 2017). This deficit in savings has left many
elderly households unable to pay for basic expenses such as housing, food, transport and health care
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without resorting to means-tested public assistance, a return to the workforce, or bankruptcy
(Mutchler, Li, and Xu 2016). That so many households save too little to ensure retirement security
presents a puzzle for standard economic theory, particularly for the large share of employees with
access to economically attractive savings vehicles such as a 401(k) plan. Not only do such plans offer
significant tax advantages, they are also typically associated with generous matching incentives.
While the problem of insufficient retirement preparedness has often been attributed to the failure of
many eligible employees to participate in their 401(k) plan, the recent proliferation of automatic
enrollment (hereafter, AE) has led to sharp increases to plan participation, even among younger and
lower earning employees (Madrian and Shea 2001; Madrian 2013). Our own examination of several
hundred AE 401(k) plans suggests the risk for retirement insecurity extends to a significant share of
401(k) enrollees. 52
For employees enrolled in an AE 401(k) plan, there is reason to believe that initial decisions at the
time of enrollment may exert a stronger influence on the eventual risk for retirement insecurity than
has generally been recognized. Practically, a newly eligible employee must decide whether to confirm
their enrollment at the plan’s default rate (or equivalently, permit automatic enrollment to proceed
through inaction), personalize enrollment at an adjusted rate, or decline enrollment altogether. Three
factors point to the potentially outsized long-run importance of the initial enrollment decision. First,
most default rates associated with automatic enrollment are set well below the savings targets
generally recommended by financial planners, so employees must personalize their enrollment to
reach these targets. Second, because many plans that match employee contributions do so up to a
threshold exceeding the default, any increase to contribution results in an even larger increase to the
total savings rate (the sum of the employer and employee contribution). Finally, evidence has shown
that employees, especially younger and lower income ones, are slow to adjust away from initial
contribution rates, even when such rates are exogenously determined (Choi et al., 2002; Choi,
Laibson, and Madrian, 2011; Beshears et al. 2016; Cronqvist, Thaler, and Yu 2018).
A relatively recent development in the administration of AE 401(k) plans (as well as other benefit
programs more broadly) is that employees are increasingly encouraged to make their enrollment
decisions via digital interfaces designed by third-party providers. For a newly eligible employee,
enrollment through an online portal typically involves an initial decision to confirm, personalize, or
decline enrollment. Notably, while federal requirements strictly govern the economic structure of
401(k) plans and the timing, and content, of plan-related informational disclosures, plan providers and
administrators retain considerable discretion to shape an employee’s digital enrollment experience. As
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2016).
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a result, plans vary significantly in how enrollment options are presented (e.g., differences involving
the use of color, layout, the salience with which previously communicated plan detail is displayed)
and in the degree to which personalized enrollment is facilitated with decision aids (such as a
retirement calculator) or visual or informational nudges intended to encourage savings.
For economists guided by standard economic theory, in so far as these differences in the appearance
of the enrollment interface, or what we call “psychological design,” do not vary underlying economic
incentives, or provide previously unavailable information relevant to the enrollment decision, they
would not be expected to materially affect behavior, especially in high-stakes decision-settings.
However, recent studies in economics challenge this presumption by documenting how non-economic
features of disclosures and choice menus substantively influence consequential decisions in the field
involving health insurance (e.g., Kling et al. 2012; Ericson and Starc 2012; Bhargava, Loewenstein,
and Sydnor 2017), parental school choice (Hastings and Weinstein 2008), voting (e.g., Augenblick
and Nicholson 2016), the take-up of small loans (Bertrand et al. 2010), social benefits (e.g., Bhargava
and Manoli, 2015), and health insurance (Domurat, Menashe, and Yin 2018). 53 This research builds
upon a far more extensive literature that has explored the importance of presentational context on
behavior in the lab (e.g., Kahneman and Tversky 1981, 1986).
In the specific domain of savings, a series of seminal papers has established the sensitivity of 401(k)
enrollment decisions to non-economic variation in the structure of enrollment. This research has
documented the positive influence of automatic (Madrian and Shea 2001; Chetty et al. 2014) and
simplified (e.g., Choi, Laibson, and Madrian 2009; Beshears et al. 2013) enrollment on plan
participation, and the success of auto-escalation in raising contribution rates over time (Thaler and
Benartzi 2004). 54 Beyond changes to the structure of enrollment, a recent paper documented the
sensitivity of 401(k) contributions to savings cues (either arbitrary anchors, plan-specific thresholds,
or goals) included in disclosures that were emailed to employees at a large technology firm (Choi et
al. 2017). Far less scholarly attention has been accorded to systematically investigating how variation
in the psychological design of the digital enrollment experience—of the sort that increasingly
characterizes 401(k) enrollment—might affect critical initial enrollment decisions.
3.1.1 Psychological Design and 401(k) Enrollment
In the present paper, we describe a series of large-scale field and lab studies conducted in
collaboration with Voya Financial (hereafter, Voya), a major US provider of retirement services and
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administrative recordkeeping, to test whether variation in the psychological design of an otherwise
standardized online enrollment interface causally influences the initial 401(k) enrollment decisions.
Through three field studies, conducted from December 2016 through March 2018, we strategically
varied the psychological design of the online enrollment interface from which 8,565 employees across
five hundred AE 401(k) plans made the decision to either confirm, personalize, or decline enrollment.
Beyond directly estimating the (psychological) design elasticity of enrollment, and comparing this to
conventional economic elasticities, we further document how the sensitivity of enrollment to
psychological design differs across plan characteristics to gain insight into whether the influence of
design is moderated by the economic stakes of the decision and to assess the generalizability of these
findings. We supplement these analyses with an online lab study, involving several thousand
hypothetical enrollment decisions, to explicate the behavioral mechanisms that underlie the influence
of design on enrollment, and an industry survey to understand the accuracy with which plan
administrators can forecast the influence of psychological design, particularly in relation to plan
generosity.
To our knowledge, our studies provide some of the first evidence clarifying the systematic influence
of the psychological design of the digital enrollment experience on initial enrollment decisions that
we believe are consequential for long-run retirement security and the heterogeneity of such influence
across dimensions of relevance for policy and theory. While research on employee savings behavior
has often focused on how specific policy changes or interventions affect behavior in the context of a
single plan or firm, our collaboration with a large service provider permits us to simultaneously test
multiple interventions across a diverse set of several hundred firms from enrollment interfaces that are
virtually identical but for the changes we introduce. Our setting also permits us to infer the savings
decisions of marginal employees who transition from non-participation or automatic enrollment to
personalized enrollment due to enhanced design. While economic theory suggests that such marginal
enrollees would only nominally adjust their contribution rates relative to the default (or nonparticipation), larger adjustments among marginal enrollees suggest potential welfare benefits
associated with encouraging a higher share of personalized enrollment.
We conceptualize psychological design as encompassing two distinct categories of non-economic
variation to the appearance of the gateway interface. A first category denotes presentational features
such as the specific language and colors associated with each enrollment option. To implement a test
of this first category of design variation, which we call enhanced presentation, we identified a specific
interface design, informed by pilot studies and the broader literature that we hypothesized would lead
employees to increase their contributions. Our specific realization of enhanced presentation modifies
the pre-existing commercial interface in three ways. First, it standardizes a set of plain language
descriptions for each enrollment option (e.g., “I want to personalize my enrollment by selecting a
different savings rate…”) and removes the cautionary language previously associated with
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personalized enrollment (i.e., “[Selecting this option] will cancel your scheduled automatic
enrollment”). Second, it replaces the headlines associated with each enrollment option (e.g., “I want to
confirm my automatic enrollment”) with simpler language intended to emphasize personal agency
(e.g., “Do It For Me”). Finally, it replaces the orange-colored buttons associated with each option with
green (personalize), yellow (confirm), and red (decline) buttons.
A second category of design involves increasing the salience, and proximity, of previously
communicated plan-relevant information through proximal display on the enrollment interface. We
test this category of design variation, which we refer to as enhanced information, by varying whether
the interface displays the plan’s default rate or, for a handful of plans, both the default rate and the
maximum threshold up to which the plan matches contributions. More centrally for much of the
analysis, our field studies test the joint presence of enhanced presentation and enhanced information,
which we refer to as enhanced design. Critically, all tested interventions were intended to be
economically neutral in that they do not substantively modify economic plan incentives or the timecosts of administrative enrollment, nor do they communicate decision-relevant information otherwise
unavailable to the potential enrollee.
While we synthesize findings across the three field studies throughout the paper, the first field study
tested the effect of enhanced presentation, enhanced information (plan defaults), and the joint effect of
enhanced design, on enrollment decisions across several hundred plans. The second field study tested
the influence of enhanced presentation in the specific context in which both the default rate and match
threshold were displayed across a limited sample of four large plans with generous matching
incentives. Finally, a third field study, administered across many plans, was intended to decompose
the effect of enhanced presentation into each of the three constituent design modifications.
3.1.2 Key Findings from the Field
Our primary contribution is to show that psychological design matters by documenting the large and
statistically significant influence of our enhanced design on employees’ enrollment decisions. In the
first field study, we estimate that enhanced design led to a 0.09 increase in the share of employees
who personalize their contributions (relative to a 0.60 baseline). The increase in personalized
enrollment was offset by a 0.07 decrease in the share of automatic enrollment (relative to a 0.22
baseline) and a nominal increase in overall plan participation. Perhaps surprisingly, we find that this
shift to the mode of enrollment choice translated to a similarly sized 0.08 increase in the share of
employees whose contributions exceeded the default rate (relative to a 0.50 baseline), a 0.11 increase
in the employee share fully taking up available matching contributions (relative to a 0.58 baseline),
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and a 62 basis point increase in the average contribution rate 55 (relative to a 5.41 percent baseline)—
suggesting that the marginal employees shifting to personalized enrollment substantially increase their
contributions relative to the plan default. The influence of design does not diminish as the economic
stakes of the decision, reflected in the generosity of a plan’s matching incentives, increase. Finally,
while most of the change to the mode of enrollment appears to be driven by enhanced presentation—
due, at least suggestively, to the standardization of descriptions and the introduction of traffic-light
colors—we find that the proximal display of the plan default leads personalized enrollees, in plans
where the default rate is low, to increase their contribution rates.
To appreciate the magnitude of these treatment effects, we compare the estimated influence of
enhanced design on enrollment to that associated with a marginal increase to the financial generosity
of a plan’s matching incentives. The comparison indicates that enhanced design leads to an increase in
average contribution equivalent to that predicted by raising a plan’s match limit by 3.7 percentage
points (or alternatively, 62% of the 6 percent modal limit across plans). Using a series of stylized
projections, we show that the observed change to initial enrollment, assuming only a modest degree of
inertia, no significant leakage, and persistent employment, could lead to multi-year increases in the
duration over which an employee is financially secure in retirement.
Beyond increasing the level of average savings, the evidence suggests that enhanced design appears to
amplify the influence of pre-existing economic incentives on enrollment. That is, we find that the
contribution decisions of employees who encounter an enhanced, relative to a basic, design are
substantially more responsive to cross-plan variation in the threshold up to which the plan matches
contributions. One explanation for this pattern is that enhanced design increases the degree to which
employees attend to the match limit in both the decision to personalize enrollment and in the
subsequent choice of contribution. This “amplification” effect points to an intriguing, and to our
knowledge, novel, complementarity between the psychological and economic plan design. To our
knowledge, this is one of the first studies in the field to document how behavioral design can be used
to amplify sensitivity to underlying economic incentives.
Third, we show that the response to non-economic design variations of the gateway interface offer
evidence for the substantial, causal, influence of exposure to the personalized web-flow on the
contribution rates selected by employees.

That is, under the basic design, more than 90% of

employees who personalize their enrollment contribute at a rate equal to or higher than their plan’s
default, resulting in an increase to average contribution of 4.4 percentage points, or the difference
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We focus attention on two measures of employee retirement savings – the “contribution rate” reports the share
of an employee’s salary deferred to a retirement plan, while the “savings rate” captures the combination of
employee-elected deferrals and any corresponding employer match.
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between 3.4 percent (automatic enrollment) and 7.8 percent (personalized enrollment). In theory, one
would interpret such a significant difference as simply reflecting variation in the underlying
preferences of each group of employees. However, under the enhanced design, we find that the larger
share of employees personalizing enrollment adjust their contributions in a manner closely resembling
their basic design counterparts, increasing contributions by an average of 4.6 percent. Under modest
assumptions, this implies that marginal enrollees who shift to personalized enrollment due to
enhanced design behave in a manner analogous to their inframarginal counterparts and that the mere
act of proceeding through personalized enrollment leads to sharp increases to an employee’s choice of
a contribution rate. If true, then the various decision aids and nudges typically featured in the
personalized enrollment web-flow may play a significant role in elevating the initial contributions of
employees.
An additional set of projections clarifies the potential long-run effects of enrollment design on
retirement insecurity. The projections involve forecasting, across a range of assumptions, the share of
employees expected to fall below thresholds of asset accumulation associated with basic retirement
security (i.e., an amount of savings that would afford basic needs without requiring a return to the
workforce, means-tested public assistance, or bankruptcy) (e.g., Mutchler, Li and Xu 2016).
Assuming a conservative degree of inertia, our projections indicate that the transition to enhanced
design would reduce the share of employees at risk for financial insecurity during retirement from
about 20 to 17 percent. Assuming full inertia implies a reduction in the at-risk share from 33 to 29
percent. Since we find that employees across a wide range of retirement risk respond meaningfully to
design, these analyses emphasize the potentially large gains in welfare that could be achieved by
enhancing design for employees currently projected to fall slightly short of critical savings thresholds.
Two features of our sample may limit the potential generalizability of these findings. First, our field
studies are largely restricted to small-to-mid sized firms of fewer than 3,000 employees. While this
market represents an estimated 60 to 66 percent of all US workers (US Census Bureau 2015), and an
even larger share of 401(k) plans, it may not represent the decision-making of employees at larger
establishments. Second, our analysis is restricted to the approximately 1 out of 5 employees who
actively elect to make an online enrollment decision, rather than permitting automatic enrollment
through inaction. To better understand the relevance of these threats, we explore the heterogeneous
effect of enhanced design across the wide variation we observe in plan size and in the plan-specific
share of employees who make active enrollment decisions online. We document that the magnitude of
the treatment effects associated with enhanced design does not diminish across plans increasing in
size or their share of online enrollment.
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3.1.3 Explaining the Influence of Psychological Design
Why do some employees respond so sharply to non-economic features of the enrollment setting? The
answer to this question helps to clarify how the influence of design informs theory and policy. To
explore the material response of employees to the interventions, we introduce a simple conceptual
framework to help organize alternative explanations.

The framework describes the enrollment

decision of an employee subject to information frictions, such as limited attention or recall, but whose
behavior is otherwise governed by the standard economic model. The framework predicts that an
employee might alter their savings behavior in response to psychological design if design prompted
changes in the employee’s preference for current savings (or, alternatively, future consumption),
beliefs about the importance of contributing now at a higher rate, or beliefs related to the costs of
enrollment such as the perceived effort associated with completing the administrative personalized
enrollment process.
We tested whether the behavioral response to enhanced design could be traced to changes in
preferences or enrollment-relevant beliefs through an online lab study in which several thousand
respondents made hypothetical 401(k) enrollment decisions from an online portal programmed to
resemble the real-world interface. The online instrument included a rich set of elicitations regarding
each subject’s financial background, beliefs about savings and retirement, and decision-making style.
Here, the motivation for the collection of such features is to test behavioral channels which may
mediate the effect of psychological design on enrollment.
While the lab study generally corroborates the influence of psychological design on enrollment
decisions(for example, we find evidence of a similarly-sized increase in the likelihood that an
employee personalizes enrollment in the presence of enhanced design across both the lab and field
studies), it does not suggest that design shifted decision-relevant beliefs of employees. We considered
the additional possibility that such behavior could be rationalized by incorporating other behavioral
departures from standard model, such as selective visual attention to, or otherwise imperfect
comprehension of, the enrollment options, or incomplete trust in financial institutions. We found no
evidence that the behavioral response to design occurred via these additional channels.
As an alternative to a deliberative consideration of the discounted utility-flows associated with each
option, we describe evidence consistent with the possibility that enrollment decisions emerge from
heuristic choice strategies in which non-economic aspects of design have pronounced influence. We
speculate as to the type of heuristic model that might rationalize our findings and discuss the
relevance of this model for more general understanding of how individuals make complex financial
decisions. From this perspective, we see our evidence as adding to recent studies cataloguing behavior
that appears to only be rationalizable through non-standard models such as those involving
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automaticity (Heller et al. 2017), menu-based heuristics (e.g., Ericson and Starc 2012; Kamenica
2008), or informational salience (e.g., Chetty et al. 2009; Finkelstein 2009).
3.1.4 Implications of Psychological Design for Policy
Our findings also have several implications for policy and program design. As decisions involving
plan enrollment increasingly move to digital platforms, we identify a concrete, low-cost, and scalable
strategy through which policymakers, financial providers, or employers might encourage employees
to save. If an employee’s initial enrollment decision, or even the employee’s discrete gateway
enrollment decision, is as critical for long-run financial security as we suspect, enhanced design offers
one instance in which a modest psychologically-informed intervention delivers enduring
improvements to welfare. The large magnitude of the effects we document are particularly notable
given the modest responsiveness of employees to changes in the financial generosity of plans (see
Madrian 2013 and Choi 2015 for a review) and the mixed evidence for the effectiveness of
presumably more costly interventions aimed at financial education (see Fernandes, Lynch and
Netemeyer 2014 for a review). Beyond documenting the positive effects of enhanced design on
savings, our findings are consistent with the striking possibility that the large cross-sectional
differences historically observed across automatic and personalized enrollment among employees in
our setting, as well as in plans administered by other major financial providers, may not just reflect
preexisting differences in preferences for savings but the causal influence of the digital enrollment
experience currently faced by enrollees. In much the same way that automatic enrollment helped to
lessen disparities in participation by age and income (Madrian and Shea 2001), our results highlight
the promise of psychological design for similarly closing disparities in initial contribution rates as
well as in the risk for retirement insecurity. This paper is also in the spirit of recent studies which have
sought to examine whether behavioral interventions disproportionately help those in greatest need
(e.g., Bhargava and Manoli 2015; Beshears et al. 2016; Finkelstein and Notowidigdo 2018).
A second implication of these findings is that design can be used to strengthen the underlying
economic features of a program. We speculate that this heightened sensitivity arises from designs that
heighten the salience of the plan’s matching threshold. Analogous perhaps to recent work
demonstrating the role of salience in understanding the behavioral response of individuals (e.g.,
Chetty et al. 2009; Finkelstein 2009), we highlight another example of how the psychological design
of a program or a policy can fruitfully complement its economic design in a consequential setting.
Finally, our findings emphasize the value of informing policy discussions of consumer welfare with a
deeper appreciation of the psychology that practically governs consumer decisions (Barr et al. 2008).
In our setting, while extensive rules govern the structure of plans and plan information disclosures, far
less attention is paid to aspects of program design that we show to have considerable influence on
consumer welfare. One might reasonably contend that policymakers and others involved in program
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design, intent on encouraging employee savings, already have strong existing incentives to optimize
designs whether through trial and error, peer learning, or explicit testing. To address industry
sophistication with respect to psychological design, we surveyed over three hundred plan
administrators, fiduciaries, and HR executives across employers and asked them to forecast how
various changes to the economic generosity of plans (via changes in the match) and the psychological
design of the enrollment interface would affect employee savings. The survey revealed widespread
deficits in understanding of the relative importance of psychological versus economic design and
inaccurate forecasts about the practical effect of different design variations. The accuracy of these
forecasts did not improve with greater experience or higher levels of confidence. The difficulty of
intuiting optimal program design, even among those charged with administering, overseeing or
marketing such programs, reaffirms the value of an evidence-based approach to the implementation of
employee benefit programs.
3.2 Institutional Background and Details of Enrollment
In this section, we provide a general overview of the retirement savings landscape for working
Americans, including a description of recent structural changes and a descriptive account of plan
features and characteristics. We then describe the procedural details of enrollment for automatic
enrollment 401(k) plans administered by Voya.
3.2.1 Overview of Employer-Sponsored Retirement Savings Plans
While employers have long-played a significant role in facilitating retirement savings by working
Americans, in recent decades, the institutional shape of this role has shifted. For many years,
employees could count on a guaranteed stream of benefits over the course of retirement through their
employer-sponsored savings plan. The popularity of such “defined benefit” plans began to erode,
however, after 1978, with the passage of legislation encouraging the diversion of pre-tax
compensation into savings through favorable tax treatment. The rise of tax-advantaged 401(k) plans
effectively shifted two key savings decisions—determining when and how much to contribute—from
employers to employees. 56 By 2014, 78% of all private employer-sponsored retirement plans in the
US took the form of a 401(k), covering approximately 77 million participants. 57
Despite its tax advantages, a significant share of non-participation characterized the initial years of
401(k) existence (Madrian 2013). Early 401(k) participation was also strongly predicted by employee
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age and income, resulting in large differences in preparedness for retirement (e.g., Choi et al. 2002).
Regulators eventually encouraged the adoption of two structural changes aimed at increasing
engagement: financial matching incentives and automatic enrollment. 58 Given their relevance for the
present research, we describe each of these practices in greater detail below. Table 1 summarizes
several aspects of the employer-sponsored retirement plan landscape including summary statistics
describing plan features and the enrollment decisions of employees.
Matching Incentives. Initially encouraged through provisions in the Tax Reform Act of 1984, 59
matching incentives typically involve employers matching the 401(k) contributions of employees,
either dollar-for-dollar, or as a fraction of each dollar, up to a pre-specified limit expressed as a
percentage of an employee’s annual salary. A recent survey of US firms documented the popularity of
matching incentives, finding that 75% of firms with 401(k) plans offered some form of a match. 60
While the generosity and eligibility details of matching incentives vary by employer, among Voya
administered plans at small-to-midsize firms, plans match contributions up to limits ranging from 1 to
10 percent of annual salary with a modal limit of 6 percent.61
Several studies suggest that enrollment decisions are only modestly sensitive to variation in the
generosity of a plan’s match (see Madrian 2013 and Choi 2015). As one example, Engelhardt and
Kumar (2007) estimate that an increase in the match of 25 cents per contribution dollar would lead to
a 5-percentage point increase in participation. In a striking demonstration of employees failing to
take-up a risk-free match, Choi, Laibson, and Madrian (2011) found that over one-third of employees
over 59 1/2 across several 401(k) plans did not take full advantage of matching incentives despite
access to penalty-free withdrawals.
Automatic Enrollment. A second structural change to 401(k) plans that bears on the present research
is the adoption and expansion of automatic enrollment. Automatic enrollment involves enrolling
employees (either newly hired or existing employees), who do not affirmatively opt out within some
pre-specified period, into a firm’s 401(k) plan at a default contribution rate. According to one
industry survey, by 2016, 42% of 401(k) plans automatically enrolled their eligible employees. 62
Automatic enrollment has led to sharp increases in employee 401(k) participation. In their landmark
study, Madrian and Shea (2001) document a 48-percentage point increase in participation among
newly hired employees attributable to the transition from opt-in to automatic enrollment. Beyond
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increasing overall participation rates, the study found that automatic enrollment reduced disparities in
participation across employee income groups— among those earning less than $20,000 annually,
participation increased by 59 percentage points, compared to 18 percentage points among those
earning more than $80,000.

Other studies have corroborated these patterns in reporting the

disproportionate gains from AE of younger employees, minorities and lower wage earners (e.g. Choi
et al. 2002, 2004). It is worth noting that the evidence regarding the effects of automatic enrollment
on overall savings is less clear since the heightened participation delivered by AE typically occurs in
the context of low default rates and employees prone to insufficiently adjust from these rates over
time (e.g., Cronqvist and Thaler 2004). 63
3.2.2 Voya 401(k) Plans with Automatic Enrollment
The financial services firm with which we administered our field studies, Voya, is a leading provider
of retirement products and services in the US. Voya offers recordkeeping and other services for
approximately 48,000 retirement plans, spanning the tax-exempt markets, large, and small-to-midsize
corporate markets, and covering about 4.9 million individuals. 64 Due to commercial considerations,
our research was largely restricted to automatic enrollment plans at small-to-midsize corporations,
approximately defined by having fewer 3,000 employees. 65 As reported in Table 1, the distribution of
plans by firm size in our sample is nationally representative of AE plans, with the large majority of
plans administered by firms with fewer than 1,000 employees (98% nationally, 96% in the study
sample). 66 Our sample also resembles broader plan populations with respect to the distribution of
default contribution rates, which range from 1 to 6 percent with a modal rate of 3 percent, and, among
plans for which we can observe the match, the high prevalence of matching incentives. 67
3.2.3 Procedural Details of Enrollment in Voya Plans
We now briefly describe the standard enrollment experience for a newly eligible employee in a typical
small-to-midsize plan with automatic enrollment. While some aspects of enrollment vary by plan,
several features of enrollment are standardized due to federal regulations and internal protocols
pertaining to information disclosure and enrollment. Figure 1 outlines the chronology of plan
communication and each step of enrollment for an employee in the typical AE plan in our sample.

63

Some employers have recently offered employees the ability to commit to automatic escalation of their contribution rate at
pre-specified intervals, presumably as a strategy to combat savings inertia. Thaler and Benartzi (2004) document that the
combination of automatic enrollment and automatic escalation leads to sharp increases in participation and savings.
64
Source: Pensions & Investments DC Recordkeepers Special Report, April 2018, data as of 9/30/2017
65
Voya internal data as of 11/30/2016.
66
Source: Private Pension Plan Bulletin Abstract of 2014 Form 5500 Annual Report - Data extracted on 6/30/2016
Employee Benefits Security Administration, U.S. DOL.
67
2016 PLANSPONSOR Defined Contribution (DC) Survey and Voya internal data as of 11/30/2016.
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Disclosures and Plan Enrollment. Federal rules require automatic enrollment 401(k) plans to disclose
details of plan eligibility and plan features to eligible employees, via paper or electronic
communication, at least 30 days prior to enrollment. 68 The specific governance of disclosures varies
based on plan features such as plan size and whether the plan qualifies for “Safe Harbor” status. Such
status is conferred to plans that adhere to certain requirements including the presence of matching, or
non-elective, employer contributions. Because Safe Harbor status earns a plan exemption from
potentially onerous non-discrimination tests, it is a popular feature among small-to-midsize plans such
as those in our sample. Safe Harbor plans must disclose several details regarding the enrollment
process, default parameters, and matching incentives “reasonably in advance” of the date by which an
employee might be automatically enrolled. In addition to mandated disclosures, many plans will
distribute a more user-friendly enrollment kit during the enrollment period that summarizes plan,
investment, and enrollment detail and sometimes provides savings guidance and recommendations.
Potential enrollees in AE plans are directed (and possibly encouraged) to actively enroll online via a
mailed and/or electronic communication during the enrollment period. The online enrollment portal
permits the employee to either (i) Enroll but at a personalized contribution rate (or investment option)
[hereafter, PERSONALIZE], (ii) Confirm their enrollment at the default contribution rate and
investment allocation [hereafter, AUTO], or (iii) Decline enrollment altogether [hereafter,
DECLINE]. Depending on the plan, employees may have the option to contact plan administrators by
phone to enroll or obtain further information. In most plans, if an employee does not affirmatively
make an enrollment decision within approximately 30 days from initial eligibility, the plan
automatically enrolls the employee at the default contribution rate and investment allocation. Voya
typically reminds potential AE enrollees who have not yet enrolled of this deadline by mailed notice
two weeks prior. Voya estimates, using historical data that 17% of eligible employees in the AE
small-to-midsize market actively enroll via the online portal. However, the rate of online active
enrollment varies significantly across plans in our field sample.
Enrollment Portal – Landing Page. Potential online enrollees can access the enrollment portal via any
internet browser, including on mobile devices. Prior to reaching the standardized interface where
enrollment choices are selected—the “Landing Page”— employees must first log in to the portal by
entering and authenticating the requested form of identification. 69 Employees are then directed to a
landing page (see Appendix Figure A1) which welcomes them to the plan with a message displayed in
large gray type: “Welcome [First Name], your employer has chosen to automatically enroll you in
your plan: [Plan name]”. Below this text, the interface encourages potential enrollees to select one of

68
Fiduciaries are also required to regularly update enrollees regarding plan details. Additional details regarding fiduciary
responsibilities of 401(k) plan administrators: www.dol.gov/agencies/ebsa.
69
The interface is dynamically resized to preserve visual aesthetic and functionality across web browsers or the use of a
mobile device.
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the three available enrollment options displayed at the bottom of the page with the message: “Did you
know you can save more?”
To select an enrollment option, the user must simply click on the orange-colored “select” button in the
rectangular container corresponding to that option. The horizontally arranged containers each feature
a headline describing the option, as well as the select button. The headlines, from left to right, read: “I
want to enroll with other choices.” [PERSONALIZE]; “Let my scheduled automatic enrollment go
through.” [AUTO]; “I do not wish to enroll.” [DECLINE]. The container associated with the
PERSONALIZE option also features additional gray subtext below the headline and above the button,
which reads: “Note: This enrollment will cancel your scheduled automatic enrollment.” The other two
containers do not display any subtext.
The top and bottom margins of the landing page display the Voya word mark and feature several links
in smaller type. While the linked content may vary slightly by plan, in practice, most links direct users
to several resources not specific to a particular plan. These resources include general information
about 401(k) features and enrollment, potential guidance about how to save, and information
regarding security practices, terms of use, privacy, trading policies, and browser requirements.
Overall, the structure, text, and visual appearance of landing pages are largely uniform across plans in
the small-to-midsize market.
Enrollment Portal – Subsequent Web Flow. An employee’s subsequent experience in the enrollment
portal depends on the decision rendered on the landing page. The visit ends if the employee leaves the
portal without selecting an enrollment option. Such employees may revisit the site within the
enrollment period to make a decision, and otherwise will be automatically enrolled. If the employee
confirms their automatic enrollment, a window with a congratulations message appears and the
interaction ends (unless, as with the other options, the employee uses the back button of their browser
to return to the landing page). If the employee declines enrollment, a window appears requiring the
user to either confirm their decision or return to the landing page.
Finally, if the employee decides to personalize their enrollment (PERSONALIZE), they proceed
through several additional pages on which they (i) provide additional background information (e.g.,
their date of birth and salary), (ii) indicate their retirement goals (e.g., retirement age, percent of preretirement income targeted for retirement) and report their total accumulated savings to date, (iii)
select a contribution rate in the context of a branded retirement calculator that translates the inputted
contribution into a projected monthly retirement income which is then compared to an estimated
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target monthly income, 70 (iv) specify a desired investment allocation, and, finally, (v) confirm their
enrollment selections.
There are two cases where potential enrollees, who indicate a contribution rate below a certain
threshold, may be encouraged through the web flow to increase their contribution. The encouragement
is an unobtrusive display of text, which appears on the contribution selection screen as well as the
final confirmation screen. Encouragement to increase contributions is triggered if an employee selects
a contribution rate below the threshold up to which the plan matches contributions and administrative
access to this threshold is available to Voya at the point of online enrollment. Encouragement is also
triggered when matching details are not administratively provided (or the plan does not offer a match)
and an employee selects a contribution rate below a certain age-specific reference savings target
calculated by the site. Users may experience further, modest, variation in subsequent web-flow due to
differences in the availability of plan features, such as the automatic escalation, that require additional
interaction (Appendix Figure A2 provides screenshots of selected pages of the web flow).
3.3 Empirical Strategy
3.3.1 Overview of Field Studies
We administered three randomized field studies to test whether variation in the psychological design
of the enrollment interface affects employee 401(k) enrollment decisions. Collectively, the field
studies experimentally varied the design of the online landing page from which several thousand US
employees, across several hundred AE 401(k) plans, made initial enrollment decisions. Our empirical
analysis involved documenting the differential response of employees across three categories of
outcomes measured at the end of the auto-enrollment period: (i) the decision to either personalize,
confirm, or decline enrollment, (ii) the contribution and savings rate of anyone who did enroll, and
(iii) tags denoting contributions in excess of key thresholds such as the default rate and, if applicable,
the match limit. Beyond revealing the sensitivity of enrollment to variation in psychological design,
we structured the studies to provide insight into how such sensitivity varies across the economic
generosity of plans and across employees differing in their risk for retirement insecurity.
While many of the details of design and implementation are uniform across the field studies, a distinct
theoretical objective motivated each study. The first field study was specifically intended to test the
influence of enhanced presentation (a design reflecting three specific non-economic modifications to
the interface), enhanced information (a design with salient default rate information), and the
combination of the two, or enhanced design, on enrollment. The second field study tested the
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The input field is anchored by a 6 percent contribution rate, in greyed-out text, which changed to 7% on 12/14/17.
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influence of enhanced design in a setting where enhanced information involves display of the match
limit in addition to the default rate.

Due to commercial constraints, this second study was

administered to a limited sample of large plans that had relatively generous matching incentives.
Finally, the third field study was intended to test the marginal effect of the individual modifications
that composed enhanced presentation. We describe the set-up and implementation of each study
below, noting that, for narrative clarity, the order in which we discuss field studies does not reflect the
chronological order in which the studies were administered. For reference, Appendix Table A1
transcribes each experimental condition from the field studies while Appendix Figures A3 and A4
provide selected screenshots of the conditions.
3.3.2 Research Design for Field Studies
Sampling Frame. The sampling frame for the field studies consisted of the near-universe of active
automatic enrollment 401(k) plans in Voya’s small-to-midsize market segment. 71 72 Field Studies #1
and #3 were administered to all possible plans in the segment, apart from four plans selected for
inclusion in the second field study, which was administered contemporaneously with the first study.
Field Study #2, which we view as a pilot, was administered to pre-selected plans that were large,
featured a match limit that exceeded the plan’s default rate, and for which inclusion was deemed by
Voya as being operationally viable. The four plans from the second study were excluded from the first
but included in the third study.
The studies were administered between November 2016 and March 2018. Field studies #1 and #2
were administered to employees from in-sample plans who became eligible for enrollment and
initially visited the portal from July 21st, 2017 through March 31st, 2018. 73 Field Study #3 was
administered to employees from in-sample plans who became plan-eligible and initially visited the
enrollment portal from December 6, 2016 through June 28, 2017. The field study data includes
enrollment decisions of 8,565 unique employees from 500 unique plans (397 plans in the first study, 4
plans in the second study, and 308 plans in the third field study). 74 We present heterogeneity analyses
by plan size. 75
Description of Analytic Sample. Table 2 summarizes plan and employee characteristics for the
analytic sample. Overall, the plans in our studies resemble the broader population of plans at small-to-

71

Four plans meeting our sample criteria were removed from the sample due to commercial constraints. The decision to
focus on plans within the small to mid-size segment, typically plans with fewer than 3,000 employees, was also a
commercial one.
72
Our criterion for an “active” plan required at least one web enrollment during the preceding year (e.g., between 11/1/1510/31/16 for Field Study #3).
73
Due to implementation constraints, two plans did not enter Field Study #1 until December 9th, 2016 and one plan did not
enter Field Study #2 Arm B until August 11th, 2017.
74
Because our analysis largely relies on within-plan comparisons across experimental conditions we exclude from the field
study data any plan which did not enroll at least one employee in two distinct experimental conditions during each field
study. This restriction excludes 77 plans from the first study and 142 plans from the third study. We also exclude a few
hundred employees who viewed multiple versions of the landing page on separate web visits, either because their first visit
preceded our field study, they used different browsers, or they cleared their HTTP cookies.
75
Because we did not have direct information on plan size, we use experimental sample size for the plan as an estimate.
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midsize firms as described in Table 1 with a similar distribution of default rates and the presence, and
magnitude, of the elective match. Much like the national sample, the plans in the analytic sample
featured default rates ranging from 1 to 6 percent, with a mode of 3 percent, and among plans for
which such data are available, 87% of plans match employee contributions. Plan characteristics are
fairly consistent across the three studies with the exception of the second field study. The second
study, by design, features 4 plans larger than the typical plan in this market, each matching
contributions up to a limit of at least 4 percent. The sample is left-skewed with respect to plan size,
such that 80% of decisions are from the top 20% largest firms, and 551 decisions come from the
largest single plan across the studies.
Demographically, our employee sample is fairly consistent across each of the field studies and
resembles a nationally representative sample of employed adults from the Current Population Survey
(BLS 2016) with a few exceptions. Our sample features fewer women and, as one might expect given
our sample is restricted to employees eligible for generous benefit programs, has significantly higher
median earnings than the comparable national sample ($63k versus $44k).
Experimental Conditions by Field Study. Field Study #1 sought to test the impact of an enhanced
design, as well as its constituent elements of enhanced presentation and enhanced information, on
enrollment choice, likelihood of contributing to the match and default limits, and annual contribution
rate. The study involved randomizing employees to one of three experimental landing pages, which
were identical but for minor modifications to the presentation of the enrollment options and the
display of information about the plan’s default contribution rate (see Appendix Figure A3 PANEL A):
•

A first condition [BASIC] reflected the original commercial design but for two small changes
intended to facilitate comparisons across standardized conditions. First, we amended the text
introducing the enrollment options from, “Did you know you can save more?” to a more
neutral construction, “Please select one of the following options:”. Second, we slightly
altered the wording of each enrollment option headline to read: “I want to enroll with
different choices.” [PERSONALIZE], “I want to confirm my automatic enrollment.”
[AUTO], and “I do not want to enroll” [DECLINE].

•

A second condition, [ENHANCED INFORMATION] was identical to BASIC, but for the
addition of a single line of gray text, situated below the welcome text and above the
enrollment options, that informed employees of the default contribution rate associated with
their plan (e.g., “If you confirm your automatic enrollment you will be enrolled at a savings
rate of 3 percent”). This intervention was intended to test whether heightening the salience of
the previously communicated default rate by displaying it in temporal and spatial proximity
to the decision point, would affect enrollment decisions.
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•

A third condition, [ENHANCED DESIGN] was designed to encourage employees to
personalize enrollment.

The design is identical to the ENHANCED INFORMATION

condition but for three modifications. First, we replaced the neutral headlines describing each
enrollment option with simpler headlines emphasizing the employee agency: “Do It Myself”
[PERSONALIZE], “Do It for Me” [AUTO], and “I Don’t Want to Save” [DECLINE].
Second, we standardized the sub-text within each of the three containers with a neutral
description of the option. Finally, we replaced the orange “select” buttons associated with
each option with green (PERSONALIZE), yellow (AUTO), and red (DECLINE) buttons
designed to encourage personalized enrollment.
Field Study #2 tested the influence of a modest variation to enhanced presentation in a decision
setting where the landing page explicitly displayed information regarding both the plan default and
the threshold up to which the employer matched contributions. Potential enrollees in the second field
study were assigned to one of two experimental conditions (see Appendix Figure A3 PANEL B):
•

A first condition, [ENHANCED INFORMATION], resembles the analogous condition from
the first field study but for the display of text communicating the match limit (e.g., “Note:
Your employer will match your contribution up to a rate of 6 percent”).

•

A second condition, [ENHANCED DESIGN], resembles its analogue from the first study but
for, once again, the display of text communicating the match limit, and an additional visual
and textual element emphasizing the implications of selecting each enrollment option for
take-up of the match. That is, because the 4 plans in the second study match contributions up
to a rate exceeding the plan’s default rate, an employee seeking to fully take up the match
must personalize their enrollment. To communicate this aspect of the enrollment decision, we
included a thin colored cap, with a short message, above each container, which read: “Receive
all of your match” [PERSONALIZE, green], “Lose some of your match” [AUTO, yellow],
and “Lose all of your match” [DECLINE, red].

Field Study #3 aimed to separately test the influence on enrollment decisions of each of enhanced
presentation’s three constituent design modifications: standardization, modification of headlines, and
introduction of color (see Appendix Figure A4).
•

A first condition, [BASIC], is identical to the original landing page in commercial use prior to
our field studies.

We included this condition to facilitate pairwise comparisons with

subsequent design variations. This condition closely resembles the Basic condition from the
first study but for the nominal differences outlined above.
116

•

The second condition, [STANDARDIZED], adapted the design of BASIC chiefly by
standardizing the subtext describing enrollment options so that each container included a
neutrally phrased description, and removed the warning language from the BASIC condition.
The condition also replaced the original introductory prompt (“Did you know you can save
more?”) with the more neutral prompt used in the first two field studies (“Please select one of
the following options:”). This condition was intended to create a clear and neutral baseline
from which to test the effect of color and modified headlines.

•

The third condition, [HEADLINES+ STANDARDIZED] adapted the STANDARDIZED
design by replacing the neutral headlines describing each enrollment option with the
shortened and agency-focused headlines featured in the enhanced designs from the first two
studies.

•

The final condition, [ENHANCED PRESENTATION] modified the HEADLINES condition
by replacing the standard orange-colored select buttons with green, yellow, and red colored
buttons to encourage personalized enrollment and discourage employees from declining
enrollment.

Procedure and Randomization. Employees included in the field study were subject to the same
enrollment protocol as described in section 3.2.3 but for random assignment to an experimental
landing page design. In-sample employees who visited the online portal were individually randomized
to an experimental landing page using an algorithm with pre-designated assignment probabilities. The
algorithm assigned equal probabilities across conditions the field studies but for one condition in Field
Study #3, which was initially under-sampled. 76 Employees were uniquely identified using HTTP
cookies linked to their internet browser. The identification strategy ensured that employees who
visited the landing page on multiple occasions during the study period would be treated with the same
landing page design so long as they used the same browser and did not clear their browser’s cookies.77
Employees who initially visited the portal prior to our study period, or whose final online enrollment
decision was made after the end of the study period, were excluded from the sample.

76
Due to sample size constraints and a desire to maximize particular pairwise comparisons, we opted to oversample the
STANDARDIZED, HEADLINES, and ENHANCED conditions (30% assignment probability, each), while undersampling
the BASIC condition (10% assignment probability). After discovering the unexpectedly large share of plans with few
observations in our quarterly update from Voya, which diminished our anticipated statistical power, we transitioned to an
equal-weighted assignment across all conditions for the remainder of the study. The assignment shift took effect on
4/13/2017.
77
Employees who used different browsers or reset browser cookies between visits could potentially be assigned to view
different experimental conditions on different visits. We identify and exclude any employees who viewed multiple site
versions from our main analysis as described in the sample restrictions.
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3.3.3 Administrative Data
Our empirical analysis of the field studies relies on access to administrative data for in-sample
employees describing enrollment (e.g., enrollment decision, contribution rate), demographic
characteristics (e.g., age, gender, salary), employment detail (e.g., hire date, tenure), financial wellbeing and retirement expectations (e.g., accumulated savings, expected retirement age) and plan
characteristics (e.g., default rate, details of matching incentives). Our data on enrollment come from
administrative recordkeeping data generated at the close of each employee’s auto-enrollment period. 78
There are a handful of gaps in our data coverage which alternatively led to the use of restricted
samples for analyses (plan match, employee demographics) or imputation of missing values (salary,
asset accumulation, gender) 79. Our first use of restricted samples was due to incomplete records of
matching incentives across plans. We observe the presence and details of matching incentives for only
36% of plans in our sample, which, because of the larger size of such plans, reflects coverage of 74%
of employees. As a consequence, we limit analyses of matching to plans for which such data are
available. For a small number of employees, there is missing demographic or contribution data, and
we exclude these observations in any analyses where these fields are used.80
Inference of Salary, Asset Accumulation, and Gender.

For three other variables, we address

incomplete coverage by imputing missing data using our data and outside data sources. First, our
administrative data provides salary for only 12% of plans, covering 20% of employees. Using
observable demographics and county-level data on income distributions from the US Census, we
estimate a salary equation for the sub-sample of employees for which we observe administrative
salary data. We then use this empirical model to infer estimated salary for the employees for whom
such administrative data are not available.81 Second, because our administrative data reports gender
for approximately three-quarters of the sample, we attempt to infer residual genders by mapping each
employee’s first name, which we observe, to a probabilistic estimate of gender using publicly

78
Recordkeeping data on auto-enrollment outcomes were not available to us for two plans in our sample. In these cases, we
use records of which enrollment option each employee visited online, or, if they visited and did not confirm one of the three
options, we assume that they were auto-enrolled at the default rate.

79

We assume that missingness is unassociated with the missing values; that is, the likelihood that a
demographic characteristic is observed is equally likely for all employees across randomly-assigned conditions.
80

81

We observe a small share of missing data for employee contribution rates (1.7% missing) and age (4.3% missing).

The regression model uses administrative data to predict log salary as a function of enrollment choice
(personalize, auto, decline,) interacted with indicator variables for each 5-year age category, and indicator
variables for enrollment choice interacted with an indicator for female, the log median salary of the employee’s
plan and that plan-level median salary interacted with indicator variables for enrollment choice, the median
salary for the employees zip code and an indicator variable for whether their plan automatically enrolls
employees in automatic escalation. Log salary is then transformed into salary. The source of the two types of
salary in the model: plan-level median salary from available administrative data and zip code level median
salary based on census data.
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available algorithms. 82 Finally, our projections of future retirement security require information on
initial asset accumulation. While we have self-reported data on such accumulation for most enrollees
who personalize enrollment, we must infer asset accumulation for remaining employees from a model
estimated from the data we do observe. 83
Censored Contribution Rates. A final challenge for analysis of the field data is the presence of a small
share of extremely high contributions. We believe that extreme contributions, which reach as high as
99 percent of salary, largely reflect short-term savings strategies, and are equivalent to year-end catchup contributions. To address the potential influence of such outliers on our estimates, we censor
contribution rates at 20 percent of annual salary throughout the analysis. This censoring strategy
reflects a cut-off at approximately the 97th contribution percentile, inclusive of non-participants (i.e.,
zero contributions). The general pattern of results from the main analyses is not sensitive to the
censoring strategy.
3.4 Evidence on Enhanced Design from the Field
In this section, we present findings from the three field studies. After summarizing the overall
response, we report the experimental treatment effects indicating the effect of design on enrollment
and then describe how such treatment effects vary across economic plan characteristics such as the
default rate and generosity of the match and across the informational complexity of the enrollment
interface. We then describe analyses that explore the potential complementarity of psychological
design and underlying economic plan incentives and heterogeneity in the treatment effect across firms
and employees.
3.4.1 Overall Response
Table 3 summarizes average enrollment outcomes associated with the experimental conditions across
the field studies. Throughout the analysis, we report three sets of outcomes describing (1) the initial
enrollment choice, i.e., the decision to personalize enrollment, confirm automatic enrollment, or
decline participation, (2) the share of employees whose contribution exceeds two thresholds of
theoretical interest, the default rate and, when applicable, the match threshold, and (3) the average
contribution rates for potential enrollees inclusive of non-participants, participants only, and
personalized enrollees only.

82

Our inference of gender reduces the rate of missing observations from 22 to 3 percent of the sample.
We have self-reports on initial saving accumulations for 76% of employees who personalize, 18% of employees who
confirm, and 7% of employees who decline. For the remaining employees, we infer initial accumulated savings as equal to
the median self-reported savings for employees in the same 5-year age bin and age-specific income quartile.
83
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The table reveals several patterns of interest. First, it suggests substantial variation in enrollment
outcomes across the tested conditions, offering initial evidence of the importance of design. Across
the tested designs, enhanced design, as well as enhanced presentation alone, generally delivers the
highest shares of personalized enrollment, match take-up, and average contribution. Second, much of
the variation in enrollment choice across the experimental conditions involves differences in the mode
of enrollment (i.e., automatic versus personalize) rather than differences in participation, suggesting
that the effects of design are concentrated on the intensive margin. Finally, differences in mode of
enrollment across conditions are of similar magnitude to the differences in the observed share of
employees attaining each of the two contribution thresholds. This correspondence is consistent with
the possibility that the marginal employees shifting from automatic to personalized enrollment, due to
design, tended to increase their contributions to a non-trivial degree.
3.4.2 Enhanced Design and Enrollment
Overall Treatment Effects. We more formally assess the influence of psychological design by
estimating the treatment effects in each field study and organizing these estimates by the tested
category of design— enhanced design, enhanced presentation or enhanced information. As an
example, to identify the treatment effects from Field Study #1, we estimate the influence of design
variation on each enrollment outcome, 𝑦𝑦 𝑘𝑘 , for potential enrollee i, from plan, j, with the following
equation:

𝑦𝑦 𝑘𝑘 𝑖𝑖𝑖𝑖 = 𝛼𝛼 + γ 𝐸𝐸𝐸𝐸ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 + 𝜋𝜋 𝐸𝐸𝐸𝐸ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 + δ𝑗𝑗 + 𝑋𝑋𝑋𝑋 + 𝜀𝜀𝑖𝑖𝑖𝑖

The main coefficients of interest, γ, and 𝜋𝜋, capture the marginal effects of enhanced design (i.e.,
enhanced presentation plus enhanced information) and enhanced information alone, while (γ − 𝜋𝜋)

captures the marginal effect of enhanced presentation in the context of an interface displaying the plan
default. The model also includes plan fixed effects, δ𝑗𝑗 , to control for plan-specific variation, and a
vector of indicator variables, X, to flexibly account for day-of-week and week-of-year of the

enrollment decision. All standard errors are robust and clustered by plan to account for nonindependence of errors among employees within a given plan. We adapt the model to estimate the
analogous treatment effects for enhanced presentation in the context of default and match information
display (Field Study #2) and no plan information (Field Study #3). 84

84
Specifically, for Field Study #2 we estimate an identical regression but for the omission of the enhanced information
indicator (we do not cluster standard errors in this estimate due to too few clusters). For Field Study #3, we estimate an
analogous regression but with controls for each of the constituent design elements:
𝑦𝑦 𝑘𝑘 𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝜌𝜌 𝐸𝐸𝐸𝐸ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 + 𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝑖𝑖 + 𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝑖𝑖 + 𝛿𝛿𝑗𝑗 + 𝑋𝑋𝑋𝑋 + 𝜀𝜀𝑖𝑖𝑖𝑖 .
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Table 4 reports the marginal treatment effects, relative to the basic condition, associated with
enhanced design (Panel A), enhanced presentation only (Panel B), and enhanced information only
(Panel C). The first panel conveys our principal finding: a large and statistically significant influence
of enhanced design on enrollment decisions. Enhanced design led to a 0.09 increase in the share of
personalized enrollment (p < 0.01), a 0.07 decrease in the share of automatic enrollment (p < 0.01),
and a nominal, marginally significant, decrease in declined enrollment (b = -0.03, p < 0.10) (table
bolds estimates where p < 0.05). The shift in enrollment choice, due to enhanced design, led to a
similarly sized increase in the share of employees contributing above the default (b = 0.08, p < 0.01)
and at or above the match limit (b = 0.11, p < 0.01), and led to a 62 basis point increase to the average
contribution rate (p < 0.01). 85 This suggests that marginal enrollees who switch from automatic to
personalized enrollment by our design changes make similar adjustments to their contribution rates as
their inframarginal counterparts. While we cannot explicitly observe the behavior of marginal
personalized enrollees, this possibility is supported by the finding that enhanced design leads to
significant increases in average contributions overall and among participants, but not among
personalized enrollees alone (b = 0.24, ns). 86
The second panel of Table 4 presents estimates describing the effect of enhanced presentation alone
across enrollment interfaces varying in their informational detail. The first row indicates that
enhanced presentation, in the context of the display of the plan’s default (estimated from Field Study
#1), led to a large and statistically significant increase in the share of personalized enrollment (b =
0.07, p < 0.01) and attainment of the default threshold (b = 0.06, p < 0.01) and a moderate and at most
marginally significant increase in attainment of the match threshold (b = 0.05, p < 0.10) and overall
contribution (b = 0.29, ns). The remainder of the panel reports the influence of enhanced presentation
in the presence of both default and match information (estimated from the 4 plans included in Field
Study #2) and the absence of any plan information (estimated from Field Study #3). Overall, the panel
suggests that enhanced presentation plays a significant role in the overall influence of enhanced
design. The estimates also indicate that the influence of enhanced presentation persists across the
varying informational detail displayed on the enrollment interface.87
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It is worth noting that a comparison of the two attainment threshold estimates is confounded by the difference in the
underlying samples from which they are estimated. Any estimate involving the match is estimated from a sub-sample,
approximately 55% the size as the general sample, for which we are able to observe match details.
86
To examine potential violations of the Gauss Markov assumptions which justify the use of OLS, we additionally (1) relax
the assumption of the linear relationship between each of the dependent measures and the regressors of interest by examining
a logistic regression functional form, and, separately, (2) relax the assumption regarding the normality of regression
residuals, by bootstrapping standard errors. We repeat each of the regressions for study 1 reported in Table 4, using 1,000
replicates (using the bootstrap stata command). With respect to both (1) and (2), we observe a qualitatively similar pattern
of results as those reported in Table 4.
87
The comparison between Field Study #1 and Field Study #2 point estimates suggest that the influence of enhanced
presentation may be slightly heightened in the presence of information about the plan match, but the differences in point
estimates are moderate and not statistically significant (the comparison is further complicated since it involves different plan
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The third panel of the table isolates the marginal treatment effect of enhanced information, i.e., the
display of the plan default. The panel indicates that enhanced information did not alter enrollment
choice but modestly increased attainment of the match threshold (b = 0.06, p < 0.05) as well as
average contributions (b = 0.33, ns). This suggests that to the extent that providing proximal
information regarding a plan default affects enrollment, it likely does so by encouraging higher
contributions among those personalizing enrollment rather than by shifting enrollment choice.
Additional insight is offered by inspecting the heterogeneity of these effects across the range of plan
defaults. Such an analysis, using data from Field Study #1 and reported in the Appendix (Table A3),
indicates that the influence of displaying the plan default on average contribution rates is driven by
the response of employees eligible for plans at, or below, the 3 percent median default rate. 88 If the
heightened salience of default information does influence behavior among personalized enrollees,
such enrollees appear to be more strongly influenced if they are reminded of a particularly low plan
default.
Collectively the initial panels of the table reveal a large, positive influence of enhanced design on
several measures of enrollment. A straightforward, though not definitive, interpretation is that the
overall influence of design is largely driven by a moderate shift from automatic to personalized
enrollment, due to enhanced presentation, a similar pattern of contributions between marginal and
inframarginal personalized enrollees, and to a lesser extent, the independent influence of enhanced
information on the contribution rates of some personalized enrollees.
Interpreting Magnitude of Treatment Effects. To contextualize the magnitudes of the treatment
effects, we benchmark estimates against the influence of two known positive predictors of
enrollment– the financial generosity of the plan’s match and an employee’s age. We initially estimate
the marginal responsiveness of enrollment to unit increases in the match limit (one percentage point)
and employee age (one year) after conditioning on observable employee demographics and plan
features. 89 The final panel of the table reports these estimates from regressions estimated on a pooled
sample of all employees in our field studies. Consistent with the broader literature, the analysis shows
a positive association between average contributions and increases in the match limit or age. For
example, the estimates predict that an employee 20 years older than a colleague of the same gender

samples). Appendix Table A2 separately reports the marginal effect of enhanced presentation associated with each of the
plans included in the second field study.
88
The table presents a heterogeneity analysis of the effect of enhanced design across plans by a median plan default split.
Because of the narrow distribution of default rates, the analysis effectively compares the roughly three-quarters of employees
in plans with a 1 to 3 percent default, with the remaining employees in plans with a default of 4 to 6.
89
We estimate the following OLS model of each enrollment outcome, yk, for a potential enrollee i on the sample of all
employees who viewed a landing page without information display: 𝑦𝑦 𝑘𝑘 𝑖𝑖 = 𝛼𝛼 + γ𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖 + 𝛽𝛽𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 + 𝜃𝜃𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 +
𝛴𝛴𝜋𝜋 𝑠𝑠 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑠𝑠 𝑖𝑖 + 𝑍𝑍𝑍𝑍 + 𝜀𝜀𝑖𝑖 . Here, γ captures the derivative of the outcome with respect to match and 𝛽𝛽 the derivative with
respect to age. The model also includes indicator variables to control for observable demographic characteristics and for each
experimental treatment as well as Z, a vector of other observable plan features (default contribution rate, presence of autoescalation, and logged median salary for employees in that plan).
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and income, would contribute at a rate 1.10 percentage points higher (i.e., 20 x 0.055), and would be
about 4.0 percentage points more likely to personalize enrollment (i.e., 20 x 0.002), than an otherwise
similar younger colleague.
This benchmarking exercise indicates that the increase in contribution attributable to enhanced design
is equivalent to the predicted increase in contribution associated with raising the match limit by 3.69
percentage points (i.e., 0.62 / 0.168) (relative to the modal match limit of 6 percent), or equivalently,
the predicted increase in contribution associated with an employee 11.3 years older than an otherwise
similar colleague (i.e., 0.62 / 0.055). Alternatively, the exercise suggests that the increase in
personalized enrollment due to enhanced design is equivalent to the increase predicted from raising
the match limit by 4.09 percentage points (i.e., 0.09 / 0.022), or the predicted difference between two
otherwise similar employees separated in age by 45 years (i.e., 0.09 / 0.002). While the reference
estimates, particularly those involving age, may not be causal, they underscore the economic
importance of design relative to the factors generally understood to predict the savings behavior of
employees.
Heterogeneity across Plan Generosity. A motivating question for the present research is how the
treatment effects associated with psychological design interact with the economic structure of each
plan. In particular, our setting permits us to examine how the treatment effects vary with the economic
stakes of the decision, as reflected by the generosity of each plan’s matching incentives. Figure 2
depicts the average difference across enhanced and basic design in the share of personalized
enrollment (Panel A) and the share of full match take-up (Panel B) across plans grouped by increasing
generosity of their match. 90 The positive slope in the overall share of personalized enrollment across
increasing plan generosity confirms the responsiveness of employees to changes in economic
incentives. More centrally, the figure documents that the positive influence of enhanced design on
enrollment, relative to the basic condition, persists across plans with varying match limits. Indeed, the
absolute difference between personalized enrollment across enhanced and basic design appears to
increase for the more generous plans. 91 The second panel confirms these basic patterns in treatment
effects on the share of employees fully taking up the match. Overall, the figure indicates that the
influence of design does not diminish, and may actually grow, as the economic stakes of the decision
rise.

90

91

We demarcated segments as granularly as was possible without producing segments with trivial sample sizes.

This trend, however, does not persist for plans with the greatest match generosity (7% - 10%), perhaps due to
comparatively small sample size.
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3.4.3 Enhanced Design and Amplified Sensitivity to Plan Generosity
The preceding analysis begs a more fundamental question – how does psychological design affect
how employees respond to variation in underlying economic incentives? We investigate the potential
complementarity across psychological design and economic structure of plans by testing whether
enhanced design leads to greater responsiveness in enrollment to differences in plan generosity, as
reflected by the plan’s match limit. Figure 3 presents initial graphical evidence of this potential
complementarity. The figure plots the average adjustments to contribution (Panel A) and savings
(Panel B) rates across plans grouped by the magnitude of the gap between each plan’s match limit and
default rate, across the basic and enhanced design conditions for employees in Field Study #1. The
relative slopes of the two lines in the figure indicate a stronger positive relationship between the gap
between match limit and default rate and average employee adjustments to contribution and saving
rates under the enhanced relative to the basic design.
Table 5 formalizes this comparison with a parametric and non-parametric approach for contribution
rates (Panel A) and savings rates (Panel B). We first estimate the marginal effect of a unit change in a
linear index of a plan’s match limit on average contribution and savings rates separately estimated by
condition. The estimates, reported in the first set of columns suggest that enhanced design led to a
substantially larger positive association between the match limit and contribution than the basic
design. These estimates show that contribution rates are only modestly, and insignificantly, sensitive
to higher match limits in the basic condition, while contribution rates are highly responsive to match
limit increases under enhanced design. Savings rates exhibit a similar pattern of differential sensitivity
to variation in plan generosity.
As a less parametric and potentially more informative test of complementarity, Table 5 also compares
average contribution and savings rates across plans defined as “high” (plans with a match limit
exceeding the default) or “low” (plans with a match limit at or below the default) in generosity. The
differences across this plan split corroborate the previous analysis, pointing to only a weak association
between contributions and match generosity under basic design, and a strong positive association
under enhanced design. The double-difference across plan generosity and experimental conditions is
large although not statistically significant for both average contribution rates (b = 0.79, ns), and
average savings rates (b = 1.04, ns).
Why does enhanced design amplify responsiveness to plan generosity? Such complementarity is
hardly intuitive given that one might expect employee responses to design to come at the expense of
responsiveness to other decision cues such as underlying economic incentives. In light of the results
suggesting that design had little influence on the extensive margin of participation, we can
mechanically decompose the increased sensitivity of savings behavior to the match limit under
enhanced, relative to basic, design into two channels: (1) a differentially higher propensity to
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personalize enrollment in response to high match rates, and (2) differentially higher average
contributions in response to high match rates conditioned on personalizing enrollment. The remainder
of Table 5 reports on this decomposition. The first set of regressions estimates the marginal effect of a
higher match limit on the likelihood of personalized enrollment for each of the conditions. The second
set of regressions reports analogous marginal effects of increased plan generosity on contribution and
savings rates conditional on personalized enrollment across conditions. These estimates, while
imprecise, suggest that employees in more generous plans are directionally more likely to shift from
automatic towards personalized enrollment due to design (difference = 0.04, ns), and conditional on
personalized enrollment, employees facing an enhanced design are more sensitive to the plan match
than those viewing the basic design (difference = 1.03, p <0.10).
3.4.4 Decomposing the Effects of Enhanced Presentation
The significant influence of enhanced design, and in particular, enhanced presentation on enrollment,
prompts the question of which specific design elements cause employees to react. Field Study #3 tests
the three design changes—standardization of instructions and language, modification of headlines,
and traffic-light colored buttons—comprising enhanced presentation in the context of no display of
plan information. 92 These tests reflect pairwise comparisons across four experimental conditions:
Basic, Standardization, Headlines (standardization + modified headlines), and Enhanced
(standardization + modified headlines + color).
Table 6 reports the marginal effects associated with each condition of Field Study #3 (along with the
other field studies). We present the marginal effects from regressions, estimated from separate
samples for each study, of an enrollment outcome of interest, 𝑦𝑦 𝑘𝑘 , on a set of indicator variables

denoting each condition, a set of plan fixed effects, δ𝑗𝑗 , and controls to flexibly account for the timing

of enrollment. The regressions, which exclude the basic condition that served as a baseline for initial
pairwise comparisons, took the following form:
𝑦𝑦 𝑘𝑘 𝑖𝑖𝑖𝑖 = 𝛼𝛼 + γ𝐸𝐸𝐸𝐸ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 + θ𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖 + β𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 + δ𝑗𝑗 + 𝑋𝑋𝑋𝑋 + 𝜀𝜀𝑖𝑖𝑖𝑖

Here β captures the marginal effect of standardization, relative to the basic condition, (θ − β) conveys

the marginal effect of modified headlines, relative to the standardized design, and (γ − θ) indicates

the marginal effect of introducing color, relative to the standardized design with modified headlines.

The estimates reported in the final panel of the table confirm the large and significant influence of
enhanced presentation, relative to the basic design, on enrollment choice (b = 0.07, p < 0.01,

92
Due to the chronological order of the studies, Field Study #3 does not test the full combination of design elements tested in
the other studies.
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personalized enrollment; b = -0.08, p < 0.01, automatic enrollment). While the tests lack precision to
make clear statistical distinctions, a simple decomposition based on the point estimates suggests that
the influence of enhanced presentation is primarily driven by the standardization of language (b =
0.04, p = 0.14; b = -0.06, p < 0.01, automatic enrollment), followed by a potentially moderate effect of
traffic-light colors (b = 0.03, p = 0.14, personalized enrollment; b = -0.02, ns, automatic enrollment)
and no effect of modified headlines (b = 0.00, ns, personalized enrollment; b = 0.00, ns, automatic
enrollment). Overall, we interpret the results, while imprecise and not capturing the complete set of
design interactions, as pointing to the suggestively moderate influence of language standardization
(95% CI: -0.01 to 0.09, personalized enrollment), a possible moderate influence of color (95% CI: 0.01 to 0.07, personalized enrollment) and weaker evidence for any influence of modified headlines
(95% CI: -0.04 to 0.04).
3.4.5 Savings Behavior of Marginal Personalized Enrollees
In theory, one might expect that to the extent that enhanced psychological design leads to a significant
shift from automatic to personalized enrollment, such a shift would reflect the behavior of employees
largely indifferent between contributing at the default rate and a personalized rate close to the default.
However, the amplification effect just described, and the similarity in the average adjustment to
contribution among personalized enrollees across conditions (4.43 percent for basic; 4.57 percent for
enhanced) offers evidence contrary to such an interpretation. Under the assumption that the treatment
does not significantly affect the behavior of inframarginal enrollees, we can more directly infer the
behavior of marginal enrollment through personalization by comparing the distribution of contribution
adjustments across experimental conditions.
Figure 4 compares the cumulative distribution of adjustments to contribution rates relative to the plan
default, for personalized enrollees across the basic and enhanced design conditions from Field Study
#1. The figure reveals a highly similar pattern of adjustment across the two groups, once again. While
the comparison relies on assumptions regarding the behavior of inframarginal employees, it does
suggest that, contrary to theoretical presumption, such employees substantively adjust their
contribution rates in a manner resembling their inframarginal counterparts. The possibility that
marginal personalized enrollees meaningfully increase their contribution rates due to small design
changes has potentially important implications for our theoretical understanding of how employees
make savings decisions as well as our practical understanding of plan and program design.
3.4.6 Assessing the Generalizability of Treatments
Finally, we turn to analyses intended to clarify how our findings might translate to other employer
markets and broader populations of employees. Specifically, because our estimates are limited to the
small-to-midsize market segment (with the exception of one larger employer), and restricted to the
126

roughly 1 of 5 employees who actively make an online enrollment decision from the online site, we
document the heterogeneity of our findings across the wide variation we observe in plan size and in
the plan-level share of employees who personalize their enrollment (ranging from 5 to 92 percent).
Figure 5 plots the marginal treatment effects of enhanced design on the share of personalized
enrollment, and average contribution, estimated separately for employee by sub-groups segmented by
plan size (using decile-ranks of the total number of enrollment decisions in our sample as a proxy)
(Panel A) and the share of active enrollment (Panel B). 93 For greater statistical precision, we estimate
the effects using a pooled sample across all of the field studies, and for the analysis of active
enrollment, we restrict the sample to plans with at least 25 observations. Finally, to facilitate
interpretation, in each plot, a dashed line depicts the average baseline of the outcome for each
employee sub-group.
The first two quadrants in this figure point to the robust influence of enhanced design on personalized
enrollment and average contribution across plan size. There is no indication that the effects diminish
for plans of larger size, and if anything, the plot indicates potentially larger effects of enhanced
design once very small plans are excluded. The last two panels of the figure indicate that the effect of
enhanced design is, once again, robust across increasing degrees of plan-level active enrollment.
Collectively, the figures point to the generalizability of the findings regarding psychological design to
broader populations of employers and employees from those studied in the sample.
3.5 Projecting the Effects of Psychological Design on Retirement Security
An open question of considerable interest for policy and welfare analysis is how the observed shifts to
enrollment, due to psychological design; translate into financial security later in life. Given the
widespread presence of matching incentives, evidence for inertia in contribution decisions over time,
and the power of compounding in market returns, there is reason to believe that small differences in
initial contribution rates may lead to large changes to asset accumulation. While we assume no
meaningful leakage through early withdrawal or job turnover (see Beshears et al. 2017), we gain
approximate insight into the potential long-term consequences of changes to initial enrollment
through forecasts using a wide-range of plausible inputs.
3.5.1 Projecting Retirement Security
We begin by outlining an empirical strategy for projecting asset accumulation at the start of retirement
for employee archetypes distinguished by age (or equivalently, savings start date, given an assumed
fixed retirement age of 65), initial enrollment decision, and degree of savings inertia. We then

93
The plot of plan size heterogeneity collapses the final two deciles to accommodate a single large plan that spans both
deciles.
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translate these projected savings into an expected number of years of secure retirement using standard
rules of thumb issued by financial planners. Specifically, we describe two employee archetypes
representative of the mode of initial enrollment—automatic enrollees, whom we assume, based on
baseline averages from Field Study #1, to contribute 3.4 percent of their salary, and personalized
enrollees, whom we assume to contribute 7.8 percent of their salary. To capture differences in inertia,
we model year-to-year adjustments to contribution rates by assuming that an employee has an
independent and uniform probability of adjustment each year, adjustments only take the form of a
one-percent increase, and that adjustments stop once an employee reaches a 10 percent annual
contribution. While clearly stylized, this strategy permits simulation of contribution trajectories for
employees spanning from those who never adjust away from their initial contribution rate (i.e., 100%
inertia) to those who annually adjust with certainty (i.e., 0% inertia). The strategy for modeling
adjustments also mimics common features of many auto-escalation plans including those in our own
data (i.e., one-percent increments of escalation up to a 10 percent cap).
For each employee archetype, we simulate 1,000 simulations contribution trajectories, from the year
of initial enrollment to the onset of retirement, using the employee’s initial contribution rate and
stochastic adjustments for each subsequent year. For illustrative purposes, we consider a single
employee earning $50,000 each year, in constant real dollars, enrolled in a plan that matches 50% of
pre-tax contributions up to 6 percent of annual salary (the modal structure of the employer match in
our sample). We map yearly contribution rates during working-life to yearly asset accumulation
subject to the following common simplifying assumptions: (i) A fixed annual market return of 6
percent, (ii) a retirement date of 65, (iii) no early withdrawals or catch-up contributions, (iv) no
changes to employment, (v) contributions that are fully invested at the beginning of each year, and
(vi) no asset accumulation outside the plan (including prior to plan enrollment). Finally, for each
simulation we translate the accumulated assets at retirement into an estimated number of years of
retirement security with an additional set of assumptions including (i) $1,500 of monthly Social
Security benefits, (ii) retirement consumption equivalent to 70 percent replacement of pre-retirement
income (on the lower end of the typical range recommended by financial planners), a maximum
retirement length of 30 years, and a drawdown rate of 4%. The drawdown rate is a commonly cited
rule-of-thumb that offers a high likelihood of not exhausting one’s savings during retirement given a
balanced investment allocation.
3.5.2 Initial Enrollment and Estimated Retirement Security
Table 7 reports the average estimated retirement security across simulations, in number of years, for
employee archetypes defined by mode of enrollment, the length of the savings window (determined
by the age of initial savings), and a range of inertial values. The table suggests that the duration of
retirement security is significantly shaped by the timing of initial enrollment as well as the degree of
inertia in contribution adjustments. In addition, while inertia is predictive of retirement security, its
128

importance is mitigated in the event of longer durations of savings or higher initial rates of
contribution. We caution that this exercise provides insight into long run implications in the absence
of substantial withdrawals.
Most relevant to the present findings, the table points to significant differences in the estimated
duration of retirement security across mode of initial enrollment. For example, the automatic enrollee
who begins to save 15 years from retirement, given an inertial parameter of 75%—implying a
plausible annual adjustment likelihood of 25%—would accumulate assets lasting for an estimated 6.0
years during retirement. In contrast, an otherwise identical employee who initially personalizes
enrollment at the higher average contribution rate for this mode would generate assets providing an
estimated 10.7 years of retirement security, representing an 78% increase in comparison with the
automatically enrolled counterpart. Overall, for the approximately 9 percent of employees who
shifted towards personalized enrollment under enhanced design, the table implies that even at
relatively modest levels of inertia, employees who begin to save in their mid-forties or later stand to
achieve moderate to large gains to retirement security.
3.5.3 Initial Enrollment and Disparities in Retirement Security
In a final set of forecasts, we leverage access to administrative data on each employee’s financial
background and enrollment decisions to characterize the projected share of employees with basic
retirement security across experimental conditions. We begin by specifying a threshold level of
savings that one might plausibly associate with “financial security” during retirement. Unlike
commonly used measures of income replacement, we think of a threshold of retirement security as a
fixed level of assets that would permit a retired individual to cover basic expenses associated with
housing, food, transport, health care, household costs, and little else, without requiring a return to
work, or subsidization from friends, family or means-tested government programs. 94 One such
threshold for financial security in retirement, the “Elder Index” was conceived by a collaboration of
researchers and policy advocates (Mutchler, Li and Xu 2016). The authors calculate that, in 2016, a
retiree of typical health and living alone, would require an average of approximately $23k each year
to meet their basic needs. 95 While Social Security benefits cover a large share of that figure for many
working households, they estimate that 53 percent of elderly living alone suffer from financial
insecurity by this measure (65 percent of this sub-group did not fall below the FPL, and were
therefore not eligible for many means-tested programs). Drawing from their analysis, we define an
initial threshold of asset accumulation associated with retirement security at $200,000 (in real-dollars)

94

The notion of a fixed security threshold is similar to that conveyed by the Federal Poverty Level (FPL) or the FPL-based
thresholds used by federal programs to establish eligibility for certain program subsidies (e.g., the 138% and the 400% FPL
thresholds that determine one’s eligibility for reduced-cost coverage in the ACA).
95
The estimate is for 2016 and presumes that the retiree rents a home. The corresponding estimate for home-owners without
a mortgage is $20k and with a mortgage is $31k.
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–the approximate sum required by a single elderly retiree, in good health, to spend an amount
equivalent to that specified by the Elder Index assuming $1,500 in supplementary monthly income
from Social Security and a 4% drawdown rate during retirement.
We next project each employee’s accumulated assets at retirement based on their initial salary, selfreported asset accumulation at the time of enrollment, age, and any matching contributions associated
with their plan under varying degrees of inertia in adjustments to contributions. 96 Our baseline
forecasts project that 20% of the employees, enrolled under the basic enrollment design, would fall
short of the $200k threshold associated with retirement security. This baseline characterization is
qualitatively similar to a recent analysis by a major financial services provider that attempted to
measure the retirement preparedness of US working households in 2016.
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Using detailed survey

data, and a proprietary retirement preparedness measure, they estimated that 32% of working US
households were “not on track” for a secure retirement and would likely need to make “significant
adjustments to their planned lifestyle.”
What do these forecasts signal about the effects of enhanced design, during initial enrollment, on
long-run retirement security? Our forecasts project that, under enhanced design, the share of
employees with retirement insecurity would fall from 20% to 17%. To clarify the distribution of asset
accumulation across conditions, Figure 6 plots the cumulative distribution function (CDF) of
projected asset accumulation for employees by condition under the assumption of either full inertia
(Panel A) or partial inertia, defined here as 5-years of inertia, followed by steady 1% escalation up to
a 10% cap (Panel B). The plot highlights the potential for small differences in initial enrollment, such
as those prompted by enhanced design, to modestly reduce the share of at-risk employees by
improving the prospects of those near the threshold. The magnitude of improvement varies somewhat
across the chosen security threshold and assumed degree of inertia. Assuming a security threshold of
$150k, our forecasts suggest that a switch from basic to enhanced design would reduce the share of
retirement security from 14% to 11% assuming partial inertia, and from 28% to 23% assuming full
inertia. Collectively, these forecasts and the broader framework suggest that a non-trivial share of
enrollees might be shifted above welfare-relevant thresholds of accumulated savings with the slightly
higher initial contribution rates associated with personalized, rather than automatic, enrollment.

96
These projections are restricted to plans where we observe the match formula. We use administrative data on salary, when
available, or the inferred value described in Section 3.2.3. We use self-reported initial accumulated savings for employees
who reported this value in the personalize web flow (57% of the field sample and 76%, 18%, and 8% of personalized
enrollees, automatic enrollees and decliners, respectively). If missing, we infer initial accumulated savings using the median
self-reported value for employees in the same 5-year age bin and age-specific salary quartile. We assume a savings trajectory
with 5 years of full inertia followed by escalation of contributions by 1% of salary each year until reaching 10%
contributions.
97
The estimates of retirement preparedness, released online in 2016 by Fidelity Investments, were based on an analysis of
population-weighted survey responses from 4,650 working US households with at least some accumulated savings and
earnings of $20k+ annually. Details of the report are available online. The analysis implies a threshold of retirement
insecurity defined as having insufficient resources to cover at least 65% of one’s estimated expenses in retirement (estimate
details were not specified).
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3.6 Clarifying Behavioral Mechanisms
3.6.1 Conceptual Framework
To explore why employees might respond sharply to variation in the psychological design of the
enrollment interface, we represent the enrollment decision with a simple economic framework. We
initially consider a model of enrollment informed by standard economic theory such that a utilitymaximizing employee decides whether to either confirm automatic enrollment or personalize
enrollment at a rate greater than the default, based on a careful comparison of the discounted flows of
future utility associated with each choice.98 In the interest of simplicity, and to reflect the documented
behavior of employees, we restrict our consideration to the choice between automatic and
personalized enrollment involving a substantial positive adjustment to savings. To improve the
realism of the framework, we assume that employees may have incomplete information about their
401(k) plan or the enrollment process, and/or uncertain preferences regarding future consumption.
Such information frictions are practically necessary for any attempt to explain the response to
interventions that maintain the economic structure of the enrollment decision (i.e., interventions
intended not to change plan incentives nor provide new plan information/enrollment guidance). The
inclusion of these frictions is motivated by evidence speaking to the confusion, inattention, or limited
recall regarding 401(k) plan features exhibited by employees in other firm settings (Bhargava and
Conell-Price 2018).
The framework features three distinct channels through which a change to the psychological design of
the enrollment interface might cause an employee, subject to information frictions, to non-trivially
change their enrollment decision. First, we consider if changes to contribution, spurred by design,
emerge from an employee updating their enrollment-relevant inferences regarding the costs of
enrollment (e.g., the effort- and time-costs associated with the concrete act of enrolling) or the
importance of saving now for future financial security (e.g., the importance of making the correct
enrollment decision now, or the minimum rate of savings required to attain retirement security).
Second, enhanced design may act by drawing their attention to plan details such as the default
contribution rate and the match limit, and/or reduce confusion in regard to navigating the enrollment
interface. Finally, informed by recent research on the potential importance of low institutional trust
(e.g., Agnew et al. 2012; APA 2017; Bhargava and Conell-Price 2018), we expand our framework to
accommodate the possibility that design may affect behavior by affecting an employee’s trust of the
employer or plan administrator.

98
One could reframe the decision as one of whether to increase one’s contribution at the point of initial enrollment or at
some later date. The tests that emerge from the framework simply assume that the decision to delay personalized enrollment
comes at some cost to the employee (e.g., due to the loss of matching incentives, or the additional hassle of having to
reengage the enrollment decision at some point in the future).
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Experimental Tests of Channels. We test these proposed channels via a lab paradigm in which online
subjects are asked to make thousands of hypothetical enrollment decisions from an enrollment portal
that were, apart from experimental variation in design, programmed to resemble those encountered by
actual employees in the field. Our tests include the design variants from the field, as well as
additional designs informed by the broader literature and earlier pilot tests. 99 After corroborating the
influence of design on hypothetical enrollment decisions, we assessed the importance of each channel
through questions eliciting decision-relevant beliefs and preferences. After testing the channels from
this framework, we also discuss the possibility of models that depart more radically from the standard
economic framework and offer potentially greater descriptive accuracy and present preliminary
evidence on such models from the experimental tests of hypothetical enrollment.
3.6.2 Lab Study – Research Design and Implementation
3.6.2.1 Description of Experimental Sample
Our experimental sample was drawn from a commercial panel of online survey respondents purchased
through Qualtrics (“Qualtrics Online Sample”). 100 As the result of initial screens on employment
status and age, and after excluding respondents who failed an attention screen, the final study sample
included 6,871 full-time employed US adults of which 79% were eligible for a 401(k) plan at their
actual job. Overall, the sample is diverse across a range of demographic and financial characteristics
and differs from a national cross-section primarily in having a modestly higher annual income
(median $55k) and a higher share of females (59%). The sample broadly approximates national
averages in savings, with 55% of the sample reporting at least $25,000 in accumulated savings,
compared to 53% in a national cross-section (see Appendix Table A4 for a summary of participant
characteristics). 101
3.6.2.2 Experimental Protocol
Overall Structure. Respondents completed the 10- to 15-minute online instrument during the summer
of 2017 (prior to the launch of our field studies). The survey first asked respondents several questions
regarding their demographic and financial background. Respondents were then randomized to one of
several 401(k) enrollment scenarios from which they were asked to make a hypothetical enrollment
decision. Following their decision, respondents answered several questions intended to test their
comprehension and recall of plan features and enrollment options, and to clarify the mechanisms

99
The lab study tests a wider range of interventions than the field studies, and include interventions that, in some cases that
we highlight, depart nominally from their analogues in the field.
100
Respondents from the Qualtrics Online Sample are recruited through a variety of direct and indirect recruitment channels.
As such, we cannot report specific payment amounts for each subject since such payments reflect unobserved details of
recruitment into the panel. We paid Qualtrics $6 for each completed survey from a respondent satisfying the pre-specified
screens.
101
Comparison based on figures from the 2017 Employee Benefit Research Institute Retirement Confidence Survey.
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underlying their enrollment decision. The last set of questions elicited decision-relevant beliefs such
as the effort costs associated with enrollment (measured on a 1 to 7 scale), the importance of
personalizing enrollment now for future financial security (measured on a 1 to 7 scale), the minimal
annual contribution rate (as a percent of annual salary) required to ensure retirement security, and the
financial trustworthiness of the plan sponsor.

A final module captured additional information

regarding each participant’s financial literacy, recall of plan details, and decision-making style. 102
Hypothetical Enrollment Decision. We introduced respondents to the enrollment scenario by asking
them to imagine that they had recently been hired by a new manufacturing firm (“The ABC
Company”) and had to make a series of enrollment decisions regarding employee benefit programs.
Respondents were then asked to review a letter from the employer describing a 401(k) plan, the
“Retirement Savings Plan 401(k),” for which they were eligible. The letter, adapted from the actual
language used to market a plan at an anonymous large US firm, explained that the plan permitted an
employee to make pre-tax contributions, deducted automatically from each paycheck, into one of
several investment vehicles. The letter further noted that the plan would automatically enroll
employees at a contribution rate of 3% if no action was taken within 30 days, and depending on the
experimental condition, described a dollar-for-dollar match of up to either 6 or 3 percent of salary.
Respondents were then directed to one of several experimentally varying versions of the online
interface from which they would make their enrollment decision.
Apart from experimental variation, the enrollment interface, as well as the subsequent web flow, was
programmed to aesthetically and functionally resemble the decision environment faced by employees
in the field. The interface featured a welcome message in gray type, below which respondents were
directed to choose one of the three enrollment options (PERSONALIZE, AUTO, or DECLINE).
Respondents who selected PERSONALIZE were led through a simplified version of the parallel web
flow in the field, that collected additional financial information, elicited a desired contribution rate in
the context of a personalized retirement savings calculator, 103 and required respondents to confirm
their decision. For commercial and practical purposes, the webpages in the simulated portal featured
the insignia of a fictionalized financial service provider, “Star Financial,” but otherwise retained the
aesthetic of Voya’s interface. Examples of the landing page, introductory letter, and screenshots of
subsequent web-flow, are included in Appendix Figures A5 to A8.
3.6.2.3 Experimental Conditions
Overview. Table 8 organizes the experimental conditions along two dimensions of variation. The first
dimension is variation to the presentation of options, relative to a baseline condition, and includes

102
103

To limit survey length, some modules were randomized so that not all participants answered all questions.
This calculator used a simplified version of the algorithm used in the enrollment portal during the field study.
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modifications to (1) the headlines describing the options, (2) the order in which options were
displayed, and (3) the use of traffic-light colors. The interventions, except for the manipulation of
order, closely resembled the designs tested in the field apart from minor modifications that were
requested by Voya. 104 These variations were tested across distinct “decision-settings” characterized by
the size of the match limit (i.e., either 3 or 6 percent) and the type of plan information displayed on
the landing page (i.e., either no information, full information, or partial information). Finally, we also
tested a basic design, resembling the basic design from the field studies, and the commercial design
used by Voya. The specific designs tested were informed by a combination of pilot studies, informal
focus groups, the broader literature, and consultation with our commercial partners. Figure 7
schematically depicts the experimental conditions and screenshots of the tested landing pages shown
in Appendix Figure A6.
Enhanced Presentation.

We now describe, in greater detail, each of the specific modifications,

relative to the baseline condition, to the presentation of the enrollment options. The parenthetical
numbers refer to the intervention labels used in Table 8.
Baseline (interventions 1, 6, 11, and 16): The baseline conditions within each decision setting closely
resemble the design of the standardized condition from Field Study #3. The options were described,
and ordered from left-to-right, as follows: “I Want to Enroll at a Different Rate” [PERSONALIZE]; “I
Want to Confirm my Automatic Enrollment” [AUTO]; “I Do Not Want to Enroll” [DECLINE]. As in
the field, the baseline conditions featured orange-colored buttons.
Headlines (interventions 2, 7, 12, and 17): A first variation to presentation tested whether enrollment
is sensitive to the specific word choice used in the headlines describing enrollment options.
Specifically, paralleling the designs from the field, we replaced the neutral descriptive headlines of
the baseline condition with simpler headlines intended to emphasize the autonomy respondents could
exercise by choosing their own rate: “I Want to Enroll at a Different Rate” [PERSONALIZE] was
replaced with “Do It Myself,” “I Want to Confirm my Automatic Enrollment” [AUTO] was replaced
with “Do It for Me” and “I Do Not Want to Enroll” [DECLINE] was replaced with “I Don’t Want to
Save.”
Order (interventions 3, 8, 13, and 18): A second variation to presentation tested whether enrollment is
affected by the order in which options were arranged on the landing page. Several researchers have
documented a preference for objects in the middle (e.g., Atalay, Bodur and Rasolofoarison 2012;
Raghubir and Valenzuela, 2006) or at the beginning (e.g., Moore 1999) of a sequenced array, due to
several potential mechanisms. We varied whether the personalized enrollment option was positioned

104
Since the lab study was conducted prior to the first field study and the internal compliance review associated with the
field studies, minor discrepancies were introduced due to modifications requested by compliance.
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in the middle (AUTO, PERSONALIZE, DECLINE) or at the beginning (PERSONALIZE, AUTO,
DECLINE) of the horizontal array.
Color (interventions 4, 5, 9, 10, 14, 15): A final variation to presentation tested whether enrollment is
affected by replacing the standard orange-colored buttons associated with each enrollment option with
traffic-light colors. Such colors could shift behavior by either focusing attention on a specific option
or by conveying an implicit recommendation. Specifically, in one set of conditions, we tested green
PERSONALIZE, yellow AUTO, and red DECLINE while in a second set of conditions we tested
yellow PERSONALIZE, green AUTO and red DECLINE.
Decision-Settings. The presentational variations were tested across four “decision-settings.” In the
first setting (No Information – 6% Match), the interface featured no plan information and the
hypothetical plan indicated a match up to 6 percent of annual contributions. In the second setting
(Full Information – 6% Match), the interface displayed both the default rate and the match limit of 6
percent. In the third setting (Full Information – 3% Match), the interface, again, displayed both the
default rate and the match limit, but the match limit was modified to just 3 percent of annual
contributions. In a final setting (Partial Info – 6% Match), in which we only tested a limited number
of presentational variations, the interface displayed only the default rate and not the match limit of 6
percent. While experimental respondents were randomized at the individual-level to one of the
enumerated conditions, for greater statistical efficiency, we oversampled the baseline conditions in
each decision-setting and the basic condition.
3.6.2.4 Replicating the Effects of Psychological Design from the Field in the Lab
The final set of columns in Table 8 report the enrollment outcomes associated with each experimental
condition in the lab (we report treatment effects associated with each decision setting separately in
Appendix Table A5). Across all the interventions, the hypothetical decisions of respondents are
similar to the actual employee enrollment decisions we observed in the field. Respondents and
employees exhibited an identical rank-order of the three enrollment decisions by popularity
(Personalize, Auto, Decline), and produced similar average contribution rates when measured
inclusively (5.22 percent in the lab as compared to 5.74 in the field) or among personalized enrollees
(7.92 percent in the lab as compared to 7.96 in the field). One difference between the lab and field is
that lab respondents were more likely to participate but less likely to personalize their enrollment,
relative to their real-life counterparts. This difference may be attributable to reality that, in the context
of a hypothetical decision, the additional effort required to personalize enrollment was less appealing
than it may have been otherwise, or because the lab study entails forced active choice while the field
studies capture decisions of those electing to make an active online decision.
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Table 9 reports the marginal effects on hypothetical enrollment decisions. 105 The estimates were
generated from a series of regressions, analogous to those used in the field studies, from a sample
pooled across the decision-settings. 106 The first panel of the table reports marginal effects of enhanced
design and documents that, as in the field, lab respondents exhibited significant sensitivity to the
simultaneous introduction of presentational elements such as standardization and modified headlines,
or standardization and color, coupled with information display. The magnitude of this behavioral
response is roughly comparable to the analogous measures from the field such as, for example, the
marginal effect of enhanced design on the share of personalization (e.g., b = 0.08, p < 0.05 in the lab;
b = 0.09, p < 0.01 in the field).
The second panel of the table reports marginal effects associated with presentational elements
including standardized language and modified headlines (b = 0.12, p < 0.01, PERSONALIZE) and
traffic-colors with green PERSONALIZE (b = 0.05, ns, PERSONALIZE). Comparing the behavioral
response from the lab to those measured in the field suggests directionally comparable magnitudes for
standardized language and modified headlines in the lab (b = 0.12, p < 0.01, lab) and field (b = 0.04, p
< 0.10, field). It is noteworthy that modified headlines appear to be a stronger influence of behavior in
the lab than the field, and language standardization appears to more strongly influence behavior in the
field relative to the lab. Nevertheless, collectively, hypothetical decisions appear to be sensitive to
variation in design to a degree comparable in magnitude and direction to that observed in the field.
3.6.3 Evidence on Behavioral Mechanisms
3.6.3.1 Information Frictions and Institutional Trust
Given the responsiveness of hypothetical decisions to variation in psychological design in the lab, we
describe tests of underlying mechanisms following the conceptual framework. Specifically, we
describe differences across the tested interventions across several sets of decision-relevant inferences
that correspond to the predicted channels of inference and understanding from the conceptual
framework. Table 10 summarizes the marginal treatment effects of design variation on these
inferences, and reproduces, in the first column, the marginal effect of each condition on personalized
enrollment.
In looking at the conditions associated with large treatment effects, the table offers little support for
the possibility that changes to savings behavior were driven by a meaningful shift to beliefs regarding
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While we exclude the tests of order and green AUTO from the table for clarity, we found that shifting the order of
PERSONALIZE had no significant, relative, effect on enrollment. Introducing traffic-light colors with green AUTO led to a
small, but insignificant, shift towards automatic enrollment, relative to the basic design.
106
As a benchmark from which to interpret the marginal effects, the table also reports that experimentally reducing the
match limit from 6 to 3 percent led to a 0.18 reduction in the share of personalized enrollment (p < 0.01), an even larger
increase in the share of match take-up (b = 0.39, p < 0.01), and a 45 basis point decrease in average contribution (p < 0.01).
These estimates leverage differences in response across settings in which default information is displayed.
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the relative time or effort costs of enrollment, the importance of immediate personalized enrollment
for retirement security, or the minimum annual contribution required for retirement security. The
instances in which the designs did lead to statistically significant shifts to average baseline beliefs
should be interpreted in the context of those baselines. For example, while the introduction of
standardization and modified headlines significantly raised the average expectation regarding the
importance of personalized enrollment (b = 0.17, p < 0.01), it was arguably a modest shift relative to
an arguably high baseline (i.e., the 6.18 average rating of importance associated with the basic
condition).
The table does, however, offer stronger evidence to implicate the role of confusion or poor recall of
the plan match and default. The data points to significant deficits in baseline knowledge of the match
limit (70% of employees) and the plan default rate (55% of employees). In almost every instance,
display of plan information on the enrollment interface led to a significant increase to the recall of that
plan parameter. An examination of the response rates in Table 9 indicates that in those conditions in
which the possible match exceeds the plan default, most of those choosing to personalize enrollment,
tended to positively adjust their contribution at least up to the match limit. While it is unclear from
these analyses whether heightened recall of the potential match, in the information display conditions,
was delivered directly from the display on the enrollment interface, or indirectly due to the greater
share of subjects experiencing the personalized web flow (where the match limit was also
communicated), the display conditions did seem to heighten plan recall and, in the case of the match
and default display, lead to a higher likelihood of match take-up.
Finally, the table, as reported in the last two columns, offers little evidence to implicate greater clarity
in enrollment options or heightened perceived institutional trust, induced by design, as likely
determinants of behavioral change. With respect to the latter, the estimated marginal effects of design
on measures of institutional trust were small (and for the most part, not significant) relative to the
arguably high baseline level of trust (5.2 on a 1 to 7-point scale).
3.6.3.2 Alternative Models of Enrollment Decisions
Overall, while Table 10 should be interpreted with caution given that it reflects the analysis of a
specific set of elicitations, using simple linear models, it offers little evidence to support the
possibility that subjects respond to variation in design through a deliberative comparison of the costs
and benefits of immediate personalized enrollment by informed decision makers. The experimental
results do highlight the importance of the heightened salience of the plan match and default in driving
individuals to personalize enrollment, and often, adjust their contribution rates up to the match limit.
There are several non-deliberative frameworks that might better account for the observed behavior
than the deliberative processes presumed by the traditional economic framework. One possibility is
that the observed behavior reflects a more heuristic, or intuitive, decision process than the deliberative
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channels presumed by traditional economic models. In particular, we explore the potential role of
heuristic decision-making by documenting whether the decision-making style of an experimental
subject, captured through two survey measures, predicts sensitivity to experimental variation in design
(as well as plan generosity). The first measure of decision-making style, the Cognitive Reflection Test
(CRT), is a widely used three-question scale interpreted as a measure of decision-making
reflectiveness (Frederick 2005). Our second measure is a self-evaluation, in which respondents
classify their own decision-making style on a scale ranging from 1 (“I rely completely on careful
consideration” [of relevant information]) to 7 (“I rely completely on intuition”).
After collapsing each of these measures into a binary indicator to facilitate comparisons, we
separately estimate the sensitivity of each sub-group to variation in design and plan generosity with
regressions paralleling earlier analyses. To discipline the tests, we estimate a composite treatment
effect capturing the average marginal shift in personalized enrollment across both experimental
conditions hypothesized to increase personalized enrollment (e.g., green PERSONALIZE), and a
second composite treatment effect associated with design variations hypothesized to increase
automatic enrollment (e.g., green AUTOMATIC). The analysis, reported in the Appendix (Table A6),
indicates that those categorized as more intuitive, on either scale, were directionally more responsive
to the design treatments than their deliberative counterparts were. While not dispositive, given the low
precision of the difference tests, the table points to the differential sensitivity of intuitive, as compared
to more deliberative, respondents to design variation and suggests that models of intuitive decisionmaking may offer greater explanatory promise than more traditional economic models in explaining
enrollment.
3.7 Conclusion
As the digital administration of employee benefit programs, such as 401(k) plans, continues to
expand, employees will be expected to make consequential decisions from online interfaces. We
systematically investigate how the non-economic design of such interfaces influence initial AE 401(k)
enrollment decisions of potentially high importance for retirement security. Through a series of field
studies, across several hundred AE 401(k) plans, we test how variations to the presentational and
informational design of these enrollment interfaces affect employee decisions. We found that the
“enhanced” designs we test significantly increased employee contributions, relative to the pre-existing
commercial design, by a magnitude equivalent to that predicted by large and expensive increases to
plan generosity. Specifically, we estimate that exposure to enhanced design results in an increase in
average contribution rates of approximately 62 basis points – an effect comparable in size to the
default effects identified in Chapter 1 above (while estimated using a different study population, the
move from a 6% default display rate to 7% default display rate was associated with an increase in
average contribution rates of 48 basis points).
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A series of saving simulations suggests that the higher initial contribution rates spurred by this
enhanced design translate to meaningful increases to the duration of an employee’s retirement
security. More research is needed to better understand how considerations such as leakage and job
turnover mitigate long-run gains to security (e.g., Beshears et al. 2017). We also present evidence that
enhanced design may serve to amplify employee sensitivity to a plan’s underlying matching
incentives. This offers, to our knowledge, one of the first examples of how psychological design can
complement (positively or negatively) a saving plan’s economic design, similar, perhaps, to
demonstrations of the importance of tax and price salience (e.g., Chetty et al. 2009; Finkelstein 2009).
Through examination of several thousand hypothetical 401(k) enrollment decisions from the lab, we
investigated the underlying decision-making process that produced our results in the field. Our
analysis offers little evidence that a standard economic model of enrollment could rationalize the
pronounced reaction to interventions designed to leave the economic structure of the decision
unchanged, even allowing for the information frictions or deficits in institutional trust that have been
commonly cited as potential reasons for low savings (e.g., Karlan et al. 2014). We speculate that
enrollment decisions for many employees may instead be shaped by non-deliberative or heuristic
models of choice in which psychological design may influence behavior as much as information or
economic incentives. 107
Are those responsible for administering, overseeing, and marketing these plans aware of the
significant potential of psychological design, and if so, are they able to optimize such designs in
service of institutional objectives? To gain insight into whether our findings reflect general knowledge
among those who oversee or market defined-contribution plans, we invited several hundred plan
administrators, fiduciaries, and HR executives from Voya’s small-to-midsize market to complete an
approximately 10-minute online survey.

108

After providing background information, the 319

respondents were introduced to a hypothetical 401(k) plan and enrollment interface (paralleling that
examined in the lab), and then asked to forecast how various changes to the psychological design of
the enrollment interface, such as the modified headlines and introduction of traffic-light colors tested
in the lab and the field, would affect enrollment decisions. To establish a baseline measure,
respondents were also asked to predict how employees would respond to changes to the economic
generosity of plans, accomplished by shifting the plan’s match limit.
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More specifically, psychological design may impact enrollment decisions through non-deliberative or
heuristic choice models consistent with “System 1” thinking as outlined by Daniel Kahneman in “Thinking Fast
and Slow” and through the “Peripheral route” as suggested in the Elaboration Likelihood Model by Petty and
Cacioppo. (Kahneman 2011; Petty and Cacioppo 1986).
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Several hundred individuals were invited, in November 2016, to take the approximately 10-minute online survey by email
invitation sent by Voya. Ninety-five percent of the 319 respondents, of whom 240 were plan sponsors (i.e., individuals
designated as a plan’s lead administrator), were associated with 401(k) plans. The plans resembled the plans in the field
study samples in that 73% offered matching incentives, but differed from the sample in that only 27% featured automaticenrollment. More details regarding the survey sample, survey design, and survey results are available from the authors.
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When evaluated against the results from the field, the forecasts did not anticipate the influence of
psychological design. On average, forecasts were directionally wrong in their assessment of how
psychological design would affect employee engagement and sharply overestimated the response of
employees on the extensive margin. That is, administrators predicted significant increases in nonparticipation with the introduction of modified headlines or color, when such interventions did little to
affect actual employee participation. Administrators with greater experience, or higher confidence in
their forecasts, did not have more accurate predictions. Collectively, the results of the survey, in the
context of the broader findings of the paper, imply that those responsible for the administration and
oversight of retirement savings plans would benefit from a deeper, evidence-based, understanding of
psychological design. Alternatively, these findings emphasize the value of expanding the purview of
fiduciary responsibility beyond its present focus on economic plan structure and information
disclosure to include considerations of psychological design.
While the present study is among the first to document the effects of psychological design on
automatic enrollment decisions, it does have a number of limitations.
First, the sample of employees used is restricted to the small-to-midsize market (fewer than 3,000
employees). Related, the study samples are composed of self-selected individuals who elect to
complete online enrollments through a web interface. Regarding generalization of the present effects
to new employee pools, there is an important question about the extent to which (1) firm size, and (2)
employee self-selection impact the present estimates. While the study provides some preliminary
evidence that the magnitude of the estimated effects do not diminish with increases in plan size –ORby changes in the share of active online enrollment (see figure 5), future studies should seek to more
formally test these questions.
Second, echoing potential concerns in the previous chapters, there is an open question regarding the
impact of psychological design on investment allocation choice. Here, it is possible, for instance, that
exposure to an enhanced psychological design results in a change in assumed investment risk. While
commercial limitations prevent the collection of this data in the present context, future studies should
measure the extent to which psychological design alters investment portfolio composition.
Finally, it is important to note that the present study tests a small share of the possible design
alternatives.

In addition to questions regarding the use of visual elements (like color), the

standardization of language, and the salience of previously-disclosed plan details, future researchers
could examine (for example) other non-economic features include choice order, font size and stylistic
features, or placement of choices in the enrollment web flow. The present study is meant to document
the potential magnitude of a broader class of design features, rather than establish an optimal design
presentation. Future research should explore the impact of such alternative psychological design
features on retirement choices.
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Panel A. Contribution adjustment by Gap between Match and Default Rate
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Appendix Figure A4.
Field Study #3 – Experimental Conditions
1. Basic – Original presentation of enrollment options [PERSONALIZE, AUTO, DECLINE]

2. Standardized – Basic condition modified to standardize descriptions and remove warning message

3. Headlines + Standardized – Standardized condition modified to include simplified headlines
that emphasize decision-making autonomy

4. Enhanced Presentation – Headlines + Standardized condition modified to include traffic light
colors that encourage active plan participation [Green (PERSONALIZE), Yellow (AUTO), Red
(DECLINE)]
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Appendix Figure A5.
Lab Study – Hypothetical 401(k) Plan Eligibility Notice

Content of plan
eligibility notice varies to
reflect whether
hypothetical 401(k) plan
matches annual
contributions up to 3 or
6 percent (6 percent
version displayed here).
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Appendix Figure A6.
Lab Study – Experimental Variation in Presentation
1. Baseline – Baseline presentation of three enrollment options [PERSONALIZE, AUTO, DECLINE]

2. Language – Identical to baseline condition but for simplified headlines that emphasize decision
autonomy

3. Order – Identical to baseline condition but for reordering of options [AUTO, PERSONALIZE, DECLINE]

4. Color (Green AUTO) – Identical to baseline condition but for the association of colors to options
[Yellow (PERSONALIZE), Green (AUTO), Red (DECLINE)]

5. Color (Green PERSONALIZE) – Identical to baseline condition but for the association of colors to
options [Green (PERSONALIZE), Yellow (AUTO), Red (DECLINE)]
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Appendix Figure A7.
Lab Study – Screenshots of Experimental Variations
1. No Information- Default and match information not displayed; 3 percent default, 6 percent match

2. Full Information – Default and match information displayed; 3 percent default, 6 percent match

3. Full Information with 3 Percent Match - Default and match information displayed; 3 percent default, 3 percent
match

4. Supplementary Setting - Partial Plan Information - Default information displayed; 3 percent default, 6 percent
match
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Appendix Figure A8.
Lab Study – Web Flow for PERSONALIZE Enrollment Option
Panel A. Selection of Contribution Rate and Retirement Calculator

Panel B. Enrollment
Confirmation
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Appendix Figure A9.
Supplemental Lab Study - Experimental Conditions
1. Basic - Presentation of options used by studied plans prior to research

5. Basic + Revised Instructions + No PERSONALIZE Warning + DECLINE Warning

6. Basic + Revised Instructions + DECLINE Warning
2. Basic + No PERSONALIZE Warning - Basic design w/ warning omitted

7. Basic + Revised Instructions + Only PERSONALIZE Explanation - Basic
design with explanation under PERSONALIZE
3. Basic + Revised Instructions - Basic design w/ neutral language instructions

8. Baseline – Standard presentation of enrollment options with explanations
4. Basic + Revised Instructions + No PERSONALIZE Warning
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Appendix Table A1.
Transcription of Experimental Conditions from the Field Studies
Enrollment Options
Plan Information

Headlines and Color

Subtext

N

Instructions

Default

Match

Change

Auto

Decline

Change

Auto

Decline

Basic

1276

Please select one of the
following options:

--

--

I want to enroll with
different choices.

I want to confirm my
automatic enrollment.

I do not want to enroll.

Note: This enrollment will cancel your
scheduled automatic enrollment.

--

--

Enhanced Info (Default Info)

1254

Please select one of the
following options:

If you confirm your automatic
enrollment you will be enrolled at a
savings rate of [%] percent.

--

I want to enroll with
different choices.

I want to confirm my
automatic enrollment.

I do not want to enroll.

Note: This enrollment will cancel your
scheduled automatic enrollment.

--

--

1337

Please select one of the
following options:

If you confirm your automatic
enrollment you will be enrolled at a
savings rate of [%] percent.

--

Do it Myself
(Green)

Do it for Me
(Yellow)

I Don't Want to Save
(Red)

I want to personalize my enrollment by
selecting a different savings rate or
investment option.

I want my auto enrollment to go
through at the savings rate chosen
by my employer.

I want to cancel my auto
enrollment and not save at this
time.

547

Please select one of the
following options:

If you confirm your automatic
enrollment you will be enrolled at a
savings rate of [%] percent.

Note: Your employer will match
your contribution up to a rate of
[%] percent.

I want to enroll with
different choices.

I want to confirm my
automatic enrollment.

I do not want to enroll.

Note: This enrollment will cancel your
scheduled automatic enrollment.

--

--

518

Please select one of the
following options:

If you confirm your automatic
enrollment you will be enrolled at a
savings rate of [%] percent.

Note: Your employer will match
your contribution up to a rate of
[%] percent.

Do it Myself
(Green)

Do it for Me
(Yellow)

I Don't Want to Save
(Red)

I want to personalize my enrollment by
selecting a different savings rate or
investment option.

I want my auto-enrollment to go
through at the savings rate chosen
by my employer.

I want to cancel my auto
enrollment and not save at this
time.

Basic

529

Did you know you can save
more?

--

--

I want to enroll with
other choices.

Let my scheduled
automatic enrollment go
through.

I do not wish to enroll

Note: This enrollment will cancel your
scheduled automatic enrollment.

--

--

Standardized

1015

Please select one of the
following options:

--

--

I want to enroll with
different choices.

I want to confirm my
automatic enrollment.

I do not want to enroll.

I want to personalize my enrollment by
selecting a different savings rate or
investment option.

I want my auto-enrollment to go
through at the savings rate chosen
by my employer.

I want to cancel my autoenrollment and not save at this
time.

Headlines

1019

Please select one of the
following options:

--

--

Do it Myself

Do it for Me

I Don't Want to Save

I want to personalize my enrollment by
selecting a different savings rate or
investment option.

I want my auto-enrollment to go
through at the savings rate chosen
by my employer.

I want to cancel my autoenrollment and not save at this
time.

Enhanced Presentation

1070

Please select one of the
following options:

--

--

Do it Myself
(Green)

Do it for Me
(Yellow)

I Don't Want to Save
(Red)

I want to personalize my enrollment by
selecting a different savings rate or
investment option.

I want my auto-enrollment to go
through at the savings rate chosen
by my employer.

I want to cancel my autoenrollment and not save at this
time.

Experimental Conditions
Panel A. Field Study #1

Enhanced Design (Default Info)

Panel B. Field Study #2

Enhanced Info (Default/Match Info)

Enhanced Design (Default/Match Info)

Panel C. Field Study #3

Notes: This table summarizes the content of the landing page and sample size in each experimental condition of the three field studies. Experimental treatments vary in the text of the instructions positioned above the three enrollment options [Instructions], whether the plan default and match limit rates are displayed [Plan Information], the headlines and color associated with the three enrollment options [Headlines and Color], and
the presence and content of subtext describing these options [Subtext].
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Appendix Table A2.
Effect of Enhanced Presentation by Individual Plan (Field Study #2)
Plan Details

Anonmyized Plan

N

Match Limit Default Rate
[Percent]
[Percent]

Plan 1

117

5

3

Plan 2

451

6

3

Plan 3

351

6

3

Plan 4

146

6

4

All Plans

1065

Basic + Info Average

Enrollment Choice

Contribution Threshold

Annual Contribution Rate

Change
[1,0]

Auto
[1,0]

Decline
[1,0]

> Default Rate
[1,0]

≥ Match
[1,0]

All
[Percent]

Participants
[Percent]

Change
[Percent]

0.05
(0.06)

-0.05
(0.05)

0.01
(0.03)

0.05
(0.06)

0.09
(0.06)

0.88
(0.77)

0.97
(0.74)

0.73
(0.75)

0.13***
(0.04)
0.06
(0.04)
0.15**
(0.07)

-0.14***
(0.04)
-0.07**
(0.03)
-0.05
(0.05)

0.01
(0.03)
0.01
(0.01)
-0.10*
(0.06)

0.10**
(0.05)
0.04
(0.04)
0.13
(0.08)

0.09**
(0.05)
0.03
(0.05)
0.10
(0.08)

-0.04
(0.40)
0.31
(0.36)
0.39
(0.66)

0.04
(0.39)
0.39
(0.35)
-0.36
(0.63)

-0.94**
(0.44)
0.13
(0.37)
-0.68
(0.70)

0.10***
(0.03)

-0.09***
(0.02)

-0.01
(0.02)

0.07***
(0.03)

0.07**
(0.03)

0.23
(0.24)

0.20
(0.23)

-0.30
(0.25)

0.72

0.19

0.08

0.68

0.63

6.09

6.64

7.58

Notes: This table summarizes treatment effects of enhanced presentation on a series of enrollment outcomes estimated from a sample of all employees in Field Study #2 and separately for each of the four plans in this study. Each cell in the main panel corresponds
to an OLS/LPM regression estimate of the marginal effect of enhanced presentation for the sample specified by the on the outcome indicated by the column heading. Please refer to text for additional details on the underlying specifications. Average outcomes for
employees in Field Study #2 who viewed the Basic condition with default and match information displayed are presented in the bottom panel. Robust standard errors are displayed in parentheses. Asterisks indicate p-values associated with tests of statistical
significance: (*) p < 0.10, (**) p < 0.05, and (***) p < 0.01.
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Appendix Table A3.
Effect of Enhanced Design on Enrollment by Plan Default Rate from Field Study #1
Enrollment Choice = Personalize

Treatment Category

Default Contribution Rate
Any
≤ 3 Percent > 3 Percent

Contribution Rate > Default Rate
Default Contribution Rate
Any
≤ 3 Percent > 3 Percent

Contribution Rate ≥ Match Limit
Default Contribution Rate
Any
≤ 3 Percent > 3 Percent

Contribution Rate (Inclusive)
Default Contribution Rate
Any
≤ 3 Percent > 3 Percent

Enhanced Design

0.09***
(0.02)

0.10***
(0.02)

0.08**
(0.04)

0.08***
(0.02)

0.09***
(0.03)

0.07
(0.04)

0.11***
(0.03)

0.12***
(0.03)

0.07
(0.05)

0.62***
(0.22)

0.76***
(0.25)

0.21
(0.46)

Enhanced Presentation (w/ Default Info)

0.07***
(0.02)

0.07***
(0.02)

0.09**
(0.04)

0.06***
(0.02)

0.06**
(0.02)

0.06
(0.04)

0.05*
(0.02)

0.05*
(0.03)

0.03
(0.06)

0.29
(0.19)

0.31
(0.22)

0.22
(0.41)

Enhanced Information (Default)

0.02
(0.02)

0.03
(0.02)

-0.02
(0.04)

0.03
(0.02)

0.03
(0.03)

0.01
(0.04)

0.06**
(0.02)

0.06**
(0.03)

0.05
(0.05)

0.33
(0.20)

0.46**
(0.22)

-0.01
(0.48)

Average for Basic Condition

0.60

0.61

0.55

0.50

56.00

0.33

0.58

0.54

0.68

5.41

5.31

5.71

Number of Employees
Number of Plans

3,867
397

2,886
287

981
110

3,859
397

2,881
287

978
110

2,112
131

1,621
96

491
35

3,859
397

2,881
287

978
110

Notes: This table summarizes treatment effects of psychological design on a series of enrollment outcomes estimated from a sample of employees in Field Study #1, for all plans and separated by plans with lower default contribution rates (≤ 3 percent) or higher default
contribution rates (> 3 percent). Each cell in the main panel corresponds to an OLS/LPM regression estimate of the marginal effect specified by the panel and row on the outcome indicated by the column heading, after controlling for plan fixed effects and day-of-week and week-ofyear variation in the timing of enrollment. Please refer to text for additional details on the underlying specifications. Average outcomes for employees in each regression who viewed the Basic condition are displayed in the bottom panel. Robust standard errors, displayed in
parentheses, are clustered at the plan-level. Asterisks indicate p-values associated with tests of statistical significance: (*) p < 0.10, (**) p < 0.05, and (***) p < 0.01.
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Appendix Table A4.
Summary of Demographic, Financial, and Decision-Making Characteristics for Lab Study Participants
Median Split by Subject Income
All Respondents

< $50,000

≥ $50,000

Difference Test

Mean

St. Dev.

Mean

St. Dev.

Mean

St. Dev.

(p-value)

6871
0.41
40.6
0.68
69
0.43

8.6
41
-

3,247
0.34
40.0
0.55
38
0.32

8.9
9
-

3,624
0.47
41.2
0.79
97
0.52

8.3
37
-

<0.01
<0.01
<0.01
<0.01
<0.01

0.79
0.87
7.7

20.6

0.72
0.82
5.8

5.6

0.85
0.91
8.9

26.2

<0.01
<0.01
<0.01

Less than $25k [1,0]
$25k - $50k [1,0]
$50k to $100k [1,0]
More than $100k [1,0]

0.45
0.15
0.13
0.27

-

0.66
0.16
0.09
0.09

-

0.27
0.14
0.16
0.43

-

-

6-month Sufficiency [1,0]
3-month Sufficiency [1,0]
1-month Sufficiency [1,0]

0.57
0.78

-

0.45
0.71

-

0.67
0.85

-

<0.01
<0.01

Inferred Savings / Income Ratio
High Confidence in Secure Retirement [1,0]

2.32
0.38

2.25
-

2.16
0.26

1.23
-

2.47
0.50

2.86
-

<0.01
<0.01

0.41
0.47
0.12
1.8

1.0

0.48
0.36
0.16
1.6

1.0

0.35
0.56
0.08
1.9

1.0

<0.01
<0.01
<0.01
<0.01

3.7
0.59
0.21
0.13
0.07

1.3
-

3.8
0.64
0.19
0.11
0.06

1.3
-

3.7
0.55
0.22
0.15
0.08

1.3
-

0.04
<0.01
0.02
<0.01
0.02

Panel A. Demographic Background
N=
Male [1,0]
Age [Yrs]
College [1,0]
Inferred Income [$ thousands]
Married/Cohabiting [1,0]
Panel B. Financial and Savings Background
401(k) Savings Behavior
Offered and Eligible [1 = Yes, 0 = No/Don't Know]
Participation if Eligible [1,0]
Contribution Rate [% of annual pay]
Accumulated Savings

Emergency Liquidity

Retirement Preparedness

Panel C. Financial Sophistication and Decision Making
Financial Literacy - Self-Assessment and Test
Average Literacy (Self-Assessment)
Above-Average Literacy (Self-Assessment)
Below-Average Literacy (Self-Assessment)
# Correct in 3 Question Test
Decision-Making - Self-Assessment and CRT
JDM Self-Assessment [1 = Intuition to 7 Deliberative]
CRT Score = 0 of 3
CRT Score = 1 of 3
CRT Score = 2 of 3
CRT Score = 3 of 3

Notes: This table summarizes demographic background (Panel A), financial and savings background (Panel B), and financial sophistication and decision-making style (Panel C) for lab study participants. The first two
columns report summary statistics for the entire sample. The next set of four columns report summary statistics for the subgroups of participants reporting annual income below $50k annually or at and above $50k
annually. The next column reports p-values associated with tests comparing the means in Below Median and Above Median income groups for each characteristic.
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Appendix Table A5.
Main Effects of Presentation By Decision Settings
Dependent Variable: Participation [1,0]
Estimate of Marginal Effects

Dependent Variable: Personalize [1,0]

Tests of Equivalence

Estimate of Marginal Effects

Decision Setting
Full Info
6% Match

Full Info
3% Match

(1)

(2)

(3)

0.01
(0.02)

0.04**
(0.02)

0.01
(0.02)

0.23

-0.02
(0.02)

-0.02
(0.02)

-0.01
0.01
(0.02)

-0.02
-0.00
(0.02)

-0.02
-0.01
(0.02)

Mean for Baseline

0.92

0.92

0.92

F-test of Joint Significance - Color
F-test of Joint Significance - All

0.86
0.30

0.55
<0.01

N

5948
0.92

-

Headlines [Autonomy]

Order [CAD to ACD] Color - Green
-0.04*Auto
(0.02)
Color - Green Change

Estimate of Marginal Effects

Decision Setting

No Info
6% Match
Treatment (baseline excluded)

Dependent Variable: Contribution Rate Inclusive of Zeros [%]

Tests of Equivalence

Full Info
6% Match

Full Info
3% Match

p-value

(6)

(7)

(8)

0.98

0.10***
(0.03)

0.10***
(0.03)

0.68

0.53

-0.01
(0.03)

0.67
0.52

0.32
0.73

0.57
<0.01

-

-

-

-

-

p-value

(1) vs. (2) (1) vs. (3)

Dependent Variable: Match Take-Up [1,0]
Estimate of Marginal Effects

Decision Setting

No Info
6% Match

p-value

Tests of Equivalence

Tests of Equivalence

Decision Setting

p-value

No Info
6% Match

Full Info
6% Match

Full Info
3% Match

p-value

No Info
6% Match

p-value

Full Info
6% Match

Full Info
3% Match

(6) vs. (7)

(6) vs. (8)

(6)

(7)

(8)

p-value

p-value

(6) vs. (7)

(6) vs. (8)

(6)

(7)

(8)

(6) vs. (7)

(6) vs. (8)

0.11***
(0.04)

0.94

0.85

0.61**
(0.28)

0.32
(0.25)

0.49
(0.34)

0.43

0.79

0.06**
(0.03)

0.09**
(0.03)

0.01
(0.02)

0.60

0.05

-0.04
(0.04)

-0.02
(0.03)

0.59

0.84

0.05
(0.26)

-0.41
(0.26)

-0.15
(0.38)

0.21

0.65

-0.02
(0.03)

-0.04
(0.04)

-0.01
(0.02)

0.57

0.40

0.03
0.02
(0.03)

-0.07**
0.03
(0.04)
(0.03)

-0.03
0.03
(0.03)

0.88
0.06

0.84
0.34

0.26
0.12
(0.30)
(0.24)

-0.64***
0.26
(0.24)
(0.28)

-0.49*
0.00
(0.29)
(0.34)

0.99
0.05

0.54
0.15

0.02
(0.03)

-0.09**
0.01
(0.04)

-0.01
(0.02)

0.03
0.81

0.52
0.07

0.52

0.54

0.35

0.86
0.06

0.03
<0.01

0.38
<0.01

-

-

5.23

5.34

4.83

0.49

0.52

0.91

0.56
0.25

<0.01
<0.01

0.17
0.06

-

-

0.72
0.27

0.02
<0.01

0.72
0.82

-

-

5948
0.50

-

-

-

-

5948
0.61

-

-

-

-

5948
0.68

-

-

-

-

Notes: This table summarizes the marginal treatment effects of presentational variations in the lab study for the three main Decision Settings as indicated in each column (i.e., Baseline, Full Info - 6% Match, Full Info - 3% Match). The point estimates are generated from a series of three OLS regressions in which the dependent variable indicated in each set of
columns (i.e., Participation,
Change, Contribution rate (inclusive of zeros), or Full Match Take-up) is regressed on setting-specific indicators for each presentational variation: Headlines, Order, Color - Green Auto, and Color - Green Change. The last two columns summarizing each regression report p-values from tests of coefficient equivalence between the different Decision Settings. The center panel summarizes the
average value of the dependent variable for the baseline condition. The bottom panel displays p-values from tests of joint significance of the two color-variations and of all four presentational variations, respectively. Robust standard errors are displayed in parentheses. Asterisks indicate p-values associated with tests of statistical significance: (*) p < 0.10, (**) p < 0.05, and (***) p < 0.01.
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Appendix Table A6.
Heterogeneity in Marginal Treatment Effects by Decision-Making Style
Presentation Elasticity

Target Enrollment Option
Personalize [1,0]
Auto [1,0]

Match Elasticity11
(est. from 6 to 3 percent)
Target Enrollment Option
Personalize [1,0]
Auto [1,0]

Decision-Making Style
Cognitive Reflection Test [0 to 3 scale]
Low Score [0] (N = 1766)
High Score [1 to 3] (N = 1208 )
CRT Difference (Low - High)
F-test of Equal Coefficients (p-value)

0.08***
0.02

-0.07**
-0.02

-0.08**
-0.20***

0.06*
0.19***

0.06
0.17

-0.05
0.17

0.12
0.17

-0.13
0.86

0.07**
0.05

-0.05*
-0.05

-0.20***
-0.12***

0.22***
0.13***

0.02
0.68

0.00
0.98

-0.08
0.09

0.09
0.05

Self-Evaluation [1 (deliberative) to 7 (intuitive) scale]
Intuitive (N = 1702)
Deliberative (N = 1272)
Decision Style Difference (Intuitive - Deliberate)
F-test of Equal Coefficients (p-value)

Notes: This table summarizes the marginal treatment effects of psychological design and match reduction in the lab study across sub-groups separated by median splits of two measures of decision-making
style: Cognitive Reflection Test score and self-evaluation of decision-making style on 7-point scale. The point estimates are generated from a series of OLS regressions in which the dependent variable
indicated in each column (Personalize or Auto) is regressed on sub-group specific indicators for whether the landing page designed encouraged that choice or another choice, match reduction, and
additional covariates to control for the decision setting and subject demographics (gender, age, categorical income, and education).
Robust standard errors are displayed in parentheses. Asterisks indicate p-values associated with tests of statistical significance: (*) p < 0.10, (**) p < 0.05, and (***) p < 0.01.
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